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Preface

The 17th Pacific-Rim Conference on Multimedia (PCM 2016) was held in Xi’an,
China, during September 15–16, 2016, and hosted by the Xi’an Jiaotong University
(XJTU). PCM is a leading international conference for researchers and industry
practitioners to share their new ideas, original research results, and practical devel-
opment experiences from all multimedia-related areas.

It was a great honor for XJTU to host PCM 2016, one of the most longstanding
multimedia conferences, in Xi’an, China. Xi’an Jiaotong University, located in the
capital of Shaanxi province, is one of the key universities run by the Ministry of
Education, China. Recently its multimedia-related research has been attracting
increasing attention from the local and international multimedia community. For over
2000 years, Xi’an has been the center for political and economic developments and the
capital city of many Chinese dynasties, with the richest cultural and historical heritage,
including the world-famous Terracotta Warriors, Big Wild Goose Pagoda, etc. We
hope that our venue made PCM 2016 a memorable experience for all participants.

PCM 2016 featured a comprehensive program. The 202 submissions from authors
of more than ten countries included a large number of high-quality papers in multi-
media content analysis, multimedia signal processing and communications, and mul-
timedia applications and services. We thank our 28 Technical Program Committee
members who spent many hours reviewing papers and providing valuable feedback to
the authors. From the total of 202 submissions to the main conference and based on at
least three reviews per submission, the program chairs decided to accept 111 regular
papers (54 %) among which 67 were posters (33 %). This volume of the conference
proceedings contains the abstracts of two invited talks and all the regular, poster, and
special session papers.

The technical program is an important aspect but only achieves its full impact if
complemented by challenging keynotes. We are extremely pleased and grateful to have
had two exceptional keynote speakers, Wen Gao and Alex Hauptmann, accept our
invitation and present interesting ideas and insights at PCM 2016.

We are also heavily indebted to many individuals for their significant contributions.
We thank the PCM Steering Committee for their invaluable input and guidance on
crucial decisions. We wish to acknowledge and express our deepest appreciation to the
honorary chairs, Nanning Zheng, Shin’chi Satoh, general chairs, Yihong Gong, Tho-
mas Plagemann, Ke Lu, Jianping Fan, program chairs, Meng Wang, Qi Tian, Abdul-
motaleb EI Saddik, Yun Tie, organizing chairs, Jinye Peng, Xinbo Gao, Ziyu Guan,
Yizhou Wang, publicity chairs, Xueming Qian, Xiaojiang Chen, Cheng Jin, Xiangyang
Xue, publication chairs, Jun Wu, Enqing Chen, local Arrangements Chairs, Kuizi Mei,
Xuguang Lan, special session chairs, Jianbing Shen, Jialie Shen, Jianru Xue, demo
chairs, Yugang Jiang, Jitao Sang, finance and registration chair, Shuchan Gao. Without
their efforts and enthusiasm, PCM 2016 would not have become a reality. Moreover,
we want to thank our sponsors: Springer, Peking University, Zhengzhou University,



Ryerson University. Finally, we wish to thank all committee members, reviewers,
session chairs, student volunteers, and supporters. Their contributions are much
appreciated.

September 2016 Meng Wang
Yun Tie
Qi Tian

Abdulmotaleb EI Saddik
Yihong Gong

Thomas Plagemann
Ke Lu

Jianping Fan
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Abstract. In this work we propose a new framework for extracting
deformable clothing items from images by using a three stage global-
local fitting procedure. First, a set of initial segmentation templates are
generated from a handcrafted database. Then, each template initiates an
object extraction process by a global alignment of the model, followed
by a local search minimizing a measure of the misfit with respect to the
potential boundaries in the neighborhood. Finally, the results provided
by each template are aggregated, with a global fitting criterion, to obtain
the final segmentation. The method is validated on the Fashionista data-
base and on a new database of manually segmented images. Our method
compares favorably with the Paper Doll clothing parsing and with the
recent GrabCut on One Cut foreground extraction method. We quanti-
tatively analyze each component, and show examples of both successful
segmentation and difficult cases.

Keywords: Clothing extraction · Segmentation · Active contour ·
GrabCut

1 Introduction and Related Work

With the recent proliferation of fashion web-stores, an important goal for online
advertising systems is to propose items that truly correspond to the expectations
of the users in terms of design, manufacturing and suitability. We put forward
here a method to extract, without user supervision, clothes and other fashion
items from web images. Indeed, localizing, extracting and tracking fashion items
during web browsing is an important step in addressing the needs of professionals
of online advertising and fashion media: present the users with relevant items
from a clothing database, based on the content of the web application they are
consulting and its context of use. Users usually look for characteristics expressed
by very subjective concepts, to describe a style, a brand or a specific design. For
this reason, recent research focused in the development of detection, recognition
and search of fashion items based on visual characteristics [11].

c© Springer International Publishing AG 2016
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2 L. Yang et al.

A popular approach is to model the target items based on attribute selection
and high-level classification, for example [5] trains attribute classifiers on fine-
grained clothing styles formulating the retrieval as a classification problem, [2]
extracts low-level features in a pose-adaptive manner and learns attribute clas-
sifiers by using conditional random fields (CRF), while [3] introduced a novel
double-path deep domain adaptation network for attribute prediction by mod-
eling the data jointly from unconstrained photos and the images issued from
large-scale online shopping stores. A complementary approach is to use part-
based models to compensate for the lack of pose estimation. The idea is to
automatically align patches of human body parts by using different methods,
for example sparse coding as in [16] or graph parsing technique as in [12].

Segmentation and aggregation to select cloth categories was employed either
by using bottom-up cloth parsing from labels attached to pixels [19] or by over-
segmentation and classification [8]. Deep learning was also used with success
for clothing retrieval (deep similarity learning [13], Siamese networks [18]) or to
predict fashionability [15].

Fig. 1. Our goal is to produce a precise segmentation (extraction) of the fashion items
as in (b).

Unlike the above-mentioned methods, our proposal aims to precisely seg-
ment the object of interest from the background (foreground separation, see
Fig. 1(b)), without user interaction and without using an extensive training
database. Extracting such complex objects by simply optimizing a local pixel
objective function is likely to fail without an awareness of the object’s global
properties. To take this into account, we propose a Global-Local approach based
on the idea that a local search is likely to converge to a better fit if the initial
state is coherent with the expected global appearance of the object.

Our method is validated on the Fashionista database [19]1and on a new
database of manually segmented images that we specifically built to test fashion
objects extraction and that we make available to the community. Our method
compares favorably with the well-known Paper Doll [19] clothing parsing and
with the recent GrabCut on One Cut [17] generic foreground extraction method.
We provide examples of successful segmentation, analyze difficult cases and also
quantitatively evaluate each component.
1 http://vision.is.tohoku.ac.jp/∼kyamagu/research/paperdoll/.

http://vision.is.tohoku.ac.jp/~kyamagu/research/paperdoll/
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In Sect. 2 we describe our proposal, followed by a detailed presentation of
each component. After the experimental validation in Sect. 3, we conclude the
paper with Sect. 4 by a discussion of the main points and extension perspectives.

2 Our Proposal

Detecting clothes in images is a difficult problem because the objects are
deformable, have large intra-class diversity and may appear against complex
backgrounds. To extract objects under these difficult conditions and without
user intervention, methods solely relying on optimizing a local criterion (or pixel
classification based on local features) are unlikely to perform well. Some knowl-
edge about the global shape of the class of objects to be extracted is necessary to
help a local analysis converge to a correct object boundary. In this paper we use
this intuition to develop a framework that takes into account the local/global
duality to select the most likely object segmentation.

We investigate here fashion items that are worn by a person. This covers
practically most of the situations encountered by users of fashion and/or news
web sites, while making possible the use of a person detector to restrict the
search regions in the image and to serve as reference for alignment operations.

First, we prepare a set of images containing the object of interest and we
manually segment them. These initial object masks (called templates in the fol-
lowing) provide the prior knowledge used by the algorithm. Of course, a given
manual segmentation will not match exactly the object in an unknown image.
We use each segmentation (after a suitable alignment) as a template to initiate
an active contour (AC) procedure that will converge closer to the true bound-
aries of the real object in the current image. We then extract the object with
a suitable GrabCut procedure to provide the final segmentation. Thus, at the
end we have as many candidate segmentations as hand-made templates. In the
final step we choose the best of them according to a criterion that optimizes
the coherence of the proposed segmentation with the edges extracted from the
image. In the following subsections we detail each of these stages (see also Fig. 2
for an illustration).

Fig. 2. Different stages of our approach: (a) original image, (b) a template segmenta-
tion, (c) output of the person detector, (d) result after the alignment step, (e) result
after the active contour step, (f) the GrabCut band, (g) result after the GrabCut step.
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To summarize, the main contributions of this paper are: we introduce a new
framework for the extraction of fashion items in web images that combines local
and global object characteristics, framework supported by a new active contour
that optimizes the gap with respect to the global segmentation model, and by a
new measure of fit of the proposed segmentation to the real distribution of the
contours. Also, we prepare a new benchmark database and make it available to
the community.

2.1 Person Detector

For clothing extraction, it is reasonable to first apply a person detector. As in
many other studies (e.g. [8,12,20]), we use the person detector with articulated
pose estimation algorithm from [21] that was extensively tested and proved to
be very robust in several other fashion-related works (see Sect. 1). It is based
on a deformable model that sees the object as a combination of parts [21]. The
detection score is defined as the fit to parts minus the parts deformation cost.
The mixture model not only encodes object structure but also captures spatial
relations between part locations and co-occurrence relations between parts. The
output of the detector is a set of parts (rectangular boxes) centered on the body
joints and oriented correctly. The boxes are used as reference points for alignment
by translation and re-scaling in several stages of our proposal (see below).

To train the person detector, we manually annotate a set of 800 images. Each
person is annotated with 14 joint points by marking the articulations and main
body parts. When the legs are covered by long dresses, the lower parts are placed
on the edges of the dress rather than on the legs. This not only improves detection
accuracy, but also hints to the location of the contours. Figure 2(c) shows the
output of the person detector on an unannotated image. Boxes usually slightly
cover the limbs and body joints.

2.2 Template Selection

As we have seen, each initial template can provide a candidate segmentation for a
new, unknown image. However, this is redundant and may slow down unnecessar-
ily the procedure. Since we focus on the fashion items that are worn by a person,
the number of different poses in which an object may be found is relatively small,
and many initial templates are thus quite similar. Intuitively, templates that are
alike in shape should also produce similar segmentation masks. To reduce their
number, the initial templates are clustered into similar-shape clusters by using
the K-Medoid procedure [9]. We employ 8 clusters for each object class, which is
a reasonable choice in our case because the number of person poses is not very
large. Each resulting cluster is a configuration of deformable objects that share a
similarity in pose, viewpoint and clothing shape. The dissimilarity of two object
masks is defined by the complement of the Jaccard index:

d(S1, S2) = 1 − Surface(S1 ∩ S2)
Surface(S1 ∪ S2)

where S1 and S2 are the binary masks of two objects.
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Fig. 3. Medoids of the 8 clusters of template segmentations for three classes: jeans
(top), long dress (middle) and coat (bottom).

Each cluster represents a segmentation configuration and its prototype is
used in the next stages of the procedure. However, we do not simply choose the
medoid as the prototype of the cluster, but rather the element in the cluster that
is visually closest to the corresponding box parts produced by the person detector
on the unknown image. To do so, we apply the object detector on both the
unknown image and the template image and we compare the boxes that contain
the object in the template with the corresponding ones in the unknown image
by using the Euclidean distance. To represent the content of the boxes we first
considered HOG features [4] (to favor similar shape content) but finally settled
for Caffe features [7] that provide better results. This suggests that mid-level
features give better clues to identifying the correct pose of an object compared
to local pure shape features. Shape is relevant for comparing the boundaries of
two objects but less so when comparing what is inside those boundaries.

Specifically, we use the AlexNet model in [10] within the Caffe framework [7].
The network was pre-trained on 1.2 million high-resolution images from Ima-
geNet, classified into 1000 classes. To fine-tune the network to our image domain,
we replace the last layer by a layer of ten outputs (the number of classes con-
sidered here) and then retrain the network on our training database with back-
propagation to fine-tune the weights of all the layers. After the fine-tuning, the
feature we employ is the vector of responses for layer fc7 (second to last layer)
obtained by forward propagation.

To illustrate this step we show in Fig. 3 the medoids (centers) of the 8 clusters
obtained for three classes of our benchmark database. We notice the diversity in
poses, scale and topology. For example, some coats are segmented into several
disjoint parts, some have openings and some jeans are covered by a vest.

2.3 Template Alignment

The output of the previous stage is a set of segmentation templates (8 in our
case) for each object class. They will be used one by one to initiate an active
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contour process. But they first need to be aligned into the unknown image at the
right site and with the correct angle and scale. We propose an SVM alignment
technique based on the observation that the person detector places the boxes
centered on the body joints. Thus, the line joining adjacent boxes represents the
body limbs. Since the clothing’s spatial distribution highly depends on the pose
of human body, and thus on limb placement, we use the vector of distances from
a pixel to the limbs as a feature vector to learn a pixel-level SVM classifier that
predicts if a pixel belongs to the object. Learning is performed on the template
image and prediction on the unknown image. Pixels predicted as positives form
the mask whose envelope serves as initialization for the active contour step.
The SVM uses a Gaussian kernel with a scale parameter σ = 1 found through
experiments.

2.4 Active Contour

Once the template is embedded in the image, we use it to initialize an active
contour (AC) that should converge to the boundaries of the object. The result
is highly dependent on the initial contour, but usually one of the 8 segmenta-
tion templates leads to a final contour that is quite close to the true boundary.
The AC is initialized with the aligned segmentation contour produced by the
previous step and has as input the gray-level image. We use the AC introduced
in [1] because it can segment objects whose boundaries are not necessarily well-
supported by gradient information. The AC minimizes an energy defined by
contour length, area inside the contour and a fitting term:

F (c1, c2, C) = μ · Length(C) + ν · Area(in(C)) + λ1

∫
in(C)

|u(x, y) − c1|2

+ λ2

∫
out(C)

|u(x, y) − c2|2 (1)

where C is the current contour, c1 and c2 are the average pixel gray-level values
u(x, y) inside and respectively outside the contour C. The curvature term is
controlled by μ and the fitting terms by λ1 and λ2. The averages c1 and c2
are usually computed on the entire image. Because of the large variability of the
background in real images, these values can be meaningless locally. Consequently,
in our case we replace them by averages computed in a local window of size 40×40
pixels around each contour pixel.

To reinforce the influence of the global shape of the template on the position
of the AC, we include a new term in the energy function (Eq. 1) that moderates
the tendency to converge too far away from the template:

Ft(C) = η

∫
on(C)

Dm(x, y) (2)

where Dm(x, y) is the distance between pixel (x, y) and the template. By includ-
ing this term, the contour will converge to those image regions that separate
best the inside from the outside and, at the same time, are not too far away
from the template contour.
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2.5 Segmentation

The contours obtained in the previous step suffer from two implicit problems:
(1) only the grey-level information is used by the AC process, and (2) possible
alignment errors may affect the result. To compensate for these problems, an
“exclusion band” of constant thickness is defined around the contour produced
by the previous step, then the inside region is labeled as “certain foreground”
and the outside area as “certain background”. A GrabCut algorithm [14] is then
initialized by these labels to obtain the final result. GrabCut takes into account
the global information of color in the image and will correct the alignment errors
within the limits of the defined band.

2.6 Object Selection

After obtaining the segmentation proposals initiated from each template, we
need to select a single segmentation as the final result. For this, we propose a
score based on a global measure of fit to the image:

F (C) =

∫
on(C)

De(x, y)ds∫
on(C)

ds
(3)

where De(x, y) is the distance from the current pixel to the closest edge detected
by [6] and C is the boundary of the segmentation proposal. This score measures
the average distance from the segmentation boundary to the closest edges in
the image. A small value indicates a good fit to the image. See Table 1 for an
illustration of this step.

Table 1. Segmentation selection from the results based on the 8 templates of the class,
using the corresponding fit values. The test image is given top left, with the extracted
edges shown bottom left. The best score is the smallest (outlined in boldface).
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Fig. 4. Qualitative evaluation: are original images and associated segmentation results.

3 Experimental Results

To assess the performance of the proposed method, we perform two sets of
experiments. In the first set, our method is compared to a recent improvement
of GrabCut [14] that is the standard approach in generic object extraction, on a
novel fashion item benchmark we built. The second set of experiments compares
our proposal to the recent PaperDoll [19] fashion item annotation method on
the Fashionista database [20].

3.1 RichPicture Database

Since, to our knowledge, at this time there is no public benckmark specifi-
cally designed for clothing extraction from fashion images, we introduce a novel
dataset called RichPicture, consisting of 1000 images from Google.com and
Bing.com. It has 100 images for each of the following fashion items: Boots, Coat,
Jeans, Shirt, T-Shirt, Short Dress, Mid Dress, Long Dress, Vest and Sweater.
Each target object in each class is manually segmented. To train the person
detector (see Sect. 2.1), images are also annotated by 14 key points. This data-
base will be made available with the paper and open to external contributions.
We shall further extend it with new classes and more images per class.

3.2 Comparison with GrabCut in One Cut

In this set of experiments, we compare our proposal to GrabCut in one cut [17],
a recent improvement on the well-known GrabCut [14] foreground extraction
algorithm, which is frequently used as a baseline method in the literature. Grab-
Cut in One Cut was shown in [17] to have higher effectiveness, is less resource
demanding and has an open implementation. These reasons makes it a good
candidate as a benchmark baseline. For the purpose of this evaluation, we split
each class of our database in 80 images for training (template selection) and 20
images for test.
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Table 2. Comparison with the One Cut algorithm. The comparison measure is the
Jaccard index.

Class Boots Coat Mid dress Jeans Shirt T-shirt Short dress Long dress Vest Pull

Our method 0,54 0,74 0,84 0,78 0,77 0,67 0,80 0,74 0,65 0,74

One Cut 0,26 0,31 0,54 0,71 0,77 0,45 0,47 0,57 0,35 0,36

The segmentation produced by the algorithms is tested against the ground
truth obtained by manual segmentation. As performance measure we employ
the Jaccard index, traditionally used for segmentation evaluation, and averaged
over all the testing images of a class. To outline the object for One Cut we use
the external envelope of the relevant parts (the ones that contain parts of the
object) identified by the person detector. Table 2 shows a class by class synthesis
of the results (best results are in boldface).

It can be seen that the proposed method performs significantly better on all
the classes except “Shirt” where the scores are equal. While both segmentation
methods are automatic (do not require interaction), these results speak in favor
of including specific knowledge into the algorithm (by the use of segmentation
templates in our case).

3.3 Comparison with Paper Doll

To our knowledge, there is no published method concerning fashion retrieval that
aims to precisely extract entire fashion items from arbitrary images. The closest
we could find is the Paper Doll framework, cited above, that in fact attributes
label scores to a set of blobs in the image. By taking the union of all the blobs
that correspond to a same clothing class, one can extract objects of that class.
The authors of Paper Doll also introduced the Fashionista database, used to
test annotation algorithms, which we use for this evaluation. Table 3 presents
the synthesis of the results of Paper Doll vs. One Cut vs. our method. The
object classes we selected for tests are those that correspond to fashion items
that are worn by persons (compatible with our method).

For our method, training and template selection are performed on the same
part of the database that Paper Doll employed for training. As seen from Table 3,
on most object classes we compare favorably to Paper Doll. For objects like
“Boots”, our method needs a more dedicated alignment process, since the object
is very small compared to the frame given by the person detector that serves
as alignment reference. For objects of the “Jeans” class, the problem also comes
from the alignment stage, because the boxes proposed by the person detector
are not very well positioned when the legs are crossed. It is necessary to increase
the number of training examples with this specific pose.

3.4 Qualitative Evaluation

We illustrate here the results of the proposed method with some examples taken
from the our test database. First, Table 1 shows the final segmentation selection



10 L. Yang et al.

Table 3. Comparison (using Jaccard index) with Paper Doll and One Cut on Fash-
ionista.

Class Vest Jeans Shirt Boots Coat Dress Skirt Sweater

Our method 0,32 0,72 0,35 0,35 0,56 0,52 0,62 0,52

Paper Doll 0,19 0,74 0,24 0,44 0,28 0,52 0,52 0,07

One Cut 0,23 0,62 0,29 0,01 0,23 0,33 0,32 0,25

Fig. 5. Comparison with One Cut: original image (left), our method (middle) and One
Cut (right)

stage, based on the values of fit associated to the results obtained from each of
the 8 templates of the class. Visually, the object segmentation in the test image
is close to the template.

A first example of successful segmentation was shown in Fig. 2(g). In Fig. 4
we present other difficult but successful segmentations: (a, c) for small object
extraction, (e, g, i) for clothes against confusing or cluttered background, and
(k, m, o) for deformed clothes. Figure 4 also shows examples where the segmen-
tation is not perfect: in (r) the extracted object includes some hair and in (t) also
part of the leggings. These inclusions probably occur here because the energy
term we introduced in the active contour encourages the contour to stay close
to the global shape of the segmentation template.

A visual comparison with One Cut is shown in Fig. 5. As hinted by the
quantitative results, One Cut includes larger parts of external objects, mainly
due to the lack of prior shape information. This occurs on most of the images
in the database, explaining the significantly lower performance of One Cut in
Tables 2 and 3.

4 Conclusion

We proposed a novel framework for extracting deformable clothing objects from
web images. Our proposal combines a three stage global-local approach that
injects specific knowledge about the object by using segmentation templates to
guide an active contour process. Comparisons with GrabCut in One Cut and
with Paper Doll show that the proposed approach is promising and performs
favorably compared to generic or more dedicated object extractors. The method
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can easily be extended to new object classes at relatively low cost, i.e. by man-
ually segmenting objects from these classes. We intend to continue adding new
object classes to the RichPicture database. Also, a better alignment solution
should benefit the proposed method, as well as the annotation of more images
for training the person detector with other class-specific poses.
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Abstract. Many people fail to take exquisite pictures in a beautiful
scenery for the lack of professional photography knowledge. In this paper,
we focus on how to aid people to master daily life photography using a
computational layout recommendation method. Given a selected scene,
we first generate several synthetic photos with different layouts using 3D
estimation. Then we employ a 3D layout aesthetic estimation model to
rank the proposed photos. The results with high scores are selected as
layout recommendations, which is then translated to a hint for where
people shall locate. The key to our success lies on the combination of
3D structures with aesthetic models. The subjective evaluation shows
superior preference of our method to previous work. We also give a few
application examples to show the power of our method in creating better
daily life photographs.

Keywords: Personal photography · Layout recommendation ·
Aesthetic estimation

1 Introduction

Photographing is one of the favorite things to do for human nowadays. In stark
contrast to the matchless enthusiasm, most people don’t master professional pho-
tography knowledge well. When seeing an amazing view, people always appear
struggling in creating satisfactory photographs. In this paper, we propose to
solve the problem from the specific perspective of layout recommendation. As
shown in Fig. 1, given a scene as background, our method supplies professional
advice for people’s layout. The final photographs following our guidance get bet-
ter aesthetic feelings. For example, the left image shows a best visual balance of
the scene elements. The middle image shows a good feeling of symmetry. The
right image has an obvious direction feeling corresponding to the depth intensity.
In fact, photography aesthetics cannot be concluded in several rules. Many other
aesthetic rules which have not been established can be learned by our method.

c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 13–23, 2016.
DOI: 10.1007/978-3-319-48896-7 2



14 B. Zhang et al.

Fig. 1. Illustration of our method. The left image shows a best visual balance of the
scene elements. The middle image shows a good feeling of symmetry. The right image
has an obvious direction feeling corresponding to the depth intensity.

The challenges for making such professional layout suggestions come from two
aspects. First, since a photo is a two-dimensional media, it is difficult to synthe-
size reasonable photo proposals with different layouts. Second, previous aesthetic
models appear to be less discriminative for these synthetic photos for the lack
of consideration of layout, especially 3D structures. To solve the two problems,
we propose a novel method works as follow. First, we build human models and
detect the ground in order to get reasonable synthetic images. Next, we esti-
mate the 3D layout of the photo using a supervised learning approach based on
Markov Random Field (MRF) model. Novel synthetic photos of different layouts
are then generated using a grid traversal method. At last, we employ a learn-
ing based aesthetic estimation model to rank the synthesized photos with the
consideration of photography guideline, color palette, scene layout, 3D structure
and elements’ saliency. The novel synthetics with top ranking scores are selected
and translated to where people shall stand and be visualized on the screen.

To evaluate the effectiveness of the proposed method, we build a novel dataset
including 630 photos with rating scores from 12 volunteers. The subjective eval-
uation results show that the proposed method performs best in the layout rec-
ommendation task.

The contributions of this paper are as follows.

– We proposed a novel photo synthesis method based on 3D layout estimation,
which is used to generate photography recommendation candidates.

– A novel aesthetic estimation model for photography recommendation is pre-
sented, which combines several cues like photography rules, color and scene
layout, 3D structure and image elements’ saliency.

– We built a dataset designed for the task of making professional photography
layout suggestions.

2 Related Work

We briefly review the relevant researches on photo layout recommendation, 3D
layout estimation and photo aesthetic estimation as follows.
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Fig. 2. The framework of our method. Take background and human model as input,
ground detection and depth estimation will be executed to generate a set of synthetic
photos as shown in the upper right block. Then we combine four features, two saliency
intensities and photography guidelines to assess the synthetic photos as shown in the
bottom right block. The photo with highest score will be the recommended as shown
in the final result.

Photo layout recommendation. Photo layout recommendation is a novel
topic proposed in recent years. Many related methods have been proposed but
few of them study the problem of photography layout with human and scene
[1–3]. Xu et al. propose a learning-based method to solve the problem of human
position recommendation using 3D point cloud model [4]. However, this work
only considers the similarities in social media which limits its application in
daily life photography.

3D layout estimation. 3D layout estimation is a challenging problem in com-
puter vision especially for monocular images. Lots of attention has been paid to
3D information extraction and 3D object detection [5–7]. Large and specific data
are always necessary to support 3D layout estimation from monocular images
[8]. In this work we adopt the supervised learning method proposed by Saxena
et al. to predict the depthmap [9].

Photo aesthetic estimation. Photo aesthetic estimation aims to assess the
quality of photos from the aesthetic point of view. Ke et al. propose a principled
method for designing high level features for photo quality assessment which can
be one of the earliest representatives [10]. Later Luo et al. propose a content-
based photo quality assessment method using regional and global features [11].
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Marchesotti et al. propose to use generic image descriptors to assess aesthetic
quality [12]. Besides, computational rules in photography are utilized for aes-
thetic assessment in much work [13,14], which are adopted in our work.

3 Approach

The framework of our model is shown in Fig. 2. Our application provides a human
model package as one of the input elements. For more precise results, the users
can set their own model by taking several human photos. When a human model
and a background photo are set, the algorithm will call the 3D layout estimation.
In this part, we use a discriminatively-trained Markov Random Field (MRF) that
incorporates multi-scale for depth inferring [9]. Next, a coarse ground region map
is acquired according to the depth intensity and background image [15], which
makes the synthetic photos reasonable. After that, we generate several synthetic
images with different human figure positions. Finally, we implement a photo
aesthetic evaluation combining saliency factors and photography guidelines to
rank the candidate images. The position with the highest score will be suggested
as a mark region to users.

3.1 3D Layout Estimation

We employ a supervised learning approach by training a set of images with
unstructured outdoor environments, which is proposed by Saxena et al. to infer
the depth for the input image [9]. This model chooses Markov Random Field
(MRF) to incorporate local and global features. The algorithm will generate
several typical features including haze, texture gradients and variations. The
method is trained on images collected from Internet and part of SUN2012 dataset
[16], and shows satisfying results to support our work. The depth images are
visualized in grayscale where higher intensity indicates nearer and vice versa.

3.2 Human Model and Ground Detection

In our work we assume that only color and posture would slightly influence the
final recommendation score. Therefore, we only consider the standing posture
and users can choose main color of their own clothes. Meanwhile, users can set
their own simple model by taking several human photos for more precise results.

The ground map restricts where people shall stand in synthetic images. We
use a Hidden Markov Model (HMM) model with depth intensity to detect coarse
ground region [15]. We generate a superpixels map based on the SLIC method
[17]. The algorithm will train a HMM model and enact a threshold on depth
intensity image. It may not be a necessary part because the wrong layout syn-
thetic images would receive a low ranking in layout aesthetic evaluation. How-
ever, this map is a limit condition for synthetic layout generation so that we
can improve the efficiency and avoid the obvious ridiculous image like a man
standing in the air or on a tree.
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3.3 Synthetic Photo Generation

The key of our application is to generate the best synthetic layout images. In our
application, we also give an alternative selection on whether salient regions shall
be remained. In our method, we consider the human figure to be the candidate
component and the ground as a support plane. The image is separated into n∗n
grids. We put the geometry center of human figure image at each grid center.
The algorithm will traverse the grid image to generate the candidate synthetic
images.

In each grid, we compute the depth intensity at the human figure bottom
point. Human model will be proportionally resized according to the grid depth:

Z =
k

D
(1)

where Z is the coefficient of human model size and D is the depth intensity
of current human figure bottom point. k is a parameter to control the basic
size of human figure according to the camera parameters. Besides, the human
figure will slightly be modified in contrast and luminance corresponding to the
background. Along with the n∗n grid image, if the depth process has been done
and the candidate synthetic images have been generated, we plan to increase
the accurate aesthetic of the human figure position. To accomplish that, we
shrink the basic grid into m ∗ m, and repeat the traversal steps. However, this
process is alternative, one condition is that the human figure position is not at
the saliency region if the saliency region requested well preserved. The other one
is that running time of this model should be limited in a threshold which is set
to 0.5 s in our application.

3.4 Assessment for Synthesis Images

Computational Photography Model. We adopt many photography guide-
lines (PG) in our work such as symmetry and patterns, rule of thirds and visual
balance [13,18,19]. Rule of thirds (RT) may be the most popular photography
guidelines which is based on the golden ratio. The image is split into 9 parts
equally with two average horizontal and vertical lines. The main object should
be put in the intersection, which is formalized as follows

Score(RT ) = max
j=1,2,3,4

1∑
i∈S d(Si, Ij)

∑
i∈S

d(Si, Ij) exp(−d2(Sc, Ij)
2σ

) (2)

where S is the salient region set, I is the interaction set and c is the center point
in salient region. σ is a parameter to control the range of score and set to 0.18.

Visual balance (VB) suggests the visual mass to be put in the center of a
scene. We compute the saliency and depth intensity to get the visual center score
as follows

Score(V B) =
Si

φDi
exp(−

∑
i∈S d2(Si, C)

2υ
) (3)
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where D is the depth intensity and C is the center point of the image. φ is a
parameter to control the fusion rate of saliency intensity and depth intensity and
set to 0.5. υ is a parameter to control the range of score and set to 0.2.

Symmetry and patterns (SP) is a special rule in our model. If the image get
a high score of symmetry, we will intend to put the human figure in the center
which is corresponding to the visual balance. We compute the correspondence
split by middle vertical line.

Score(SP ) = λ exp(−
∑

i+p=H
j+q=W

|(xi, yj) − (xp, yq)|2
2ω

) (4)

where H is the height of the image, W is the width of the image and (x, y) is
each point divided by the middle vertical line. λ and ω is parameters to control
the range of score and set to 0.7 and 0.18. Finally, we combine those three
computational photography guidelines to be a complete model and compute the
final score.

Photo Aesthetic Evaluation. We use an instance-based approach for photo
aesthetic evaluation algorithm [14]. Four features are selected as the main compo-
nents including layout composition, edge composition, color palette and global
texture features. Besides, several features such as blur feature, dark channel,
contrasts and HSV counts are taken into consideration.

Furthermore, we employ the 3D structure for our aesthetic evaluation. We
arrange the high-quality images in dataset and generate a few high-quality tem-
plates in depth intensity form, as well as low quality ones. The difference between
high-quality (hq) and low-quality (lq) templates is considered as a unique fea-
ture. Totally it is 24 features and a binary classifier by using support vector
machine (SVM) is utilized to train our dataset, which is formalized as follows

Score(AE) =
wTx − b

|wTxhq − b| exp(−|wTx − b|2
2μ

) (5)

where wT and b is the coefficient vector trained by SVM, and x is the features
defined above. μ is a parameter to control the range of score and set to 0.2.

Saliency Evaluation. Except for the aesthetic evaluation mentioned above,
we consider a further step to enhance the difference between ‘good’ and ‘bad’
synthetic images. As a common sense, people expect figures or objects to be
salient in the scene. Accordingly, we consider both color (c) saliency and depth
(d) saliency in our aesthetic evaluation model.

We use a saliency method that based on anisotropic center-surround differ-
ence [20]. We can get a initial saliency map according to the measure map which
is resulted to [0, 255]. Besides, we use a soft image abstraction representation
method to generate a saliency map based on color intensity [21]. Based on the
formal steps, the saliency map is generated with a global uniqueness indicator
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Fig. 3. Several results of our application. The first row is the photography scene. The
second row is the professional photographer recommendation. The third row is best
results of our method. The fourth row is the abridged view of synthetic images to show
an intuitive feeling.

and a color spatial distribution indicator. We combine this map and the depth
based map as complex saliency (CS) component in assessment module as follows

Score(CS) =
adm + acm

ξA
exp(−

∑
a∈S(ad + ac)

2νA
) (6)

where a is the pixel area of salient objects summed by depth based area ad and
color based area ac. m is the pixel area of human figure region. A is the total
pixel area of the photo. ξ and ν is parameters to control the range of score and
set to 0.7 and 0.18 (Fig. 3).

Finally, we combine three components as one image quality assessment
model. We find the dominate images which gets the highest score as follows

Dom{i} = argmax
i∈synthesis

αCS(i) + βAE(i) + γPG(i) (7)

where i is each synthetic image. α controls the influence of complex saliency, β
controls the influence of aesthetic evaluation model, γ controls the influence of
photography guidelines. We linearly set complex saliency, aesthetic evaluation
and computational photography guidelines factors with the equal weight 0.33.

4 Experiments and Analysis

4.1 Experimental Settings

To the best knowledge of ours, professional personal photography layout sug-
gestion is a relatively minor area. Thus, we establish a small-scale dataset for
our application experiment. We choose 21 scenes as our initial data structure.
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All of them is outdoor environments with or without salient objects. For each
scene, we take a background and three people in the photo with different posi-
tions and photography layouts. Moreover, one person is dressed in clothes with
different colors to check the color palette effect. One person stands in different
positions especially form an obvious unsightly layout. Therefore, we totally col-
lect 630 images as our dataset. And we simply labeled non-person images as
‘background’, deliberately ugly setting images as ‘unsight’,and the remains as
‘normal’. Moreover, we attach a rating score to each photos which is not used in
this paper’s work. This dataset can be used as a basal one for the task of making
professional photography layout recommendation.

We invited 4 professional photographers to give their advice on where is the
best position to stand. Because of the workload limit, we select 100 photos from
our dataset, the Internet and SUN2012 dataset [16] for them and use the profes-
sional suggestion as a contrast. Besides, we downsample the photo to 640 × 480
resolution for unity. Moreover, we arrange a user study to check the accuracy
of our method. we design a computational guidelines only assessment, an aes-
thetic only assessment, a saliency only assessment to show the enhancement and
shortcoming in our method. We invited 12 volunteers with various backgrounds
including 4 females and 8 males to test those synthetic photos based on saliency
only method, aesthetic only method, computational guidelines only method and
our combined method. Each photo is requested to mark ‘Perfect’, ‘Satisfied’,
‘Mediocrity’ and ‘Bad’. ‘Perfect’ is the exactly best position in the users’ mind.
‘Satisfied’ is that the current position is not the best but remain good aesthetic.
‘Mediocrity’ is the photo looks common and user can not say it is beautiful or
ugly. ‘Bad’ is the photo looks ugly and not willing to show them to others. The
professional photography contrast will show the disparity between our method
and professional photography aesthetic. The user study will show the public view
on our method.

4.2 Experimental Results and Discussion

Our experiments are based on the user study and professional photography con-
trast. From Fig. 4, we can see the great superiority of our method. The accurate
data of our ‘Perfect’ is 62.42% and ‘Satisfied’ is 26.33%. Therefore, in 88.75%
situation, users think our method is pleasing and applicable. While only 4.92%
is bad and when it comes to separate method, it increase a lot. 27.58% saliency
only method and 23.08% guideline only method is bad. Nearly half of the aes-
thetic method is ‘Mediocrity’ and ‘Bad’. Therefore, our method is not just based
on one main method. It can not be applicable if only one of those method con-
sidered. Moreover, the most satisfied situation is the guideline only method. It
shows that guideline is the most common method to make people feel aesthetic
about a photo, which is corresponding to the traditional photography rules. The
saliency only method shows the worst ‘Perfect’ rate. But when it is combined
by some aesthetic methods, it shows an obvious improvement.

The distance between our method result and professional photographer result
shows that most of the distance is less than 60 pixels. Totally it is 400 photos and
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Fig. 4. The comparison of four assessment on user markings: Photography guidelines
only method, saliency only method, aesthetic only method and our proposed method

each block is 20 pixel distance plus from darkness to the brightness. 20 pixels less
distance occupies 23.75% and [20, 40] pixel distance is 32.5%. Therefore, along
with 18.5% of the [40, 60] pixel distance, totally 74.75% situation is less than 60
pixel distance. Considering the photo is 640 × 480 resolution, we can tell that
three quarters of our results are similar with professional view. However, about
20% situation is far away from the professional recommendation. Professional
photography aesthetic is a complex problem in various scenes, but our method
can be applied with most situations and satisfied with amateur photographers.

5 Conclusions

In this paper, we propose a method to the specific perspective of layout recom-
mendation. Combining 3D structures into aesthetic estimation models along with
saliency intensity shows a better discrimination. We also built a dataset designed
for the task of making professional photography layout suggestion. According to
the scene, our method supplies professional advice for human locations.
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Abstract. Conventional sparse and low-rank decomposition based
speech enhancement algorithms seldom simultaneously consider the non-
negativity and continuity of the enhanced speech spectrum. In this paper,
an unsupervised algorithm for enhancing the noisy speech in a single
channel recording is presented. The algorithm can be viewed as an exten-
sion of non-negative matrix factorization (NMF) which approximates the
magnitude spectrum of noisy speech using the superposition of a low-
rank non-negative matrix and a sparse non-negative matrix. The tem-
poral continuity of speech is also considered by incorporating the sum of
squared differences between the adjacent frames to the cost function. We
prove that by iteratively updating parameters using the derived multi-
plicative update rules, the cost function finally converges to a local mini-
mum. Simulation experiments on NOIZEUS database with various noise
types demonstrate that the proposed algorithm outperforms recently
proposed state-of-the-art methods under low signal-to-noise ratio (SNR)
conditions.

Keywords: Sparse and low-rank decomposition · Speech enhancement ·
Non-negative matrix factorization · Temporal continuity

1 Introduction

The goal of single-channel speech enhancement is typically to improve the quality
and intelligibility in a single-channel recording of a noisy speech signal. According
to [1], we know that traditional algorithms which have long been proposed and
commercialized include spectral subtraction, Wiener filtering, minimum mean
square error estimation and subspace methods. These algorithms are popular and
widely used as they do not require the identity of the specific speaker, i.e. they
are speaker independent. An estimation of the noise model is normally enough
to make these algorithms work. However, most of these algorithms relay heavily
on the estimation of noise power spectral density (PSD), and their enhancement
performance decrease drastically in the presence of non-stationary noises [2].
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 24–32, 2016.
DOI: 10.1007/978-3-319-48896-7 3
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Inspired by source separation techniques, non-negative matrix factorization
(NMF), which is a powerful model for extracting perceptually meaningful compo-
nents from mixtures due to its additive nature [3], has recently been extensively
investigated for speech enhancement [4,5]. Most of these methods require a prior
learning procedure of the involved source model/models (i.e., noise model or/and
speaker dependent/independent speech model). Though these methods often
yield better performance than traditional enhancement methods when dealing
with non-stationary noises [6], the problem that training data of the encoun-
tered speech or/and noise is not always available beforehand and the possible
mismatch with training samples greatly limit their applications in practice.

As an emerging technique, sparse and low-rank decomposition (or low-rank
modeling), such as Robust Principle Component Analysis (RPCA) [7] and
REPET-SIM [8] together with their extensions [9–11] have gained much atten-
tion. The basic principle is that repeating background is dense and low-rank
(typically the background noise), while the non-repeating foreground (typically
the speech) is sparse and varied. Based on these assumptions, the enhancement is
conducted through a well-behaved convex optimization framework [12] or using
a similarity matrix [13]. These techniques are intrinsically suitable for designing
systems for unsupervised source separation since they require neither prior train-
ing nor hand-crafted features. However, these algorithms consider each frame as
an individual observation and often neglect the temporal structure of speech.
In the context of speech enhancement, incorporating the temporal continuity
criterion may increase the robustness of enhancement, especially when dealing
with non-repeating impulse noise or the input signal to noise ratio (SNR) is
low. Therefore, we propose a robust version of NMF (RNMF) with temporal
continuity which we will refer as TC-RNMF for the task of unsupervised speech
enhancement.

The rest of this paper is organized as follows. Descriptions of the proposed
robust non-negative matrix factorization (RNMF) with temporal continuity is
illustrated Sect. 2. The enhancement algorithm is explained and summarized
in Sect. 3. The experimental results of the proposed method are shown in the
simulation experiments in Sect. 4. Finally, we conclude the paper in Sect. 5.

2 RNMF with Temporal Continuity

This section investigates the problem of robust non-negative matrix factorization
with temporal continuity, and derives the corresponding multiplicative updating
rules. Finally, the proof of the convergence of the proposed algorithm is given.

2.1 Formulation of the Optimization Problem

Given the magnitude spectrum of mixtures V, we assume that V is the superpo-
sition of a low-rank repeating background magnitude WH and a sparse varied
foreground S.
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The goal of RNMF is to minimize the divergence between the non-negative
matrix V (magnitude of the mixtures) and its approximation WH + S, with
all the matrices constrained to be non-negative. Our previous study [14] has
shown that by imposing a threshold, which can be seen as an element-wise Boole
operation, a sparse estimation of S will be obtained. Here, an alternative method
is considered through a regularization term of sparsity. Moreover, the temporal
continuity of speech is also considered through adding a regularization term
measuring the changes between adjacent frame st and st−1 (i.e. the adjacent
columns of S) to the divergence to be minimized. The problem of RNMF with
temporal continuity can thus be formulated as follows:

argmin
W,H,S

D (V||WH + S) + αct (S) + β‖S‖1
s.t. V ∈ R

m×n
≥0 ,W ∈ R

m×r
≥0 ,H ∈ R

r×n
≥0 ,S ∈ R

m×n
≥0

(1)

By choosing a small integer r, the matrix production of W and H acts as a low-
rank approximation of V with the protection of S against outlier corruption.
The matrix S is constrained to be non-negative and sparse with the parameter
α to control the weight of temporal continuity (the regularization term ct (S)

is defined as
1
2

n∑
t=2

‖st − st−1‖22) and the parameter β is used to control the

sparsity. Among all the possible choices of divergence [15], we use the generalized
K-L divergence as cost function since it is a better approximation of human
auditory perception compared with Euclidean distance. Its definition is presented
in Eq. (2).

D (x||y) = x (log x − log y) + (y − x) (2)

Note that the learned basis vectors of W reflect the repeating patterns of
background noises coupled with H as its activation matrix.

2.2 Updating Rules of RNMF

The optimization problem of RNMF can be solved using the multiplicative
updating strategy similarly to that in normal NMF. By carefully choosing the
step size of the gradient descent method, we can derive the update algorithms
and represent them into multiplicative forms as follows:

Wi,k ← Wi,k ·

⎧⎪⎪⎨
⎪⎪⎩

n∑
j=1

Vi,j
r∑

k=1

Wi,kHk,j + Si,j

Hk,j

⎫⎪⎪⎬
⎪⎪⎭

/
n∑

j=1

Hk,j (3)

Hk,t ← Hk,t ·

⎧⎪⎪⎨
⎪⎪⎩

m∑
i=1

Vi,t
r∑

k=1

Wi,kHk,t + Si,t

Wi,k

⎫⎪⎪⎬
⎪⎪⎭

/
m∑

i=1

Wi,k (4)
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Si,t ← Si,t ·

Vi,t

Si,t +
r∑

k=1

Wi,kHk,j

+ α (Si,t−1 + Si,t+1)

β + 1 + 2αSi,t
(5)

where we use the same symbols to notate the elements from their corresponding
matrices with the subscript to identify their positions.

To solve the optimization problem of RNMF, we simply initialize the three
matrices with non-negative random values and iteratively update them using
Eqs. (3)–(5) alternatively until the cost function converges to a local minimum
(the proof will be given later). Note that once the parameters are initialized with
non-negative values, their sign always hold during iterations.

2.3 Proof of Convergence

We analyze the convergence of TC-RNMF and prove that the cost function keeps
decreasing until it converges to a local minimum.

Definition. G(θ||θ̂,S) is an auxiliary function for cost function C(θ||S) if it
satisfies the condition,

G(θ||θ̂,S) ≥ C(θ||S)
G(θ̂||θ̂,S) = C(θ̂||S)

(6)

here, we use the notation θ to denote W or H as the their symmetry when
given a particular value of S. The auxiliary function with the generalize K-L
divergence exists and its detail form can be found in [16].

Theorem. The cost function of RNMF keeps decreasing until it converges to a
local minimum by updating the three randomly initialized non-negative matrices
using Eqs. (3)–(5).

Proof. Let t denotes the index of iterations, the cost function C(t) obtained by
conducting Eqs. (3)–(5) are denoted as C

(t)
1 , C

(t)
1 and C

(t)
3 respectively.

On one hand, as there exists an auxiliary function of C(θ(t)||S(t)), and the
optimization of G(θ(t+1)||θ(t),S(t)) over θ(t+1) is straightforward, we can use
an intuitive optimization presented in Eq. (7) to replace the optimization of
C(θ(t)||S(t)).

θ(t+1) = argmin
θ(t+1)

G
(
θ(t+1)||θ(t),S(t)

)
(7)

Then, the minimization can be conducted iteratively as follows:

C(θ(t)||S(t)) = G(θ(t)||θ(t),S(t))
≥ G(θ(t+1)||θ(t),S(t)) ≥ C(θ(t+1)||S(t))

(8)

Thus, we get C
(t)
3 ≥ C

(t+1)
1 ≥ C

(t+1)
2 .
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On the other hand, by applying the Jensen inequality, we obtain the following
inequality:

D (V||WH + S)
=

∑
i,j

D
(
Vi,j || [WH](t)i,j + S

(t+1)
i,j

)

=
∑
i,j

D

(
Vi,j ||

S
(t)
i,j

[WH](t)i,j + S
(t)
i,j

·
(
[WH](t)i,j + S

(t)
i,j

) S
(t+1)
i,j

S
(t)
i,j

+
[WH](t)i,j

[WH](t)i,j + S
(t)
i,j

·
(
[WH](t)i,j + S

(t)
i,j

))

≤ ∑
i,j

S
(t)
i,j

[WH](t)i,j + S
(t)
i,j

D

(
Vi,j ||

(
[WH](t)i,j + S

(t)
i,j

) S
(t+1)
i,j

S
(t)
i,j

)

+
∑
i,j

[WH](t)i,j

[WH](t)i,j + S
(t)
i,j

D
(
Vi,j || [WH](t)i,j + S

(t)
i,j

)
= F

(
S(t+1)||S(t)

)

(9)

We can build an auxiliary function for S by utilizing F as well as introducing
the remaining terms regarding S in Eq. (1):

G
(
S(t+1)||S(t)

)
= F

(
S(t+1)||S(t)

)
+ αct (S) + β‖S‖1 (10)

Calculating the derivation of the auxiliary function G with respect to S, we
can obtain the update rule of S in Eq. (5). Given the property of the auxiliary
function, we thus have proved that C

(t+1)
2 ≥ C

(t+1)
3 .

Therefore, the cost function keeps decreasing by alternatively updating W,
H and S, i.e.

C
(1)
1 ≥ C

(1)
2 ≥ C

(1)
3 ≥ C

(2)
1 ≥ · · · ≥ C

(t)
1 ≥ C

(t)
2 ≥ · · · (11)

Since the cost function is monotonically decreasing, we have shown that the
value of cost function converges to a local minimum.

3 Unsupervised Speech Enhancement

The overall framework using RNMF with temporal continuity for unsupervised
speech separation is illustrated in the diagram of Fig. 1. The involved procedures
can generally be divided into two steps: sparse and low-rank decomposition and
post processing.

We first store the noisy speech into a buffer and calculate the noisy magnitude
spectrogram using short time Fourier transformation (STFT). The phase of noisy
speech denoted by ∠· is stored for clean speech synthesis later.

Then, RNMF with temporal continuity is adopted to decompose the spec-
trogram into three components, namely the low-rank non-negative matrix which
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Fig. 1. The diagram of the proposed unsupervised framework for speech enhancement
based on the proposed TC-RNMF.

is the product of two low-rank non-negative matrices, the sparse non-negative
matrix representing the estimated clean speech and the residual noise matrix.

Finally, we use the soft time-frequency mask M, whose value is in the range
of 0–1, to further improve the performance of enhancement,

Ŝ = M � V =
S

WH + S
� V (12)

The waveform of estimated clean speech can be calculated using the noisy
phase ∠· and the inverse STFT of Ŝ.

4 Experimental Evaluation

In the experiments, the clean speech samples are chosen from the NOIZEUS
dataset which contains 30 short English sentences spoken by three male and three
female speakers. Stationary noises from NOISEX-92 database [17] and highly
non-stationary noises in [6] are respectively added to clean speech to synthesize
the noisy speech with SNR ranges from −10 dB to 10 dB. Five types of station-
ary noises (white, pink, f16, factory1 and volvo) and five non-stationary noises
(frogs, computer keyboard, casino, eating chips and machinegun) are tested in
our experiments. Each file is resampled to 8 kHz and the spectrograms are cal-
culated using a Hamming window of 64 ms (512 points) with a frame shift of 16
ms (128 points).

All the involved methods are evaluated by using the widely used signal-to-
distortion ratio (SDR) in BSS-EVAL toolbox [18]. For SDR, higher value means
better performance. To evaluate the impact of random initialization, the results
of the proposed methods are averaged across 5 different random initializations.
Without loss of generality, we report the mean values for different noise types.

We compare the proposed method, which is referred to as TC-RNMF (i.e.
RNMF with Temporal Continuity), with our previous work [19] which uses the
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alternating direction method of multipliers (ADMM) to solve a similar prob-
lem of RNMF. Two recent established approaches, REPET-SIM and RPCA, are
compared with the proposed method. Besides, as a representative of the tra-
ditional algorithm, multiband spectral subtraction (MSS) and minimum mean
square error (MMSE) are also investigated as baselines to evaluate the perfor-
mance of the proposed algorithm.

Table 1. Comparison of performance of four algorithms at three different input SNR
levels. Each value reported are averaged among all types of noises

Input SNR −10 dB −5 dB 0 dB 5dB 10 dB

ADMM −5.76 −0.11 4.32 6.87 7.79

REPET-SIM −6.64 −2.31 3.62 5.63 6.65

RPCA −6.43 −1.97 3.79 6.48 6.78

MSS −7.16 −2.43 3.11 5.39 6.43

MMSE −9.47 −4.46 3.20 5.53 6.62

TC-RNMF −2.53 −1.43 5.28 6.91 7.74

The performance of all the involved methods at different input SNR levels
are presented in Table 1. It is obvious that the sparse and low-rank decomposi-
tion based methods such as ADMM, REPET-SIM, RPCA and TC-RNMF are
superior to the baseline methods such as MSS and MMSE. This is expected as
the stationary assumption of the baseline methods deviates severely from the
reality when dealing with non-stationary noises.

We observe that the proposed TC-RNMF almost always performs better
than the rest methods. Particularly, our method shows significant improvement
under low SNR conditions. This boils down to the usage of temporal continuity
constraint since the acoustic characteristics of speech vary not that drastically
as a function of time. When the background noise is overwhelming and the
time-frequency structures of speech spectrum are severely damaged or buried by
the noise spectrum, imposing the temporal continuity constraint helps to better
reveal the underlying pitch structure of original speech. Thus, the TC-RNMF
yields a significant improvement of the enhancement quality under low SNR
conditions.

5 Conclusion

This paper proposed an unsupervised algorithm for single channel speech
enhancement which combines RNMF with temporal continuity. The existing
algorithms based on sparse and low-rank decomposition are limited in a sense
that they consider each frame as an individual observation. The proposed method
incorporating the sum of the squared differences between the estimated adjacent
frames of spectrum to the cost function is a straightforward and efficient way of
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including the temporal continuity to the unsupervised enhancement framework.
Experimental results confirm the effectiveness of the proposed method especially
when the input SNR is low.
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Abstract. We present a facial animation system for ordinary single-
cameral videos based on 2D shape regression. Unlike some prior facial
animation techniques, our system doesn’t need complex equipment. The
system consists of firstly a Cascade Multi-Channel Convolutional Neural
Network (CMC-CNN) model to accurately detect facial landmarks from
2D video frames. Based on these detected 2D points, the facial motion
parameters, including the head pose and facial expressions, are recovered.
Then the system animates a bone-driven 3D avatar with the facial motion
parameters. Experiments show that our system can accurately detect
facial landmarks and the animation results are visually plausible and
similar to the user’s facial motion.

Keywords: Facial animation · Video tracking · 3D avatars

1 Introduction

Facial animation aims to generate and animate images or models of a character
face. This approach has become well-known and popular through animated fea-
ture films and computer games to control a digital avatar’s head pose and facial
expressions. This technique also plays an important role in many more areas
such as education and scientific simulation.

Some facial animation systems have been proposed and achieved great success
in film and game production by utilizing special motion-capture equipments,
such as camera arrays [1], structured light projectors [20], and facial markers [9].
These methods can provide highly reliable facial animation, but the complex
equipment makes them less practical for general users. With depth maps and
video from Microsofts Kinect camera, Weise et al. [19] demonstrated impressive
facial animation results, but this method can only work in indoor environments.

In this paper, we present a facial animation system for ordinary single-
cameral videos, which is more broadly practical. We firstly use Cascade Multi-
Channel Convolutional Neural Network (CMC-CNN) like in [8] to get accurate
face landmark detection. Then we generate facial animation data (e.g., head pose
and facial expression parameters) based on the detected 2D landmark positions,
and apply them to a digital avatar to generate the corresponding animation.

c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 33–42, 2016.
DOI: 10.1007/978-3-319-48896-7 4
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A key component of facial animation system is getting accurate facial land-
marks. This problem has attracted a lot of research efforts and many detec-
tion algorithms have been proposed in recent years. These algorithms can be
divided into two categories: optimization-based and regression based. Active
Shape Model (ASM) [6] and Active Appearance Model (AAM) [5] reconstruct
the face shape appearance by optimization approaches. These methods can only
work effectively on certain datasets. Regression-based methods, especially cas-
cade regression, have made great progress by learning a regression function that
maps the input face image to the target output. For example, Cascade Pose
Regression (CPR) [7] and Explicit Shape Regression (ESR) [3] progressively
regress the shape stage by stage. Weise et al. [19] used the motion priors derived
from pre-recorded animations in conjunction with a 3D face model and their
method demonstrated striking real-time facial animation results. Cao et al. [2]
showed comparable results using a single web cameral by developing a user-
specific 3D shape regressor.

Two 3D face models often used for facial animation are respectively blend-
shape model and bone-driven model [14]. The blendshape model allows a single
3D mesh to deform to achieve numerous pre-defined basis shapes and linear
combinations of the basis shapes, such as Lewis et al. [11] and Seo et al. [17].
This model is specific to each character. The bone-driven model can generate
subtle facial expressions based on the highly articulated facial skeleton structure
and the articulation joints [12,13]. Compared with blendshapes, this animation
model can get smoother results in spite of more preparation need to be done. In
our system we utilize the bone-driven model to get the facial animation.

The remaining of this paper is organized as follows: Section 2 presents the
overview of our system. Sections 3 and 4 respectively introduce the two main
parts of our system, including the face landmark detection and the facial ani-
mation. In Sect. 5, we show the experiment results and user study. Section 6
concludes our paper.

2 System Overview

As shown in Fig. 1, our system consists of two major steps: face landmark detec-
tion and facial animation. An ordinary single-camera video will be input into the
system, used to animate a bone-driven 3D model. The first face landmark detec-
tion step is proposed to obtain accurate facial landmarks by utilizing a CMC-
CNN regression-based model. Then based on the detected 2D shape points, the
facial motion parameters are recovered. During the facial animation step, we
construct an articulated bone-driven model including 5 curve-controllers and 30
joint-controllers. Then the facial motion parameters are transferred to a bone-
driven model to generate the corresponding animation.

3 Face Landmark Detection

In this paper, our face landmark detection algorithm resembles the regression
in [8]. Specifically, it takes a single video frame I with initial face shape S0 and
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Fig. 1. Overview of our system

ground truth shape Ŝ as input, where S ∈ R
2∗p denotes the 2D positions of facial

landmarks, and p is the number of facial landmarks. The whole model works in
a cascade way. The next subsection briefly introduces the CMC-CNN model.

3.1 The Cascade Process

For the input facial image Ii and the corresponding initial shape S0
i , we predict

the face shape Si in a cascade manner. At stage t, the facial shape St
i is updated

by refining St−1
i with the shape increment ΔSt

i. The process can be presented
as follows:

St
i = St−1

i + Rt(Ii,St−1
i ), (1)

where Rt denotes the regressor at stage t, which computes the shape increment
ΔSt

i based on the image Ii and previous facial shape St−1
i .

In the training process, we learn the t − th stage regressor Rt by minimizing
the alignment error on the training set {Ii, (̂S)i,S0

i }Ni=1. This process can be
expressed as follows:

Rt = argmin
Rt

N∑
i=1

∥∥Ŝi − St−1
i − Rt(Ii,St−1

i ))
∥∥
2
, (2)

where Ŝi denotes the ground truth shape of image Ii.
The predicted facial shape Si will be more and more close to the ground truth

shape Ŝi through the cascade regression process. The process iterates until the
predicted shape Si converges.

3.2 The Structure of CMC-CNN

Figure 2 illustrates the form of one of the stages in CMC-CNN. For the input
facial image Ii and the corresponding initial shape S0

i , we first get local patches
around the region of each landmark. Then we transfer these patches to the
convolutional layers. In practice, two convolutional layers are set after each input
layer. Next the outputs of all local convolutional layer are connected by a fully-
connected layer. Finally, the network outputs the predicted shape increment ΔSi

for the initial shape S0
i . The following paper of this subsection will elaborate the

details.
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Fig. 2. One of the stages in CMC-CNN

Neuron. Rectified Linear Units (ReLU) is adopted as our neurons for the con-
volutional layer, which can be represented as follow:

Oi,j,k = max(
h−1∑
x=0

w−1∑
y=0

c−1∑
z=0

Ii−x,j−y,z · Wx,y,z,k + Bk, 0), (3)

where O denotes the output and I denotes the input to the convolutional layer.
h, w, c and k are the width, height and channel of the k − th filter. W denotes
the weight and B denotes the bias.

Pooling Layer. In the network, pooling layers can summarize the output of
neighboring groups of neurons in the same kernel map. In our work, we use the
max pooling, which can be represented as follows:

Oi,j,k = max
0≤x≤p,0≤y≤p

(Ii·d+x,j·d+y,k). (4)

Loss Layer. Euclidean-loss is used as the loss layer in our work, which can be
represented as follows:

loss =
1

2N

N∑
i=1

∥∥Oi − ΔSi

∥∥
2
, (5)

where O is the network output, ΔS denotes the difference between ground truth
shape and current shape, and N denotes the batch-size.

Dropout technique is a very effective way to reduce test errors. Instead
of combining many different models, this technique can reduce complex co-
adaptations of neurons. In our work, we set the output of each hidden neuron
to zero with probability 0.5 in the train time. And in our test time, we multiply
all neurons output by 0.5 as a reasonable approximation.
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4 Facial Animation

The facial motion parameters, including the head pose and facial expression
parameters, are calculated from the 2D facial landmarks detected in Subsect. 3.2,
and they are then applied to animate a pre-constructed bone-driven avatar. As
shown in Fig. 3, we create an articulated bone-driven 3D avatar, which presents
facial animation by means of 5 curve-controllers and 30 joint-controllers. The
5 curve-controllers are located around the neck, aiming to control the avatar’s
head pose. The 30 joint-controllers, located around the typical facial landmark
positions such as cheek, mouth lips, nose, eyelids, eyebrows and so on, are used to
refine the facial expressions. Next we will elaborate the two animation processes:
control head pose and refine facial expression.

Fig. 3. Bone-driven 3D avatar

4.1 Control Head Pose

Two different ordinate systems are used in our work: 3D mesh ordinate and 2D
image ordinate.

The constructed bone-driven model is a kind of 3D mesh composed of a set
of vertices. The position of each vertex in 3D mesh coordinate is denoted as ui

in our work, and the position of a 3D vertex u can be projected into the 2D
image ordinate with homogenous ordinates sh = (xh, yh,m) by sh = Pu, where
P is a 3 × 3 camera matrix. The corresponding 2D point can be computed as
s = (x, y), where x = xh/m , y = yh/m . In this paper, we represent this process
as follows:

s = P ◦ u. (6)

The avatar’s head pose can be controlled by rotation R ∈ R
3∗3, translation

t ∈ R
3∗1 and scale w ∈ R transformation. R, t, and w can be solved as follows:

R, t, w = argmin
R,t,w

p∑
k=1

∥∥sk − P ◦ [w(Ruvk + t)]
∥∥
2
, (7)



38 R. Bai et al.

where p is the number of facial landmarks, sk is the position of the k − th
landmark in 2D face shape, vk is the corresponding vertex index on the 3D face
mesh, and P is the camera matrix, which can be presented as follows:

P =

∣∣∣∣∣∣
fx 0 cx
0 fy cy
0 0 1

∣∣∣∣∣∣ , (8)

where fx and fy denote the focal length in terms of pixel units, and (cx, cy)
represents the principle point which is usually at the image center.

Finally, we can control our avatar’s head pose by transferring the facial
motion parameters R and t to the avatar’s curve-controller.

4.2 Refine Facial Expression

These landmark vertices, which correspond to facial features such as cheek,
mouth lips, eyelids, nose, eyelids and eyebrows, play an important role in refin-
ing facial expression. Though the joint controllers located around these landmark
vertices, we can animate the facial expressions of the bone-driven avatar.

Firstly, we project the 2D face shape S to 3D face shape U by means of the
transformation parameters gained in Subsect. 4.1, which can be expressed as:

S = P ◦ [w(RU + t)]. (9)

Then we calculate the shape increment Δuvk at the position of each 3D
landmark uvk which attaches to the joint-controller, and this process can be
presented as:

Δuvk = uvk − uvk
0 , (10)

where vk is the vertex index on the 3D face mesh U, and u0 denotes the initial
3D facial landmark.

Finally, we apply the shape increment ΔU to the initial neutral 3D face
shape by means of 30 joint-controllers to generate various facial expressions.

5 Experiments

We implemented our experiments on a PC with an Intel Core i7-3770(3.40GHz)
CPU and a NVDIA GeForce GTX TITAN X graphics card. We trained our
CMC-CNN model on the 300-W [16] dataset. The dataset contains several sub-
datasets, including AFW, LFPW, Helen, XM2VTS, and IBUG. Following the
protocol in LBF [15], we constructed the training dataset with the training set
of LFPW, the training set of Helen, and the whole AFW, containing 3148 images
in total.

To test the avatar animation of our system, we used several facial videos from
the 300-VW [4,18] dataset, which contains 114 facial videos in the wild, and all
videos were captured at 30 fps. We also tested the system using the single face
images from the dataset 300-W. For quantitative evaluation of facial animation
results, a user study is given.
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Table 1. Parameters of our network.

Network Stage 1 Stage 2 Stage 3 Stage 4

Patch ratio 0.3 0.2 0.1 0.1

Input 152 × 1 152 × 1 152 × 1 152 × 1

conv.1 52 × 16 52 × 16 52 × 16 52 × 16

conv.2 32 × 8 32 × 8 32 × 8 32 × 8

fc 1024 1024 1024 1024

Output 136 136 136 136

5.1 Experiments Setting

We used the well-known Caffe [10] to train the CMC-CNN model in the experi-
ments. The neural network was trained by stochastic gradient descent method,
and the momentum was set as 0.9. In our work, the learning rate was equally
set as 0.01 in all layers, and the layer’s weight at first stage was initialized by a
zero-mean Gaussian distribution with σ set as 0.01. Table 1 shows other para-
meters of our network, where patchratio is the ratio between the local patch size
and face rectangle, fc is the fully connected layer structure, and Input, conv.1
and conv.2 denote the structure of each local patch.

5.2 Results

Figure 4 shows several examples of the results generated by our system. Each
row shows, from left to right, the input face image, the face landmark detection
result and the avatar animation result. In spite of differences in facial expression,
head pose and lighting, our system can get realistic results. During the animation
test, the face alignment process takes 35 ms for one 500× 500 image on average,
and the animation process is performed at 12 ms per frame. The whole system
runs at about 20 fps, which is fast enough for consumer-level applications.

5.3 User Study

To obtain quantitative evaluation of facial animation results, we conducted a user
study. For this evaluation, we tested 30 persons, consisting of 4 PhD students,
9 post-graduate students, 12 undergraduates and 5 professors. There were 15
males and 15 females among the participants, and all of them were not related
to this work. We showed each participant 5 videos of facial animation results,
and each animation video consisted of 10 video clips, respectively containing
different head pose and facial expressions. Each video clip lasted for 5 seconds
and was presented at 640 × 320 pixels.

We asked the participants to rate the animation results, containing 50 video
clips in total, on a scale of one to zero. Two criterions are applied in the user
study: similarity of head pose and similarity of facial expressions. For the sim-
ilarity of head pose, a score of 0 represents that user can find obvious mistake
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Fig. 4. Several examples of the facial animation results.

in the head pose of the avatar animation results. For example, the head pose of
avatar is completely wrong at least in one angle, such as pitch, compared with
the input video clip. A full score of 10 represents that user find the animation
avatar’s head pose is exactly same as the input video clip. For the similarity of
facial expressions, a score of 0 means that user find the result of facial expres-
sion animation is completely wrong and artificial. For example, the avatar’s facial
expressions are seriously distorted and user can’t make out them. A score of 10

Fig. 5. Average similarity of head pose and facial expression
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represents the facial expression animation is exactly same as the input video
clip. In our work, a score of 7 is set as the consumer-level criteria.

As shown in Fig. 5, we counted the average similarity of head pose and facial
expressions of each video clip. For the 50 video clips, the average scores of head
pose and facial expressions were respectively 9.1 and 8.3. None of the animation
results had a score below 7. These results indicate that our results are of high
quality and the facial animation are realistic.

6 Conclusion

In this paper, we present a facial animation system based on 2D shape regression.
Our system only needs ordinary web camera videos as the inputs to driven a
digital avatar, which is broadly practical. The experiments show that the whole
system can generate realistic and plausible facial animation results.
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dation of China under Grant No. 61473219, and the National High Technology Research
and Development Program of China (863 Program) under Grant No. 2014AA015205.
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Abstract. We propose a novel deep convolutional neural network
(CNN) architecture able to perform the integrated object recognition
and localization tasks. We propose the Focused Attention (FA) objective
that aims to optimize the network to learn features only from objects of
interest while suppress those features from the background. As a result,
the features extracted by the learned models can be used to accurately
predict both the object category and the bounding box of the recog-
nized object in the input image. Experimental results show that the
proposed CNN architecture trained with the FA objective achieves bet-
ter performances than original AlexNet in both the object localization
and recognition tasks.

Keywords: CNN · AlexNet-FCN · FA objective

1 Introduction

Deep convolutional neural networks (CNNs) have achieved great successes in
many computer vision and pattern recognition tasks, such as image classifica-
tion [9,11,14], object localization [3–5], semantic segmentation [4,10], etc. For
example, Krizhevsky et al. [9] developed an eight-layer CNN model (AlexNet in
short) and trained the model using 1.2 million images from the ImageNet 2012
dataset [2] for image classification. The model won the ILSVRC 2012 competi-
tion by a significant margin. VGG-Net from [12] consists of a very deep network
structure with up to 19 convolution layers, and is trained for image classification
in a greedy way by initializing weight parameters from shallower models. Its
object localization counterpart is realized by replacing the top convolution layer
with a regressor which outputs the (x, y) location and (width, height) of the
bounding box of the recognized object. The two models won the first and second
places for the object localization and image classification tasks at the ILSVRC
2014 competition. GoogLeNet from [13] increases the depth to 22 layers with
the “inception” building blocks and multiple Softmax loss functions, and won
the first place for the image classification task of the ILSVRC 2014 competition.
c© Springer International Publishing AG 2016
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The latest CNN model from MSRA [6] consists of a whopping 152 convolution
layers, and won the image classification task at the ILSVRC 2015 competition.

There have been some problems in recent research and developments for
deep learning neural networks. First, as evidenced above, many research works
attempt to improve CNN performances by dramatically increasing the network
complexity of CNN models. However, this approach is unsustainable, because
very deep models, such as GoogLeNet [13], Google BN-Inception [7], MSRA-
Net [6], not only become very difficult to train and use, but also require large
CPU/GPU clusters, complex distributed computing platforms and ultra-large
training data, which are out of reach for many research groups with a limited
research budget, as well as many real applications. Second, unlike the human
vision system that can quickly and accurately recognize and localize objects of
interest at the same time, usually separate CNN models with different loss func-
tions and training examples are required to accomplish the two closely related
tasks, which is a waste of time, human efforts, and computing resources. Third
and not the last, existing CNN models trained with the Softmax loss function
learn and extract features from not only the target objects, but also the sur-
rounding backgrounds. This will cause overfitting to the training data, and will
especially harm CNN performances for localization.

In this paper, we propose a novel CNN architecture that is able to accurately
recognize and localize objects of interest at the same time. We use the original
AlexNet as the base model, and replace its top three fully connected layers with
three convolutional ones, and its output layer with an average-pooling layer. To
improve both the object recognition and localization accuracies, we introduce a
novel objective function to optimize the model to learn features only from objects
of interest while suppress those features from the background. We name it the
Focused Attention objective, or FA objective in short. Comprehensive experi-
mental evaluations show that the proposed FA objective remarkably improves
not only object localization accuracy, but also object recognition accuracy on
the ILSVRC dataset.

In summary, the contributions of our work are as follows:

– We propose a novel CNN architecture that is able to accurately recognize and
localize objects of interest at the same time.

– We propose the FA objective that aims to optimize the model to learn fea-
tures only from objects of interest while suppress those features from the
background.

– We conduct comprehensive experimental evaluations to show that the pro-
posed CNN architecture trained with the FA objective achieves superior per-
formances in both the object localization and classification tasks.

The remaining of this paper is organized as follows: Section 2 describes the
details of our proposed FA objective and fully convolutional network methods.
Section 3 presents the experimental evaluations of our methods and our top-down
visualization techniques. Section 4 draws a conclusion of our work.
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2 The Proposed Method

2.1 Integrated Recognition and Localization

In this paper, we propose a fully convolutional architecture that accomplishes
the tasks of object recognition and localization simultaneously. We start from the
original AlexNet, retain its 1−5 convolution layers, and replace its three fully-
connected layers to three convolutional ones. The 1000 feature maps of size 6×6
in the top convolution layer are average-pooled to produce an 1000-dimensional
output vector for object category prediction. Thanks to the alternative to the
fully-connected layers, the number of weight parameters are reduced from about
60M to less than 6M. We name the proposed fully convolutional network as
AlexNet-FCN, as shown in Table 1.

Table 1. Architecture of our AlexNet-FCN model. “max” denotes the 3 ×
3, stride = 2 max-pooling operation after convolution. The feature map of the top
convolutional layer is average pooled to a C-dimensional vector.

Layer Stage Filters Filter size Conv stride Pad Output size

1 conv + max 64 11 × 11 4 4 55 × 55

2 conv + max 192 5 × 5 1 2 27 × 27

3 conv 384 3 × 3 1 1 13 × 13

4 conv 256 3 × 3 1 1 13 × 13

5 conv + max 256 3 × 3 1 1 6 × 6

6 conv 1024 3 × 3 1 1 6 × 6

7 conv 1024 1 × 1 1 0 6 × 6

8 conv + avg 1000 1 × 1 1 6 6 × 6

At the inference phase, AlexNet-FCN takes a cropped 224 × 224 patch from
the input image, and outputs an 1000-dimensional vector that indicates a confi-
dence score for each of the 1000 object categories. The category with the highest
confidence score (denoted as ci) is regarded as the top-1 prediction for the input
image. Meanwhile, the ci-th 6 × 6 feature map from the top convolution layer
is used to compute the bounding boxes of the recognized objects directly. For
convenience, we name the ci-th feature map as the heatmap.

We use a graph method to compute the left, top, right and bottom margins
of the bounding box(es) for the single or multiple recognized object instances
from the heatmap. Let G = <V,E> denote an undirected graph where V is the
vertex set to represent the heatmap pixels being activated and E the edge set.
All pixels in the heatmap are normalized to [0, 1] and a threshold t is introduced
to determine whether a heatmap pixel is being activated or not. Each pixel p in
the heatmap is represented by vp = {zp, (xp, yp)}, where zp is the response value
and (xp, yp) is its coordinates in the heatmap. vp is added to V if it is activated.
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An edge denoted by epq is added to E if vertices vp and vq are spatially adjacent
in the horizontal or vertical direction. In summary, V and E are defined as:

V = {vp|zp > t}, E = {epq|∃vp, vq ∈ V, p �= q, s.t. |xp − xq| + |yp − yq| = 1} (1)

Note that in localization task, object instances are mostly appeared once or
twice and better separated in an image, which is much easier to localize than
the detection task. We use the Breadth First Search algorithm (BFS ) to find
the connected components (maximal connected subgraphs) of G. Denote by
G = {Gk ∈ G|k = 1, ...,K} the set of K connected components in G. Each
connected component Gk ∈ G corresponds to the k-th object instance. The
coordinates of vertices in Gk are resized to the input scale and a bounding
box is generated to contain all the vertices in Gk. Examples of the generated
bounding boxes are shown in Fig. 1.

Fig. 1. Bounding boxes generated from the heatmap. (a) Heatmaps produced by
AlexNet-FCN. (b) Bounding boxes computed using the graph method.

The final prediction is made by cropping 224×224 patches from four corners
and the center as well as their horizontal reflections of the input image, per-
forming recognition and localization for each patch and averaging the results.
Bounding boxes predicted from all patches are merged using the Non-Maximum
Suppression method (NMS ). More details are presented in Sect. 3.

2.2 FA Objective

Our proposed FA objective enforces CNNs to learn features mainly from objects
of interest while suppress those from the background. The FA objective is applied
to high-level convolutional layers where features with high abstractions are rep-
resented. The method is elaborated as follows.

Let D = {(Xi, ci, Bi), i = 1, ..., N} be the set of training samples, where
Xi denotes the i-th image of size Hi × Wi × 3, ci ∈ {1, ..., C} the ground-
truth category label, and Bi = {bim|m = 1, ...,Mi} the ground-truth bounding
boxes of the objects in Xi. Mi is the number of object instances in Xi, and
bim = {al, at, ar, ab}im consists of 4 coordinates representing the left, top, right
and bottom margins of the m-th bounding box in Bi. If a pixel of Xi locates
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in any bounding boxes of Bi, it is considered as an object pixel. Otherwise, it
is a non-object pixel. Although the region enclosed by a ground-truth bounding
box may contain non-object pixels in reality, we still deem all the pixels inside
a bounding box as object pixels in order to simplify the computation. For each
bounding box (object region) bim ∈ Bi, its size changes in the feature maps of
different layers. We simply resize the bounding box to fit the scale of the ith layer
feature map so that neural responses in object regions and non-object regions
could be separated reasonably.

The recursive function for each convolutional layer k = 1, . . . ,K is defined as:

Z(k)
i = f(U(k)

i ), Z(0)
i ≡ Xi,

U(k)
i = W(k) ∗ Z(k−1)

i , (2)

where K denotes the number of layers, the superscript (k) denotes the layer
index, Z(k)

i is the feature maps produced by input image Xi at layer k, U(k)
i is

the convolved responses before neural activation, W(k) denotes the convolution
weights absorbing the bias term, ∗ denotes the convolution operation, and f(·)
is the neuron activation function on convolved responses U(k)

i . In this paper, we
adopt ReLU [1] nonlinearity f(x) = max(0, x) as the activation function to pro-
duce non-negative neural responses. Weights from all the layers are combined as
W = {W(1), ...,W(K)}. Neural responses of Z(k)

i are separated into two groups:
responses of object regions and others of non-object regions:

O(k)
i = {z ∈ Z(k)

i |z in object regions},

C(k)
i = {z ∈ Z(k)

i |z in non-object regions},

s.t. O(k)
i ∪ C(k)

i = Z(k)
i , O(k)

i ∩ C(k)
i = ∅. (3)

For embedding the FA objective into layer k, we define the overall cost function
as:

min
W

L =
N∑
i=1

{L(W,Xi, ci) + λ�(Z(k)
i ,O(k)

i , C(k)
i )}, (4)

where L(W,Xi, ci) is the classification loss function, such as Softmax loss, and
�(Z(k)

i ,O(k)
i , C(k)

i ) is the proposed FA objective embedded to layer k. λ is a coef-
ficient to balance the strength of the FA objective relative to the classification
loss. The grouped responses O(k)

i and C(k)
i defined by Eq. (3) are the inputs of

the FA objective.
Let So, Sc denote the sum of responses in O(k)

i and in C(k)
i , respectively, our

FA objective is defined by the following subtraction form:

� = −(So − Sc). (5)

Our goal is to enforce an overall increase of numeric values in O(k)
i and decrease

of numeric values in C(k)
i by increasing the numeric difference between So and Sc.
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This can be implemented by minimizing the above FA objective, which can be
expanded as follows:

�(Z(k)
i ,O(k)

i , C(k)
i ) = −(

∑
zo∈O(k)

i

zo −
∑

zc∈C(k)
i

zc). (6)

The gradients of � with respect to zo and zc are

∂�(Z(k)
i ,O(k)

i , C(k)
i )

∂zo
= −1,

∂�(Z(k)
i ,O(k)

i , C(k)
i )

∂zc
= 1. (7)

Notice that the gradients are constant values during back-propagation. We need
to tune the prefixed coefficient λ carefully to make sure that sensitivities are in
a proper range. Otherwise, the SGD process tends to be unstable, which may
lead to explosion.

The gradients of the overall cost function L with respect to Z(k)
i is computed

by adding the gradients of L and � multiplied by λ. In practice, we adjust the
strength of the FA objective by tuning λ in a proper range to balance with the
classification loss. More implementation details for the AlexNet-FCN model are
discussed in Sect. 3.

2.3 Improving AlexNet-FCN with FA Objective

We improve the performance of AlexNet-FCN by embedding the FA objective
(see Sect. 2.2) to the top convolutional layer of the network. We only apply the
objective to the ci-th feature map in the top layer, where ci is the ground-truth
category label of the i-th training sample. In this way, only the feature map that
corresponds to the object’s category is enforced to represent the object regions.
Here, we make some modifications to the original form of the FA objective:

�(Z(k)
i ,O(k)

i , C(k)
i ) = −(

∑
zo∈O(k)

i

γzo −
∑

zc∈C(k)
i

zc), F(k)
i = (Z(k)

i )ci , (8)

O(k)
i = {z ∈ F(k)

i |z in object-regions},

C(k)
i = {z ∈ F(k)

i |z in context-regions},

where F(k)
i denotes the ci-th feature map of Z(k)

i , which means the FA objective
only affects the feature map specified by the ground-truth category label. An
additional coefficient γ is introduced to balance between the object and non-
object regions. The gradient is computed as:

∂�

∂zo
= −γ,

∂�

∂zc
= 1. (9)

The overall gradient for the ci-th feature map is

∂L

∂zo
= pci − 1 − λγ,

∂L

∂zc
= pci − 1 + λ, (10)
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Fig. 2. Heatmap visualization. (a) Input images. (b), (c) The heatmaps produced by
AlexNet-FCN before and after using the FA objective, respectively.

where (pci − 1) is the gradient back-propagated from the ci-th output neuron in
the average-pooling layer (pci denotes the probability of the ground-truth label
ci). λ is set to a “big” value (but no bigger than 1) so that the non-object region
responses are suppressed to a great extent, and γ is used to prevent an over-
enhancement of the object region responses which may result in the gradient
exploding problem.

As shown in Fig. 2, after introducing the FA objective, the heatmap becomes
much “cleaner”. Only the neurons related to the object regions are significantly
activated while other neural responses are suppressed close to zero. Consequently,
the heatmap is able to compute bounding boxes more accurately.

3 Experiments

The object recognition and localization experiments are conducted using the
ImageNet ILSVRC 2012 dataset. Data for the object recognition task consists
of about 1.28 million training, 50,000 validation and 150,000 test images. Each
training and validation image is labeled with one of the 1000 object categories.
Data for the single-class object localization task consists of the same images as
those for the recognition task, except that every object instance belonging to the
labeled category in an image is annotated with an axis-aligned bounding box.

Experiments are performed with cuda-convnet2 [8]. We train the models
using SGD with a mini-batch size of 128, momentum of 0.9, and weight decay of
0.0005. The learning rate is initialized to 0.01 and decreases three times to 0.0001.
Each model is trained for 90 epochs through the training set of 1.28 million
images. To measure the improvement brought by our method in a fair setting,
the comparison between different CNN models is under the same complexity.
Models are trained and tested in single-scale, and test results are based on single
model predictions.

3.1 Recognition Evaluation

For the object recognition task, we conduct experimental evaluations for the fol-
lowing models: (1) the original AlexNet, (2) AlexNet trained with the FA objec-
tive (denoted as AlexNet+FA), (3) the proposed AlexNet-FCN trained without
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the FA objective, and (4) the proposed AlexNet-FCN trained with the FA objec-
tive (denoted as AlexNet-FCN+FA). For AlexNet, our FA objective is introduced
to its layer 5 (the top convolutional layer).

We first resize the training images so that the shortest side equals to 256.
Instead of cropping the patch from the uniformed center 256 × 256 image, we
randomly crop the 224 × 224 patch directly from the whole 256 × N image, so
that background pixels could be included in the input patch to a certain extent.
All models take the cropped 224 × 224 patch as the input, and output an 1000-
dimensional vector to specify the confidence scores for each of the 1000 object
categories. Note that the effect brought by the FA objective can not be too
strong (which may result in gradient exploding or overwhelm the Softmax loss)
or too weak. Therefore, the coefficient λ of the objective function must be set to
a proper range. We evaluate the average gradient of layer 5 from a pre-trained
AlexNet model and set λ = 10−6 for the FA objective function (Eq. (6)) when
training the AlexNet+FA model. To make the model converge more stably, we
manually decrease λ once from 10−6 to 5×10−7 at 50% of the training progress.
For the proposed AlexNet-FCN+FA model, we initialize its weight parameters of
the first 5 convolution layers from a pre-trained AlexNet model to speed up the
training process. We evaluate the average gradient of the top convolution layer of
the AlexNet-FCN model (Eq. (9)), and set λ = 10−2, γ = 10−3 for the modified
FA objective function (Eq. (8)). At the test stage, we perform multiview test
on the validation set. Our reproduced accuracy of the AlexNet model is 60.8%,
about 1.5% higher than 59.3% of the original version in [9]. This is mainly
because the multiview test is performed on the whole 256 × N validation image
instead of the center 256 × 256 patch. In this way, the whole image is preserved
for testing and all pixels of the object would be evaluated.

Table 2. Object recognition results on ILSVRC 2012 validation set.

Model Top-1 acc. (%) Top-5 acc. (%)

AlexNet 60.8 82.4

AlexNet+FA 61.7 83.3

AlexNet-FCN 60.7 82.4

AlexNet-FCN+FA 61.6 83.2

Table 2 shows the evaluation results of the four models using the ILSVRC
2012 validation set. The results can be summarized as follows.

– AlexNet trained with the proposed FA objective improves the top-1 and top-5
recognition accuracies by 0.9%–1.0%.

– The proposed AlexNet-FCNs trained with and without the FA objective
achieve the object recognition accuracies on par with the results from the
corresponding AlexNets. This is not a surprise because AlexNet-FCN has the
same complexity as AlexNet, with much less network parameters. The main
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difference between the two networks is that the three fully connected layers of
AlexNet are replaced by the three convolution ones.

3.2 Localization Evaluation

For the object localization task, we compare the proposed AlexNet-FCN with
the localization version of AlexNet using the ILSVRC 2012 dataset. We adopt
the evaluation metric used by the ILSVRC competition, that is, the predicted
bounding box is deemed correct if it overlaps the ground-truth bounding box over
50%, and the predicted top-5 categories contain the ground-truth one. The train-
ing of both the AlexNet-FCN and AlexNet-FCN+FA models has been described
in Sect. 3.1. At test stage, we compute the bounding box predictions on the val-
idation set using the method described in Sect. 2.1. Since Krizhevsky et al. [9]
did not publish the localization version of AlexNet, we reproduced the model by
replacing the classifier with a regressor in a way similar to that of the OverFeat
and the VGG-Net models. The regressor is added onto the pooled feature map
from layer 5 (the top convolutional layer) and outputs a 4-D vector representing
the 4 coordinates of a bounding box. We performed SCR (single-class regres-
sion) with Euclidean loss to train the regressor on the ILSVRC dataset. At test
stage, the final bounding box prediction is made by merging predictions from
multi-view patches (four corners and the center as well as their horizontal reflec-
tions, the same as AlexNet-FCN merging approach in Sect. 2.3). The reproduced
AlexNet for localization has achieved the accuracy of 57.3% on single scale, as
shown in Table 3.

Table 3. Localization accuracy on ILSVRC 2012 validation set.

Model Localization acc. (%)

AlexNet 57.3

AlexNet-FCN 51.5

AlexNet-FCN+FA 60.1

Table 3 shows the localization accuracy of the three models on ILSVRC 2012
validation set. As we can see, AlexNet-FCN without the FA objective yields poor
performance on localization. After applying the FA objective to train AlexNet-
FCN, only the object-pixels of the heat-map are activated (see Fig. 2), and the
model becomes more effective to localize the recognized object. We may notice
that the AlexNet-FCN model without FA objective performs worse than the
AlexNet model when localizing an object, because the produced heatmap does
not provide an accurate saliency response for localization. By introducing the
proposed FA objective, the heatmap becomes sufficient for bounding box com-
putation, and significantly improves AlexNet-FCN’s localization accuracy by
8.6%. Finally, the proposed AlexNet-FCN+FA model achieves the localization
accuracy 2.8% better than that of the reproduced AlexNet model. Examples on
localization results are shown in Fig. 3.
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Fig. 3. Localization examples of AlexNet-FCN with FA objective

4 Conclusion

In this paper, we focus recent deep learning problems and propose a novel CNN
architecture to accurately recognize and localize objects of interest at the same
time. We implement an FCN model based on AlexNet for integrated recognition
and localization and introduce our FA objective to optimize the network to
learn features mainly from objects of interest while suppress those from the
context. Experimental results show that our proposed CNN architecture with
FA objective remarkably improves both object localization accuracy and object
recognition accuracy on the ILSVRC dataset.
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Abstract. Strong demands for accurate measurement of non-
cooperative targets have been arising for the tasks of assembling and
capturing recently. Spherical object is one of the most common targets
in these applications. The existing measurement system has limitations
in detecting textureless target in spite of their high price. In this paper,
we propose a novel measurement system for textureless non-cooperative
spherical target based on four calibrated lasers and a vision camera. By
using the pre-calibrated lasers, our system can definitely reconstruct the
3-D positions of the laser spots on target without any depth sensor. The
experiment results show that the pose and the radius of spherical target
can be estimated with high accuracy in real time.

Keywords: Non-cooperative · Measurement system · Spherical target ·
Calibrated laser

1 Introduction

Measurement for non-cooperative targets is the precondition of assembling
and capturing tasks, which has received attention in various areas such as
autonomous robotics [2,3], marine transportation [6–8] and aerospace [11,12].
Non-cooperative targets refer to those objects which cannot provide effective
cooperation information, their structure, size and motion information are com-
pletely or partly unknown.

In measuring and capturing of a non-cooperative target, computer vision is
exclusively used as the primary feedback sensor to acquire the pose informa-
tion of the target. According to the amounts of the camera, vision measure-
ment methods for non-cooperative targets can be classified as monocular vision
based, multi-vision based, and multi-sensor fusion based. For the methods using
monocular vision, Zhang Shijie et al. [14] proposed a robust algorithm based on
R-RANSAC in 2009, using monocular vision to acquire the relative pose of a
spacecraft. Fang et al. [15] presents a novel two-level scheme for adaptive active
visual servoing to determine relative pose between a camera and a target. For the
methods using multi-vision, Xu Wenfu et al. [13] reconstructs the 3-D model of
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 54–63, 2016.
DOI: 10.1007/978-3-319-48896-7 6
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non-cooperative spacecraft and calculate the pose of spacecraft based on stereo
vision. In [10] Segal et al. employs a stereoscopic vision system for determining
the relative pose of the target non-cooperative spacecraft by tracking feature
points on it.

In recent years, with the rapid development of multisensor fusion technology,
camera-only based methods are gradually replaced by multi-sensor fusion based
methods in the study of non-cooperative object measurement. To enhance accu-
racy of pose estimation, a camera is combined with 2-D or 3-D laser scanners
in [1,4], which can resolve the inaccuracy of depth in stereo-vision system by
directly measuring the depth of correspondence points. Myung et al. in [5,9]
proposed a structured light system illuminates patterns of light to calculate the
plane-to-plane relative position. This system is composed of two screen planes at
both ends, each having one or two laser pointers and a camera installed onto the
screen. Recently, a non-contact 6-DOF pose sensor system with three laser one-
dimensional sensors and a camera was developed to track the dynamic motions
of a cargo ship [6–8]. This system can accurately measure a 6-DOF pose from a
distance by tracking feature points of the object.

In this paper, we are focusing on proposing a novel and fully-portable sys-
tem to measure the geometric parameters of non-cooperative sphere in near
distance(<2 m), which can be widely used in industrial quality detection and
objects capturing tasks. Also, the aim of this study is to mitigate the limitations
of the existing systems and to provide an inexpensive embedded solution for
engineering application.

Inspired by multi-sensor fusion methods, the proposed system is composed
of four calibrated lasers and a vision camera, which can directly measure the
positions and radius of textureless sphere without any extra sensor units on the
target. By using the calibrated lasers and camera projection model, our method
can achieve a high accuracy without using any depth sensor, such as 1-D laser
sensor and 3-D scanner. The performance of the proposed system is validated in
an embedded system with field experiment.

2 Measurement Algorithm Description

2.1 System Description

As Fig. 1 shows, the designed measurement system is composed of two parts:
four calibrated lasers and a vision camera. Four lasers are placed on the front
panel of camera in a square configuration with a width of 50 mm. The lens of
vision camera is installed at the center of the four lasers. Noticing that both the
projection matrix of camera and the linear parameter of each laser beam with
respect to (w.r.t.) world coordinate frame are pre-calibrated. An illustration of
proposed measurement method is shown in Fig. 2(a).

2.2 Description of Coordinate Frame

The measurement system has three different coordinate frames: {W} is the
world (ground) coordinate frame with its origin at the installation location of
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Fig. 1. 3-D model of the measurement system

Fig. 2. Illustration of measurement method and its reference coordinate frames

Laser a; {C} is the camera coordinate frame with its origin at the center of cam-
era aperture. {Im} is the image coordinate frame with its origin at the top left
corner of the image plane. The relationship between camera coordinate frame
and image coordinate frame can be described by pinhole model. All of these
coordinate frames are orthogonal. The principle of measuring a unknown spher-
ical target is solving for the geometric parameters: wO = [wOx,

wOy,
wOz]T , the

3-D positions of sphere center with respect to frame {W}, and r, the radius of
sphere. A diagram of coordinate frames is shown in Fig. 2(b).

2.3 Equation of wP

In order to calculate the parameter of a unknown sphere, at least three non-
coplanar points on the surface of sphere are needed to fit the sphere. As shown
in Fig. 2(a), the front panel of camera consists of four lasers which project their
laser beams onto the surface of target. Assuming wPi = [wPix,

wPiy,
wPiz]T ,
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Table 1. List of Symbols

{W} World coordinate frame
wPi Positions of laser spot i w.r.t. {W}
{C} Camera coordinate frame
wLi Installation positions of laser i w.r.t. {W}
{Im} Image coordinate frame
wDi Direction vector of laser beam i w.r.t. {W}
wO Positions of center of sphere w.r.t. {W}
cPi Positions of one laser spot i w.r.t. {C}
r Radius of sphere
imPi Image coordinates of laser spot i

Mcamera Camera projection matrix
imPo Image coordinates of the center of projected circle

i = {a, b, c, d} are the 3-D positions of laser spot i on the target surface, its
coordinate should satisfy the following formula of sphere:

(wPix − wOx)2 + (wPiy − wOy)2 + (wPiz − wOz)2 = r2. (1)

Meanwhile, the laser spot i is also restricted by the linear equation of laser
beam i. The linear constraint can be given as follows: Table 1⎡

⎣
wPix
wPiy
wPiz

⎤
⎦ = wDiti + wLi (2)

where ti is an arbitrary scale factor, wLi = [wxio,
wyio,

wzio]T are the installation
positions of laser sensor i and wDi = [mi, ni, pi]T is the direction vector of laser
beam i with respect to frame {W}.

Combining (2) and (1), a quadratic equation of ti can be given as follows:

Qsphere

⎡
⎣ t2i

2ti
1

⎤
⎦ = 0, (3)

where

Qsphere =
[
q11, q12, q13

]

=

⎡
⎣ m2

i + n2
i + p2i

mi(wxio − wOx) − ni(wyio − wOy) + pi(wzio − wOx)
(wxio − wOx)2 + (wyio − wOy)2 + (wzio − wOx)2 − r2

⎤
⎦
T

.

Considering that the laser spot can not be located on the far side of sphere,
the only reasonable solution of ti can be easily solved from (3):

ti =
−q12 −

√
q212 − q11q13
q12

. (4)
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Finally, by substituting (4) into (2), the 3-D positions of laser spot i with
respect to frame {W} can be represented as follows:

⎡
⎣
wPix
wPiy
wPiz

⎤
⎦ =

⎡
⎢⎢⎢⎢⎢⎢⎢⎣

wxio − mi(q12 +
√

q212 − q11q13)
q12

wyio +
ni(q12 +

√
q212 − q11q13)
q12

wzio − pi(q12 +
√

q212 − q11q13)
q12

⎤
⎥⎥⎥⎥⎥⎥⎥⎦
. (5)

Since the installation positions wLi and direction vector wDi of laser sensor are
pre-calibrated, the 3-D positions of each laser spot only depend on the geometric
parameters of sphere [wOx,

wOy,
wOz, r]T .

2.4 Projection Model

In order to solve the geometric parameters of sphere, the perspective projection
relationship are used to describe the relationship between 3-D positions of laser
spot i and its pixel coordinate.

With camera projection matrix Mcamera, the 3-D positions of laser spot i
with respect to frame {W} can be mapped into the pixel coordinate of frame
{Im}, imPi = [imPix,

imPiy]T , which can be detected in image. The projection
model can be expressed as follows:

⎡
⎣
imPix
imPiy

1

⎤
⎦ = Mcamera

⎡
⎢⎢⎣

wPix/
cPiz

wPiy/
cPiz

wPiz/
cPiz

1/ cPiz

⎤
⎥⎥⎦ (6)

where

Mcamera =

⎡
⎣fx 0 cx 0

0 fy cy 0
0 0 1 0

⎤
⎦

[
w
c R

w
c T

0 1

]
, (7)

and cPiz is the depth of laser spot i in the frame {C}, w
c R and (wc T ) are the

relative rotation and translation matrices of the world frame {W} with respect
to the camera frame {C}.

As mentioned before, all the parameters in (7) are determined by pre-
calibration. Therefore, cPi, the 3-D positions of laser spot i with respect to
frame {C}, can be represented by wPi:

cPi =

⎡
⎢⎢⎣
cPix
cPiy
cPiz

1

⎤
⎥⎥⎦ =

[
w
c R

w
c T

0 1

]
⎡
⎢⎢⎣
wPix
wPiy
wPiz

1

⎤
⎥⎥⎦ (8)

By substituting cPiz in (8) into (6), the relationship between imPi and wPi

is built. According to the derived wPi in (5), the 3-D positions of laser spot
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only depend on the geometric parameters of sphere, which means two equa-
tions contain geometric parameters of sphere can be acquired from (6) with one
spot detected in image. Therefore, three detected laser spots can make sure the
equation set are fully solvable.

Furthermore, avoiding the situation that all the detected spots are coplanar,
the detected center of projected sphere in image is also applied. In the pinhole
model, the projection point of center of sphere should coincide with the center
of its projected circle in image, which can be described as:

imPo =

⎡
⎣
imPox
imPoy

1

⎤
⎦ = Mcamera

⎡
⎢⎢⎣

wOx/
cOz

wOy/
cOz

wOz/
cOz

1/ cOz

⎤
⎥⎥⎦ (9)

where imPo = [imPox,
imPoy]T are the image coordinates of center of circle and

cOz is the depth of the center of sphere with respect to {C}.
Combining the (9) with the projection equations of laser spots, a more pre-

cise and robust solution of the geometric parameters of target sphere can be
calculated.

3 Experimental Results

In this section, we design a series of computer simulation and field experiment to
validate the performance of our measure system. In order to represent a realistic
measuring environment, the measurement scenario is designed as follow:

⎧⎨
⎩

r ∈ [30mm, 100mm]
wOz ∈ [200mm, 1200mm]

wOx,
wOy ∈ [−20mm,−20mm]

(10)

The image resolution is of 1024×1024 pixels, and the camera parameters are
given by calibration.

3.1 Simulation

In reality, the detection of laser spots can be influenced by the inappropri-
ate exposure parameter and image noise, which will introduce random noise in
calculation. To ascertain the effects of noise on the proposed system, two dif-
ferent levels of random noise are added in imPi respectively: random variation
of [−0.5, 0.5] pixel error and [−1, 1] pixel error. After taking error into account,
the geometric parameters were calculated for the simulated sphere with radius
around 60 mm at 2000 different positions over a 500 mm distance. The results
for all the noise levels are shown with the box plot in Fig. 3. The maximum
positions and radius errors in noise simulation were less than 3.4 mm and 3 mm,
for an added noise of 0.5 pixel. The errors increased to 6.3 mm and 4.3 mm at
higher pixel noises.
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Fig. 3. Simulation of pose errors over a 500 mm distance with random noise levels of
0.5 pixel (above) and 1 pixel (below)

Fig. 4. Simulation of pose errors with different pixel of diameter

It’s known that the accuracy of pose estimation for cooperative target has
strong relationship with the distance. However, our target is non-cooperative,
which means the accuracy is influenced by the distance and the size of tar-
get simultaneously. Thus, the pixel of diameter of target is used to represent
the effective measuring range of our system. We repeat twenty thousands times
simulations which randomize the radius and positions of the simulated sphere
within the designed scenario and calculate its geometric parameters with noise
added. The statistic of maximum absolute error under different pixel of diameter
is shown as Fig. 4.

The results of simulation in Fig. 4 show that: (1) the performance of our
system slightly decreases as the pixel of diameter decreases at first and becomes
dramatically when the diameter is lower than 300 pixels. (2) The absolute calcu-
lation error of our system is less than 5 mm if the pixels of diameter are higher
than 200 pixels for an added noise of 0.5 pixel. The lower bound increased to
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300 pixels for a higher noise of 1 pixel. (3) A better performance may be achieved
by implementing more robust laser spots detection methods and a high quality
camera with higher resolution.

3.2 Field Experiment

The proposed system in this paper has been implemented with an industry
camera and four low-powered lasers. The image processing and other numeric
calculations can be real-time with a XC4VSX55 FPGA and a TMS320C6701
DSP integrated in the camera. The performance was evaluated by conducting
field experiment in which the targets with various radius were placed in designed
scenario. Target in our application is textureless as shown in Fig. 5. The acquired
images are used to detect the laser spots and center of circle for the geometric
parameters calculation in (6) and (9). The value of ground truth is acquired via
a set of theodolites.

Fig. 5. The image of target sphere (left) and detected laser spots and center point
(right)

Finally, the overall accuracies for the positions and radius are 4 mm and
3.8 mm, respectively. Slight difference of the accuracy between the experiment
and simulation could have been caused by image processing error and calibration
error of lasers. Furthermore, our measurement system also shows good perfor-
mance in estimating the positions of the center of spherical-like target, such as
polyhedron: the overall accuracy for the polyhedron with 26 facets in the field
experiment is 8 mm within a distance of 1200 mm, which shows the generality
and flexible of our system.

4 Conclusion

In this paper, a new vision measurement system with four calibrated lasers
is proposed to accurately calculate the geometric parameters of a unknown
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spherical-like target. Compared to other systems, the proposed system requires
neither the geometry information nor the texture information of the target in
advance, and is suitable for a variety of engineering occasions because of its
simplicity, fully-portable and low-power consumption.

Field experiment conducted within the designed scenario demonstrates that
the overall performance of the system corresponds to the accuracies of 4 mm and
3.8 mm for the positions and radius, and still ensures 8 mm accuracy when the
target switches to polyhedron with 26 facets.

In the future work, a new algorithm should be developed to measure the
geometric parameters of a target with unknown curved surface and shape. Also
a simple and precise method to calibrate the lasers should be proposed.
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Abstract. Methods to improve object recognition accuracies of convo-
lutional neural networks (CNNs) mainly focus on increasing model com-
plexity and training samples, introducing training strategies, etc. Alter-
natively, in this paper, inspired by “manifolds untangling” mechanism
from human visual cortex, we propose a novel and general method to
improve object recognition accuracies of CNNs by embedding the pro-
posed supervised Laplacian objective (SLO) into a high layer of the mod-
els during the training process. The SLO explicitly enforces the learned
feature maps with a better within-manifold compactness and between-
manifold margin, and it can be universally applied to different CNN
models. Experiments with shallow and deep models on four benchmark
datasets including CIFAR-10, CIFAR-100, SVHN and MNIST demon-
strate that CNN models trained with the SLO achieve remarkable per-
formance improvements compared to the corresponding baseline models.

Keywords: CNN · Object recognitiuon · Supervised Laplacian objec-
tive

1 Introduction

Recent years have witnessed the bloom of convolutional neural networks (CNNs)
in many computer vision and pattern recognition applications [4,11,22]. The
main reasons that lead to these great successes of CNN models include: (1) the
rapid progress of modern computing technologies represented by GPGPUs and
CPU clusters has allowed researchers to dramatically increase the scale and
complexity of neural networks, and to train and run them within a reasonable
time frame, (2) the availability of large-scale datasets with millions of labeled
training samples has made it possible to train CNNs without a severe overfitting,
and (3) the introduction of many training strategies can help to generate better
deep network models from the BP-based training process.

Apparently, the strategies to improve object recognition accuracies by
increasing model complexity and training data scale are unsustainable, and are
approaching their limits, as evidenced by latest research studies in [8,19].

The crux of object recognition is the invariant features. Research studies in
the areas of neuroscience, psychology, physiology, etc. [3] have revealed that,
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 64–73, 2016.
DOI: 10.1007/978-3-319-48896-7 7
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object recognition in human visual cortex is modulated via the ventral stream
which is composed of the V1, V2, V4 and IT layers. When an object under-
goes identity-preserving transformations (such as shift in position, change in
illumination, shape, viewing angle, etc.), it will produce different feature vectors
of neuron population activities. The feature vectors corresponding to all possi-
ble identity-preserving transformations define a low-dimensional manifold in the
high-dimensional feature space (with the same dimension as that of the feature
vectors). At lower level of human visual channel such as the retinal ganglion cells,
different manifolds belonging to different object categories will be highly curved,
and “tangled” together. At higher stages, neurons gradually gain their selectiv-
ity for object classes, which implies that the manifolds are more untangled. At
the end stage, the invariance is accomplished when each manifold belonging to
a specific object category becomes compact, and the between-manifold margins
become large.

Inspired by the above “manifolds untangling” mechanism of human visual
cortex, we propose a novel objective, called supervised Laplacian objective (SLO),
to improve object recognition accuracies of CNN models. The SLO enforces the
following properties for the features learned by a CNN model: (1) each manifold
belonging to a specific object category is as compact as possible, and (2) the
between-manifold margins are as large as possible. In theory, the proposed SLO
is independent of any CNN structures, and can be applied to any layers of a
CNN model. Our experimental evaluations show that applying the SLO to the
top layer is most effective for improving object recognition accuracies of the
models.

The main contributions of this paper can be summarized as follows:

• Inspired by the “manifolds untangling” mechanism, we propose a novel and
general method to improve object recognition accuracies of CNNs by embed-
ding the proposed supervised Laplacian objective (SLO) into a high layer of the
models during the training process, to enhance within-manifold compactness
and between-manifold margins of the learned features.

• Rather than directly regulating model weights and connecting structures as
in typical deep learning algorithms, in our framework, the SLO directly mod-
ulates the learned feature maps of the embedded layer.

• Experiments with shallow and deep models on four benchmark datasets
demonstrate that CNN models trained with the SLO achieve remarkable per-
formance improvements compared to the corresponding baseline models.

The remainder of this paper is organized as follows: Section 2 reviews
related works. Section 3 describes the proposed method, including the general
framework, the formulation of the supervised Laplacian objective (SLO) and
its detailed implementation. Section 4 provides the experiments and analysis.
Section 5 presents discussions about the proposed method, and Sect. 6 concludes
our work.
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2 Related Work

There are many methods that aim to improve training of CNN models to enhance
performances. These works can be broadly divided into the following three cat-
egories: (1) improvement in activation function, (2) improvement in regulariza-
tion, and (3) improvement in network structure. This section reviews represen-
tative works for each category.

Different types of activation functions, such as ReLU [11], PReLU [7], max-
out [5], etc., have been used to handle the gradient exploding and vanishing
effect in BP algorithm.

The dropout strategy [18] is proven to be effective at preventing neural net-
works from overfitting, by randomly dropping units from the neural network
during training, i.e. setting to zero the output of each hidden neuron in chosen
layers with some probability (in general 0.5). The DropConnect [21] method is
another effective technique in reducing overfitting by setting to zero the weights
in chosen layers with certain probability (in general 0.5). Batch normalization [8]
can be used to accelerate deep network training by reducing internal covariate
shift.

SPP-net [6] is used to eliminate the requirement that input images must be
a fixed-size for CNN with fully connected layers. Lin et al. [14] proposed the
Network-In-Network (NIN) structure in which the convolution operation was
substituted by a micro multi-layer perceptron (MLP) that slides over the input
feature maps in a similar manner to the conventional convolution operation. The
Deeply-Supervised Nets (DSN) proposed by Lee et al. [13] used a classifier, such
as SVM or softmax, at each layer during training to minimize both the final
output classification error and the prediction error at each hidden layer.

3 The Proposed Method

3.1 General Framework

Let X = {Xi}n
i=1 be the set of input training data, where sample Xi denotes the

ith raw input data (i.e. raw image), and n is the number of training samples. Let
c = {ci}n

i=1, ∀ci ∈ {1, · · · , C} be the set of corresponding labels where C is the
number of image classes. The goal of training CNN is to learn filter weights and
biases to minimize the classification error at the last output layer. For simplicity,
defining the CNN’s depth to be M , we can denote a recursive function for each
layer as follows:

X(0)
i = Xi, i = 1, 2, · · · , n , (1)

X(m)
i = f(W(m) ∗ X(m−1)

i + b(m)), m = 1, 2, · · · ,M , (2)

where W(m) and b(m) denote the filter weights and biases of the mth layer
respectively, ∗ denotes the convolution operation, f(·) is an element-wise non-
linear activation function such as ReLU, and X(m)

i represents the feature maps
generated at layer m for sample Xi. The total parameters of the CNN model
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is a combination of the filter weights and biases from each layer, denoted as
W = {W(1), · · · ,W(M);b(1), · · · ,b(M)}.

As described in Sect. 1, We expect to improve object recognition accuracies
of a CNN model by embedding the SLO into certain layer of the model during
the training process. In general, for embedding the SLO into the kth layer, the
overall objective function could be expressed as:

min
W

L =
∑n

i=1
�(W,Xi, ci) + λL(X (k), c) , (3)

where �(W,Xi, ci) is the classification error cost function for sample Xi

(such as cross entropy loss for softmax, hinge loss for SVM, etc.), X (k) =
{X(k)

i , · · · ,X(k)
n } denotes the set of produced feature maps at layer k for all

training data, and accordingly L(X (k), c) denotes the SLO with respect to the
corresponding feature maps. λ controls the trade-off between the classification
error and the SLO.

Note that X (k) depends on W(1), · · · ,W(k). Hence directly constraining X (k)

will modulate the filter weights from 1th to kth layer (i.e. W(1), · · · ,W(k)) by
feedback propagation during training process.

3.2 Supervised Laplacian Objective (SLO)

For X (k) = {X(k)
1 , · · · ,X(k)

n }, the column expansion of X(k)
i is denoted by xi.

The goal of the proposed SLO is to enhance within-manifold compactness and
between-manifold margins of the learned features. Inspired by the spectral clus-
tering research from [20], we construct a similarity graph G to characterize the
within-manifold compactness and between-manifold separability simultaneously.
The similarity graph G = (V, E) is a fully connected and undirected graph, where
V = {x1,x2, · · · ,xn} is the vertex set, E = {(i, j)|i, j = 1, 2, · · · , n, i �= j} is the
edge set, and edge (i, j) denotes the edge between vertex xi and xj . We assume
that the graph G is weighted, the weight of edge (i, j) represents the similarity
of vertex xi and xj , and it can be defined as:

sij =
{

1 , if xi and xj have the same label,
−1 , otherwise, (4)

The similarity matrix can be defined by S = (sij)n×n. Because sij = sji, so S is
a symmetric matrix.

Based on the above description,Wepropose the SLOwhich can be expressed as:

L =
∑n

i,j=1
sij‖xi − xj‖2, (5)

Obviously, minimizing the SLO is equivalent to enforce within-manifold com-
pactness and between-manifold margins simultaneously. Taking it back into
Eq. (3), the SLO results in the following cost function:

min
W

L =
∑n

i=1
�(W,Xi, ci) + λ

∑n

i,j=1
sij‖xi − xj‖2, (6)

In next subsection, we will elaborate the optimization process for Eq. (6).
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3.3 Implementation

Back-propagation (BP) algorithm is adopted to train the CNN model, which
is carried out based on mini-batch. In fact, we only need calculate the error
flows, i.e. the gradients of objective function with respect to the features of the
corresponding layer.

The SLO can be written as:

L =
∑n

i,j=1
sij‖xi − xj‖2 = 2tr(MΩM�), (7)

where M = [x1, · · · ,xn], Ω = D−S, D = diag(d11, · · · , dnn), dii =
∑n

j=1,j �=i sij ,
i = 1, 2, · · · , n, i.e. Ω is the Laplacian matrix of similarity matrix S.

The gradients of the L with respect to xi is

∂L
∂xi

= 2M(Ω + Ω�)(:,i) = 4MΩ(:,i). (8)

where, Ω(:,i) denotes the ith column of matrix Ω.
To further improve the effectiveness of the proposed SLO, we also consider

using the kernel trick [1], i.e. Gaussian similarity function to define the simi-
larity matrix, that is, sij can be defined as:

sij =

{
exp{−‖xi−xj‖2

σ2 }, if xi and xj have the same label,
− exp{−‖xi−xj‖2

σ2 }, otherwise,
(9)

where the parameter σ controls the width of the neighborhoods. Then, the gra-
dients ∂L

∂xi
for the kernel version of the SLO can be derived as follows.

∂L
∂xi

= 4M(Ω + Ψ)(:,i). (10)

where, Ψ denotes the Laplacian matrix of H = (hij)n×n, hij = − sij

σ2 ‖xi − xj‖2.
The total gradient with respect to xi is simply the combination of the gradient

from the conventional CNN model and the above gradient from the SLO.

4 Experiments and Analysis

4.1 Overall Settings

To evaluate the effectiveness of the proposed SLO and its kernel version, We
conduct experimental evaluations using shallow and deep models, respectively.
Since our experiments show that embedding the proposed objective into the
top layer of a CNN model is most effective for improving its object recognition
performance, in all experiments, we only embed the proposed objective into the
top layer of the models and keep the other parts of networks unchanged. For the
settings of those hyper parameters (such as the learning rate, weight decay, drop
ratio, etc.), we follow the published configurations of the original networks. All
the models are implemented using the Caffe platform [9] from scratch without
pre-training. During the training phase, the parameter λ is empirically selected
from the interval [10−5, 10−8], σ2 is empirically selected from {0.1, 0.5}, and it
is possible that better results can be obtained by tuning σ2.
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4.2 Datasets

Four benchmark datasets including CIFAR-10, CIFAR-100, MNIST and SVHN
are selected for the performance evaluations. The reason for choosing these
datasets is because they contain a large amount of small images (about 32 × 32
pixels), so that models can be trained using computers with moderate configu-
rations within reasonable time frames. Because of this, the four datasets have
become very popular choices for deep network performance evaluations in the
computer vision and pattern recognition research communities.

CIFAR-10 Dataset. The CIFAR-10 dataset [10] consists of 10 classes of 32×32
RGB natural images, 50, 000 for training and 10, 000 for testing.

CIFAR-100 Dataset. The CIFAR-100 dataset [10] is the same in size and
format as the CIFAR-10 dataset, except that it has 100 classes. The number of
images per class is only one tenth of the CIFAR-10 dataset.

MNIST Dataset. The MNIST dataset [12] consists of hand-written digits 0−9
which are 28 × 28 gray images, 60, 000 for training and 10, 000 for testing.

SVHN Dataset. The Street View House Numbers (SVHN) dataset [16] consists
of 630, 420 color images of 32 × 32 pixels in size, which are divided into the
training set, testing set and an extra set with 73, 257, 26, 032 and 531, 131 images,
respectively. Multiple digits may exist in the same image, and the task of this
dataset is to classify the digit located at the center of an image.

4.3 Experiments with Shallow Model

In this experiment, the “quick” CNN model from the Caffe package1 (named
Quick-CNN) is selected as the baseline model. This model consists of 3 convo-
lution layers and 1 fully connected layers. The test set error rates of CIFAR-10,
CIFAR-100 and SVHN, respectively, are shown in Table 12. In this Table, SLO
and kSLO correspond to the models trained with the SLO and its kernel ver-
sion respectively. As can be seen from Table 1, when no data augmentation is
used, compared with the corresponding baseline model, the proposed SLO and
its kernel version can remarkably reduce the test error rates by 4.90%, 5.42%
respectively on CIFAR-10, by 4.01%, 4.52% respectively on CIFAR-100, and by
3.29%, 3.70% respectively on SVHN. The improvements on SVHN in terms of
absolute percentage are not as large as those on the other two datasets, because
the baseline Quick-CNN model already achieves a single-digit error rate of 8.92%.
However, in terms of relative reductions of test error rates, the numbers have
reached 36.9% and 41.5%, respectively, which are quite significant. These remark-
able performance improvements demonstrate the effectiveness of the proposed
objectives.

1 The model is available from Caffe package [9].
2 The MNIST dataset can’t be used to test the model because images in the dataset

are 28 × 28 in size, and the model only takes 32 × 32 images as its input.
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Table 1. Comparison results of test error rates for the CIFAR-10, CIFAR-100 and
SVHN.

Method CIFAR-10 CIFAR-100 SVHN

Quick-CNN 23.47 55.87 8.92

Quick-CNN+SLO 18.57 51.86 5.63

Quick-CNN+kSLO 18.05 51.35 5.22

4.4 Experiments with Deep Model

Next, we apply the proposed SLO and its kernel version to the well-known NIN
models [14]. NIN consists of 9 convolution layers and no fully connected layer.
Indeed, it is a very deep model, with 6 more convolution layers than that of
the Quick-CNN model. Four benchmark datasets are used in the evaluation,
including CIFAR-10, CIFAR-100, MNIST and SVHN.

We adopted the same pre-processing for these datasets as in [13,14], and
followed the training and testing protocols in [13,14]. To be consistent with the
previous works, for CIFAR-10, we also augmented the training data by zero-
padding 4 pixels on each side, then corner-cropping and random horizontal flip-
ping. In the test phase, no model averaging was applied, and we only cropped
the center of a test sample for evaluation.

Table 2 shows the evaluation results on the four benchmark datasets in terms
of test error rates. For fairness, for the baseline NIN model, we list the test results
from both the original paper [14] and our own experiments. In this table, we also
include the evaluation results of some representative methods, including Stochas-
tic Pooling [23], Maxout Networks [5], Prob. Maxout [17], and DSN [13], which
is the state-of-the-art model on these four datasets. It is worth mentioning that
DSN [13] is also based on the NIN [14] structure with layer-wise supervisions.

From Table 2, we can see that our proposed objectives achieves the best
performance against all the compared methods. The evaluation results shown in
the table can be summarized as follows.

Table 2. Comparison results of test error rates for the CIFAR-10, CIFAR-100, MNIST
and SVHN.

Method CIFAR-10 CIFAR-10 (Augment.) CIFAR-100 MNIST SVHN

Stochastic pooling [23] 15.13 −− 42.51 0.47 2.80

Maxout [5] 11.68 9.38 38.57 0.45 2.47

Prob. Mxout [17] 11.35 9.39 38.14 −− 2.39

NIN [14] 10.41 8.81 35.68 0.47 2.35

DSN [13] 9.78 8.22 34.57 0.39 1.92

NIN (Our baseline) 10.20 8.72 35.50 0.47 2.55

NIN+SLO 9.35 7.64 34.04 0.32 1.92

NIN+kSLO 9.16 7.26 33.55 0.30 1.86
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• Compared with the corresponding baseline models, the proposed SLO and its
kernel version can remarkably reduce the test error rates on the four bench-
mark datasets.

• On CIFAR-100, the improvement is most significant: NIN+kSLO achieved
33.55% test error rate which is 1.95% better than the baseline NIN model,
and 1.02% better than the state-of-the-art DSN model.

• Although the test error rates are almost saturated on the MNIST and SVHN
datasets, the models trained by the proposed objectives still achieved notice-
able improvements on the two datasets compared to the baseline NIN model
and the state-of-the-art DSN model. In terms of relative reductions of test
error rates, compared with the corresponding baseline models, the numbers
have reached 36% and 27% respectively on these two datasets, which are
significant.

These results once again substantiate the effectiveness of the proposed SLO.

4.5 Visualization

To get more insights of the proposed SLO, we visualize the embedded layer
features obtained from Quick-CNN and NIN models on the CIFAR-10 test set.
Figure 1 shows the feature visualizations. It can be seen that, in both models, the
proposed SLO can help to make the learned features with better within-manifold
compactness and between-manifold margins as compared to the corresponding
baseline models3.

Moreover, it is clear from Fig. 1(a) and (c) that through many layers of non-
linear transformations, a deeper network is able to learn good invariant features
that can sufficiently separate objects of different classes in a high dimensional fea-
ture space. In contrast, features learned by a shallower network are not powerful
enough to appropriately “untangle” those different object classes. This explains
why the proposed SLO is more effective for improving object recognition accu-
racies when applied to shallower networks.

Fig. 1. Feature visualization of the CIFAR-10 test set by t-SNE [15]. A point denotes
a test sample, and different colors represent different classes.

3 The kSLO produces quite similar visualization results to SLO.
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5 Discussions

To investigate the effect of the embedded position of the SLO on the perfor-
mance, we conducted experiments with Quick-CNN on the CIFAR-10 dataset
by embedding the SLO into different layers of the model, and the results of test
error rates are shown in Table 3. We can clearly see that the higher the embedded
layer, the better the performance4. In the experiments, we also found that, for a
given embedded layer, as long as the order of magnitude of λ is appropriate, the
performance of our method does not change much, and the higher the embedded
layer, the higher the order of magnitude of the optimal λ.

In our method, during training phase, the additional computational cost is
to calculate the gradients of the SLO (or kSLO) with respect to the features of
the embedded layer. According to Sect. 3.3, the gradients have the closed-form
computational formula, which make the additional computation cost very low
based on a mini-batch. In practise, the additional computational cost is negligible
compared to that of the corresponding baseline CNN model.

Table 3. The effect of embedded position of the SLO on the performance on CIFAR-10
dataset with Quick-CNN model (i.e. Quick-CNN+SLO). conv# denotes a convolutional
layer, fc denotes the fully connected layer.

Embedded layer conv1 conv2 conv3 fc

Test error (%) 20.47 19.40 18.97 18.57

6 Conclusion

In this paper, motivated by “manifolds untangling” mechanism of human visual
cortex, we propose a novel and general framework to improve the performance of
CNN by embedding the proposed supervised Laplacian objective (SLO) into the
training procedure. The SLO can explicitly enforce the learned object feature
maps with better within-manifold compactness and between-manifold separa-
bility, and can be universally applied to different CNN models. Experiments
with shallow and deep models on four benchmark datasets including CIFAR-
10, CIFAR-100, SVHN and MNIST demonstrate that CNN models trained with
the SLO achieve remarkable performance improvements compared to the corre-
sponding baseline models. In the future, we will conduct experimental evaluation
on ImageNet (ILSVRC) dataset [2] to further validate the effectiveness of the
proposed method.

Acknowledgments. This work is supported by National Basic Research Program
of China (973 Program) under Grant No. 2015CB351705, and the National Natural
Science Foundation of China (NSFC) under Grant No. 61332018.

4 For NIN model, the conclusion is the same as that of Quick-CNN.
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Abstract. Digital cameras have been widely used in taking photos.
However, some photos lack details and need enhancement. Many exist-
ing image enhancement algorithms are patch-based and the patch size is
always fixed. Users have to tune the parameter to obtain the appropriate
enhancement. In this paper, we propose an automatic consumer image
enhancement method based on double channels and adaptive patch size.
The method enhances an image pixel by pixel using both dark and
bright channels. The local patch size is selected automatically by con-
trast feature. Our proposed method is able to automatically enhance
both foggy and under-exposed consumer images without any user interac-
tion. Experiment results show that our method can provide a significant
improvement to existing patch-based image enhancement algorithms.

Keywords: Image enhancement · Contrast enhancement · Dark
channel · Bright channel · Adaptive patch-based processing

1 Introduction

Digital cameras and smart phones have been widely used in taking photos. How-
ever, due to limitations of photosensitive instruments and influences of environ-
ment, digital cameras are always insensitive to the variation of input lighting,
which leads to low contrast in dim lighting environment or loss of details. There-
fore, taking good photos remains a challenge for normal users. Many devices
have provided built-in applications to help end users interactively improve photo
quality. However, these applications require end users to be experienced in image
processing and are also time-consuming. To address the problem, some automatic
enhancement algorithms have been proposed to solve consumer image problems.
Dark channel prior [1] is proposed for image haze removal and bright chan-
nel prior [2] for correcting under-exposed images. Both problems are common
among consumer images. Although these patch-based image processing methods
improved image quality significantly, we cannot execute batch process on any
images unconditionally. The reasons are: (1) the algorithms are specific problem
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orientated; and (2) the patch size is fixed and tuned for each image, otherwise
the processed images may suffer from halo effects.

In this paper, we propose a novel image enhancement framework based on
both dark and bright channels with adaptive patch size. The inspiration is
that existing patch-based methods are essentially local histogram stretching.
In another words, when we enhance a pixel according to its neighborhood, we
actually stretch the histogram of the local patch and pick up the enhanced value
for the target pixel. If the histogram is sharp, the stretching will fail. To solve
this issue, we propose a contrast feature for automatic patch size selection. In
addition, we combine dark and bright channels to deal with general problems
in consumer images. Experimental results on various image enhancement tasks
demonstrate that our strategy can produce more compelling results.

2 Related Work

Image enhancement techniques are considered thoroughly throughout the image-
processing literature and depend significantly on the underlying application.
We discuss related works dealing with consumer images rather than those from
specific areas such as medical images, remote sensing images and so on.

The majority of image enhancement techniques are global-based. The sim-
plest global exposure correction employs histogram equalization (HE) [3]. HE is
improved as Differential gray-levels Histogram Equalization (DHE) [4] by dif-
ferentiating the gray-levels histogram which contains edge information of an
image. Another improvement is Exposure based Sub-Image Histogram Equal-
ization (ESIHE) [5] where an image is divided into sub-images of different inten-
sity levels according to exposure thresholds and the individual histogram of sub
images is equalized independently. Channel selection [6] is proposed to recon-
struct over-exposed image since the RGB components are unusually over-exposed
at the same position. S-curve is a common global-based technique. By estimating
the best image specific non-linear tone curve for a given image [7], the dynamic
range of the image can be reasonably adjusted.

Model-based methods are another typical branch for global image enhance-
ment, which is usually proposed for airlight correction. A physical model is pro-
posed and optimized with multiple images [8]. The physical model was refined
via shading and transmission functions and worked on a single image [9]. Oakley
and Bu [10] assumed that the airlight was constant throughout the image and
minimized a global cost function to estimate the airlight. Kopf et al. [11] utilized
a sufficiently accurate match between a photograph and a geometric model to
enhance an image. Generally, global methods cannot concentrate on local regions
and hardly deal with backlight photos.

On the contrary, some algorithms only consider local patch information and
enhance an image pixel by pixel. An early method is adaptive histogram equal-
ization (AHE) [12] that transforms each pixel based on the histogram of a square
surrounding the pixel. Discrete Cosine Transform (DCT) is employed to enhance
image block on DC and AC coefficients [13]. Similarly, spatial entropy of pixels
using spatial distribution is employed to perform non-linear data mapping [14].
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Using channel priors to enhance images is a special kind of patch-based algo-
rithms. He et al. [1] proposed dark channel prior to dehaze foggy images lacking
of shadow part. Wang et al. [2] proposed bright channel prior to enhance under-
exposed images lacking highlight part. Algorithms based on channel priors are
patch-based since the prior of a pixel is calculated by the patch surrounding it
as in AHE. All mentioned local-based enhancement algorithms considered only
fixed patch size, which results in artifacts such as halo effects.

3 Automatic Image Enhancement Pipeline

Our automatic image enhancement is a local patch-based method and the
pipeline is depicted in Fig. 1 There are four main steps: color space conversion,
automatic patch size selection, dark and bright channel extraction, and adaptive
patch-based image enhancement.

The input image is converted to YUV color space at first. As we know, the
main purpose of the RGB color model is for representing images in electronic
systems, but nonintuitive for us humans. On the other hand, the YUV color
model is a linear combination of RGB channels, and represents a color with one
luminance channel and two color channels. Researchers have shown that YUV
is in a way similar to human vision [15]. For image enhancement, the YUV color
model can help significantly enhance the luminance and simultaneously avoid
over-enhanced color. The YUV color space is derived as follows:⎡

⎣Y
U
V

⎤
⎦ =

⎡
⎣ 0.299 0.587 0.114
−0.147 −0.289 0.436

0.615 −0.515 −0.100

⎤
⎦

⎡
⎣ R

G
B

⎤
⎦ (1)

Fig. 1. The proposed automatic image enhancement pipeline.
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The heart of our pipeline is the automatic selection of the local patch size
(see Sect. 4.1). For each pixel, we select a best-fit local patch for consequent
enhancement. The patch surrounding the to-be-enhanced pixel should contain
some sufficient contrast; otherwise the patch may be flat and cannot provide
any information for further enhancement. Additionally, in order to speed up the
process, we build a pyramid of the contrast feature for automatic patch size
selection (see Sect. 4.2).

After patch size selection, we extract the dark and bright channels from
the original RGB image (see Sect. 5.1). Different from conventional patch-based
image enhancement algorithms whose patch size is always fixed, we calculate the
dark and bright channels with adaptive patch size for each pixel.

The final step is adaptive patch-based image enhancement using both dark
and bright channels (see Sect. 5.2). Each image pixel is enhanced locally and
linearly from its local patch with both dark and bright channel. As the image
is represented by the YUV color model, our algorithm enhances Y channel and
UV channels separately.

4 Automatic Patch Size Selection

The aim of automatic patch size selection is to infer a best-fit local patch for
the consequent pixel enhancement using double channels. To achieve this goal,
we first need to define the best-fit local patch and estimate its adaptive size.

4.1 Best-Fit Local Patch

To enhance a pixel based on its local patch, we need the information within the
patch and enhance the pixel accordingly. As introduced in Sect. 1, our algorithm
is using both dark and bright channels, which is essentially a local-histogram
stretching process. Figure 2(b) shows two different types of possible local patches
and their corresponding histograms. Figure 2(c) shows the enhanced result of the
histogram stretching strategy. Obviously, the sky pixels are stretched differently.
The reason is that if there is only one narrow and steep peak in the histogram,
the local patch will be too flat to be stretched. When stretched inappropriately,
it will introduce improper enhancement such as halo effects.

For patch-based image enhancement, the best-fit local patch for a pixel should
contain some contrast at least, that is the patch cannot be totally flat. Thus,
we define a feature f(ω) for a patch ω, where f(ω) represents the contrast level
of the patch. The larger the f(ω), the more contrast within the patch. If the
f(ω) is very low, the patch is too flat to be a proper local patch. Thus, given a
threshold σ, the best-fit patch is define as f(ω) > σ.

To figure out what a suitable feature f(ω) is, we observed a lot of image
patches and find out that the standard deviant of luminance over a patch is a
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Fig. 2. The histograms for different types of local patch.

good choice. A flat patch is always of low standard deviant values. For a given
patch, its contrast feature is defined as follows:

f(ω) =

√∑
p∈ω(Y (p) − Y (p))2

M
(2)

where ω is the patch region with M pixels, Y (p) is the luminance value of pixel
p and Y (p) is the luminance average over the patch. In our algorithm, Y (p) is
simply the Y channel in (1). The threshold σ is set with 2 for all cases. Using stan-
dard deviation as the contrast feature representation, we can effectively select
the best fit patches.

4.2 Fast Pyramid Based Patch Size Selection

Technically speaking, given an image we could directly use the above contrast
feature definition (2) and its corresponding threshold to obtain the best patch
size for each pixel, while the brute-force search is definitely time-consuming. In
our proposed algorithm, the adaptive patch size selection is implemented with
a pyramid which includes two main steps: build a contrast feature pyramid and
search within the pyramid. The result may be not as precise as the brute-force
search, but its accuracy is sufficient for our purpose, since the search is to find
a proper local patch with some contrast not with a specific contrast.

Build Contrast Feature Pyramid. We first build a bottom-up pyramid over
the luminance channel of an input image as follows: The first level of the pyramid
includes the f(ω) values of all 1×1 patches, the second includes all 2×2 patches,
the third includes all 4 × 4 patches, and so on. In general, the nth level of the
pyramid is used to store the f(ω) values of all 2n−1 × 2n−1 patches. For each
level, the pyramid is built as:

Ln(p) = f(ωn(p)) (3)
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where p = (px, py), f is defined in (2) to extract patch contrast feature, and
ωn(p) is a square patch in the original image whose center is (px × 2n−1 +
2n−2, py × 2n−1 + 2n−2) and radius is 2n−1 pixels. Suppose N is the number of
the pyramid levels, n ranges from 1 to N . The upper the level of the pyramid,
the larger patches involved in the contrast feature extraction.

Search the pyramid. After the pyramid has been built, we compute a patch
size map Iwinsize for each pixel of the input image. In the proposed method, we
search the pyramid from the bottom, i.e. the first level and finish till the following
criteria is reached: Lt(p) > σ, where σ is the feature threshold introduced in
Sect. 4.1. Suppose that the search stops at the level t for a given pixel p, the
patch size map is computed as Iwinsize(p) = 2t. Note that 2t is the patch size of
one level higher than t. We choose a larger one to ensure that the local patch has
sufficient contrast in any case, e.g. the pixel is on the edge of the corresponding
square patch at the level t. The patch size map stores the best-fit patch size for
each pixel. One patch size map example is shown is Fig. 1. The darker the pixel,
the smaller the patch size.

5 Patch-Based Image Enhancement Using Double
Channels

The main stage of our proposed method is automatically enhancement the input
image. Using the combination of dark and bright channels, the algorithm can
deal with both foggy and under-exposed images at the same time. The adaptive
patch size map helps ensure correct enhancement. The algorithm is performed
on the luminance channel Y and the two color channels UV separately based on
human vision perception.

5.1 Double Channels

In most existing patch-based algorithms, one channel prior is used to adjust a
particular type of problematic images. The dark channel is for image dehazing [1]
while the bright channel is for under-exposure correction [2]. The reason is that
the shortage of shadow details is represented by dark channel while the shortage
of highlight is represented by bright channel. In our proposed algorithm, both the
dark and bright channels are adopted for the sake of general image enhancement.

Given the patch size map Iwinsize, the dark channel of the input image Irgb

is computed as follows:

Idark(p) = min
x∈ω(p),c∈{r,g,b}

Ic
rgb(x) (4)

where ω(p) is the adaptive local patch centered at the pixel p, and its radius is
Iwinsize(p). The dark channel is computed as the minimum value of all the RGB
values over the local patch. Similarly, the bright channel is computed as follows:

Ibright(p) = max
x∈ω(p),c∈{r,g,b}

Ic
rgb(x) (5)
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Fig. 3. Comparison between fixed and adaptive patch size. Top: fixed size; bottom:
adaptive size.

To avoid block effects, both the dark and bright channels are filtered by guided
filter [16], where the guided image is the luminance channel of the input image.

Thanks to the adaptive patch size map, the dark and bright channels are free
of halos. We compared the proposed adaptive patch size selection algorithm with
the one using fixed patch size (15 × 15 pixels for a 600 × 450 image). The cause
of the halo has been explained in Fig. 2. The result shown in Fig. 3 demonstrates
the effectiveness of our proposed algorithm.

5.2 Image Enhancement

After both the dark and bright channels are extracted, we reach the final step of
the whole pipeline: image enhancement. In our proposed algorithm, the enhance-
ment is performed pixel by pixel on the one luminance channel Y and the two
color channels UV separately. The Y channel is enhanced as follows:

Yen(p) =
Y (p) − Idark(p)
Y (p) − Ibright(p)

(6)

and the UV channel is enhanced as follows:
{

U(p) = U(p)
Ibright(p)−Idark(p)

V (p) = V (p)
Ibright(p)−Idark(p)

(7)

To avoid over-flow or under-flow of the enhanced UV channels which cause over-
enhancement, the result of the formula (7) will be normalized to [−128, 127].

We compared the adopted YUV color model with the original RGB color
model. The result shown in Fig. 4 presents that the color of the toys hair is over
enhanced under the RGB color model in Fig. 4(b), while the detail is preserved
under the YUV color model in Fig. 4(c).



Automatic Color Image Enhancement Using Double Channels 81

Fig. 4. The comparison between YUV and RGB color model.

6 Experimental Results

In our experiment, all the input images are enhanced with one fixed parameter:
the threshold for the contrast feature is set as ω = 2. In the previous section,
Figs. 3 and 4 have shown our image enhancement results and demonstrated the
advantages of the automatic patch size selection and the YUV color model. In
this section, we mainly compare our results with existing image enhancement
algorithms using channel priors to demonstrate the advantage of our proposed
double channels.

6.1 Image Dehaze

In Fig. 5, we compare our approach with [1]. In the implementation of the algo-
rithm [1], the patch size is set to 15× 15 for a 600× 400 image as in the article.

Fig. 5. Comparison with He’s dehaze algorithm [1]. Top: input images. Middle: He’s
results. Bottom: our results.



82 N. Li et al.

Fig. 6. Comparison with Wang’s exposure correction algorithm [2]. Top: input images.
Middle: Wang’s results. Bottom: our results.

Both algorithms can remove the haze significantly. Overall, our results are more
vivid. The color of [1] is somewhat dull due to the single dark channel prior.
Moreover, the patch size is fixed in Hes algorithm, which usually introduces
halo effects as shown in Fig. 5(c). In addition, the input image in Fig. 5(d) is
under-exposed which cannot be corrected by [1].

6.2 Exposure Correction

Next, we compare our method with [2] which corrects under-exposed images
using the bright channel prior. Similarly, the patch size is set to 15 × 15 for a
600×400 image. The comparison results are illustrated in Fig. 6. Both algorithms
lighten the input images. Comparatively, our results recover much more color
details. The reason is that our algorithm is based on adaptive patch size and
involves more information from a pixels neighborhood. Moreover, due to the
single bright channel prior, [2] is unable to remove a foggy image as shown in
Fig. 6(d).

7 Conclusion

In this paper, we have proposed an automatic image enhancement method using
double channels and adaptive patch size. The patch size of a given pixel is
automatically selected by contrast feature with thresholding. Then both dark
and bright channels are extracted based on the adaptive local patch. The final
enhancement on the YUV color model is simple and effective.

The only one parameter in our algorithm is the threshold of contrast feature,
which is an empirical value. In the future work, we can figure out this threshold
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systematically. Additionally, some inhomogeneous regions will be occasionally
produced by only employing local patches in the algorithm. With some global
information being introduced, the enhancement result could be more natural on
the whole.
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Abstract. This paper presents a deep ranking model with feature learn-
ing and fusion supervised by a novel contrastive loss function for person
re-identification. Given the probe image set, we organize the training
images into a batch of pairwise samples, each probe image with a matched
or a mismatched reference from the gallery image set. Treating these pair-
wise samples as inputs, we build a part-based deep convolutional neural
network (CNN) to generate the layered feature representations super-
vised by the proposed contrastive loss function, in which the intra-class
distances are minimized and the inter-class distances are maximized. In
the deep model, the feature of different body parts are first discriminately
learned in the convolutional layers and then fused in the fully connected
layers, which makes it able to extract discriminative features of differ-
ent individuals. Extensive experiments on the public benchmark datasets
are reported to evaluate our method, shown significant improvements on
accuracy, as compared with the state-of-the-art approaches.

Keywords: Person re-identification · Deep model · Pairwise comparison

1 Introduction

Given one single shot or multiple shots of a target pedestrian, the aim of person
re-identification is to match the same individuals among a set of gallery candi-
dates captured from a disjoint camera network. It is a critical computer vision
task that can provide useful cues for many surveillance applications, such as per-
son association [12], multi-target tracking [17] and behavior analysis [7]. Despite
years of efforts from researchers, the problem is still extremely challenging due to
large variations of body poses, lighting conditions, view angles, scenarios across
time and cameras in surveillance videos, as shown in Fig. 1. Besides, pedestrian
images captured by surveillance cameras are usually in small sizes, which makes
many visual details such as facial components are indistinguishable, and different
pedestrians may look similar in appearance.

To address these challenges, extensive works have been reported in the
past few years, which could be roughly divided into two classes: (1) develop-
ing robust descriptors to handle the variations in pedestrian appearance, and
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 84–94, 2016.
DOI: 10.1007/978-3-319-48896-7 9
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Fig. 1. The challenges to person re-identification problem in public space. (a–d) The
two images in each bounding box refer to the same person observed in different cameras,
and the data is available at http://www.lrs.icg.tugraz.at/downloads.php.

(2) designing discriminative distance metrics to measure the similarity of pedes-
trian images. For the first category, different cues (color, shape, texture) from
pedestrian images are employed for distinctive feature representation. Rep-
resentative descriptors in person re-identification include local binary pat-
tern (LBP) [15], ensemble of local feature (ELF) [6], mid-level filter [18] and
local maximal occurrence (LOMO) [10]. For the second category, a distance
metric is learned from the labeled training samples, under which the inter-
class and intra-class variations of pedestrian images get increased and decreased,
respectively. Typical metric learning methods include locally adaptive decision
function (LADF) [9], large margin nearest neighbor (LMNN) [14], information
theoretic metric learning (ITML) [3], and pairwise constrained component analy-
sis (PCCA) [11].

The deep learning methods are becoming popular in person re-identification,
because they can incorporate the two above-mentioned aspects into an integrated
framework [1,4,8,16]. Despite the great success of these deep models in person
re-identification, the lack of labeled training data may limit the generalization
ability of them on the test data. To address this problem, we build a part-based
deep CNN to extract features, in which different body parts are discriminately
learned in the convolutional layers and then fused in the fully connected layers
to generate discriminative image representations for different individuals. By
organizing the training images into pairwise samples, we feed the fused feature
representations into the siamese neural networks for similarity comparison, in
which the intra-class distances are minimized and the inter-class distances are
maximized. Compared with the popular approaches, our method has achieved
the state-of-the-art the performance on the benchmark datasets.

The rest of the paper is organized as follows. In Sect. 2, we introduce our
deep feature learning and fusion framework with pairwise similarity comparison.
Experimental results and analysis are presented in Sect. 3. Conclusion comes in
Sect. 4.

http://www.lrs.icg.tugraz.at/downloads.php


86 S. Zhou et al.

2 Our Method

2.1 Deep Ranking Model

In order to incorporate the feature representation learning into an end-to-end
learning framework, we introduce a novel part-based deep convolutional neural
network to extract discriminative features of different individuals. The deep
architecture of the proposed model is shown in Fig. 2, which is consisted of con-
volutional layers, max pooling layers and fully connected layers. In the following
paragraphs, we will focus on explaining the detail of the architecture.

Fig. 2. The siamese-based deep feature learning and fusion framework. The left half
shows the siamese deep architecture, the top right panel shows the training stage, and
the bottom right panel shows the testing stage.

Global Convolution and Max Pooling. The first layer of our network is a
global convolutional layer, which is used to compute low-level features on each
input image separately. In order for the features to be comparable across the
pairwise samples in later layers, our global convolutional layer shares parameters
across the two views to ensure that they use same filters to compute features. In
the global convolutional layer, we first pass the input pairwise samples of RGB
images of size 230 × 80 × 3 through 64 learned filters of size 7 × 7 × 3. Then, the
resulting feature maps are passed through a max pooling kernel of size 3 × 3 × 3
with stride 3. Finally, these feature maps are passed through a rectified linear
unit (ReLU).

Local Convolution and Max Pooling. In the local convolutional layer, we
first averagely divided the global max pooling layer into four horizontal patches
across the height channel, which introduces 4×64 local feature maps of different
body parts. Compared with the existing part strategy [16] in the deep model, our
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method can reserve much more useful information to be discriminately learned
in the following layers. Specially, we first pass the part-based feature maps into
four local small convolutional layers through 32 learned filters of size 3 × 3.
Then, the resulting local feature maps are passed through four small local max
pooling kernels of size 3×3 with stride 1, respectively. Finally, we add a rectified
linear unit (ReLU) after each local max pooling layer. In order to learn the
feature representation of different body parts discriminately, we do not share
the parameters of the four local small convolutional layers in the same view,
while do share the parameters of the corresponding local small convolutional
layers across the two different views.

Feature Learning and Fusion. In order to capture higher-order feature rep-
resentations of the pairwise training samples, we implement the feature learning
and fusion step by using the fully connected layers. Firstly, the local feature maps
of different body parts are discriminately learned by following a local small fully
connected layer after each local small max pooling layer. Secondly, the obtained
local feature maps are summarized by adding a global large fully connected
layer, which feeds the four local small fully connected layers as input. For robust
feature representation, we also add the second local small fully connected layer
after each of the first local small fully connected layer. The dimension of the
local small fully connected layer is 100, while the dimension of the global large
fully connected layer is 400. A rectified linear unit (ReLU) is added between two
fully connected layers. Finally, the resulting 800 dimensional feature vector of
each image in pairwise samples is fed into the contrastive loss layer, in which we
minimize the intra-class distances and maximize the inter-class distances.

2.2 Contrastive Loss Function

Let {Xi}N
i=1 be the set of input training data, where Xi denotes the ith raw input

data, and N is the number of training samples. The goal of training CNN is to
learn filter weights and biases that minimize the ranking error from the output
layer. A recursive function for an M -layer CNN can be defined as follows:

X(m)
i = Ψ(W(m) ∗ X(m−1)

i + b(m)),

i = 1, 2, · · ·, N ;m = 1, 2, · · · ,M ;X(0)
i = Xi. (1)

where W(m) denotes the filter weights of the mth layer to be learned, b(m)
i refers

to the corresponding biases, ∗ denotes the convolution operation, Ψ(·) is an
element-wise non-linear activation function such as ReLU, and X(m)

i represents
the feature maps generated at layer m for sample Xi. For simplicity, we consider
the parameters in the network as a whole and define W = {W(1), · · · ,W(M)}
and b = {b(1), · · · ,b(M)}.

For each pair of person samples Xi and Xj , they can be represented as
f(Xi) = X(M)

i and f(Xj) = X(M)
j at the output layer. The pairwise distance
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metric can be measured by computing the squared Euclidean distance between
the most top level representations, which is defined as follows:

d(Xi,Xj) = ‖f(Xi) − f(Xj)‖22 (2)

The smaller the distance d(Xi,Xj) is, the more similar the two person images Xi

and Xj are. The definition formulates the similar person image ranking problem
as nearest neighbor search problem in Euclidean space, which can be efficiently
solved via relative comparison algorithms.

As described in Sect. 1, we aim to improve person image ranking accuracies
of a CNN model by embedding the pairwise comparison metric into the output
layer of the model during the training process. Embedding this metric into the
M th layer is equivalent to using the following loss function to train the model:

arg min
W,b

L =
∑N

i=1
P(f(Xi), f(Xj)) + λR(W,b) (3)

where R(W,b) is a regularization term which makes the parameters of the deep
model smooth, P(f(Xi), f(Xi)) denotes the contrastive loss function which min-
imize the intra-class distances and inter-class distances. Parameter λ controls
the balance between the regularization term and the contrastive loss term. Note
that the output f(Xi) depends on W(1), · · · ,W(M) and b(1), · · · ,b(M), there-
fore directly constraining f(Xi) will modulate the filter weights from 1th to M th

layers by feedback propagation during the training phase.
To explore discriminative information from the output of the deep ranking

model, we expect that there is a large margin between positive pairs and negative
pairs. Specially, d(Xi,Xj) is smaller than M1 if Xi and Xj are from the same
subject, d(Xi,Xj) is larger than M2 if Xi and Xj are from the different subjects.
The formulation can be represented as the following hinge-like loss function:

P(Xi,Xj) = μ(1−yij)max{M2−d(Xi,Xj), 0}+yijmax{d(Xi,Xj)−M1, 0} (4)

where 0 ≤ M1 ≤ M2 are the margin parameters, μ is the weight parameter,
and yij = 1 denotes Xi and Xj are from the same subject, while yij = 0
denotes Xi and Xj are from the different subjects. Different from the contrastive
loss function1, we improve it from two aspects: (1) A margin parameter M1 is
introduced to avoid the overfitting problem, in which the positive pairs in the
training set can get pushed too close together in the embedding space during
training. (2) A weight parameter is introduced to strengthen the learning of hard
negative pairs, in which we set μ > 0 if the negative pairs looks more similar
than the positive pairs.

Notice that the margin parameters M1 and M2 are hard to choose in the
training process, because given M1, smaller M2 will lead to the poor ranking
accuracy, and larger M2 will increase the expensive computation. Therefore,
we propose a soft margin strategy to adaptively solve the problem, in which
1 The contrastive loss function: P(Xi,Xj) = (1 − yij)max{Mc − d(Xi,Xj), 0} +

yijd(Xi,Xj), where Mc is the margin parameter.
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we use the average positive distance to indicate the punishment standard to
the corresponding negative pairs. Incorporate this formulation into Eq. (4), the
hinge-like loss function can be rewritten as follows:

P(Xi,Xj) = μ(1 − yij)max{M2 +
1
M

∑M

k=1
yikd(Xi,Xk) − d(Xi,Xj), 0}

+ yijmax{d(Xi,Xj) − M1, 0} (5)

where N is the number of positive pairs.
In order to smooth the parameters of the whole neural network, we define

the following regularization term, which can be formulated as follows:

R =
∑M

m=1
‖W(m)‖2F + ‖b(m)‖22 (6)

By applying the hinge-like loss function in Eq. (5) and the regularization
term in Eq. (6) into the general loss framework in Eq. (3), we formulate our
optimization problem as follows:

arg min
W,b

L =
∑N

i=1
μ(1 − yij)max{M2 +

1
M

∑M

k=1
yikd(Xi,Xk) − d(Xi,Xj), 0}

+ yijmax{d(Xi,Xj) − M1, 0} + λ
∑M

m=1
‖W(m)‖2F + ‖b(m)‖22

(7)

where the first term maximizes the inter-class distances and minimizes the intra-
class distances, the second term regularizes the parameters of the whole neural
network, and λ balances the contribution of different term to alleviate the over-
fitting problem.

2.3 Learning Algorithm

To solve the optimization problem in Eq. (7), we employ the batch gradient
descent scheme to obtain the parameters W = {W(1), · · · ,W(M)} and b =
{b(1), · · · ,b(M)}. For simplicity, we consider the parameters in the network as a
whole and define Ω(m) = [W(m),b(m)] and Ω = {Ω(1), · · · ,Ω(M)}. The gradient
of the objection function L with respect to can be computed as follows:

∂L
∂Ω

=
N∑

i=1

p(Xi,Xj) + 2λ
M∑

m=1

Ω(m) (8)

By the definition of P(Xi,Xj) in Eq. (5), we obtained the gradient as follows:

p(Xi,Xj) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

∂P
∂Ω

, if yij = 1, andd(Xi,Xj) > α;

0, if yij = 1, andd(Xi,Xj) ≤ α;

− ∂P
∂Ω

, if yij = 0, andd(Xi,Xj) < β;

0, if yij = 0, andd(Xi,Xj) ≥ β.

(9)
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Algorithm 1. Siamese-based gradient descent training algorithm
Input:

Training siamese units S, learning rate τ , maximum iterative number C, weight
parameter λ, weight parameter margin μ, margin parameter M1 and M2.
Output:

The network parameters Ω.
repeat

1. Calculate outputs f(Xi) of image {Xi} by forward propagation.
repeat

a) Calculate ∂d
∂f(Xi)

, ∂d
∂f(Xj)

for image Xi and Xj according to Eq. (2);

b) Calculate ∂P
∂Ω

according to Eq. (10);
c) Increment the gradient ∂L

∂Ω
according to Eq. (8) and Eq. (9);

until Traverse all the pairwise samples in the training set {Xa
i ,Xp

i ,Xn
i }N

i=1;
2. Update Ωc+1 = Ωc − τc

∂L
∂Ωc

and c ← c − 1.
until c > C

where α = M1 and, and β = M2 +
∑M

k=1 yikd(Xi,Xk)/M is formulated as
follows:

∂P
∂Ω

= 2(f(Xi) − f(Xj))′ · ∂f(Xi) − ∂f(Xj)
∂Ω

(10)

It is clear that the gradient of each pairwise sample can be easily calculated
given the values of f(Xi), f(Xj) and ∂f(Xi)

∂Ω , ∂f(Xj)
∂Ω , which can be obtained by

separately running the forward and backward propagation for each image in the
pairwise units. As the algorithm needs to go through all the pairwise units to
accumulate the gradients in each iteration, we call it the siamese-based gradient
descent algorithm. Algorithm 1 shows the overall process.

3 Experimental Results

3.1 Dataset Description and Data Augmentation

Dataset Description. In order to evaluate the performance, we test our method
on two challenging and widely used benchmark datasets: the VIPeR dataset [6],
the i-LIDS dataset [2].

VIPeR dataset2: It contains 632 pedestrians captured from two cameras in
an outdoor environment. Each pedestrian has one image per camera view. This
dataset is very challenging due to large variations in viewpoint, illumination and
pose.

i-LIDS dataset3: It is constructed from video images of a busy airport arrival
hall. It contains 479 images from 119 persons and each person has four images
in average. These images are captured by two cameras, and are subject to large
illumination changes and occlusions.
2 The data set is available at http://vision.soe.ucsc.edu/?q=node/178.
3 The data set is available at http://www.homeoffice.gov.uk/science-research/hosdb/

i-lids/.

http://vision.soe.ucsc.edu/?q=node/178
http://www.homeoffice.gov.uk/science-research/hosdb/i-lids/
http://www.homeoffice.gov.uk/science-research/hosdb/i-lids/
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Data augmentation. As an important mechanism for alleviating the over-
fitting problem, in our implementation, we first resize the image into 250 × 100
pixel in size, then in the training iteration, we crop a region of size 230×80 with
a small random perturbation for each image to augment the training data.

3.2 Parameter Setting and Evaluation Protocol

Parameter Setting. The weights were initialized from two zero-mean Gaussian
distribution with standard deviation from 0.01 to 0.001, respectively. The bias
terms were initialized with constant value 0. The network learning rate τ =
0.001, the weight parameters λ = 0.01 and μ = 0.8, and the margin parameters
M1 = 0.1 and M2 = 1.0.

Evaluation Protocol. We adopt the widely used cumulative match curve
(CMC) approach for quantitative evaluation, in which half of the persons are
chosen for training and the remainders are used for testing. For each image in the
probe set, we return the k nearest images in the gallery set using the Euclidean
distance with the features produced by the trained network. If the returned list
contain an image featuring the same person as that in probe image, this probe
is considered as success of rank k. We repeated the procedure 10 times, and use
the average rate as the metric.

3.3 Experimental Results

Our person re-identification method mainly contains two novel ingredients:
(1) the part-based deep CNN, and (2) the improved pairwise loss. To reveal how
each ingredient contributes to the performance improvement, we implement the
following four variants of the proposed method, and compare them with a dozen
of representative methods in the literature:

Variant 1 (denoted as GCNN-C): We replace the four body part channels from
the proposed deep architecture with a global convolution layer and use the
original contrastive loss function to train the network.

Variant 2 (denoted as GCNN-IC): We replace the four body part channels from
the proposed deep architecture with a global convolution layer and use the
improved contrastive loss function to train the network.

Variant 3 (denoted as PCNN-C): We use the same loss as GCNN-C, but use
the proposed part-based deep architecture to extract the features.

Variant 4 (denoted as PCNN-IC): We use the same network as PCNN-C, but
train it with the improved contrastive loss function.

Comparison Results. The evaluation results on the VIPeR dataset and i-LIDS
dataset, using Top 1, 5, 10 and 20 ranking accuracies, are shown in Table 1. We
compare our method with 5 representative methods that have reported evalua-
tion results on the two datasets. Ding’s method [4] uses the deep learning method
to deal with person re-identification problem and Sakrapee’s [13] method com-
bines several different approaches to boost the performance. Compared with the
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Table 1. Matching rates (%) of Different state-of-the-art methods on the VIPeR
dataset and i-LIDS dataset

VIPeR i-LIDS

Method Top 1 Top 5 Top 10 Top 20 Method Top 1 Top 5 Top 10 Top 20

LMNN [14] 6.2 19.7 32.6 52.3 LMNN [14] 28.0 53.8 66.1 82.3

PCCA [11] 19.3 48.9 64.9 80.3 MCC [5] 31.3 59.3 75.6 88.3

ITML [3] 11.6 31.4 45.8 63.9 ITML [3] 29.0 54.0 70.5 86.7

ELF [6] 12.0 31.0 41.0 58.0 Adaboost [6] 29.6 55.2 68.1 82.4

Sakrapee’s [13] 45.9 −− −− −− Sakrapee’s [13] 50.3 −− −− −−
Ding’s [4] 40.5 60.8 70.4 84.4 Ding’s [4] 52.1 68.2 78.0 88.8

GCNN-C 29.8 56.0 64.2 74.4 GCNN-C 42.4 57.6 71.2 84.8

GCNN-IC 38.0 58.2 67.1 75.3 GCNN-IC 49.2 69.5 85.1 89.9

PCNN-C 42.7 61.1 66.8 77.2 PCNN-C 57.6 81.4 84.7 89.9

PCNN-IC 46.2 67.1 76.3 85.1 PCNN-IC 61.0 81.4 85.1 91.5

Table 2. The influence of M1 and M2 to Top 1 performance (%) on the VIPeR dataset.

M1 0 0.1 0.2

M2 0.8 1.0 1.2 0.8 1.0 1.2 0.8 1.0 1.2

Top 1 39.24 45.25 42.41 43.04 46.20 43.35 39.87 44.62 41.46

above representative works, the PCNN-IC model has achieved the top perfor-
mances on the two datasets, with all the four ranking measurements. Specially,
compare with Sakrapee’s method, which is the state-of-the-art method on the
VIPeR dataset so far, our PCNN-IC model is better 0.3 % on Top 1; and compare
with Ding’s method, which is the state-of-the-art method on the i-LIDS dataset
so far, our PCNN-IC model is better 8.9 % on Top 1. what’s more, compare
with the Top 1 accuracies of GCNN-C and PCNN-C, GCNN-IC and PCNN-IC,
our part-based deep neural network beats the global based deep neural network
with 12.9 %, 8.2 % and 15.2 %, 11.8 % on the two datasets, respectively; compared
with the Top 1 accuracies of GCNN-C and GCNN-IC, PCNN-C and PCNN-IC,
our improved contrastive loss beats the original one with 8.2 %, 6.0 % and 3.5 %,
3.4 % on the two datasets, respectively.

Parameters Analysis. The margin parameters M1 and M2, and the weight
parameter μ play an important role in our method. We analyze the results with
varying M1, M2 and μ on the two datasets to show the influences. In particular,
given a weight parameter μ = 0.8, we change the initial values of M1 and M2

to evaluate the performance on the VIPeR dataset. The results are shown in
Table 2, in which the best performance of our method is achieved by setting
M1 = 0.1 and M2 = 1.0. In order to explore the influence of μ to our method,
we set M1 = 0.1 and M2 = 1.0 to evaluate the performances of our method
on the two dataset. The results are shown in Fig. 3, which shows that the best
performances of our method on the two datatset are achieved by setting μ = 0.8.
Therefore, we set M1 = 0.1, M2 = 1.0 and μ = 0.8 in all the experiments for
best performance.
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Fig. 3. The varying matching rate of our method according to μ at specified M1 and
M2 on the two datasets.

4 Conclusion

In this paper, we present a novel part-based convolutional neural network with
feature learning and fusion for person re-identification problem, which is formu-
lated under a siamese framework via a improved contrastive loss function. In
this framework, we construct a part-based CNN architecture with feature learn-
ing in the convolutional layers and feature fusion in the fully connected layers.
The architecture is trained by a set of pairwise samples to produce features that
the distance of the same person is smaller than that of different persons, with a
large margin in the learned feature space. Our method have obtained the state-
of-the-art performance on the benchmark datasets for person re-identification.
In the future work, we will extend our framework to specific tasks, such as face
recognition, fine-grained classification and image retrieval.
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Abstract. The research on face attribute analysis has received tremendous
attention recently for wide range of applications. Considering face attributes are
related, we can improve the generalization performance by exploiting the shared
features. In such scenario, multi-task feature learning approaches are very
promising for face attributes classification. In this paper, inspired by several
classic multi-task learning methods, we propose clustering enhanced multi-task
learning (CEMTL) which can be applied in feature selection for effectively
representing human face attributes through considering both the intra and inter
class correlation of multi-tasks. By using CEMTL, we can select useful features
to train an efficient model for face attributes classification. Experiments on LFW
database prove the advantage of the proposed method in binary and multiple
classification.

Keywords: Multi-task learning � Face attributes � Face recognition

1 Introduction

The human face conveys important perceptible information related to individual traits.
The face attributes, such as gender, age, expression, are valuable demographic char-
acteristics. Face attributes have received tremendous attention recently and their
effectiveness have been applied successfully in a wide range of applications including
face verification [1, 2], attribute search [25] and etc. We can solve these verification and
search problems by using different methods. For example, Scheirer et al. [3] proposed a
Bayesian network approach to utilize the human attributes for face identification.
Kumar et al. [4] created one the first image search engine based entirely on face
attributes. With the retrieval system, users can find the needed face through over 3.1
million faces which have been automatically labeled on the basis of several facial
attributes. Chen et al. [5] aimed to utilize automatically detected human attributes by
constructing semantic codewords for efficient large-scale face retrieval. Lei et al. [6]
proposed a novel way to search for face photos by simultaneously considering attri-
butes positions, and sizes of the target faces. An implicit assumption of these methods
is that the attributes are split. There are very few approaches to estimate all attributes
together.

Conventional machine learning methods often only consider data represented by
Single-Task Learning (STL), even though these tasks often have relationship. Different
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from STL, Multi-Task Learning (MTL) approaches have received increasing studies
and they often outperform STL approaches. Thus, we choose MTL to take into account
the connection of attributes to capture the shared features when they are in the learning
process.

In recent years, MTL [7] has attracted significant interest in the Machine Learning
community [8]. MTL has been applied successfully in many applications including
object recognition [7], speech recognitions [9] and handwritten digit recognition [10].
MTL aims to improve the generalization performance by exploiting the shared features
among multiple related tasks. A critical ingredient in these applications is how to model
the shared structures. In traditional MTL methods [11, 12], all tasks are interrelated,
they can be put together to train a model; for example, Yu et al. [13] presented an
approach based on a hierarchical Bayesian framework, which exploits the equivalence
between parametric linear models and nonparametric Gaussian processes. Srijith et al.
[14] proposed a novel Gaussian Process (GP) approach in multi-task learning based on
joint feature selection. The key assumption of these multi task learning algorithms is
that all tasks are related to each other through sharing features.

Simply assuming all tasks share a structure may degrade the performance. There-
fore, Cluster Multi-Task Learning (CMTL) algorithms [15, 16] cluster the given task
into different groups and impose the tasks in the same groups to share a certain
common structure [17]. For example, Thrun et al. [18] explored the hidden task rela-
tions by establishing the relationship among tasks. Kang et al. [19] introduced new
clustering variables, and the optimal parameters were obtained using the alternate
optimization method.

Moreover, considering outlier tasks often exist in face attributes, another solution in
real-world applications, Robust Multi-Task Learning (RMTL) [20], has been proposed
to capture the common feature and identifies the outlier tasks. RMTL takes into con-
siderations more factors than the other MTL methods. When there are a small number
of tasks that are not related to most of the tasks, MTL is performed on all tasks.
Because of the existing of outlier tasks, using common methods cannot achieve the
optimal solution. For example, in [20], the gradient descent method is used to solve the
optimization problem. The optimization is used to capture the characteristic relation of
the related tasks and to determine the outliers. Inspired by RMTL, Cheng et al. [21]
projected image into a low dimensional hash feature subspace by using the hash
method. This method can not only reveal the attribute correlation, but also can capture
the task related degree. An illustration of these three MTL methods is shown in Fig. 1.

Considering that all face attributes are related to each other by the presumed
structures, we can use MTL algorithms to solve attribute classification problem. As the
face attribute is an integral structure, we seek a new approach for face attributes clas-
sification by using MTL. We present a new framework which is effective on classifi-
cation of human face attributes called Cluster Enhanced Multi Task Learning (CEMTL).

In this paper, CEMTL is presented to enhance the recognition in face attributes
classification and this method can approximate the underlying true weights of face
attributes. We present an algorithm to capture the shared features among tasks and the
intra class relationship. By using this method, we can achieve a higher recognition rate
in the case of dimension reduction. Our experiments demonstrate the efficiency of the
proposed method.
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The remainder of the paper is organized as follows. Section 2 presents different
MTL methods, Sect. 3 introduces our proposed CEMTL. Experiments and analysis are
depicted in Sect. 4. At last, we conclude the paper in Sect. 5.

2 Multi-task Learning Method

2.1 Preliminaries

Given t learning tasks associated with the training data fðX1; y1Þ; ðX2; y2Þ; . . .; ðXt; ytÞg
and a linear model:

yi ¼ fiðXiÞ ¼ Xiwi þ di; i 2 f1; . . .; tg; ð1Þ

where Xi 2 R
d�si is the data matrix of the i-th task as a sample; yi 2 R

si is the response
of the i-th task, d is the data dimensionality; si is the number of samples for the i-th
task. For each task, wi 2 R

d is the underlying weight of the i-th task and di is the noise
vector. The multi-task learning model is formulated as the following problem:

min
W

Xt

i¼1

jjXiwi � yijj2 þ kPðWÞ; ð2Þ

where jj � jj is the Euclidean norm, W ¼ ½w1;w2; . . .;wt� 2 Rd�t is the weight matrix. k
is a nonnegative regularized parameter, PðWÞ is the regularization term for W .

2.2 RMTL

In robust MTL, different regularization terms on P ¼ ½p1; . . .; pd� and Q ¼ ½q1; . . .; qt�
represent the inner relationship and the relevance of the classes. RMTL can be solved
with the following regularization imposed on P;Q:

Fig. 1. Illustration of weight matrix decomposition for three MTL method, where squares with
white background denote zero entries and squares with color denote non-zero entries.
(a) Parameter sharing model. (Traditional MTL) (b) Task clustering model. (CMTL) (c) Outlier
task model. (RMTL) (Color figure online)
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min
W ;P;Q

Xt

i¼1

jjXiw
T
i � yijj2 þ k1jjPjj2;1 þ k2jjQjj2;1;

s:t: W ¼ PþQ;

ð3Þ

where jj � jj2;1 denotes squared matrix ‘2;1-norm; the weight vector W of the labeling
function is the composition of two factors: P and Q. Where P can capture the shared
features and Q discovers the outlier tasks; k1 and k2 are nonnegative parameters to
control these two terms. By using this method, we can capture shared features among
tasks and identify outlier tasks.

2.3 CMTL

In CMTL, in order to discover a better clustering relationship between multiple tasks,
we can solve the Eq. (2) by optimizing the following function:

min
W

Xt

i¼1

jjXiwi � yijj2 þ k3
X

g

jjWRgjj; ð4Þ

where Rg denotes task group assignment matrix of g-th group. By grouping the attri-
butes according to their correlation, we can cluster the t tasks into k classes;
fðX1; y1Þ; ðX2; y2Þ; . . .; ðXt; ytÞg 2 fR1; . . .;Rkg; k3 [ 0 are regularized parameters.
CMTL is useful in analysis of the correlation tasks in the group.

3 CEMTL

Group constraints are performed by using CMTL. But CMTL cannot capture the
relationship among classes. So CMTL is weak in the weight constraint. Though RMTL
takes advantage of two regularization terms to capture the relationship among tasks, it
is not efficient to capture the relationship within the classes. Inspired by CMTL and
RMTL, we propose CEMTL model as follows:

min
W

Xt

i¼1

jjXiwi � yijj2 þ ajjW jj2;1 þ b
Xk

g¼1

jjWRgjj: ð5Þ

CEMTL has two regularization items that serve to take into consideration both inter-
and intra- task group constraints. The CEMTL can be solved by alternatively com-
puting the following two problems:

min
M2Rd�t

f
Xt

i¼1

jjXimi � yijj2 þ k4jjMjj2;1g; ð6Þ

min
N

f
Xk

i¼1

jjXini � yijj2 þ k5
Xk

g¼1

jjNRgjjg; ð7Þ
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where M ¼ ½m1;m2; . . .;mt� and N ¼ ½n1; n2; . . .; nk� are weight matrix, W ¼ MþN;
k4; k5 [ 0 are regularized parameters. We use brute-force method to obtain the opti-
mum solution of k4; k5 2 ½0; 1�. We introduce two kinds of regularization terms. M
captures the shared features among tasks and N captures the intra class relationship, as
shown in Fig. 2.

By assuming fm1;m2g 2 fn1g; . . .; fmt�2;mt�1; mtg 2 fntg; we propose an
alternating algorithm as an approximation solution to the optimization problem in
Eq. (5) as summarized in Algorithm 1. Simply adding two weight matric obtained with
Eqs. (6) and (7), we obtain very promising experimental results.

The CEMTL feature is selected according to W . The value of W determines the
importance of the feature. We select the feature with high weight and remove the
negative correlation feature. With the proposed CEMTL for feature selection, we can
achieve a high recognition rate in the case of dimension reduction.

Fig. 2. The framework of our proposed multi task feature learning algorithm
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4 Experiments

In this section, we first introduce our data sets and feature extraction method; then we
present binary classification experiment; at last, we present multiple classification
experiment.

4.1 Data Sets and Feature Extraction Method

We evaluate the proposed method on the LFW database [24], including 13233 images
from 5749 subjects. Each face has been labeled with the name of the person pictured.
1680 people have two or more distinct photos in the data set. We select 10000 face
images. Based on the definition in [28], we choose a list of 26 face attributes that are
relatively stable with respect to person identity as shown in Table 1. We conduct 5 fold

Table 1. The average classification accuracy (%) of 26 face attributes with five methods

Attribute STL MTL RMTL CMTL CEMTL

Gender Male 93.53 97.73 96.90 97.34 97.92
Race White 78.44 93.34 92.70 93.00 93.45

Black 80.81 85.77 83.39 85.34 85.74
Indian 77.64 89.29 88.27 88.33 89.35

Age Youth 76.44 95.66 94.71 95.30 95.64
Middle aged 74.47 88.08 86.96 87.59 88.39
Senior 73.14 97.53 97.54 97.31 97.45

Face shape Oval Face 78.67 93.61 91.78 91.99 93.52
Square Face 77.28 94.73 92.90 94.19 94.75
Round Face 73.10 89.86 87.34 89.70 90.31
Chubby 71.88 88.95 87.08 87.97 88.56

Fringe Receding Hairline 85.56 97.16 97.83 95.69 97.75
Bangs 86.88 95.9 91.78 93.85 95.95

Nose Big Nose 82.61 95.24 93.13 91.35 95.24
Pointy Nose 78.78 95.07 93.06 94.12 95.19

Eyebrows Bushy Eyebrows 78.17 96.36 92.76 95.18 96.47
Arched Eyebrows 78.89 92.00 88.23 85.77 92.13

Beard Mustache 86.68 96.11 95.74 97.48 96.32
No Beard 88.58 96.14 94.3 96.43 96.13

Jaw Double Chin 85.96 96.63 95.32 93.35 95.56
Round Jaw 84.70 96.59 94.91 92.41 96.60

Appeal unAttractive Man 79.44 93.47 91.74 94.44 93.42
Attractive Woman 79.51 92.52 91.02 91.97 92.70

Forehead Fully Visible 67.14 92.78 92.89 90.56 92.96
Partially Visible 81.51 89.56 86.30 88.29 89.02
Obstructed 84.00 96.57 95.57 96.19 96.64

Average 80.15 93.72 92.08 92.51 93.74
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cross-validation of binary classification and multiple classification experiments to
verify CEMTL we proposed.

In research on face recognition, local feature matching approaches show inspiring
results. The most representative one is the local binary pattern (LBP) method [22, 23].
The core idea of this method is that the gray value of the center pixel is a threshold
value, and the corresponding binary code is used to represent the local texture char-
acteristics. ULBP feature [27] is an improved algorithm of LBP feature. In our
experiments, the face images are divided into 8 * 7 blocks. Every block is denoted with
a 59 dimensional histogram vector. Thus, we can obtain 3304 dimensional ULBP
feature for each image.

Our method and other MTL models introduced in Sect. 2 are trained in the
extracted ULBP feature space. The libsvm [26] is used as classifier. We employ the
classification accuracy as the performance metric.

4.2 Binary Classification Experiment Design and Results

In this section, we evaluate the effectiveness of CEMTL by comparing with STL, MTL,
CMTL and RMTL. For each attribute, 1000 images are sampled to construct the
training set, including 500 positive samples and 500 negative samples; 800 images are
used as the test set, including 400 positive samples and 400 negative samples. To
observe the variation of accuracy with respect to number of dimensions, the recognition
rate is calculated from 10, 20, … to 100, and from 100, 200, …, to 3304.

Because the recognition rates tend to be stable from over 100 dimensions, we
calculate the average recognition rate from 100 to 1200 dimensions as shown in
Table 1. From the results, we have the following observations: (1) The MTL method
can enhance the performance in face attributes classification. This is because all the
attributes are related to each other, so we can use MTL to find the feature correlations.
(2) CEMTL is also efficient for most attributes, especially for labels that have semantic
correlations, such as “Big Nose”, “Pointy Nose”, “square face”, “round face”. This is
because CEMTL adjust weights partly based on the group constraints.

Fig. 3. Example of attribute classification with five methods: (a) Big Nose (b) Pointy Nose
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As shown in Fig. 3, we use the ‘Nose’ attribute as an example: ‘Big Nose’ and
‘Pointy Nose’ to further illustrate the performance of CEMTL. The horizontal coor-
dinate represents the dimension, and the vertical coordinate represents the recognition
rate. Recognition rate is obtained by using 3304 ULBP features as the baseline shown
as the horizontal line in the diagrams. From these results, we have the following
observations: (1) CEMTL can achieve good recognition rate with very lower dimen-
sional feature and is robust with the increase of dimensions. (2) The accuracy of
CEMTL can exceed the baseline. This is because a larger number of useful features are
selected and the negative correlation features are eliminated.

4.3 Multiple Classification Experiment Design and Results

We conduct multiple classification experiment with two natural attribute groups, i.e.
‘Age’ and ‘Race’. We use 500 positive samples for each task as training samples and
400 positive samples for each task as test samples. The average recognition rate is
calculated from 100 to 1200 dimension. As shown in Table 2, CEMTL prominently
outperforms MTL and CMTL due to introducing the prior knowledge of the attribute
group in the multi-task learning and thus effectively improve the recognition rate. We
can also notice that taking into account the differences among attribute groups, CEMTL
experts at the attribute clustering. Hence, we can conclude that CEMTL utilizes the
neighbor structure and archives better results than MTL and CMTL in multiple clas-
sification problems. In Table 2(a), the CEMTL outperforms MTL and CMTL for the
label of ‘White’ and ‘Asia’ but has no superiority for the label ‘Indian’ due to the less
discrimination of this label with the other labels.

Table 2. Confusion matrice of recognition rate (%): (a) MTL + Race (b) MTL + Age
(c) CMTL + Race (d) CMTL + Age (e) CEMTL + Race(f) CEMTL + Age
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Compared with the binary classification, the advantage of CEMTL is more
prominent. CEMTL is not only more suitable for multi-class feature learning, but also
show that the group constraints are effective in multi-class feature learning.

5 Conclusions

In this paper, we present a cluster enhanced multi-task feature learning method for face
attributes classification. Specially, this feature learning framework can simultaneously
utilize the intra class relationship information and the relationship between class
groups. We compare with other multi-task feature learning methods to evaluate the
effectiveness of the proposed CEMTL. Experimental results show that the CEMTL can
obtain high recognition rate with very low dimensional of feature. The experiments also
prove the superiority of CEMTL in multiple classification problem. In the future, we
will deduce better solution, consider the negative correlation and analyze outlier tasks.
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Abstract. Binary embedding is an effective way for nearest neighbor (NN)
search as binary code is storage efficient and fast to compute. It tries to convert
real-value signatures into binary codes while preserving similarity of the original
data, and most binary embedding methods quantize each projected dimension to
one bit (presented as 0/1). As a consequence, it greatly decreases the discrimina‐
bility of original signatures. In this paper, we first propose a novel quantization
strategy triple-bit quantization (TBQ) to solve the problem by assigning 3-bit to
each dimension. Then, asymmetric distance (AD) algorithm is applied to re-rank
candidates obtained from hamming space for the final nearest neighbors. For
simplicity, we call the framework triple-bit quantization with asymmetric
distance (TBAD). The inherence of TBAD is combining the best of binary codes
and real-value signatures to get nearest neighbors quickly and concisely. More‐
over, TBAD is applicable to a wide variety of embedding techniques. Experi‐
mental comparisons on BIGANN set show that the proposed method can achieve
remarkable improvement in query accuracy compared to original binary embed‐
ding methods.

Keywords: Triple-bit quantization · Asymmetric distance · Binary embedding ·
Nearest neighbor search

1 Introduction

Nearest neighbor (NN) search has been one of the key problems of visual applications
including image retrieval [1, 10], object recognition [2, 11] and copy detection [3, 12].
NN search consists in finding the closest matches of a given query signature in large
amounts of reference signatures. When searching similar signatures in a large-scale
database composed of float-point values, it usually computes the Euclidean distance
between the query and all the reference signatures, which is quite costly. As a conse‐
quence, handling these large quantities of data has become a challenge on its own.
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When coping with massive amounts of data, there exist two most influential factors:
one is the computational cost, and the other is memory usage. Binary codes can exactly
handle the two problems. On one hand, the calculation of hamming distance between
two binary codes is extremely efficient, which requires just a small number of machine
instructions. On the other hand, the memory cost of binary codes is much less than real-
value signatures. These considerations directly lead to the growing interests in embed‐
ding real-value signatures in compact binary codes. There are various existing binary
embedding methods. Principal component analysis (PCA) [7] is a statistical procedure
that uses an orthogonal transformation to convert a set of observations of possibly
correlated variables into a set of values of linearly uncorrelated variables to reduce the
dimension of correlated coefficients. The locality sensitive hashing (LSH) [5] measures
the similarity between two vectors using the inner product operation. The hashing func‐
tion of LSH projects the raw features into hyper-planes, the coefficients of which are
drawn from the multivariate normal distribution. The spectral hashing (SH) [3] finds the
best codes for given feature vectors by solving the optimization problem, which is
expressed by the sum of weighted differences between raw feature vectors. The key idea
of iterative quantization (ITQ) [8] simply rotates the data to minimize the error that is
defined by the difference between the binary hashing code and the low-dimensional
vector acquired in dimensionality reduction. Note that existing methods such as LSH,
PCA, SH and ITQ assume that input features are zero-centered and the element of the
projected feature vector is mapped into 1, if it is positive, otherwise, mapped into 0.

Despite of its remarkable advantages, the drawback is also obvious: it greatly reduces
the distinctiveness between different signatures. For example, the possibilities of Eucli‐
dean distance between 32-dimensional real-value signatures are endless, namely all the
real-value ranging from 0 to 32. However, the hamming distance between two 32-bit
binary codes only has limited 33 kinds of possibilities from 0 to 32. So presenting real-
value signatures in binary codes undoubtedly results in lower accuracy.

To take advantages and avoid the weaknesses of both binary codes and real-value
signatures, the framework of triple-bit quantization with asymmetric distance (TBAD)
is proposed in this paper, as demonstrated in Fig. 1. We firstly map all the signatures in
database to binary codes. Then one binary index is built to organize those binary codes.
For a given query, we map it to binary code in the same way, and preserve its interme‐
diated real-value data as well. Next, we select the top-k similar binary codes in hamming
space and apply asymmetric distance [4] to the candidates for re-ranking. Finally, the
nearest neighbors are achieved through above processes. Summarily, we mainly concen‐
trate on two points of the above framework including both dataset and query aspects:

• In the aspect of dataset, we propose a novel quantization method which assigns triple-
bit to each dimension. In this way, can we not only take advantages of binary to store
and compare signatures efficiently, but also preserve more discriminability of the
original signatures.

• In the aspect of query, asymmetric algorithm is employed to compute the distance
between compressed reference signatures and uncompressed query signatures for re-
ranking, as uncompressed query signatures have more discriminability than binary
codes.
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Fig. 1. Framework of the proposed method. Each signature is projected into B-dimensional real-
value intermediate data. Then triple-bit quantization converts intermediate data into 3B-bit binary
codes. We select the top-K neighbors in hamming space as candidates. Asymmetric distance is
used to re-rank candidates to get final results.

We evaluate our approach on BIGANN dataset and apply our framework to a variety
kinds of binary embedding methods, such as locality sensitive hashing (LSH) [5], prin‐
cipal component analysis embedding (PCAE) [6], spectral hashing (SH) [7]. In experi‐
ments, our method shows significant progress on accuracy over original methods
followed by asymmetric distance with the same dimensionality. In some cases, TBAD
can provide precision on the order of 10%–15% against original methods.

The rest of the paper is organized as follows. In Sect. 2, we precisely describe the
novel triple-bit quantization and improved asymmetric distance algorithm. Section 3
presents the experimental results on BIGANN for NN search. Finally, conclusions are
given in Sect. 4.

2 Proposed Method

In this section, we propose TBAD to improve query accuracy for NN search. Firstly,
we will briefly introduce binary embedding. Next, the novel triple-bit quantization
method is given. Then, we present the improved asymmetric distance scheme and the
integration of TBAD which is applicable to a wide variety of binary embedding
techniques.

2.1 Signature Quantization

2.1.1 Binary Embedding
The prominent advantages of binary codes lead to the explosion in binary embedding
techniques. Several successful binary embedding methods have been proposed, such as
LSH [5], SH [7], PCAE [6] and PCAE-ITQ [8]. Binary embedding aims to transform
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real-value signatures into binary codes, while it guarantees that similar signatures are
mapped into the same binary codes with a high probability.

In order to express the meaning of binary embedding clearly, we introduce a set of
notations. Let s be an image signature with K dimensions in space Ω and let hk be a
binary embedding function, i.e., hk: Ω → {0, 1}. A set H = {hk, k = 1 … K} of K
functions define a multidimensional embedding function h: Ω → {0, 1}K with
h(s) = [h1(s) … hK(s)]

′. Note that real-value signatures are not directly converted into
binary codes via binary embedding. For LSH, SH, PCAE and PCAE-ITQ, binary
embedding function hk can be decomposed as follows:

hk(s) = qk[gk(s)], (1)

where gk(s): Ω →  (the intermediated space) is projection function and
qk(s):  → {0, 1} is quantization function. That is, binary embedding firstly projects
image signature s to real-value multidimensional vector g(s) = [gk(s), k = 1 … K]′,
which is an extremely good approximation to the original signature. Next, the real-value
will be quantized into binary codes by thresholding (0 is often set as the threshold).
That is, if gi(s) > 0, si is mapped to 1. Otherwise, si will be mapped to 0. Thus, traditional
quantization function just roughly divides each dimension into two parts decoded as 0
or 1, which greatly reduces the discriminability [4]. To alleviate this problem, we
propose to retain more information of the original by assigning triple-bit to each
dimension of the intermediated data.

2.1.2 Triple-Bit Quantization
In the previous section, we elaborate that binary embedding methods greatly reduce the
discriminability of original signatures. To achieve higher accuracy, a lot of related works
mainly concentrate on improving the performance of projection functions gk. Instead,
we propose a triple-bit quantization function to assign triple-bit to each dimension of
the intermediated data.

The steps of triple-bit quantization are summarized below:

(1) Signature projection and normalization. For a given signature x with K dimensions, we
firstly use a multidimensional projection function g(s) = [gk(s), k = 1…K]′ to map
original signature x to real-value vector g(x) (the intermediated data). Next, to enhance
the efficiency of comparisons, the vector is normalized by its l1 norm   for each
dimension and the normalized intermediated data l(x) = [lk(s), k = 1 … K]′ are
obtained with

li(s) =  [gi(s)]. i = 1 … K (2)

(2) Data partition. We divide the intermediate data for each dimension into two cate‐
gories according to the sign of the corresponding element, after which we get the
medians of both two categories for all the dimensions. The medians of the negative
and positive parts in dimension i are represented symbolically by nmi and pmi

respectively. Based on the sign and two medians, each element of the intermediated
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vectors can be divided into four categories, shown as Fig. 2. Despite its crude nature,
we will see that the partition scheme leads to competitive results on a variety of
binary embedding methods.

(3) Binary quantization. After the partition, a novel quantization function needs to be
raised, as positional relations of elements in each dimension via original quantiza‐
tion function have only two cases: either on the same side or the opposite side. In
order to handle the new partition scheme, we quantize each dimension into triple-
bit. By this way, the quantization method may adapt well to the four relations of
the elements in each dimension, as showed in Fig. 2. For ith dimension, triple-bit
quantization function TBQ is defined as:

TBQi(s) =

⎧
⎪
⎨
⎪
⎩

111,
110,
100,
000,

if li(s) ≥ pmi

if li(s) ≥ 0 and li(s) < pmi

if li(s) < 0 and li(s) ≥ nmi

if li(s) < nmi

. (3)

Since intermediate data preserves good approximation to the similarity of original
signatures, it has a high probability to map gi(x) and gi(y) to the same category if x is the
nearest neighbor of y. Conversely, if signature x and y are far from each other, gi(x) and
gi(y) are more likely to be mapped far apart. Thus, the quantization scheme can naturally
preserve the similarity between two signatures. For example, assume x and y are near
neighbors, and gi(x) is decoded as 000. Then gi(y) is most likely to be decoded as 00 in
which case the hamming distance between them is 0. But beyond that, gi(y) is likely to
be decoded as 100 as well, due to the error estimation of projection function, and the
hamming distance between them is 1. Similarly, the least likely result is 111, of which
the hamming distance is 3. Therefore, the inherence of this coding scheme gives more
weight to the data close to query signature. Despite the length of binary codes increases
three times, TBAD outperforms other successful binary embedding methods with equal
number of bits, as illustrated in our experiments.

Fig. 2. Encoding signature. Each dimension is divided into four parts by the sign and two medians
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2.2 Re-rank with Asymmetric Distance

As stated before, binary codes are storage efficient and fast to compute. Millions of
binary codes can be compared to a query in less than a second. For a given query, we
will firstly find the top-k closest signatures in hamming space as candidates. To further
increase query accuracy, asymmetric distance [4] is carried out. Most binary embedding
methods binarize both database and query signatures. However, it is not mandatory to
transform the query signature into binary code, because the additional memory cost of
a single non-binarized signature is negligible. The algorithm computes the distance
between uncompressed data and compressed data is referred to as asymmetric distance,
as the distance is computed in two different spaces. A major benefit of asymmetric
distance is that it can achieve higher accuracy for binary codes because they take
advantage of the more precise position information of the query.

Albert et al. propose an algorithm for asymmetric distance based on expected value
[4], which is defined as:

dE(x, y) =
∑

k

d(gk(x), E[gk(u)|hk(u) = hk(y)]), (4)

where d(.) presents the Euclidean distance, and E means the expectation value. dE is
simply computed as the Euclidean distance between the query and the corresponding
expected value of the intermediated data gk(u) such that hk(u) = hk(y). In our method, we
utilize the concept of the dE and revise it to satisfy our triple-bit quantization, as we get
four subsets rather than two for each dimension. Note that we replace hk with our proposed
TBQk in (4). Firstly, we draw a set of signatures S{si, i = 1…N} randomly from Ω. For
each dimension k, we partition S into four clusters Scu

k
, cu = 000, 100, 110, 111. Each

cluster contains signatures s such that TBQk(s) = cu. Then we compute the expected value
ck for each subsets offline:

ccu

k
=

1
|Scu

k
|

∑

v∈S
cu

k

gk(v). (5)

For a given query x, we calculate the distance (see Fig. 3) between uncompressed
query and quantized database signature online, which is defined as:

dE(x, y) =

√
∑

k

(gk(x) − c
TBQ

k
(x)

k
)2. (6)

It shows that the asymmetric distance algorithm takes full advantage of the non-
binarized signature, which retains the information of the original. For example, for i-th
dimension of a given query q and reference signature x, gi(q) locates in area1 and TBQi(x)

is mapped to area2. The asymmetric distance between them is the Euclidean distance
between gi(q) and the expected value of all the intermediated data mapped to area2 in
dimension i. Along with the benefit of TBQ, the discriminability is further improved,
due to different signatures possessing four possible position relations instead of two for
original methods via the revised asymmetric distance.
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In our implementation, to compare the performance objectively, we select k = 1000
in which the recall of the nearest neighbor is in close proximity to 100% in most cases.
Even though extra floating-point multiplication is involved in the process, it shows
negligible time consumption, because we calculate the asymmetric distance only for
limited number of signatures which are considered as the candidates.

3 Experiments

In this section, we show the benefits of the TBAD. We first introduce the dataset and
evaluation metrics used in the experiments. Then intensive comparisons between
methods applying TBAD and traditional binary embedding methods are given.

3.1 Dataset and Evaluation Metrics

We use 1M SIFT [9] signatures from the well-known BIGANN dataset to evaluate our
method, which consists of three vector subsets: a 100K training set, a 1M database set
and a 10K query set. Each SIFT signature is a 128D real-value vector.

There is no difference in time cost between traditional binary embedding methods
and those adopting TBAD, as all the methods execute exhaustive search in binary codes
of the same dimensionality and involve re-ranking. In our experiments, the precision
and recall with respect to the number of bits are used to evaluate our method. For exper‐
imental evaluation, we use precision and recall to measure the performance of our
method. The precision and recall is defined as follows:

precision =
count(relevant ∩ retrieved)

retrieved
,

recall =
count(relevant ∩ retrieved)

relevant
,

where retrieved is the NN search results of our method, and relevant is the linear search
results. Note that the number of bits of the binary codes we use is multiple of three, as
3-bit in hamming space represents 1 real-value in intermediate space in our method.
Therefore, we let the binary codes converted from original binary embedding methods

Fig. 3. Asymmetric distance
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have the same dimensionality as methods applying TBAD. In the following, we first
compare the precision@1 and recall@10 of PCA applying TBAD with other represen‐
tative binary embedding methods including LSH and SH. Then, the intensive compar‐
isons between SH and LSH applying TBAD with the original SH and LSH are made
respectively.

3.2 Results

Figure 4(a) shows the precision@1 of TBAD-PCA, original SH and LSH methods and
those methods with AD, with respect to the length of the binary codes. We observe a
remarkable result on precision. For example, when comparing TBAD-PCA to AD-SH,
the precision improvement of 4.75% and precision relative 19.19% is observed on
average. Figure 4(b) shows the recall@10 of TBAD-PCA and others. Just like precision,
the recall of TBAD-PCA is improved consistently over other traditional methods.

Fig. 4. Influence of PCA applying TBAD with Euclidean-NN. PCA with TBAD is denoted as
TBAD-PCA. TB-PCA stands for PCA with triple-bit quantization. SH and LSH followed by
asymmetric distance are denoted as AD-SH and AD-LSH, respectively.

However, abnormal results appear in two conditions. First, the precision of TB-PCA
is lower than original SH with 96 and 120 bits. The second is that the result of TBAD-
PCA and TBAD-SH is not a noticeable contrast when the number of bits is 96. The
reason is that our method converts each dimension of the intermediated data into 3-bit,
while other methods into only 1-bit. So, when the number of bits is not big enough, our
method preserves insufficient information. However, with the increase of the number of
bits, the effect of our method is obvious. In our method, we make use of characteristic
of PCA, in which each dimension contains different discriminability after projection, to
assign triple-bit to the dimensions which are gained more discriminability. Due to the
limits on the dimensionality of signatures processed by PCA, we can’t compare the
retrieval accuracy of TBAD-PCA to original PCAE. So, contrast experiments have been
conducted to compare TBAD-PCA with other binary embedding methods, including
SH and LSH, and those methods with AD.
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To verify the effectiveness of TBAD, the comparisons between TBAD-SH, AD-SH
and original SH are given. Figure 5(a) shows the divergence of precision@1 between
three methods which has the same number of binary codes, with respect to the dimen‐
sionality. We can see that TBAD-SH consistently improves the results over the original
SH and AD-SH. On average, we observe a relative precision improvement of 12.93%.
Furthermore, the recall between those methods, as Fig. 5(b) shows, has a relative recall
enhancement of 11.30%, on average.

Fig. 5. Influence of SH applying TBAD with Euclidean-NN. Original SH, SH with AD and SH
applying TBAD are denoted as SH, AD-SH and TBAD-SH respectively.

Fig. 6. Influence of LSH applying TBAD with Euclidean-NN. Original LSH, LSH with AD and
LSH applying TBAD are denoted as SH, AD-SH and TBAD-SH respectively.

Figure 6 demonstrates the effect of TBAD by comparing TBAD-LSH with AD-LSH
and the original LSH with respect to the number of bits. The red line indicates that
TBAD-LSH consistently improves the results over other methods. At first, we can see
the remarkable improvements made by asymmetric distance through LSH comparing
with original LSH. Then, we apply TBAD to LSH to further improve the retrieval accu‐
racy. We can see that TBAD-LSH improves the results over original LSH and AD-LSH
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significantly in most of the cases. On average, we observe a relative precision and recall
improvement of 19.53% and 12.43% respectively over AD-LSH.

4 Conclusion

In this paper, we propose a novel method for fast nearest neighbor search which takes
advantages of both compressed data and real-value signatures. To improve retrieval
accuracy, we quantize each dimension of intermediate data in the dataset into triple-bit
offline. Then we use asymmetric distance to re-rank the candidates which are nearest
neighbors of the query in hamming space to get final results. Experimental results show
TBAD can achieve about up to 20% enhancements on precision@1 compared to the
original binary embedding methods followed by asymmetric distance. It indicates that
TBAD performs competitive results by assigning more weight to signatures close to
query both in hamming space and real-value space. We believe the proposed TBAD can
improve the retrieval accuracy of many nearest neighbor search applications.
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Abstract. Content-Based Image Retrieval (CBIR) for common images has
been thoroughly explored in recent years, but little attention has been paid to
hyperspectral remote sensing images. How to extract appropriate hyperspectral
remote sensing image feature is a fundamental task for retrieving large-scale
similar images. At present, endmember as hyperspectral image feature has
presented more spectral descriptive ability. Visual words feature is a feasible
method to describe image content, which can achieve scalability for large-scale
image retrieval. In this article, spectral words are created for hyperspectral
remote sensing image retrieval by combining both spatial and spectral infor-
mation. Firstly, spatial and spectral features are extracted respectively using
spectral saliency model and endmember extraction. Then a spectral vocabulary
tree is constructed by feature clustering, in which the cluster centers are con-
sidered as the spectral words. Finally, the spectral words are compared for
finding the similar hyperspectral remote sensing images. Experimental results on
NASA datasets show that the spectral words can improve the accuracy of
hyperspectral image retrieval, which further prove our method has more
descriptive ability.

Keywords: Hyperspectral remote sensing images � Content-Based Image
Retrieval (CBIR) � Spectral words � Spectral saliency model � Endmember
extraction

1 Introduction

In recent years, hyperspectral imaging has been an area of active remote sensing
research and development. Hyperspectral remote sensors collect image data simulta-
neously in dozens or hundreds of narrow, adjacent spectral bands [1]. These mea-
surements make it possible to derive a continuous spectrum for each image cell.
Nowadays, hyperspectral remote sensing images have been widely applied into many
fields such as ocean, agriculture, resources, environment, city and so on. With the rapid
development of remote sensing technique, the amount of hyperspectral images has
explosively increased, which allows users to search the hyperspectral images from the
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database. Hence, how to accurately describe a hyperspectral image content has become
a very fundamental task for large-scale hyperspectral image retrieval.

For large-scale hyperspectral image retrieval, the methods of image description
based on endmember and spectral curve shape are frequently utilized [2–4]. However,
due to the phenomenon of same object with different spectra, different objects with
same spectrum, endmember and spectral curve shape cannot fully describe a hyper-
spectral remote sensing image content.

Image description methods have been widely developed [5–7]. Recently, the
method of image description based on visual words has attracted more and more
attention. Inspired by the text content analysis, an image can be viewed as a series of
words combination. Visual words are created by clustering the feature descriptors from
the images. Considering high dimensionality and spectral characteristics of hyper-
spectral image, visual words method cannot be directly introduced into hyperspectral
image. Reference [8] proposed to use the visual words of base image to represent a
remote sensing image. But the base images selection method is not strict and easy to
ignore the spectral characteristics.

In this article, the notion of spectral words is proposed by combining spatial and
spectral information from hyperspectral remote sensing images in order to improve the
feature descriptive ability. In this work, spatial and spectral features are firstly extracted
respectively using spectral saliency model and endmember extraction. Then, a spectral
vocabulary tree is constructed by feature clustering, in which a leaf node is considered
as a spectral word. At last, the spectral words similarity between the query image and
images are measured by Euclidean distance and the images are ranked with descending
and the first M retrieved images are returned.

The remainder of this article is organized as follows: Sect. 2 states how to create the
spectral words in detail; spectral words are applied into large-scale hyperspectral
remote sensing image retrieval in Sect. 3; experimental results are analyzed in Sect. 4
and the conclusions are drawn in Sect. 5.

2 Spectral Words Creation

Traditional visual words creation consists of two steps: (1) extracting Scale-Invariant
Feature Transform (SIFT) descriptors; (2) clustering to create visual words. Consid-
ering the high dimensionality and abundant spectral information of hyperspectral
image, SIFT descriptors have insufficient descriptive ability and are difficult to be
directly extracted for hyperspectral images. In this Section, we will create the spectral
words for hyperspectral images, which’s the overall architecture is shown in Fig. 1.
Firstly, the spatial feature and spectral feature are extracted from hyperspectral image.
Then, spectral words are constructed by combining spectral and spatial features.

Fig. 1. The process of spectral words creation
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2.1 Spatial Feature Extraction

The key problem of spatial feature extraction for hyperspectral image is how to convert
hyperspectral data into 2D data as well as remain spatial information. In this article,
spectral saliency map is utilized to obtain 2D data [9].

The spectral saliency map is obtained by spectral saliency model, which is inspired
by the well-known Itti & Koch’s model [10]. For hyperspectral image, we extract four
conspicuity features: the first three principal components CPC(1–3), orientations Co,
spectral angle Ch, and visible spectral band opponent COPP. This detailed work can be
seen in our previous work [9].

(1) CPC(1-3). The conspicuity map CPC(1–3) of the first three principal components is
defined as the Euclidean distance between f1 and f2, in which f1 represents the
center scale and f2 represents the surround scale.

CPCð1�3Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

X3

n¼1

ðf1ðPCnÞ � f2ðPCnÞÞ2
v
u
u
t ð1Þ

(2) Co. The conspicuity map Co of orientations is obtained by applying four Gabor
filters (at 0˚, 45˚, 90˚ and 135˚) to the first principal component of the spectral
dataset, then computing the Euclidean distance between f1 and f2. GF is Gabor
filters function.

Co ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

X3

n¼1

ðf1ðGFðPCnÞÞ � f2ðGFðPCnÞÞÞ2
v
u
u
t ð2Þ

(3) Ch. The spectral angle between f1 and f2 is defined as h:

h ¼ ðf1; f2Þ ¼ cos�1ð f1:f2
f1k k f2k kÞ ð3Þ

The conspicuity map of spectral angle is defined as Ch.

Ch ¼
X

cos�1ð f1:f2
f1k k f2k kÞ ð4Þ

(4) COPP. The conspicuity feature of visible spectral band opponent is obtained by
replacing the color opponents with groups of spectral bands that are approximately
correspondence to these color channels. The double opponency of band group can
be computed as follows:

Opp1ðc; sÞ ¼ ðG1ðcÞ � G3ðcÞÞHðG3ðsÞ � G1ðsÞÞj j1 ð5Þ

Opp2ðc; sÞ ¼ ðG2ðcÞ � G4ðcÞÞHðG4ðsÞ � G2ðsÞÞj j1 ð6Þ
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Where G1 to G4 are vectors extracted from the corresponding group of spectral bands,
H is the cross-scale center-surround difference operator, j j1 is the 1-norm of a vector.
The conspicuity map of visible spectral band opponent is defined as COPP.

Copp ¼
X

RGðc; sÞþBYðc; sÞ ð7Þ

At last, the four conspicuity maps (CPC(1–3), CO, Ch and COPP) are normalized and
summed into the final saliency map S.

S ¼ 1
4
ðCPCð1�3Þ þCO þCh þCOPPÞ ð8Þ

Scale-invariant feature transform (SIFT) [11] is an algorithm in computer vision to
detect and describe local features in images. Hyperspectral image contains spatial and
spectral domain, in which SIFT features are extracted in spatial domain. Thus SIFT
features can represent spatial features of hyperspectral image. As we know SIFT fea-
tures performance better with the problem of mismatching caused by geometric
transformation, affine distortions, etc. Hence, SIFT features extracted from spectral
saliency map would be more efficient and reasonable.

2.2 Spectral Feature Extraction

Hyperspectral images are acquired simultaneously in many narrow, adjacent wave-
length bands. And a continuous spectrum can be extracted from endmembers, which
can be used to identify surface materials [1]. An endmember can be defined as an
idealized pure signature for a class, which is a spectral signature that is completely
specified by the spectrum of a single material substance [4, 12]. As we known, end-
members have a good descriptive ability of spectral feature for hyperspectral image.
Because of the limitation of spatial resolution, the pixels in hyperspectral image
acquired by the hyperspectral imaging instruments usually contain more than one
feature spectrum [1]. Therefore, pure endmembers need to be extracted firstly.

In our previous work [13], we proposed an automatic endmember extraction using
pixel purity index (PPI) for hyperspectral image by improving the projection principle
of PPI. The comparisons of projection principles before and after improvement are
shown in Fig. 2.

Fig. 2. The improved projection principle: (a) The projection principle of traditional PPI
(b) The improved projection principle
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As can be seen, in traditional PPI, the skewers may be generated in a few directions
so that some pixels which located at the extreme positions may be ignored. After
improvement, the skewers are generated in different angles of the projection vector in
certain directions.

We use improved PPI to extract pure endmembers for constructing spectral words.
Figure 3 shows the sample image and the result of endmembers extraction.

2.3 Spectral Words Creation

In Sects. 2.2 and 2.3, we have extracted the spatial and spectral features. We assume
that the feature vectors of a hyperspectral image are A(a1, a2,…, an) and B(b1, b2,…,
bm) (A is spatial feature vectors set and B is spectral feature vectors set). Then set A and
B are clustered by k-means, for each clustering center being a spectral word. Figure 4
shows the flowchart of the spectral words creation.

The detailed procedure of k-means is as follows:

Step 1. Initialization: Set the number of clustering centers (m, m2,…, m1k) randomly,
such as k;

Step 2. Assignment: Compute the distance between each element xi and clustering
centers, assign elements to the nearest centers;

Step 3. Update: Calculate the new means to be the centers of the elements in the new
clusters;

mi ¼ 1
Ni

XNi

i¼1

xij; i ¼ 1; 2; � � � ; k ð9Þ

Step 4. Convergence judgment: Compute difference J, algorithm terminates when
J is convergence, otherwise, return to Step 2

J ¼
Xk

i¼1

XNi

j¼1

xij � mi

�
�

�
� ð10Þ

We set k = 500, and the normalized spectral words histogram of hyperspectral
images are shown in Fig. 5, in which the first line images are original images and the
second line are the corresponding histogram of spectral words.

Fig. 3. The sample image and the corresponding spectral curves of extracted endmembers
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3 Applying Spectral Words to Hyperspectral Remote Sensing
Image Retrieval

After creating spectral words, the hyperspectral image retrieval process is performed.
Figure 6 shows the overall architecture of hyperspectral remote sensing image retrieval
system using spectral words. As shown in Fig. 6, spatial and spectral features are
extracted firstly. Spectral words can be obtained by feature clustering. After spectral
words construction, the image in database is represented by vectors of the occurrence
of spectral words.

As shown in Table 1, these vectors are normalized to be stored in a kind of queue
structure which called spectral words vocabulary.

We created a table for each spectral word to store the image ID and word fre-
quency. If a new image is added to database, the image ID and word frequency should
be recorded in the corresponding list of the spectral word.

Finally, the similarity between two hyperspectral images is determined by com-
paring the spectral words. The spectral words representations of the query image and an
image in the database are denoted by Q(Q1, Q2,…, Qk) and D(D1, D2,…, Dk). The
similarity of two images is then measured by

S ¼
Xk

i¼1

jQi � Dij2 ð11Þ

Fig. 4. Flowchart of spectral words creation

Fig. 5. The sample images and the histogram of spectral words of hyperspectral images
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Where k is the total number of spectral words, and Qi and Di represent the occurrence
frequency of word i in the query and database images, respectively.

Then, we use the computed similarity S to retrieve a list of images which are ranked
according to their distances from the query image.

4 Experimental Results and Analysis

We conducted experiments with a collection of the high-resolution hyperspectral data
sets obtained from German Aerospace Center’s (DLR) in Oberpfaffenhofen in Ger-
many and NASA over the World Trade Center (WTC) area in New York. The AVIRIS
images contain 125 spectral bands between 0.4 and 2.5 lm. The spatial resolution is
20 m, and the spectral resolution is 10 nm. The experimental platform is a PC with
3.30 GHz CPU, 4.00 G memory, Windows 7 operating system. Our dataset contains
1500 hyperspectral remote sensing images and the size of images is not the same.

Figure 7 shows the Top-10 hyperspectral image retrieval results for a key image
based on spectral words.

Three methods of hyperspectral remote sensing image retrieval are compared with
our proposed method in this experiment. One method is based on endmember
extraction using APPI (defined as M.APPI). The method in Ref. [14] used both spectral
and spatial features to represent images (defined as M.SS). The image features in

Fig. 6. Architecture of hyperspectral remote sensing image retrieval system using spectral
words

Table 1. Construction of spectral words vocabulary

Word ID i

Image ID I1 I2 … IN
Word frequency x1 x2 … x3
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Ref. [2] are the endmember signatures obtained from the image data by endmember
induction algorithms (defined as M.EIA).

To make quantitative analysis for the hyperspectral images retrieval methods, we
calculate the precision and recall curve with different methods. The definition of pre-
cision and recall can be denoted as:

Precision ¼ SIR
SIRþNSIR

ð12Þ

Recall ¼ SIR
SIRþ SINR

ð13Þ

The precision and recall curves of four methods are show in Fig. 8, in which the
vertical axis is precision ratio and the horizontal axis is recall ratio.

Fig. 7. The retrieval results of hyperspectral remote sensing images.

Fig. 8. The precision-recall curves of different methods
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As can be seen from Fig. 8, our method has a better performance than others. This
can be explained by the fact the spectral words contain both spectral and spatial
information of hyperspectral images. The corresponding precision ratios are shown in
Table 2.

It can be observed in Table 2, the proposed method has higher accuracy than M.SS,
M.EIA and M.APPI. Therefore, the proposed spectral words have a stronger descrip-
tive ability.

5 Conclusion

In this article, spectral words are created for large-scale hyperspectral remote sensing
image retrieval by combining both spatial and spectral information. Firstly, spatial and
spectral features are extracted respectively using spectral saliency model and end-
member extraction. Then a spectral vocabulary tree is constructed by feature clustering,
in which the leaf nodes are considered as the spectral words. Finally, the spectral words
are compared to find the similar hyperspectral remote sensing images. Experimental
results on NASA datasets have shown that the spectral words have a strong descriptive
ability, thus improves the accuracy of hyperspectral image retrieval. Current spectral
words framework still needs to improve in the process of feature extraction, feature
clustering, etc. In the next work, we will consider combining other features to improve
the description ability of spectral words. And we will also test more hyperspectral data
to evaluate the performance of our proposed spectral words.
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Abstract. We propose a method to retrieve the vehicle instance in a
massive dataset, that utilizes a cascaded structure to rapidly discard
most irrelevant instances. The structure gradually locates the discrimi-
native parts of a vehicle. Rather than focusing on complex and compli-
cated features, we employ a set of prime locating and matching methods
successively. During the process, texture features are utilized for localiz-
ing the windshield and license plate. Afterwards, vehicle color and type
matching are conducted in the located regions of interest. To evaluate
the proposed algorithm, we build a dataset comprising approximately
1000 pictures, and experiments show that our algorithm works on the
dataset.

Keywords: Image retrieval · Color matching · Cascaded structure ·
License plate locating · Visual focus of attention

1 Introduction

Vehicle retrieval [2,12] is a necessary step towards automatic analysis of the
surveillance videos of traffic environment. To find the exact vehicle, the intuitive
way is to localize the similar instances and then check them one by one. For each
instance, we can check the license plate number, the vehicle color, vehicle model
and symbols on the windshield. However, this way is indeed time-consuming
when confronted with immense data. For the sake of time saving, we propose a
cascaded structure that uses simple features to rapidly reject irrelevant instances
and simultaneously localizes and checks the potential instances.

In the paper, we focus on the vehicle retrieval based on the front view. We
fulfill the retrieval task by examining the discriminative components, such as
the windshield and license plate. From the point of view of human vision, these
regions correspond to the focus of attention when a human is required to do
the task. These regions provide the key information that helps human make
the decision. Take the engine hood for example, it lies right between the wind-
shield and the license plate, color in the region can effectively discriminate the
specific vehicle from other ones. So in this paper, we firstly search vehicles out
of the entire image, and then locate sequentially windshield and license plate
for each detected vehicle. Subsequently, vehicle type and color are checked in
corresponding interest regions.
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 126–135, 2016.
DOI: 10.1007/978-3-319-48896-7 13
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Fig. 1. The proposed framework for vehicle instance retrieval using a cascade of interest
regions

At the other end, the massive volume data require the proposed method
to run in real-time. Motivated by the cascaded structure for object detection
[10], this paper proposes a framework that gradually localizes these interest
regions. Weak features extracted from these interest regions are then cascaded
to quickly prune out irrelevant instances. At the same time, we noticed that for
a specific region, simple feature, such as the color histogram, can work efficiently
to discriminate the vehicle from others. The way saves the computational time.

Proposed framework is summarized in Fig. 1. A sequence of calculation units
is cascaded to simultaneously localize and check the significant components of
a vehicle. Each unit corresponds to an interest region; weak features extracted
from these regions are used for validating the similarity. The progressive way
significantly discard many irrelevant cases. The rest of this paper is organized as
follows. In Sect. 2, we briefly review the related work. In the subsequent Sects. 3
and 4, we describe our algorithm in detail. Experimental evaluations are then
presented in Sect. 5. Based on those results, we draw the conclusion in Sect. 6.

2 Related Work

To query a given vehicle, the strategy we used is first to localize a vehicle,
and then calculate the similarity measure between the localized one and the
given instance. To localize the vehicle, there are many methods proposed [7,9].
Z. Sun et al. [9] supplied an early survey. In the survey, they discussed a list of
knowledge-based vehicle detection methods. It is reported that simple features
like symmetry, color, shadow or vehicle light, when solely used, never produce
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accurate detection results. P. Felzenswalb et al. [6] proposed a discriminative
part-based model. When utilized for vehicle detection, it is robust to variation
of vehicle type and potential cluttered background. In the paper, we adopted
method proposed in [6].

When to query vehicle from the video, motion information can be used for
efficiency. The motion-based methods are also discussed in [9]. In fact, combined
with motion information, knowledge-based methods will act more effectively.
Once a vehicle is detected, its location can be rapidly propagated from one
frame to the subsequent ones, which saves the time. However, in the paper, we
focus on the still image.

Besides the detection of vehicles, some success methods have been proposed
for windshield and license plate localization. As for windshield, we use HOG
feature [5] along with SVM classifier [4] to search for the candidates of windshield
corners, then utilize a pictorial model to find the best match.

As for license plate detection (LPD), S. Chang et al. [3] considered the color
information of LP. They observed that only a few colors are used for making
a plate. Therefore, a plate may appear in the location where there are color
edges of specific patterns, e.g. red-white and green-white ones. They built the
detection algorithm based on the assumption. Besides, D. Zheng et al. [11] have
noticed that lots of short vertical edges cluster together in the license plate area,
in compared with the background. For the reason, vertical edge extraction is
first applied to remove most horizontal edges in the background and then long
vertical curves and random noises are discarded.

V. Petrovic and T. Cootes [7] extract the texture information around the
license plate for recognizing the type pattern of the vehicle. As for extraction
approaches, they compared many responses such as Sobel edge, edge orientation,
direct normalized gradients, locally normalized gradients, and so on. Match-
ing/classification results are good when license plates are well located (which
means the interest region are precise).

3 Localization and Verification of Instances

3.1 Vehicle Detection

In the paper, we focus on the still images. Thence, we use exactly the algorithm
of [6] to localize the vehicle. Some localization results are shown in Fig. 2(a). All
the vehicles detected are separated into two datasets, one for training and the
other one for testing. Details of the two datasets are summarized in Sect. 5.1.
With the help of the localization results, we search for the locations of wind-
shield and LP. The accurate localization results make the calculation of similarity
measure more accurate. Next, we explain the procedure in detail.

3.2 Windshield Localization

To detect the windshield, we first search for its corners, and then use the geo-
metric constraints for the best match.
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Fig. 2. Sequence of locating and pertinent results. (a) shows the results of vehicle
locating and (b) shows windshield locating result of a single detected vehicle; the
highlighted area surrounded by red dashes in (c) is the license plate detection (LPD)
interest region determined by the windshield; (d) blue bounding box in the brightened
area shows the LPD result. (Color figure online)

Windshield Corner Detection. As for corner detection, we use HOG features
[5] along with the SVM classifiers. Before detection, the vehicles found in Sect. 3.1
are all normalized such that each has a diagonal length of 500 pixels. In the
training phase, we calculate the HOG features for the four corners respectively.
Each HOG feature is extracted from a 64 × 64 pixel patch centered on the
corresponding corner. Four linear SVM classifiers are trained separately for each
corner.

For each test image, a 64 × 64 pixel window is slided across the image for
feature extraction with horizontal and vertical step 8 pixels. Four voting maps
are generated according to the SVM responses. Voting values in all the four maps
are normalized to [0, 1]. Local maximums of each map are recorded, along with
their voting values, as candidates for the corresponding corner.

Windshield Detection with Geometric Constraint. In Fig. 3(a), the
quadrilateral represents the windshield. Each of its vertex Vi, i = 1, 2, 3, 4
has Ni feasible states. A feasible state for vertex Vi is recorded by Candm

i =
(xm

i , ym
i ), m = 1, · · · , Ni. With the description, the localization task is then

Fig. 3. The quadrilateral representing the windshield; (b) the vectors utilized in edge
energy calculation.



130 Y. Su et al.

reduced to select proper states for each vertex to maximize the total energy E
of this quadrilateral,

E =
4∑

i=1

αiφi(Candi) +
4∑

i=1

βiψi,j(Candi, Candj) (1)

where αi and βi are coefficients, and energy of a vertex or a pairwise term is
denoted by φi and ψij respectively. We number the vertexes of the quadrilateral
in a counter-clockwise way. When i ∈ {1, 2, 3}, the pariwise term ψi,j is ψi,i+1;
when for i = 4, the term becomes to ψ4,1. For clarity, we unify the representation
of pairwise term as ψi,i+1. Next, we define φi as follows.

φi(Candm
i ) = pm

i (2)

where Candm
i is the mth feasible state of vertex Vi, with pm

i the voting value
which has been normalized in Sect. 3.2.1.

The pairwise term is defined in Eq. 3, whose domain is [−∞, 1].

ψi,i+1 = 1 − γrad
i drad

i − γtan
i dtan

i − γscale
i dscale

i (3)

This term measures the geometric distortion between the vertexes. As shown
in Fig. 3(b), we record the geometric priori for the adjacent pair of vertexes as−−→
Eref

i . Given the candidate Candm
i and Candn

i+1, the relative position between
them is recorded by

−→
Ei. The difference between the candidate pair and the prior

is then calculated by,
−→
Di =

−→
Ei −

−−→
Eref

i (4)

However, using
−→
Di as the difference is not robust to the deformation. Experi-

ments show that the deformation along the direction of
−−→
Eref

i is different from that

tangent to
−−→
Eref

i . Thus, the difference is decomposed with respect to
−−→
Eref

i , result-

ing in the radial component
−−−→
Drad

i and tangential one
−−−→
Dtan

i . With the decompo-
sition, all the 3 terms in Eq. 3 are defined as follows.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

drad
i =

⎛
⎝

∥
∥
∥
∥

−−−→
Drad

i

∥
∥
∥
∥

σrad

∥
∥
∥
∥

−−−→
Eref

i

∥
∥
∥
∥

⎞
⎠

2

, i = 1, 2, 3, 4

dtan
i =

⎛
⎝

∥
∥
∥
∥

−−−→
Dtan

i

∥
∥
∥
∥

σtan

∥
∥
∥
∥

−−−→
Eref

i

∥
∥
∥
∥

⎞
⎠

2

, i = 1, 2, 3, 4

dscale
i =

⎛
⎝
∥
∥
∥
−→
Di

∥
∥
∥

∥
∥
∥
∥

−−−→
Eref

i

∥
∥
∥
∥

−
∥
∥
∥
−−−→
Di−1

∥
∥
∥

∥
∥
∥
∥

−−−→
Eref

i−1

∥
∥
∥
∥

⎞
⎠

2

, i = 2, 3, 4

(5)

where σtan is often much less than σtan, which restricts the deformation in radial
direction more strictly than that along the tangential direction. The term dscale

i
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is introduced for scale consistency. Theoretically speaking, a greater γscale
i in

Eq. 3 results in a windshield resembling the referenced one.
Furthermore, some geometrical constraints are tested for

−→
Ei = (

−−→
Ei,x,

−−→
Ei,y). If

the metric fails the test, ∞ is assigned to the corresponding pairwise term. For
example,

−−→
E1,y should be positive, since V2 represents the lower-left corner and

it should be geometrically below V1, which represents the upper-left corner.
With all the definitions introduced, we propose a method based on Viterbi

Algorithm to optimize the windshield of greatest energy. The procedure is
sketched in the pseudo-code in Fig. 4.

Fig. 4. Algorithm for windshield detection with geometric constraint

The output is the most probable combination of corner positions for the
windshield. Figure 2(b) shows an example of windshield localization result.

3.3 License plate

As for license plate, the precise vehicle scale and knowledge of the plain back-
ground are two critical requirements of the LPD method [1,11]. Since the wind-
shield is located, the requirements can be easily satisfied. Width of the windshield
provides a precise estimation of license plate size, while the area below the wind-
shield becomes the interest area for license plate locating (see Fig. 2(c)). For this
reason, this simple rapid method yields much better and more robust results.

4 Similarity Checking

The foregoing work has figured out the positions of some important components
of a vehicle. Based on these regions, a similarity measure between each testing
vehicle and the queried one is calculated. It is comprised of two components, one
for the type checking and the other for the color. With the metric, we further
prune the majority of the testing vehicles.
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Fig. 5. The geometric configuration for type checking and color matching.

4.1 Type Checking

We employ exactly the same algorithm in [11] to match the vehicle type. As
shown in Fig. 5, the attentional region of vehicle type matching is set around
the license plate, in terms of plate width wp. Among the extraction approaches
examined, we choose the Local Normalized Gradients,

(
gDN

x , gDN
y

)
=

⎛
⎝ sx√

s2x + s2y

,
sy√

s2x + s2y

⎞
⎠ (6)

where sx, sy are response of Sobel edge detection along x and y direction respec-
tively.

Difference between a testing instance and the queried instance is accumulated
pixel by pixel, and then it is as the distance. A smaller difference value indicates
that the test instance is more likely to be the queried instance.

4.2 Color Matching

As mentioned before, engine hood is the main part of the interest region. Let
he denotes the height between the lower base of windshield and the bottom of
vehicle (here we use the bottom of type matching interest region). Given ww

the width of the windshield, the interest region for color matching is then set to
3
2we × ww, as shown in Fig. 5. At the same time, this region is partitioned for
incorporating the spatial information. The sub-part in the region that contains
richer color information is intuitively more important and thus assigned higher
weight.

For each sub-part, color histogram is extracted for vehicle retrieval. In the
RGB color space, we discretize each color channel into Nc bins and let Br,g,b

denote the bin whose center are r, g and b respectively.
In this way, chromatic and spatial information of all pixels is collected into

a histogram. The histogram is then normalized. In the experiments, we evenly
divide the region of interest as shown in Fig. 5 into 3×3 blocks, as we can see in
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Fig. 4(c). We set Nc = 8, which means one block is represented by a vector of 83

elements. There are many metrics for comparing two histograms, e.g. Euclidean
distance, Mahalanobis distance, etc. Among these, we finally select Earth Movers
Distance (EMD)[11]. Its mathematical form is defined as below:

dcolor =
∑9

1 wiEMD(Blktesting
i ,Blkretrieval

i )∑9
i=1 wi

(7)

Apparently, the engine hood area contains richer chromatic information than
the part of windshield, wherefore we put more weight on the blocks in the second
and the third row. Weights for the final matching is given by Eq. 8.

W = [1 1 1; 4 4 4; 2 2 2] (8)

When for the EMD distance, a similarity metric is introduced as recom-
mended in [7]. The matrix D, which determines the ground distance between
two chromatic bins, is defined in Eq. 9.

D(Br1,g1,b1 , Br2,g2,b2) = |r1 − r2| + |g1 − g2| + |b1 − b2| (9)

Similar to the type distance defined in the previous section, a testing image
with more similar color distribution gets a smaller color distance to the querying
instance.

5 Experimental Evaluation

5.1 Datasets

We separate the dataset into training and testing ones. Images in the dataset
are all taken in the natural on-road traffic scenes. The training set is prepared
for the windshield locating (Sect. 3.2) while all experiments are conducted in the
testing one. Summary information is listed in Table 1.

5.2 Experimental Results

Results of Separate Matching Methods. We present separately here results
of the 2 matching methods. We choose 4 vehicles with different colors and types
as demonstration (see Fig. 6(a)) and a ranking measure is applied, as shown in
Tables 2 and 3.

Table 1. Summary info of the datasets

Training set Testing set

Number of images 740 913

Number of instances 923 990
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Table 2. Ranking of color matching results

Positive matching First 30 First 50 First 100 Last 100

Vehicle 1 30 50 100 0

Vehicle 2 30 50 86 0

Vehicle 3 30 50 97 0

Vehicle 4 28 35 44 0

Table 3. Ranking of type matching results

Positive matching First 30 First 50 First 100 Last 100

Vehicle 1 30 50 97 3

Vehicle 2 28 45 89 5

Vehicle 3 26 43 89 3

Vehicle 4 27 43 89 3

Fig. 6. Examples of cascade matching results. (a) Shows the 4 instances we have
chosen, and (b) Shows respectively the first 3 matched vehicles.

The Influence of Cascade Structure. The two matching methods are then
combined together. After filtered by color matching, the preserved vehicles pass
through type matching process. In the experiments, we preserve the first 100
vehicles matched in color matching, and then put them into the type filter. The
final results are similar to the instances both in color and type. Some of the
results are shown in Fig. 6(b).
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6 Conclusion

The proposed cascade structure completes well the vehicle retrieval task. Images
were correctly trimmed in every phase and the final results show great rele-
vance to the given instance. When integrated, different locating and matching
methods can share results, which not only improves the precision but also saves
computational time. In our future work, videos will be used, which means motion
information can contribute to the task.
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Abstract. Most approaches for product counterfeit detection are based
on identification using some unique marks or properties implemented
into each single product or its package. In this paper we investigate a
classification approach involving existing packaging only in order to avoid
higher production costs involved with marking each individual product.
To detect counterfeit packages, images of the package’s interior show-
ing the plain structure of the paperboard are captured. Using various
texture features and SVM classification we are able to distinguish drug
packages coming from different manufacturers and also forged packages
with high accuracy while a distinction between single packages of the
same manufacturer is not possible.

Keywords: Drug counterfeit detection · Paper structure classification ·
Texture classification

1 Introduction

Counterfeit products are a serious world wide issue affecting all industries. A
recent OECD study [13] reports that in 2013 about 2.5 % of the world wide
traded products were faked ones. For the European Union (EU) a remarkably
higher value of 5 % for faked and imported products is reported.

In case of medical products counterfeit medicines and drugs lead to an eco-
nomic loss and are all the worse a threat for the health of the consumers and
patients. The International Medical Products Taskforce (IMPACT) of the World
Health Organization (WHO) estimated a share of 1 % of faked products in the
developed countries and 10 to 30 % in many developing countries [16]. Conse-
quently, medical product authentication is becoming increasingly important. On
European level the Falsified Medicines Directive (FMD) 2011/62/EU should be
implemented until 2018. The overall aim is to improve patient safety stipulating
an efficient anti-counterfighting system. Unique identifiers (2D barcodes) will be
used to track and authenticate each medical package along the supply chain.
A central repository system is required to enable authentication of each pack-
age. Such a system will not be available in developing countries. Furthermore,
it suffers costs and is exposed to getting compromised by the forgers.
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 136–146, 2016.
DOI: 10.1007/978-3-319-48896-7 14
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Another approach to verify the originality of a product is to use intrinsic
features visible on the packaging or the product itself. For this work we focus on
authentication of a medical product using intrinsic features from the packaging
surface. Literature in this field relates to package fingerprinting based on the
theory of physically uncloneable functions (PUFs). Paper PUFs use the fiber
structure of paper as physical/intrinsic characteristic. The approaches presented
in [1,3,10] show that the micro-structure in a certain region of a paper or package
material is discriminative enough to identify it. Detailed investigations on paper
identification, using a public available microstructure dataset [18], are presented
in [4,5]. In [5] the authors explore the applicability of two approaches to over-
come geometric distortions. The same approaches and a hybrid one are used to
investigate package identification using mobile phones in [4]. Furthermore, in [6]
a new feature descriptor for micro-structure identification using mobile phones
is introduced. By comparing the performances for different PUFs the results in
[20] indicate that the approach by [3] outperforms the approaches by [4,5,18] but
it requires a commodity scanner. Thus, in [19] the authors showed that mobile
devices and the camera built-in flash lights can also be used to capture images
as required for [3].

As shown, research exclusively deals with identification of paper or packages.
To the best of our knowledge no works which consider paper or package classifica-
tion have been presented so far. Like in the work of [17] we assume that the fibre
structure pattern of the packaging material is suited for classification, i.e. for a
certain medical product the packaging fibre structure shows constant features.
If so, one step for checking the authenticity of a medical product could be to
assess if the packaging material is the same as used for the original product. To
answer this question, we perform a preliminary study for nine different medical
products from three different manufacturers and some forged packages for one
medical product. The results of this work enable to draw conclusions which are a
first step towards medical product authentication using the packaging material.

Section 2 introduces the basic concept of paper classification. The experimen-
tal setup and the data set acquisition are described in Sect. 3. Our experimen-
tal results together with a discussion of these results can be found in Sect. 4.
Section 5 concludes this paper.

2 Paper Texture Classification

This section describes our proposed approach using paper texture classification
for package counterfeit detection. The general procedure is the following: At first
an image of the interior of the package is taken and several patches are extracted
from random positions in the image. These patches are then preprocessed. After-
wards different features are extracted from the preprocessed patches. Based on
these features a classifier returns a decision predicting the class a questioned
image is belonging to (by utilizing a pre-trained SVM). The steps are explained
in the following.
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2.1 Image Acquisition

Several images of the package’s interior are captured at different positions. For
the image acquisition a Canon 70D (100 mm lens and flash light), mounted on a
tripod, was utilized. The flashlight was placed besides the package. The camera
is set to the smallest possible distance from the package (about 30 cm) trying
to capture as most as possible of the paper’s fibre-structure. An image of the
acquisition setup can be seen in Fig. 1 together with an acquired image from the
interior of a sample package.

Fig. 1. Set-up for image acquisition of the fiber structure on the inside of a drug
package (left) and acquired image sample (right).

2.2 Preprocessing

During preprocessing of the images a contrast limited adaptive histogram equal-
ization (CLAHE) [21] is applied in order to improve contrast and enhance the
paper structure. After this contrast enhancement all images are converted to
grayscale and several patches are extracted from random positions in the images
to reduce the computational effort and increase the amount of data that can
be extracted from each package. Figure 2 shows the paper structure of different
packages extracted from the random patches after preprocessing.

Fig. 2. Example preprocessed image patches

2.3 Feature Extraction Techniques

All techniques tested in this work are usually used for texture classification,
image tampering detection and printer/paper identification and are applied on
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the preprocessed images taken from the inside of the package. The techniques
utilized in this work are briefly described in the following list, further information
on the single techniques can be found in the corresponding papers.

– Histogram
Gray-level histogram of all pixels as the extracted feature.

– LBP: Local Binary Patterns
The local binary patterns (LBP) by Ojala et al. [14] observe the variations of
pixels in a local neighbourhood and are represented in a histogram.

– DMD: Dense Micro-block Difference
Texture classification approach by Metha et al. [9] which captures the local
structure from the image patches at high scales, but instead of the pixels small
blocks which capture the micro-structure of the image are processed.

– RI-LPQ: Rotation-Invariant Local Phase Quantization
The rotation-invariant local phase quantization (RI-LPQ) by Ojansivu et al.
[15] consists of two stages: Estimation of the local characteristic orientation
for a given image patch and directed descriptor extraction.

– Dense SIFT: Dense Scale Invariant Feature Transform
Lowe [8] proposed a technique used in object recognition which is commonly
known as scale invariant feature transform (SIFT). This technique is invari-
ant to image scale and rotation and robust against various affine distortions,
addition of noise, illumination changes and changes of the viewpoint.

– GLCM: Gray-level Co-occurence Matrix
Mikkilineni et al. proposed to use gray-level co-occurence features for printer
identification in [11]. The features model the spatial relationships among the
pixels of an image to represent its texture information.

– WP: Weber Pattern
In [12] Muhammad proposed a multi-scale local texture descriptor which was
applied as part of an image forgery framework.

– BSIF: Binarized Statistical Image Features
The Binarized Statistical Image Features (BSIF) proposed by Kannala et al.
in [7] rely on pre-computed local image descriptors which efficiently encode
texture information.

– LSB+JD: Least Significant Bitplane + Jaccard Distance
Extraction of the images least significant bitplane (LSB-plane) and calculate
the Jaccard distance between the LSB-planes of two images.

2.4 Classification Approach

The features extracted with the techniques described in the previous section are
used to classify the images of the various kinds of drug packages.

The classifier is designed according to the improved Fisher vector (IFV) SVM
classifier in [2]. The features are soft-quantized using a Gaussian mixture model
(GMM), decorrelated and dimensionality reduced by PCA to obtain a Fisher
vector (FV) encoding. A pre-trained linear SVM is then used to classify the IFV
encoded features. The SVM is trained using a subset of the package’s images
which is subsequently not used for the testing (evaluation) step.
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3 Experimental Settings

The following section describes the dataset used in this work, which contains
images showing the paper structure of different forged and original drug pack-
ages. Furthermore a description of the two different dataset splits and our eval-
uation methodology to avoid overlapping between training and testing data is
given.

3.1 Dataset

Unfortunately, only a limited number of drug packages was available for our
work. In particular we have packages of 9 different kinds of drugs from 3 different
manufacturers denoted by A, B and C.

For all 9 kinds of drugs we have genuine packages and for 2 of them we also
have forged packages. The forged packages for the Levitra drug (ID 1) are real
counterfeits confiscated by customs, while the forged packages for the Neradin
drug (ID 8) have been purpose-made by the manufacturer of the drug.

Table 1 lists the number of genuine and forged packages for each kind of drug
(ID 1...9). We acquired 10 to 20 slightly shifted and overlapping images from each
of the packages’ interiors from which 5 patches of 512× 512 pixels are extracted
at random position within each image. The extracted patches correspond to a
section of approximately 4.1 × 4.1 mm, or 16.81 mm2, of the package. From this
data we generated two distinct data sets to analyze two different issues using
the paper structure of the packages:

1. Is it possible to distinguish different packages of the same manufacturer?
2. Is it possible to distinguish packages of different manufacturers?

The first data set, SMDP (Same Manufacturer Different Packages), con-
tains images from packages of the same manufacturer, which correspond to the

Table 1. Number of genuine (G) and forged (F) packages in the data set with drug
name, corresponding ID and manufacturer (MF).

ID Name # G # F MF

1 Levitra 3 4 A

2 Kijimea Reizdarm 2 0 B

3 Kijimea Immun 1 0 B

4 Kijimea Derma 2 0 B

5 Narumed 3 0 B

6 Deseo 4 0 B

7 Signasol 2 0 B

8 Neradin 4 2 B

9 Unistop 2 0 C
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manufacturer B in Table 1. We only considered packages of this manufacturer
since it is the only one from which we had more than one different type of drug
package.

The second data set, FGDM (Forged and Genuine Different Manufacturers),
contains images from all the packages, genuine and forged, from all manufactur-
ers in Table 1.

3.2 Evaluation Methodology

To investigate the two questions of Sect. 3.1, we split the evaluation according
to the two data sets SMDP and FGDM.

For the SMDP data set, where we want to find out if it is possible to dis-
tinguish between different types of drug packages from the same manufacturer,
images having the same drug ID are defined as corresponding to the same class.
A class thus can contain images from different packages of the same drug. Forged
and genuine packages are furthermore split into different classes. This yields 8
different classes, because we have 7 different types of drug packages for manu-
facturer B and for one drug we also have 2 packages, which have been forged by
the manufacturer.

To find out if it is possible to distinguish packages of different manufacturers
(FGDM data set), images having the same manufacturer ID are defined as cor-
responding to the same class. Forged and genuine packages are again split into
different classes for the Levitra drug produced by manufacturer A, but not for
the Neradin drug of manufactuer B because these forgeries have been produced
by the manufacturer and use the same material as the genuine packages. The
different classes for the SMDP and FGDM data set are summarized in Table 2.

Table 2. Evaluation classes and corresponding IDs with number of packages

Name # Packages SMDP Class ID FGDM Class ID

Levitra forged 4 - 1

Levitra genuine 3 - 2

Kijimea Reizdarm genuine 2 1 3

Kijimea Immun genuine 1 2 3

Kijimea Derma genuine 2 3 3

Narumed genuine 3 4 3

Deseo genuine 4 5 3

Signasol genuine 2 6 3

Neradin forged 2 7 3

Neradin genuine 4 8 3

Unistop genuine 2 - 4
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The acquired images of the drug packages are slightly overlapping, this might
lead to patches of the same image belonging to both, the training and the testing
subset. Hence we used leave one package out (LOPO) for the selection of the
training and testing images/patches: Training is done with randomly selected
patches from all images except the images from one specific package. The patches
for the testing subset are then randomly selected only out of images from this
package. If there is only a single package in a class, like for the class with ID
2 in the case of the SMDP data set, the patches for this class are only used to
train the classifier. Thus, no intra-class comparisons for this class exist and the
average precision is not calculated and shown as 0 in the plots. By using the
LOPO approach for the evaluation, the slight overlap of images from the same
package does not introduce any bias to the results.

4 Experimental Results

This section presents the results of the conducted experiments and the con-
clusions made from those. We analysed the two cases, at first the separation
according to manufacturer (FGDM) and second the separation of packages all
from the same manufacturer (SMDP).

Table 3 lists the mean accuracies (mAcc) and mean average precisions (mAP)
for both cases. The mean accuracy corresponds to the mean of the values of the
confusion matrix diagonal. It can be seen that for FGDM the results for Dens-
eSIFT and DMD are close to 100 % meaning that almost a perfect classification
of the paper and thus the manufacturer is possible. Consequently, the true forg-
eries (corresponding to class 1) can be seperated from the other classes well.

Some example confusion matrices using a heat map for selected feature types
(DMD, DenseSIFT and GLCM) can be seen in Figs. 3 and 5 for the FGDM and
SMDP case, respectively. The numbers on the axes denote the classes according

Table 3. Mean accuracies (mAcc) and mean average precisions (mAP)

Data set FGDM SMDP

Method mAcc mAP mAcc mAP

BSIF 0.428 0.403 0.138 0.171

DMD 0.97 1 0.328 0.423

DenseSIFT 0.91 1 0.37 0.476

GLCM 0.953 0.964 0.14 0.18

Histogram 0.603 0.662 0.145 0.176

LBP 0.758 0.863 0.265 0.272

LSB 0.71 0.818 0.113 0.182

RI-LPQ 0.842 0.888 0.158 0.226

WP 0.861 0.896 0.158 0.197
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Fig. 3. Confusion matrix for DMD, DenseSIFT and GLCM in the FGDM case

Fig. 4. Average precision for DMD, DenseSIFT and GLCM in the FGDM case

Fig. 5. Confusion matrix for DMD, DenseSIFT and GLCM in the SMDP case

to Table 2, which shows the correspondence of the class labels to the drug pack-
ages. Figures 4 and 6 show the corresponding average precision plots for FGDM
and SMDP, respectively. These confirm that the recognition works well if the
split is done according to different manufacturers and does not work if the split
is done according to different drugs all from the same manufacturer.

We do not have any information about which kind of paper is used for the dif-
ferent drug packages. But the experimental results suggest (distinction between
different types of drugs from the same manufacturer was not possible) that one
manufacturer uses the same kind of paper and the same printing facility/printing
process for his drug packages. As long as the forgers do not have access to the
same kind of printing facility the genuine manufacturers utilizes, drug counterfeit
detection is feasible using our proposed approach.
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Fig. 6. Average precision for DMD, DenseSIFT and GLCM in the SMDP case

5 Conclusion

In this paper we investigated whether counterfeit drug package detection using
texture classification based on the intrinsic paper texture is possible. The avail-
able data was split to investigate two different issues.

In the SMDP case (same manufacturer) a distinction between single pack-
ages of the same manufacturer was not possible. We concluded that this is not
possible because all packages have very likely been produced using the same
manufacturing process and therefore share a very similar paper structure.

In the FGDM case (different manufacturers) it was indeed possible to classify
different genuine and forged packages with high accuracy. This indicates that it
is possible to identify counterfeit packages not produced by the original manu-
facturer, since they are most likely being produced in a different manufacturing
facility and hence do not share a similar paper structure. The class containing
the forged packages and the classes containing genuine packages could all be
clearly separated in this case.

This promising results however have to be taken with a grain of salt because of
the small data set size and the availability of only a few real counterfeit packages.
Hence the first step of our future work is the acquisition of more test data, i.e. a
higher number of distinct types of drug packages and even more important more
counterfeit and genuine packages of the same type of drug. In addition we want
to acquire further information about the printing and manufacturing process of
the packages.
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Abstract. Multihoming for a video Content Delivery Network (CDN)
allows edge peering servers to deliver video chunks through different
Internet Service Providers (ISPs), to achieve an improved quality of ser-
vice (QoS) for video streaming users. However, since traditional strate-
gies for a multihoming video CDN are simply designed according to static
rules, e.g., simply sending traffic via a ISP which is the same as the ISP of
client, they fail to dynamically allocate resources among different ISPs
over time. In this paper, we perform measurement studies to demon-
strate that such static allocation mechanism is inefficient to make full
utilization of multiple ISPs’ resources. To address this problem, we pro-
pose a dynamic flow scheduling strategy for multihoming video CDN. The
challenge is to find the control parameters that can guide the ISP selec-
tion when performing flow scheduling. Using a data-driven approach, we
find factors that have a major impact on the performance improvement
in the dynamic flow scheduling. We further utilize an information gain
approach to generate parameter combinations that can be used to guide
the flow scheduling, i.e., to determine the ISP each request should be
responded by. Our evaluation results demonstrate that our design effec-
tively performs the flow scheduling. In particular, our design yields near
optimal performance in a simulation of real-world multihoming setup.

1 Introduction

Content Delivery Networks (CDNs) have been massively used by video service
providers to deliver video chunks using the geo-distributed servers. In such video
CDNs, multihoming, that allows one edge peering server to deliver video chunks
through networks of different Internet Service Providers (ISPs) to different users
(referred to as flow scheduling in this paper), has become a promising way
to improve the quality of services (QoS) for data-intensive video delivery, e.g.,
improving the service availability [12].
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Fig. 1. A simple case to illustrate the inefficiency of rule-based strategy.

In multihoming CDNs, traditional approaches schedule flows using static
rule-based strategies, e.g., a user is scheduled to receive data from the CDN
server’s outgoing ISP which is the same ISP as the user’s ISP (referred to as
same ISP-based strategy) [1,6]. Such static rule-based strategies fail to make
full use of network resources that are dynamically changing over time and across
locations [3,8]. Figure 1 is a simple case that illustrates this inefficiency. In this
case, a CDN edge site, multihomed to 2 ISPs, delivers videos with the same
ISP-based strategy. Thus even when the path “CDN network (ISP A) → Client
network (ISP A)” has congestions, the peering server still delivers the contents
along this congested path ignoring a better choice “CDN network (ISP B) →
Client network (ISP A)”.

Thus it is intriguing to study dynamic strategies for flow scheduling in mul-
tihoming video CDNs. In this paper, we carry out measurement and strategy
designs to answer the following questions: (a) How much gain can we achieve
from the dynamical flow scheduling strategy compared to a static one in multi-
homing video CDN? (b) Which factors will influence the performance gain? And
(c) how can we design strategies that can be used by today’s CDNs to achieve
such performance gain?

To answer questions (a) and (b), we use both real-world and simulation exper-
iments to verify the advantages of using dynamical strategies to allocate network
resources, and investigate the network factors which affect the performance of
dynamical flow scheduling, e.g., the hops between the server and clients. For
question (c), based on the measurement insights, we select a set of parame-
ters, and these parameters can be used by video CDN providers to actively
and dynamically control which flow will go through which ISP’s network from a
peering server at a given time.

Our contributions are summarized as follows:
� We conduct extensive real-world and simulation experiments to confirm the

fact that dynamical flow scheduling significantly outperforms conventional static
strategies in multihoming CDNs, i.e., in the controlled simulation experiments,
we observe that the throughput of dynamical strategy can even be 2x higher
than the static strategy.

� We further identify the parameters that affect the performance gain by
observing and comparing network information under all possible flow schedule
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strategies, and find the most influential parameters are link coverage, overlap
and the total bandwidth of bottlenecks.

� We design a local selection scheme using a combination of parameters, to
determine which flow goes through which ISP’s network. Our evaluation verify
the effectiveness of our design, yielding near optimal performance (up to 90% of
the optimal gain) in most of scenarios under the real-world multihoming simu-
lation.

The rest of this paper is organized as follows. Sect. 2 discusses the related
works. Sect. 3 gives some key definitions in this paper. In Sect. 4, we carry
out real-world measurements to confirm that dynamic flow scheduling is a must
in today’s multihoming CDN. In Sect. 5 we investigate the factors that affect
the performance gain of dynamic flow scheduling. In Sect. 6, we design a local
selection scheme to schedule flows and evaluate our design in Sect. 7. We conclude
the paper in Sect. 8.

2 Related Works

Video content constitutes a dominant fraction of online entertainment traffic
today. There are abundant techniques [11,15] used in the content-distribution
systems. To this end, multihoming has becoming the mainstream solution for
CDN providers to improve the service reliability and performance. In this multi-
homing CDN context, rule-based strategies have been used to schedule flows in
a static way due to the charge between ISPs or other commercial polices [1,6].
However, according to Akella et al.’s study [2,3], strategical scheduling traffic
across the ISPs can improve performance by 25%. And Valancius et al. [14]
claim that an online service provider can provide tangible improvement (4.3%)
over the state of the art by controlling both the selection of CDN sites and the
multiple ISPs between the clients and their associated CDN sites.

As multihoming is a promising approach to enhance the performance of con-
tent delivery, some existing works explore the problem of dynamic flow schedul-
ing. Akella et al. [2] choose the outgoing ISP with the least round-trip time
(RTT), and propose a method to reduce the ping probes in the link-performance
monitoring process of the route optimization. Goldenberg et al. [7,9] develop
algorithms for optimizing both cost and RTT for multihomed networks.

These existing studies are not suitable for the CDN of data-intensive video
streaming, which pays more attention to high throughput. How to design a more
practical strategy to schedule flows for a video peering server is still a challenging
problem. In this paper, we study parameters that can be used in real-world flow
scheduling for multihoming video CDNs.

3 Key Definitions

Before we present the experiments to motivate the dynamic flow scheduling in
multihoming CDN, we define three important terms used in this paper.
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� Multihoming ISP and client network. F denotes the set of ISPs to
which the peering server multihomed. f ∈ F . C denotes the set of client networks.
c ∈ C.

� Flow schedule strategy. We define the flow schedule strategy as an
outgoing ISP vector. Let k denote a flow scheduling strategy. k = (f1, f2, ..., fC|),
where fi ∈ F indicates the outgoing ISP selected for the ith client network. To
explore the optimal performance gain of flow scheduling, we assume the CDN
peering server can enumerate all possible flow strategies. The number of flow
scheduling strategies is |F||C|.

� Performance gain. On account of the characteristic of video streaming,
we focus on the evaluation of the throughput improvement achieved by dynamic
flow scheduling. And the performance gain is defined as the maximal through-
put achieved within all of the flow scheduling strategies divide the throughput
achieved by a static flow schedule strategy.

4 Motivation: Real-World Experiments

In this section, we carry out real-world experiments to assess the performance
gain of dynamic scheduling in multihoming CDN. We deploy 2 peering severs
in a Internet Data Center (IDC) site of Cycomm, a commercial IDC provider
in China, to simulate a 2-multihomed CDN server. These 2 peering servers are
connected to the ISP China-Unicom (labeled as ISP A) and the ISP China-
Telecom (labeled as ISP B) respectively. We have 2 client networks, i.e., Tsinghua
campus network (labeled as Client Network 1) and an ADSL network (labeled as
Client Network 2). All of the server and client networks are deployed in Beijing.
As illustrated in Fig. 2(a), The flow schedule then has the following strategies,
(A,A), (A,B), (B,A) and (B,B). For example, (A,B) represents that the server
delivers chunks to Client network 1 using ISP A and delivers chunks to Client
network 2 using ISP B. We carry out experiments for 14 days. Every 15 min,
all clients concurrently download video chunks whose size varies from several
megabytes to tens of megabytes from the peering server using 4 strategies in
turns, and we record the download speed of each strategy.

Fig. 2. Real-world experiment with controlled clients.
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Based on the traces recorded for the two controlled client networks, we plot
the performance gain over three days in Fig. 2(b). The performance gain is that
the maximal throughput achieved among all of the four strategies divides the
throughput achieved by a static flow schedule strategy (always using (A,B) in
our calculation). Our observations are as follows: (1) The best flow schedule
strategy in multihoming CDN can significantly improve the throughput to both
client networks (up to 2x); (2) The performance gain is varying over time fol-
lowing a daily pattern, and large gain is achieved during busy hours (daytime).

Furthermore, we investigate which strategies achieve the largest throughput
over time. As illustrated in Fig. 2(c), we plot the best strategies for each time
slot (15 min). We observe that the best strategy varies significantly over time
and may be different in consecutive time slots, which indicates that in a real-
world network condition, multihoming CDN needs to schedule flows in a dynamic
manner by adjusting outgoing ISPs.

5 Performance Gain in Multihoming Video CDN

In this section, we analysis the performance gain of flow scheduling in differ-
ent scenarios. We perform the controlled simulations to study the factors that
intrinsically affect the the performance gain in multihoming CDN.

5.1 Simulation Settings

� Network Topology. Our simulation experiments are based on two types of
network topologies: (1) Generated topologies. We use BRITE [13], a topology
generation tools, to create different network topologies with the algorithms Wax-
man (a flat topology model) and Transit-Stub (referred to as TS, a hierarchical
topology model); (2) Real-world topologies. We use four public datasets of net-
work topologies (referred to as Real 1, Real 2, Real 3 and Real 4), from Route
Views Project and Caida Website1 in our experiments.

� Network Link Capacity. Due to the distribution of the link capacity
is hard to know [16], we set the link capacities in the network following the
heavy-tailed distribution ranging from 1 Gbps to 50 Gbps.

� In-network Routing. Conventional OSPF strategy is used to routing
the packets between other nodes in our experiments, and the each link costs is
setted as 108/Bandwidth, following the default configuration of Cisco2.

� Multihoming CDN Settings. 500 different topologies are generated
for the same configuration (i.e., topology structure, client request, etc.) in our
experiments. For each topology, we randomly choose one node which has three
edges as the 3-multihoming CDN peering server, i.e., |F| = 3 and F = {A,B,C},
and 5 other nodes as client nodes (a client node represents a client networks in the

1 http://www.routeviews.org/; http://www.caida.org/.
2 http://www.cisco.com/c/en/us/support/docs/ip/open-shortest-path-first-ospf/

7039-1.html.

http://www.routeviews.org/
http://www.caida.org/
http://www.cisco.com/c/en/us/support/docs/ip/open-shortest-path-first-ospf/7039-1.html
http://www.cisco.com/c/en/us/support/docs/ip/open-shortest-path-first-ospf/7039-1.html
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simulation), i.e., |C| = 5 and we set the static flow strategy k as (A,A,B,B,C)
for each topology simulation.

� Throughput Calculation under a Flow Scheduling Strategy. Given
a topology with CDN servers and multiple client networks, we can calculate the
server throughput of any flow scheduling strategy by formulating this question
as a traffic engineering problem in [4], constrained by the capacities of links in
the network and the bandwidth requirement of each client.

Note that we carry out other experiment with different setting and the results
exhibit similar patterns, thus we only present the results of the simulation set-
tings above in this paper due to page limitation.

5.2 What Influences the Performance Gain

We present the impact of different network topologies on the performance gain
in Table 1. The client demands are set unconstrained (from 0 to ∞) to learn
the maximum throughput we can get from the network. In this table, we denote
the number of nodes as N , the number of links as M , and the minimal hop
distance between the server and clients as H. This table shows the significant
improvements ranging from 17% to 56%.

Next, we control three factors which characterize the network topology and
reflects the dynamics of the network, to examine their influence on the perfor-
mance gain of dynamic flow scheduling. Our observation and analysis are as
follows.

More hops between server and clients lead to lower performance gain.
BRITE allows us to generate topologies with different scales, i.e., different num-
ber of nodes and links between them. When the topology scales varying from
600 nodes to 100, 000 nodes, the number of hops between a server and client
networks is varying from 3 to 12. In Fig. 3(a), we observe a general trend that
a larger number of hops between clients and a server leads to a smaller perfor-
mance gain, i.e., the performance gain drops by around 10% when the number
of hops increases from 3 to 10.

Larger average node degree leads to lower performance gain. In
Fig. 3(b), we plot the performance gain against the average node degrees, using

Table 1. Factors of network topology that affect performance gain in flow schedule.

Dataset N M H Performance gain (%)

Waxman 1000 2000 8 136.6

TS1 3000 6020 17 117.30

Real 1 22963 48436 8 131.96

Real 2 190920 607616 15 128.12

Real 3 54 58 6 156.55

Real 4 135 338 4 118.47
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Fig. 3. Factors of network topology structure and network dynamics that affect per-
formance gain in multihoming flow scheduling.

topologies both generated and from real-world. We observe that the performance
gain is usually smaller in topologies with a larger number of degrees. For exam-
ple, the performance gain decreases by 20% when the number of average degrees
increases from 2 to 7.

Higher background load in the network leads to higher performance
gain. We set the average background traffic in each hour based on the realword
network workload as showed in Fig. 3(c). When the average background traffic
increases, the performance gain improves, which indicates that the dynamic flow
schedule can potentially make full use of the available capacity in a network
topology.

6 Dynamical Flow Scheduling in Multihoming
Video CDN

In this section, we design a local selection scheme to schedule flows from a
multihoming CDN server to client networks. Firstly, we using an information
gain approach to discover a set of parameters that have the most important
impact on server throughput. Secondly, we present our local heuristic strategy,
i.e., form a parameter combination to choose the outgoing ISP, which maximizes
the information gain, so as to eventually improve the server throughput.

Next, we present the details of our design.

6.1 Parameter Selection Based on Measurement Insights

Based on our previous experiments and analysis in Sect. 5, we study the path
characteristics between the server and clients, and design the following parame-
ters for the flow scheduling. We define TOPOk as the set of links and nodes (e.g.,
routers) in the network topology that are involved in a flow scheduling strategy
k. The parameters below are calculated from TOPOk.

� Parameters of Network Topology. The parameters of a network topol-
ogy are as follows, which can be collected by the server using network measure-
ment tools like Traceroute: (1) Pk: the sum of links in all routing paths from the
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Fig. 4. Strategy k = (A,C,C).

Table 2. Mutual information gain between
throughput and parameters.

Metric Waxman TS Real 1

Ek 0.305 0.653 0.289

Pk 0.195 0.541 0.254

Ok 0.337 0.612 0.340

Bk 0.228 0.412 0.296

Wk 0.753 0.986 0.945

BL1 0.160 0.234 0.264

BL2 0.110 0.298 0.129

BL3 0.098 0.184 0.165

server to clients; (2) Ek: the number of unique links in all routing paths from
the server to clients; (3) Ok = (Pk − Ek), which represents an “overlap” level of
links among the paths to all the clients.

� Parameters of Network Dynamics. The parameters of network
dynamics are designed as follows, which can be collected using tools like Path-
neck [10]: (1) Bk: the number of “bottlenecks” in the delivery paths. A bottleneck
is a link whose capacity constraints the video traffic delivery; (2) Wk: the sum
of bandwidths of all bottleneck links. Furthermore, We split the paths between
peering server and clients into three parts, and define parameter: (3) BL1k: the
number of bottlenecks that are located nearby the peering server; (4) BL2k: the
number of bottlenecks that are located in network; (5) BL3k: the number of
bottlenecks that are located nearby the clients.

To illustrate these parameters, Fig. 4 represents the strategy of k = (A,C,C).
In this topology, the solid segments represent the links that are actually used
for delivering the flows (e.g., the flow goes through a path A → 1 → 2 → 4 to
client 1), and the slashes are bottlenecks. Then we calculate the value of these
parameters as follows: Pk = 9, Ek = 7, Ok = 2, Bk = 2, Wk = 6 + 4 = 10,
BL1k = 1, BL2k = 0, and BL3k = 1.

We use an information gain approach [5] to identify the correlation between
the parameters designed above and the throughput. The information gain of the
parameter and the throughput is calculated as I(β) = H(Y )−H(Y |β)

H(Y ) , where X

denotes a parameter which we design, Y is fixed to be the throughput, and H(X)
denotes the entropy of the variable X. Table 2 shows the information gain of the
parameters and the throughputs with the dataset of Waxman, TS and Real 1.
We observe that parameters Ek, Ok and Wk tend to have the most significant
impact on the throughput. To this end, we use them in our flow scheduling.

6.2 Local Heuristic Strategy for Flow Scheduling

Based on the selected parameters, Ek, Ok and Wk, we perform local selec-
tion scheme to schedule flows with a combination of parameters. A parameter
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combination X ∈ P({Ek, Ok,Wk}), where P(·) is a power set function. For a
given parameter combination X , a strategy k satisfies the combination if k opti-
mize all the parameters. Since parameters Ek, Wk have positive correlations
with the throughput, Ok has negative correlation with the throughput, the opti-
mization goals for these parameters are different. For example, if the parameter
combination is {Ek, Ok}, a strategy k, which maximizes the number of links
in the delivery paths and minimizes the number of overlapped links, is a valid
strategy.

Next section, we run experiments to demonstrate the effectiveness of the
different combinations of parameters.

7 Evaluation

In this section, we verify the effectiveness of our design, and run experiments
to demonstrate the performance of different combinations of parameters. We let
param performance gain denote the performance gain achieved by strategies that
satisfy the parameter combinations.

�Effectiveness of Parameter Combination: We present the param perfor-
mance gain achieved by strategies that satisfy the parameter combinations in
Table 3, The “baseline” is the maximum performance gain. We observe that such
simple parameters can significantly help a multihoming CDN to schedule flows
efficiently. In particular, the param performance gain with a set of parameters
is usually better than a single parameter. For example, in the Real 1 topology
dataset, using a single parameter Ek to guide the flow scheduling achieves up to
40% of the optimal performance gain, while a combination of {Ek, Ok,Wk} can
achieve 90% of the optimal improvement.

� Performance under Dynamic Networks: We study the param performance
gain in a dynamic network condition (i.e., changing background traffic over
links). In Fig. 5, we plot the param performance gain with a varying background
traffic over time. We observe that the performance gain is up to 32%–98% of the
optimal performance gain (baseline) at 8 pm. We also observe that parameter

Table 3. Effectiveness of the selected parame-
ters: param performance gain.

Metric Waxman (%) TS (%) Real 1 (%)

Baseline 136.6 117.30 131.96

{Ek} 112.80 107.29 112.49

{Ok} 127.60 111.51 118.59

{Wk} 115.95 112.63 125.87

{Ek, Ok} 128.96 113.23 123.00

{Ek,Wk} 124.15 113.82 127.90

{Ok,Wk} 130.33 113.43 124.79

{Ek, Ok,Wk} 130.63 115.06 128.97

Fig. 5. Effectiveness of the selected
parameters: param performance gain.
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Wk plays an important role when the background traffic level is high. When the
background traffic level is low (e.g., around 6 am), all these parameters achieve
relatively similar performance gain.

Fig. 6. Impact of incomplete information.

7.1 Impact of Incomplete Information

In a real-world deployment, it may not be easy to collect complete information
on all the parameters. We verify the effectiveness of the local selection scheme
when information is incomplete.

� Partial client information. We first evaluate the performance when
some client information is missing. Figure 6(a) shows the param performance
gain when we calculate the parameters based on 80%, 60% and 40% of the client’
information. We observe that performance gain decreases as the information loss
increases. In Particular, there is almost no performance gain anymore when the
client information loss is 60%.

� Partial link information. We may also lose information on links. We
split the paths between the server and clients into three parts. L-S indicates we
only have information about 2/3 links that are close to the server, L-C indicates
we only have information about 2/3 links that are close to the clients, and L-
SC indicates that we have information about 1/3 links close to the server and
1/3 links close to the clients. From Fig. 6(b), we observe that the information of
links close to the server is more important, e.g., L-C misses the link informa-
tion nearby the peering server, and its performance is obviously lower than the
performance of the other two.

8 Conclusion

Multihoming has become a norm for video CDNs to improve the performance
of content delivery. Our real-world experiments reveal that conventional rule-
based flow scheduling strategies fail to provide good throughput in dynamic net-
work conditions. In this paper, we study the impact of different network factors,
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including the network topology and the network dynamics, on the performance
in dynamic flow scheduling, in a multihoming CDN. Based on our experiments
studies, a set of parameters are selected to guide flow schedule in multihom-
ing CDNs. We use an information gain approach to identify the importance of
different parameters, and form a parameter combination to generate the flow
scheduling strategy. Our evaluation results show the effectiveness of parame-
ter combination, which achieves a throughput improvement up to 90 % of the
optimal solution.
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Abstract. Color transfer is a simple but effective technique of realistic
rendering. Most methods of color transfer select the source image manu-
ally, which makes an inconsistent transformation in semantic areas. We
propose a novel approach of homogenous color transfer by using texture
retrieval and matching. Several images are found out from a database
using the texture features of a target image, then the image with the
highest texture similarity is set as the source image. With a simple inter-
action of brush stroke in the target image, the texture features of the
covered pixels are used to extract a homogenous region in the source
image and match between such regions. Afterwards, an adaptive color
transfer scheme is applied in the matched regions. Owing to the tex-
ture retrieval and matching, this method produces a consistent visual
effect results. We demonstrate experiments in image colorization, style
conversion and exposure adjustment to verify the characteristics.

Keywords: Color transfer · Texture retrieval · Regions matching

1 Introduction

Color transfer is a research hotspot of image processing, which aims at changing
the color style of a target image from a source image. It is widely used in many
applications, such as movie making and artistic-designing. Most existing methods
tried to avoid manual interaction so that they could be much more efficient and
convenient than specialized tools such as Photoshop etc. Figure 1 demonstrates
an example of color transfer which shows that the transferred result keeps both
the content of the target image and the color style of the source image.

In the last decades, color transfer techniques have attracted increasing atten-
tion. Reinhard et al. [1] proposed a color transfer method by estimating the mean
value and deviation of each channel, which is the basis of most color transfer
methods based on statistical features. Pitie and Kokaram [2] proposed the best
linear color transfer method, which used Monge-Kantorovicth theory of mass
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Fig. 1. Example of color transfer. (a) Target image. (b) Source image. (c) Transfer
result.

transportation to minimize the amount of color changes. Considering the spa-
tial variation of color distribution, some methods using local features of images
are presented. Tai et al. [3] optimized local color matching via probabilistic seg-
mentation and apply an Expectation-Maximization scheme to infer the natural
connectivity among pixels. Pouli et al. [4] proposed a novel histogram reshaping
method that manipulated histograms at different scales and allows coarse and
fine features to be considered separately. HaCohen et al. [5] presented a method
that uses Generalized PatchMatch and a coarse-to-fine scheme to enhance the
correspondence regions between two images with shared contents. Kagarlitsky
et al. [6] proposed a method that performs color mapping between pairs of images
under various acquisition conditions.

The source image is chosen manually in most color transfer methods. In many
cases, the corresponding regions don’t have any consistency in their physical
attributes, such as semantic category. Undesirable results may be produced if
the source image is inappropriate. e.g. the skin of a person in the target image
would turn blue if the source image is a sunshine landscape. Besides, the manual
selection increases the workload and the instability of the transferred results.

In this paper, a novel approach of homogenous color transfer based on texture
retrieval and matching is proposed. Texture features of a target image are used
to search a source image with similar content. Then, the color style is transferred
between the corresponding texture regions from the source to the target. The
main contributions of this paper are as follows:

• We propose a novel approach of color transfer using texture retrieval and
matching. The source image is selected according to its texture similarity to
the target image to ensure the rationality of the source selection.

• The corresponding regions of the source image and the target image are
extracted and matched according to the features of a manual selected tex-
ture kernel. Then, the luminance and chrominance are processed respectively
in the corresponding texture regions for the color transfer.

• The proposed approach is used in image colorization, style conversion and
exposure adjustment to extend its applicability.
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2 Our Approach

This section presents the processing procedures of the homogenous texture
matched color transfer approach. First of all, a source image is selected from
an image dataset according to the texture features of the target image. Then,
the corresponding texture regions are extracted from the two images using the
texture kernel which is estimated by drawing a simple brush stroke in the target
image. Finally, the color style of the target image is transferred to the source
image.

2.1 Image Retrieval Based on Texture Features

Generally speaking, geometry shape, color and texture provide most contribu-
tions to our awareness and understanding of an image. As a basic property of
an image, texture reflects the content of an image, which decides its semantic
category. The color transfer will be much more credible when the image contents
of the source and the target belong to a same category than the others. Hence,
it’s better to choose the source image having a similar texture with the target.

Image retrieval is realized using texture features of the target image to deter-
mine the required source image. A variety of texture descriptors have been pre-
sented in the existing work over the past decades, such as gray level co-occurrence
matrix (GLCM) [7], markov model algorithm (MRF) [8], discrete wavelet trans-
form (DWT) [9] and local binary pattern (LBP) [10]. These typical descriptors
each have their respective properties, and fit for describing a variety of different
scenes.

The texture extract by GLCM gives out a good description for roughness
of the texture. The LBP feature reflects the details of the image and it has
the rotational and brightness invariance which is often used to classify the tex-
ture. The DWT feature reflects both the frequency domain information and the
spatial information of the image, which can be used to do the multi-scale analy-
sis. We introduce a texture descriptor with multi-features by combining GLCM,
LBP and DWT. It is operated by merging the three feature vectors to be a
comprehensive feature. At the beginning, the three feature vectors of a given
image are extracted respectively. Setting the texture feature vector extracted
by GLCM is VGLCM = [x1, x2, x3, ..., xi], the feature vector of the rotation
invariant unified LBP model is VLBP = [y1, y2, x3, ..., yj ] and the feature vec-
tor of DWT is VDWT = [z1, z2, z3, ..., zk]. The merged vector is represented as
V = [x1, x2, ..., xi, y1, y2, ..., yj , z1, z2, ..., zk] = [f1, f2, ..., fN ], thus the dimension
of the vector N = (i+j +k). Since the element value of the three vectors vary in
the range, a Gaussian normalization is taken to limit the value range into [0, 1],
the Gaussian normalization is given by:

Fp,q =
vp,q − μq

δq
(1)

where I1, I2...IM represent the images in the dataset, vp,q represent the vector
fq of Ip,μq represent the average value of fq in all the images. Fp,q represent the
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Fig. 2. Retrieved results. (a) Target image. (b), (c), (d), (e) are the retrieved results
sorted by their texture similarity.

normalized result of vp,q. In the source image retrieval, Mahalanobis distance
[11] is used to estimate the texture similarity between the retrieved image and
the target image. The distance of two images is defined as:

D = (Fs − Ft)TS−1(Fs − Ft) (2)

where S represents the covariance matrix, Fs and Ft represent the normalized
vector of the source and target image. GLCM descriptor is suitable for global
texture, LBP descriptor is fit for detailed texture and DWT descriptor contains
scale invariance. In order to be applied to images with different textures, the
Mahalanobis distance of the three feature vectors are estimated respectively,
and calculate a weighted sum. The weights of the three vectors are set to be
adjustable. It is written as:

D(I1, I2) = ω1DGLCM (I1, I2) + ω2DLBP (I1, I2) + ω3DDWT (I1, I2) (3)

where ω1 + ω2 + ω3 = 1 are weight coefficient of three descriptor.
Several images are picked out from the retrieved results according to the

Mahalanobis distance as candidate source images for user preferences. Figure 2
demonstrates some examples of the retrieved results. The images in the figure
are from Corel dataset and our own image library. It is shown that all of the
retrieved results have a similar texture with the corresponding target image.

2.2 Texture Feature Based Region Matching

The texture features used in the image retrieval is estimated from the statistical
information of the texture features within the global image. Actually, the similar
textures between the target image and the retrieved image only occupy parts
of the images. Extracting and matching the corresponding regions, and making
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Fig. 3. Texture extraction and matched result.

the color transfer in the regions would improve the visual effect and credibility
of the transferred result owing to their similar textures.

The procedure of the matching method is illustrated in Fig. 3. The first step of
the method is to acquire a region of interest in the target image, which is operated
by drawing a brush stroke in the image. The texture features of the covered pixels
are extracted by GLCM and LBP are merged as a standard texture. Then,
the retrieved source image is segmented into windows for finding the similar
texture regions. The texture feature vector of each window is calculated, and
compared with the extracted standard texture using Mahalanobis distance. The
one having the smallest distance is selected as the core region of the textures
and the features of this region is set as the texture kernel. Subsequently, the core
region are expanded to enlarge the texture area. In order to make the expanded
boundary as accurate as possible, a resizable texture window is used to update
the boundary iteratively.

As shown in Fig. 3, large windows are used near the core area to ensure the
consistency of the texture features, while the windows near the boundary are
diminished to find an exact edge. The resizable windows are set as the same size
with the core window starting from which the adjacent windows are set to be
new members of the region if the relative texture distance is smaller than a preset
threshold σ. Consequently, a rough edge is generated by the windows expansion.
The size of the windows at the edge is zoomed out and the texture features
of the zoomed windows are recalculated to get a more elaborate texture detail.
Let μ be the texture feature of a window u within the boundary of the texture
region, let l be the texture feature of a window v near u. Then the window v is
merged in the texture region if |μ − l| < σ to refine the boundary. The process is
executed iteratively to further update the region. Texture is a regional concept,
which cannot be constituted by a single pixel. Thus, when the window size is too
small to carry on enough texture information, the texture region is determined.
In addition, to prevent the divergence of the texture area, the gradient descent
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is also used to restrict the boundary. Finally, the extracted texture region in
the retrieved source image is matched to the mask of the target image which is
extracted by user-specified segmentation mask [15].

2.3 Color Transfer Scheme

Color transfer consists of two parts: the transfer for the luminance and the
transfer for the chrominance. For the first part, standard cumulative histogram
method [12] is used to realize the luminance transfer, while for the chrominance
transfer, Monge-Kantorovitch [2] linear color mapping method is used to transfer
the color from the source image to the target in the color space LAB.

Luminance Transfer. We use the standard cumulative histogram method to
transfer the luminance features. With this method, the detailed information of
the image can be saved in the case of transforming the brightness histogram. The
brightness distribution of the target and source images can become consistent
by stretching the cumulative histogram of two images. The standard histogram
of transfer function is defined as: Lt = H−1 (Tl). H represents the normalized
cumulative distribution function of irradiance, and Tl denotes the cumulative
probability under the specified value in channel L within the target image. Lt

means the irradiance value after migration. The result of the luminance of this
target image after migration is shown in Fig. 4.

Fig. 4. Luminance cumulative histogram. (a) Target (b) Source (c) Transfer result
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Fig. 5. Chrominance transfer. (a) Target image (b) Source image (c) Transfer result

Chrominance Transfer. Chrominance transfer means transferring the color
information from the source image to target image. The method proposed in
this paper is based on mass transfer in the field of theoretical Monte Carlo. This
algorithm for color change depends on the orthogonal color space, so we need to
convert the images into a three-channel decoupled Lab color space. Firstly, we
use self-adaptive clustering algorithm based on K-medoids clustering method [13]
to divide the image into three brightness band with the luminance information
of each pixel. The Monge-Kantorovitch Linear Color Mapping is such a method
that abstracts both the source image and the target image to a function, whose
density distribution is continuous. With equations, a continuous Tst can thus
be acquired so that the density distribution of the source image and the target
image after transformation are similar.

The general formula description of image transform can be defined as:

t(u(a, b)) = Tstu(a, b) + t0 (4)

When the density function f for target image u and g for the source image v are
in concordance with the Gaussian distribution, the Monte Carlo transform has
the unique solution.

Tst =
∑ −1/2

t (
∑ −1/2

t

∑
s

∑ −1/2
t )

1/2 ∑ −1/2
t (5)

∑
t and

∑
s represent the covariance matrix of the target image and the source

image respectively. Figure 5 is the result of the chrominance transfer.

Weight Adjustment. In order to make the picture endowed with the character-
istics of two images, variable parameters are set to adjust the weight relationship
between the source and the target. As for luminance, we use ratio parameter to
reset the brightness band: Lcombine = Ltarget ∗Rate⊕Lsource(1−Rate). Ltarget

represents the brightness band of the target, and Lsource represent the brightness
band of the source image. According to this formula, the luminance information
of the Lcombine is re-divide and clustered. After that, the new clustering result
can be used to adjust the luminance of the target image. As for chrominance,
the chrominance at and bt of a target image pixel are transferred to the corre-
sponding a

′
t and b

′
t:[

a
′
t

b
′
t

]
= Tst

[
at − μat

bt − μbt

]
+

[
μas

μbs

]
∗ Ratesource +

[
μat

μbt

]
∗ Ratetarget (6)
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Fig. 6. Weight adjustment. (a) Target image (b) Source image (c) Transfer result (d)
Weight adjustment

Where μas, μat, μbs, μbt denote the mean values of a and b channel in the source
and target image respectively. We set weight coefficient Ratesource and Ratetarget
for the source and target image respectively to adjust the weight relationship
between the images. Through this method, the luminance and chrominance of
the result image have both the characteristic of the source image and the target
image. As shown in Fig. 6, through the adjustment of the weight ratio, the result
image has both the characteristic of the source image and the target image.

3 Experiments

Colorization is a hot issue in the field of image processing to adding color to a
monochrome image. However, it’s an expensive task to established chrominance
mapping to convert an 8-bit monochrome image into a 24-bit color image auto-
matically. Most existing methods need time-consuming and careful adjustment
to obtain a good result [14]. By our method, since the foregrounds of the target
image is extracted and matched to a source image using its texture features. The
color transfer of the monochrome image foregrounds is constrained by the match-
ing area in the source image. Hence, the reliability of the corresponding color
transfer is improved owing to their homogenous textures. Figure 7 demonstrates
a colorization example to illustrate the effectiveness of our approach. Figure 7(a)
presents the target image and the user-specified segmentation to be adjusted.
Then, a brush stroke is drawn in the region of interest. With its texture feature,
the segment result with homogenous texture in the source image is obtained in
Fig. 7(c). The transfer result is illustrated in Fig. 7(d). The color transfer makes
a natural and reality effect. More examples are given in supplementary materi-
als, different types of the target images are experimented using our approach,
the results show a consistent effect with human visual experience.

Since the retrieved image is highly similar with the target image, the pro-
posed approach achieves a favorable color style conversion. Some results are
demonstrated in Fig. 8 (and supplementary materials).

The colorization on monochrome gets ideal results, similarly, our method can
process the image that is lack of brightness as well. For instance, we could use
our method on exposure adjustment. Although the underexposed image is poor
in visual perception, the local luminance variation keeps enough details of the
texture information. Hence, the proposed approach based on texture is fit for
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Fig. 7. Region mapping color transfer based on texture feature. (a) Target image with
the mask and the interest area (b) Source image (c) Segment result (d) Transfer result

Fig. 8. Style conversion result. (a) Target image (b) Source image (c) Transfer result

Fig. 9. Exposure adjustment. (a) Underexposed (b) Normal (c) Adjustment result

such situation. In contrast, luminance stretching used in many existing methods
to adjust the brightness often produces a loss of details and an excessive contrast.
With our method, the details of the image is preserving by the correspondence
of the texture region in the case of transforming the brightness feature from the
source image. As shown in Fig. 9 (and supplementary materials), the results are
nature and have an excellent visual experience.

4 Conclusion

In this paper, a novel approach of homogenous color transfer based on texture
retrieval and matching is proposed. A source image is selected according to the
texture similarity to the target image. With a simple interaction of brush stroke
on the target image, we get the regions of interest through artificial selection.
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In order to search for the similar texture in the source image, we use a resizable
window to segment the source image and withdraw the texture region. After that,
the corresponding texture regions are extracted and mapped for the color trans-
fer. In the experiments, we used our method to process the image colorization,
style conversion and exposure adjustment. The experiments results demonstrate
that our method can implement a realistic and natural visual effect.
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Abstract. In this paper, we propose a method to estimate object view-
point from a single RGB image and address two problems in estimation:
generating training data with viewpoint annotations and extracting pow-
erful features for the estimation. We first collect 1780 high quality 3D
CAD object models of 3 categories. Then we generate a synthetic RGB
image dataset with viewpoint annotations, in which each image is gen-
erated by placing one model in a realistic panorama scene and rendering
the model with a random camera parameters. We train a CNN model
on our synthetic dataset to predict the object viewpoint. The proposed
method is evaluated on PASCAL 3D+ dataset and our synthetic dataset.
The experiment results show good performance.

Keywords: Viewpoint estimation · Convolutional neural network · Syn-
thetic image · Panorama scene rendering

1 Introduction

When a person observes objects in a scene, he or she tends to perceive the
coarse information, e.g. viewpoints, layout etc., before getting more details [1].
Estimating the viewpoint from a single image is important for the applications
of traffic surveillance, robotic perception, object recognition and so on. Take the
task of manipulating a cup by a robot as an example, even if a robot localizes
the position of the cup in a RGB image, it can’t grasp or move the cup without
knowing the viewpoint of it.

To estimate the object viewpoint, the Convolutional Neural Network (CNN)
model is an optional method which benefits from its ability of handling powerful
features. In recent years, CNN method has achieved great success on a variety
of computer vision tasks, such as image classification, detection, pose estimation
and segmentation. Handling large labeled datasets for training and extracting
stronger features helps to outperform state-of-art methods in these topics. In
this paper, we apply a CNN model to estimate object viewpoint from a single
image.

The obstacle of CNN method application is to get large-scale training data.
For the problem of the viewpoint estimation, it is more difficult because annotat-
ing viewpoints mannually is time-consuming and inaccuracy. Take the dataset
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 169–179, 2016.
DOI: 10.1007/978-3-319-48896-7 17
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Fig. 1. The framework of our method. (a) Input a single RGB image. (b) A
R-CNN detector. (c) The viewpoint estimation by a trained CNN. (d) Some examples
of synthetic data for CNN training.

of PASCAL 3D+ [2] as an example, it provides about 22K annotated images
for viewpoint estimation, which are far from meeting the requirement of CNN
training. In this paper, we design a rendering pipeline which generates realistic
RGB images with viewpoint annotations for CNN training.

Figure 1 demonstrates the framework of our method. Given a RGB image
in Fig. 1(a), our method runs R-CNN firstly to detect objects in this scene
(Fig. 1(b)). Then the viewpoint is estimated by a trained CNN model in Fig. 1(c).
We collected three categories of 3D models, comprising aeroplane, boat and car.
These models are rendered in 3DS MAX for the CNN model training (Fig. 1(d)).

There are three contributions in this paper:

(i) We design a pipeline to generate realistic synthetic images with annotation
in panorama scenes automatically. This method is able to be generalized to
other computer vision tasks easily.

(ii) We generated a high resolution synthetic image dataset for viewpoint
estimation. The dataset includes 2.76M annotated images of 3 categories
totally.

(iii) We train a CNN model to estimate object viewpoints. The results of exper-
iment show a good performance on the benchmark dataset.

2 Related Work

Viewpoint estimation. Recently, computer vision community has been grow-
ing interest of the problem of viewpoint estimation for objects [3,4]. Herdtweck
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and Curio [5] used Random forest to estimate viewpoint. Fidler et al. [6] proposed
a deformable 3D cuboid model for 3D object detection and viewpoint estimation.
Some work [7,8] linked parts across views to represent continuous viewpoints.
It is notable that CNN models have shown their remarkable performance in the
estimation task [9,10].

Syntheitc data methods. In recent years, there is also a growing amount of
work which used synthetic images to solve computer vision problems [11–16].
Peng et al. [13] used 3D models to render images for training object detectors.
Stark et al. [17] used CAD models for recognizing 3D object. Gupta et al. [14]
solved the problem of inferring 3D object pose with synthetic images. Lim et al.
[15] used 250 chair models to render tens of thousands training images, which
are then used to train deformable part models. In the meantime, Ubry et al.
[16] expanded the number of models by one order of magnitude. They collected
about 1.3K chair models for building key point correspondences between 2D
images and rendered 3D views.

Dataset. ImageNet is a huge image dataset including 14.2M real images in 22K
categories for object recognition [18]. Xiang et al. [2] provided a novel and chal-
lenging dataset which includes 22K images of 12 categories with 3D annotations.
Besides, they also released an annotation tool to get continuous 3D viewpoint
annotations. More recently, Su et al. [10] utilized the ShapeNet [19] to generate
about 2.4M synthetic images for viewpoint estimation. They consider of adding
background image after rendering models and then crop it, which improved the
performance of the methods in [15,16]. Because images rendered with a fully
transparent background cause the problem of overfitting. In this work, we design
a synthetic image generating pipeline to get more realistic images, which renders
models in a panoramic scene rather than overlapping the rendered images on a
RGB image.

3 Approach

Given a single RGB image, our approach aims to estimate the viewpoint of an
object in 3D space. The viewpoint of an object in 3D space is defined as a
tuple Θ = (θa, θe, θc), where θa, θe, θc are the azimuth, elevation and cyclorota-
tion angle respectively. We model the estimation of viewpoint Θ as a regression
problem. Compared with classification-based formulations [10,20], regression-
based formulation output an exact value which is essential in most situations,
e.g. robot grabbing. In this section, we design a CNN model to estimate Θ, which
is trained on synthetic images.

3.1 Synthetic Dataset

Annotating training data with accurate viewpoint is impractical, because the
process is expensive and involves ambiguous decisions. We propose to generate
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Fig. 2. Rendering synthetic dataset. (a) An illustration of our rendering setting
in a panoramic scene. (b) Some rendered images in this scene.

synthetic images by rendering techniques for two reasons: (i) getting accurate
ground truth for each viewpoint; (ii) getting much denser data than real data.

Model Collection. We collected 3D models from online repositories such as
TurboSquid (about 300K models) and cgtrader (about 250K models). While
many of the downloaded models are not in good visual quality, we handpick
the data carefully and normalize the center of all 3D models to the origin. As a
result, we retain in total of 1780 high-quality 3D models of 3 categories.

Image Rendering. We select an appropriate panoramic scene, and place our
model in the center of the scene. Utilizing 3DS MAX Script and VRay renderer,
we render the 3D models by adjusting the parameters of the camera automat-
ically. Instead of assuming the distance between camera and model center be
fixed, we adjust the camera distance automatically according to the model size.
By self-adjusting the camera distance, we obtain a suitable camera view in which
the model occupies most of the rendered image.

We also sample the number of light sources, their positions and energies to get
close to the real scene. Moreover, we set the azimuth, elevation and cyclorotation
angels correspond with the distribution of the statistics of PASCAL 3D+ dataset,
rather than randomly sampling the model from all possible views. More details
will be discussed in Sect. 4.1.

It is worth noting that, the images rendered in our method is better than
the ones rendered in transparent background which is highly contrasted. Our
rendering method prevents the CNN model from overfitting by rendering in a
panoramic scene rather than overlapping the rendered image on a random RGB
image. The result dataset contains a total of 2, 670, 000 synthesized images, each
annotated with the ID indicating the different style, as well as the viewpoint
parameters Θ.

3.2 Building CNN Model

Inspired by the work in [21], we build a CNN model to estimate the viewpoint
in this section.

Architecture of the CNN. The architecture of our CNN is demonstrated in
Fig. 3. The structure of the network can be described by the size of feature maps
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Fig. 3. Architecture of our proposed CNN. The input is a 256 × 256 × 3 image
cropped and rescaled from the detection process. The output is the viewpoint Θ.

at each layer as input (256 × 256 × 3) - conv1 (128 × 128 × 64) - relu1 - pool1 -
conv2 (64 × 64 × 128) - relu2 - pool2 - conv3 (32 × 32 × 256) - relu3 - pool3 -
conv4 (32×32×512) - relu4 - pool4 - fc5 (1024) - relu5 - dropout5 - fc6 (1024) -
relu6 - dropout6 - output (3 × 1).

In details, the input of the network is a cropped single RGB image and
rescaled from detection process with a fixed size of 256× 256 pixels. The output
is the estimated values of viewpoint Θ. Our CNN consists of four convolutional
layers to extract features and two fully connected layers to estimate viewpoint.
For each convolutional layer, the size of the kernel is 5 × 5 pixels and its stride
is 2 pixel. We then apply max-pooling operations after convolutional layers to
increase the performance despite the reduction of resolution. The stride for pool-
ing is 2 and we set the pooling operator size as 3×3. For feature extraction stage,
the numbers of features in these four convolutional layers are 64, 128, 256 and
512 respectively. Following the four convolutional layers, there are two fully con-
nected layers with 1024 hidden units. Instead of traditional sigmoid neurons,
we use Rectified Linear Units (ReLUs) [22] in the two fully-connected layers to
accelerate the stage of training without making a significant difference to gen-
eralisation accuracy. To reduce overfitting in training the neural network, we
bring in a regularization method called dropout, which has been proven to be
very efficient in [23]. At last, in the output layer, there is a linear activation
function to predict the parameters of viewpoint Θ.

Loss Function and Training. Assume that D = {(In, Θn)|n ∈ [1, N ]} means
the training set, where In is the synthesis image, Θn is the viewpoint parameters
and N is the amount of train images. Then the learning task is to minimize our
defined loss function L(w):

L(w) =
1
N

N∑
n=1

f(In;w) + λr(w)

w∗ = arg min
w

L(w) (1)

where r(w) is a regularization term which penalizes large weights to improve
generalization. The parameter λ represents the weight decay that determines
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how you trade off between Euclidean loss and large weights. f (In;w) is the loss
term computed as the output of layers by the given w:

f(In;w) =
1
2
||ψ(In;w) − Θn||22 (2)

Similar with the work in [23], we train our model by stochastic gradient
descent (SGD) with momentum and update weight decay in the following form:

wt = wt−1 + Vt

Vt = rtVt−1 − α∇L(wt)

rt =

⎧⎨
⎩

t

T
re + (1 − t

T
)rs, t < T

rt, t � T

(3)

where wt and Vt are weight and momentum variable respectively at epoch t, α
is learning rate, rt is momentum coefficient, rs is starting momentums and re

is ending momentums, T is a threshold to control how the momentum changes
with the number of epochs.

4 Experiments

In this section, we demonstrate the results of our method for viewpoint estima-
tion. We evaluate our viewpoint estimation system on both the PASCAL 3D+
dataset [2] and our synthetic dataset.

4.1 Dataset

Our dataset includes 2,670,000 synthetic images rendered from 1,780 high quality
CAD models in 3 types: aeroplane, boat and car. In details, we collected 580
aeroplanes, 324 boats and 876 cars from web. Each model was rendered in total
of 1500 times in specified camera parameters in different panoramic scenes.

The rendering parameters of viewpoints follow the statistical distribution of
PASCAL 3D+ dataset. We use polar histogram to illustrate the distribution
of azimuth angles of azimuth angles for both PASCAL 3D+ dataset and our
rendered dataset in Fig. 4, where 0◦ corresponds to the front view of a model.
The distribution of PASCAL 3D+ dataset is depicted by blue lines, whereas
ours is depicted by red lines. Figure 4(b) denotes the distribution of elevation
angles where 0◦ corresponds to the horizontal view of the model. Solid bars and
shadowed bars represent PASCAL 3D+ dataset and our dataset respectively.
Besides, bars in different colors mean different object category. As expected, the
distribution of viewpoints is biased. For example, there is a high bias towards
the front view (azimuth ∈ [0◦, 60◦]∪ [300◦, 360◦]) of car, and the elevation angles
are most aggregated in [−5◦, 15◦]. These statisticses show that our dataset has
a fairly good distribution in viewpoint variation to characterize the real scene.
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Fig. 4. Distribution of the data. The distribution of azimuths is displayed by three
polar histograms in (a), blue lines represent PASCAL 3D+ dataset and red lines rep-
resent our dataset. (b) shows the elevation distribution histogram. Solid bars represent
PASCAL 3D+ dataset and shadowed bars represent our dataset. Different color means
different object category. (Color figure online)

4.2 Viewpoint Estimation

The detection results influence the viewpoint estimation. We consider the accu-
racy of viewpoint estimation in different detection settings in Fig. 5. In particu-
lar, the X -axis is the overlap ratio and the Y -axis is the accuracy. The overlap
ratio O is the proportion of how much the detected bounding box overlapping
the ground truth. We define an angel range δ. If the predicted value is within

Fig. 5. Viewpoint estimation performance. The accuracy Accδ is a function of
overlap ratio O and angel tolerance δ. The lines in different colors depict different angel
tolerances. The solid lines and the dashed lines represent the accuracy on PASCAL 3D+
dataset and on synthetic dataset respectively. (Color figure online)
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Table 1. Performance comparison. Model from Tulsiani [4] based on TNet was
trained on VOC 12 train and ImageNet. Su [10] trained his model by synthetic images
which were rendered from ShapeNet [19]. Ours used rendered panorama images for
training.

Method aero boat car mean

Acc30◦ (Tulsiani et al.) 0.78 0.49 0.90 0.72

Acc30◦ (Su et al.) 0.74 0.52 0.88 0.71

Acc30◦ (Ours) 0.79 0.64 0.82 0.75

the range of [G − δ,G + δ], where G is the ground truth, then we consider it
as correct. The accuracy subjects to δ is represented by Accδ. The change of
accuracy with different δ is shown in Fig. 5. The solid lines depict the accuracy
on PASCAL 3D+ dataset and the dashed lines depict the accuracy on synthetic
test set. The lines in different colors represent different error thresholds. For
example, the green one means the predicted viewpoint error within 10◦.

Fig. 6. The results of viewpoint estimation. The detected object is bounded by
green boxes. We transform the object coordinate into the camera coordinate by the
estimated parameters θa, θe, θc. The three colors of red, green, and blue represent three
axes of objects in the camera coordinate. (Color figure online)
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When the angel tolerance is fixed, the higher 2D detection performance (i.e.
overlap ratio) of R-CNN is, the better accuracy we get. The performance on the
synthetic test set is better than PASCAL 3D+, because the synthetic test images
are more similar with the training data. Comparing with the results of synthetic
test set in Fig. 5, when the overlap is 100% and angle range is 40◦, the accuracy
of car category on synthetic data is around 0.96 while the boat is just 0.79. We
believe that the good performance of car category is because cars have similar
shapes and more appearance features, such as headlights, automotive glass and
so on. Meantime, we can see that the change of green lines in Fig. 5(c) is not as
gentle as others, because global appearance features are necessary for cars. It’s
insufficient to estimate viewpoint if we just own local parts of cars.

Although we train the CNN model on pure synthetic data, our method
achieves good performance on real data since the synthetic data provides enough
features to estimate the viewpoint. The performance of our method and the com-
parative methods are shown in Table 1. We compare our method with two recent
state-of-the-art work as Tulsiani [4] and Su [10]. They used similar network archi-
tectures (TNet/AlexNet) while their loss layer is different. From the comparison
results, it is clear that our method outperforms the existing methods.

5 Conclusions

In this paper, we propose a pipeline to generate synthetic panorama images with
annotations and design a CNN model trained on synthetic images to estimate
object viewpoint. Our pipeline overcomes the limitation of lacking large-scale
real images with annotations in CNN training. Our dataset includes in total of
2,760,000 images rendered from 1,780 models. It’s worth mentioning that our
synthetic images are rendered in panoramic scene using Vray renderer, they
are more realistic and have high resolution. We evaluated our method on both
synthetic and real data. Our method shows good performance on three object
classes form both synthetic and real dataset and outperforms existing methods
with the mean accuracy of 0.75.
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Abstract. The invention of light field camera provides an approach of
extracting depth from a collection of refocused photos. However, current
depth from focus methods are suffering from the problem of inaccuracy,
especially in the regions of object boundaries. In this paper, we propose
a novel method to extract an accurate depth map from several refocused
images. We first render a collection of images by uniformly changing the
focal length. Then we deduce a rough depth map according to the amount
of blur, which is measured by a multi-scale gradient operator. Finally,
we apply a weighted median filter for refinement, which suppresses depth
noise and supplies a well recovery of object boundaries and fine struc-
tures. The experimental results show that our method outperforms the
built-in method from Lytro light field camera.

Keywords: Depth extraction · Light field · Weighted median filtering

1 Introduction

Depth from focus aims to recover the depth information from a set of refocused
images [1]. Given a few images with different focusing parameters, we can cal-
culate the implicit depth information. And this cast a light on the recovery of
explicit depth information from the implicit information. It has been widely uti-
lized in numerous multimedia applications, such as image-based rendering [2]
and photo editing [3].

Many previous works capture different focused images sequentially, which
are limited to static scenes. To illustrate, two images are acquired by varying
the intrinsic parameters of the camera in [4] and two observations are obtained
by two sets of lens parameters in [5]. Nowadays, the current light field camera
[6] can capture 4D light field images in one shot, which enables rendering of
arbitrary focused images of the same scene. Light field camera benefits various
multimedia research [7,8], including depth extraction [9,10]. However, the effi-
ciency or accuracy are still far from desired. Most previous studies involving
depth recovery pay little attention to the refinement of depth maps, leaving out
defects of inaccurate boundaries between different depths, wavy edges or noises
in the depth maps.
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 180–189, 2016.
DOI: 10.1007/978-3-319-48896-7 18
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In this paper, we propose a novel approach for depth from focus, which is
featured for its effectiveness. We observed that depth images are full of smooth
areas. Consequently, patch based depth inferring is far more robust than pixel-
wise calculation. Though the patch based calculation will lead to flattening
effects, it can be corrected by current joint edge-preserving filtering. Specially,
we first obtain a rough depth map from a set of images refocused to different
degrees, which are acquired by a light field camera in a single shot. In the cam-
era, when the distance from the center of the lens and the image plane is viewed
as a constant, the variance in focal length brings about different degree of blur-
ring. When the blurring reaches its smallest, say, all the light rays radiated by
an object point and refracted by the lens converges at a single point on the
image plane, the object distance can be deduced from the focal length and the
distance from the image plane to the lens center. Next, a multi-scale gradient
operator and small windows are employed to work out the gradient of each pixel
in images with distinct camera parameters in order to achieve higher accuracy
and to get rid of the impacts of noise. However, these methods may give rise to
vague boundaries or wavy edges which do not cater to the original input light
field image. Therefore, at last, we need a filtering step under the guidance of the
original image. Our work adapts constant time weighted median filtering [11] as
a way of refining the rough depth map.

With the combination of gradient analysis of the input image and a refine-
ment step guided by the original image, we can assure an accurate and reliable
refined depth map.

Our approach outperforms the built-in depth map of the software, Lytro
Desktop [12] in the way that it can recover more of the original outlines of
objects. Moreover, the measure we take, constant time weighted median filtering
[11], works better than the simple guided filtering [13] on the implicit depth map
as it pays more attention to the actual depth of field than the outlines of objects.

2 Related Work

A number of current works devote to the recovery of depth in the images. How-
ever, nearly each of them has several defects.

In [14], a spatial constant σ needs to be evaluated. It needs two images that
are identical except for the aperture size and therefore depth of field. Two σs can
be derived from them and we can thereby work out the depth map. By contrast,
our method works in a light field camera and images with different focal lengths
can be gained. As a consequence, the parameter σ needn’t be evaluated and
large amount of time can be saved. Apart from this, our method does not possess
the “overconstraint” problem that Alex’s work has: if three or more views are
obtained in the process, ambiguity of depth will be caused.

In a real-time focus range sensor [15], a passive way of evaluating the depth
was adopted: an illumination pattern is projected onto the scene via the same
optical path used to image the scene. This leads to a dominant frequency in the
images gained and a depth map can be acquired by two images of the same view
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with different optical settings. Meanwhile, in [16], active measures are taken to
get the depth map from the two images with distinct camera settings. However,
the depth map derived from either of them is not precise and filters to refine the
map need to be applied.

For passive depth from defocus, rational filters [17] can be adopted. In [17],
median filtering was used in one example and adaptive coefficient smoothing in
another. However, as we will point out, there are some defects in the simple
median filtering. In addition, adaptive coefficient smoothing is only suitable for
an image with background which lacks texture. Our method has overcome this
disadvantage.

In our work, each of the series of images will be put to good use and a fine
approach to filter the depth map will be utilized.

3 Approach

In this section, the input light field image is broken up into numbers of images
and n images with different focal lengths are drawn from them uniformly, where
n is a parameter given by hand according to our demand on the precision of
the depth map. The gradient images are derived from the n differently refocused
images using a multi-scale gradient operator. A rough depth map is acquired
analyzing the gradient images. And a refined depth map is gained by filtering
the rough one, as shown in Fig. 1.

Fig. 1. A framework of our method.

3.1 Images with Different Focal Length

When the light rays radiated by an object point and refracted by the lens con-
verge at a single point on the image plane, the following equation is satisfied:

1
f

=
1
u

+
1
v
, (1)
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gradient (far focus) gradient (medium focus) gradient (near focus)

Fig. 2. The gradient maps with different focal lengths.

where f refers to the focal length, u refers to the object distance, and v represents
the image distance.

Suppose an image plane is placed at a distance of v from the lens. Any object
point placed behind the focus on the other side of the lens, which does not possess
a distance of u from the lens, will cast a circle of confusion on the image plane.
Whether the object is placed behind or in front of the intended distance u, a
blurring of image can not be avoided.

In light field cameras, images with different camera parameters can be
acquired from a single shot. What we need is a change in the focus to utilize the
Eq. (1) to help us recover the field depth.

In practice, we need a uniform change in focal length, either from far to near
or from near to far, so as to gain convenience in the processing procedure. In this
paper, n refocused images can be gained from the input light field image with
uniform change in focal length from far to near, with the help of the matching
photo processing software of the light field camera.

In addition, an all-clear image with the largest f-number (the ratio of the
focal length to the diameter of the aperture) is also available by the camera.

3.2 Acquisition of Rough Depth

A gradient map for each of the n images need to be worked out in the first
place. A multi-scale gradient operator as shown in Eqs. (2) and (3) will work. It
is superior to a simple Sobel or Scharr operator as the former ones may ignore
the effects of smooth edges and are prone to noise.

Pl,k(x, y) = Ak(2lx, 2ly), (2)

Gk(x, y) =
m∑
l=0

Ql,k(
x

2l
,

y

2l
), (3)
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where l refers to the lth layer of the Gaussian Pyramid, whose maximum m can
be adapted according to the characteristics of the input image; k refers to the
index of the image picked and Ak refers to the pixel values of the kth image; Pl,k

is an image resizing Ak to its 1
2l

. Being the lth layer of the Gaussian Pyramid;
Ql,k is Pl,k processed with the Sobel operator, and all Ql,ks add up to the final
gradient image Gk of Ak.

As shown in Fig. 2, the gradient varies as the focal length changes.
In order to raise precision and eliminate the effects of noise, a window at a

certain width can be used to analyze the gradient of the very pixel at its center,
as shown in Eq. (4). In this equation, w(x) indicates the window at whose center
is x. This also helps us reduce the impact of small trembles when shooting the
series of images, which leads to dislocation in some of the n images.

G̃k(x) =
∑

y∈w(x)

Gk(y). (4)

In practice, integral image [18], which is also known as summed area table,
is used in order to speed up the processing procedure. What’s more, the edges
of the images need to be paid attention to, and a mirror reflection of pixels on
the edge tends to be a good solution.

A 25×25 or 15×15 window is usually used according to the objects’ structures
which make up the image. Small windows are appropriate for images with fine
structures.

In this way, an optimized gradient value G̃k(x) is gained for each pixel accord-
ing to the values of its neighbors. For the pixels with the same coordinate in the
n images, the maximum optimized gradient indicates that the pixel is at its
sharpest, leading to a rough estimation of the optimal focus length of the very
pixel.

Suppose that a pixel reaches its sharpest at the image indexed k, where

k = argmax
k

G̃k(x), k ∈ N
+, k � n. (5)

The largest focal length being max(f) and the smallest being min(f) in all n
images, the optimal focal length of the pixel can be roughly represented as the
following:

fo =
n − k + 1

n
(max(f) − min(f)) + min(f). (6)

Therefore, according to Eq. (1), the rough depth of the very pixel can be
estimated as:

ũ =
fov

v − fo
. (7)

where v is a known camera parameter.
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3.3 Attainment of Accurate Depth

Median filtering needs to be used so as to remove outlier noise. However, a simple
median filter may result in the loss of sharp features of an image. Consequently,
in order for suppressing the influence of nearby pixels in different colors along
with preserving sharp edges and fine structures, the method of weighted median
filtering is used:

f(x , i) � δ(V (x ) − i), (8)

h(x , i) =
∑

x ′∈N (x)

b(x ,x ′)f(x ′, i), (9)

where x represents the pixel’s coordinate; V (x ) represent its value in the rough
depth map; V equals to ũ in Eq. (7); δ is the delta function which equals to 0
when V (x ) = i and 1 otherwise.

Meanwhile, h(x , i) can be illustrated as a local histogram and b(x ,x ′) is the
weight function. In order for the feature of the input image to be preserved, we
can use guided filter weights for b(x ,x ′).

In a guided filter [13], the local linear model is represented as:

ak = (Σk + εU)−1(
1

|w|
∑
i∈wk

Iipi − μkp̄k), (10)

bk = p̄k − aT
k μk, (11)

qi = āT
i Ii + b̄i, (12)

where ak is a 3 × 1 coefficient vector, q is a linear transformation of I in the
window wk centered at the pixel k, Σk is a 3 × 3 covariance matrix of I and U
is a 3 × 3 identity matrix.

input light field image rough depth map refined depth map

Fig. 3. Rough depth map refinement. The refined depth map in the third column is
gained from the second column by constant time weighted median filtering [11] under
the guidance of the image with largest f-number.

In Fig. 3, a refined depth map is gained from a rough one under the guidance
of the image with the largest f-number. Compared with the rough depth map,
noises have been removed and the outlines of objects tend to be more accurate.
Additionally, the depth map of the background has a tendency to be softer,
which conforms to our real life perception.
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4 Experiments

4.1 Experimental Settings

In our experiments, n = 64 is used for drawing images at different focal lengths
from the input light field image. A 25 × 25 window and m = 2 is used for
calculating the optimized gradient of images with few fine structures. In the
mean time, 15 × 15 windows and m = 0 is used for images with fine structures.
Windows too small may lead to extra black edges or white holes for objects while
windows too large may result in blocks of colors.

As we want to make full use of the 8 digits of the grayscale images for a
depth map, we apply [0, 1, 2,..., 255] for the vector of disparities. However, if the
calculating process were too time-consuming on a certain machine, especially for
images with big sizes, the number of disparities could be reduced. A little sacrifice
on the diversity of gray scale of the depth map can save a great amount of time.
In addition, the local window radius for guided filter weights is usually set to
1
40 of the maximum of the input image’s width and height. The regularization
parameter is ε = 10−4.

4.2 Results and Discussions

Our depth map has proven to correspond more with the original image. It can
be seen from Fig. 4, the built-in depth maps of Lytro Desktop tend to have wavy
edges while constant time weighted median filtering [11] helps us smooth the
structures. On the other hand, the outlines of objects in the built-in depth map
is not so accurate as ours. Our method can show fine structures which appear
in the original image.

The use of constant time weighted median filtering [11] also helps us erase
some white or black blocks in the rough depth maps caused by the ambiguity
of gradient change of small areas in the input light field image, just as shown
in Fig. 5. The lack of texture results in this ambiguity, and a smooth surface or
highlights on objects may accounts for the lack of texture.

In order for a better result, images with high variance in focal length is
preferred. This contributes to the n images having greater discrimination in
gradient with each other. In practice, objects which are close enough to the
camera lens and objects which are far away enough in the input images are
preferred so as to achieve high variance in focal length.

Compared to the results of the simple guided image filtering [13], this
weighted median filtering [11] using guided filter weights pays more attention
to the actual depths of the original image. As is shown in Fig. 6, the former
method may produce halo effects and pays too much to the structure of the
objects as well as the lighting condition on the surface of the objects. However,
the latter method only reflects the depth information we need, which leads to
accuracy.

There are still some limitations in our method. For objects with large tex-
tureless areas like the sky, our method will fail to predict the accurate depth for
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input light field image Lytro Desktop’s built-in our method

Fig. 4. A comparison between the Lytro Desktop’s built-in depth map and our depth
map. The first two light field images are available at http://lightfield-forum.com/.

input light field image rough depth map refined depth map

Fig. 5. Constant time weighted median filtering [11] removes black and white blocks
caused by the ambiguity in the gradient change.

http://lightfield-forum.com/2012/08/lytro-sample-lfp-files-for-download/
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input light field image guided image filtering weighted median filtering

Fig. 6. A comparison between guided image filtering [13] and constant
time weighted median filtering [11]. The light field images are available at
http://lightfield-forum.com/.

the lack of gradients. Fortunately, textureless regions can be easily detected to
prevent errors in applications.

5 Conclusion

In this paper, we have presented a novel depth from focus method from a series
of images using a light field camera. By employing the multi-scale gradient oper-
ator, we achieved a robust measurement for the amount of blur. Besides, by
using the constant time weighted median filtering, accurate depth maps with
clear boundaries are obtained. The experiments have proven that our measure
surpasses the built-in measure in the Lytro light field camera.

Acknowledgments. This work is supported by National Science Foundation of China
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Abstract. In recent years, content based image retrieval has been concerned
because of practical needs on Internet services, especially methods that can
improve retrieving speed and precision. Thus, we propose a hashing scheme
called Geometry and Topology Preserving Hashing for content based image
retrieval. A training process of hashing function involves both of geometric
information and topology information is introduced. Compared with
state-of-the-art methods, our method gives better precision in experiment on the
Oxford Building dataset.

Keywords: CBIR � Hashing � Geometric information � SIFT � GTPH

1 Introduction

Due to the explosive increasing of multimedia data on the Internet, searching for the
wanted information has become a problem for all users. An attractive domain in this
issue is retrieving similar visual data. Efforts have been made to improve the precision
and speed in Content Based Image Retrieval (CBIR) [1, 2, 16, 23–27]. While keeping
the matching precision, one solution to increase the searching speed in CBIR is by
using hashing method to embed high-dimensional visual features of an image to lower
dimension like Hamming space, as it is more efficient in similarity search [1].

The aim of hashing is to learn binary representations of an existing dataset to make
sure that the neighbourhood structure in original space is the same with that in
Hamming space. However, because of the embedding and the limit of binary code
length, a loss of original data is usually caused, which will lead to a decrease of
precision in image retrieval. Thus, making less loss is very important.

The aim of this paper is to gain a hash function that can not only preserve the
topology information of the data, but also the geometric information of SIFT
descriptors [1, 18, 23–27], so that retrieving precision can be improved.

In our work, scale factor of SIFT descriptor is involved into hashing embedding as
geometric information. It is involved into training process to make the hashed features
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not only preserve distance relation in Euclidean space, but also preserve the scale
relation to refine the embedded features.

This paper has following contributions: (1) the proposed method has considered
geometric information with topology preserving hashing, which improves the differ-
entiation in hash function training; (2) it gives a significant improvement in precision
comparing to the state-of-art methods.

In the following sections, the related work is described in Sect. 2; the description of
our method is in Sect. 3; experiments and results are shown in Sect. 4; Sect. 5 is the
conclusion.

2 Related Work

Many methods have been proposed to involve different factors in LSH hashing
methods. Hashing involved methods are very popular in efficient ANN search [1].
Locality Sensitive Hashing (LSH) [3] method is one of the most well-known
data-independent methods, as hash functions use simple random projections [4–6]. In
theory, the longer the code length is, the more of the similarity between data preserves.

Data-dependent LSH methods like K-means Locality Sensitive Hashing (KLSH)
[7] and PCA-hashing (PCAH) [8] are proposed to make hash functions more specified.
As Yu et al. proposed in [8], it uses Principal Component Analysis (PCA) to reduce
dimensions and preserve the principal component of a given dataset. Later, Gong et al.
improved PCAH in [9] (ITQ) by adding an orthogonal rotation matrix to refine the
projection matrix to improve the precision of quantization.

Many efforts have been made to involve geometric information into different
methods to work out different situations as well. For example, Vyshali et al. [10]
proposed showing a normalized scale contour coding to preserve shape description, but
it is very limited in complex pictures. Zhang et al. [11] proposed making a geometry
preserving visual phrases (GVP) to combine bag-of-visual-words method and spatial
information. Yang et al., propose to utilize the salient visual phrase mined from
multiple queries by mobile end [24, 25]. It shows that the contextual saliency infor-
mation can improve the retrieval performance and reduce the required bandwidth
dramatically. Scalable Graph Hashing (SGH) [12] can approximate the whole graph
without explicitly computing the similarity graph matrix and preserve the entire sim-
ilarity information in the dataset. Many supervised and semi-supervised methods such
as [13–17] involve tagged data in training process to capture more data variance and
sematic neighborhood as well.

One of the most advanced methods is Topology Preserving Hashing (TPH) [18, 19],
which is proposed after ITQ by Zhang et al. In their work, a neighborhood distance
difference matrix used for exploits the neighborhood rankings and a topo-weighting
matrix are presented to preserve the topology of given data in training process based on
ITQ.

However, these methods have limited outcome, since the descriptor has lacked of
some original information already. Therefore, adding more elements into hash function
training becomes feasible.
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Talking about descriptors, local features like SIFT [20], PCA-SIFT [8] and SURF
[21] are better in detail preserving. In SIFT feature extraction, Difference of Gaussian
(DoG) detector is used to find interest points < x, y, scale, orientation > , and theses
interest points are described by the 128-dimension SIFT descriptor. While SURF gets
least time cost and best robust to changes of illumination in experiment on the same
dataset, it has no interest point in extraction. SIFT finds more matches than SURF and
PCA-SIFT, and it is invariant to scale, rotation and blur [22]. Especially, the geometric
information explored from the location, scale and orientation makes the retrieval more
robust against various variations [23–27].

3 Scale and Topology Preserving Hashing Method

In this paper, we propose a Geometry and Topology Preserving Hashing (GTPH) for
SIFT feature matching. We first give the system overview of our approach. Then we
give the corresponding models in training the GTPH, and at last we describe the
similarity measurement.

3.1 System Overview

The flow chart is as Fig. 1. SIFT features of dataset should be extracted off-line. In
extraction, we can get a 128-dimensional descriptor and a scale value for each feature
point. Then, picking out training set to train a hash function following our steps in
Sect. 3.2. We use the hash function to hash descriptors of each image, after which we
can have binary descriptors of all images. When a query is given, use similarity
evaluating method represented in Sect. 3.3 to get similarity scores. The smaller the
score is, the more similar two images are.

Fig. 1. Flow chart of the proposed scale and topological preserved hashing
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3.2 Geometry and Topology Preserving Hashing for SIFT

Hashing-based similarity search methods are popular in image retrieval with big data.
In order to acquire effective hash function, topology has been taken into consideration.
Topology Preserving Hashing (TPH) [18, 19] shows that using topology preserving is
acceptable in some cases. Adding more elements into hash function training can cover
the shortage that the 128-dimension SIFT descriptor has lacks of scale factor, which is
very useful in similarity evaluation.

In this paper, geometric information is considered in training process. Here we
describe Geometry and Topology Preserving Hashing (GTPH) as following.

• Dataset Generation

To make the trained GTPH robust to the different applications, we need to prepare a
large scale SIFT point dataset, in which SIFT points can be down-sampling from 5 K
images.

A zero-centered matrix X128�n is consisted of all SIFT descriptors from a dataset;
each column is a descriptor, and the related feature points are defined as a dataset X′.
n training samples should be chosen randomly from X′. For each sample (i.e. the
selected SIFT point), we get its nearest k neighbor points which are measured by the
Euclidean distance of 128 dimensional SIFT feature descriptors, and l points are
selected randomly from the points that far away from its nearest neighbors as well.
These nearest points and non-neighbor points build up a neighbor set Ni.

The training set and all neighbor sets build up a set defined as
T0 ¼ fxigni¼1 [fNigni¼1; xi 2 X0;Ni 2 X0, which makes up a training matrix
T128�tðt ¼ nð1þ kþ lÞÞ. Its rows and columns are ranked in the same order, which will
be emphasized in our later description. l points are used for getting more robustness,
and usually l is less than k. In our experimentation, we use k = 4 and l = 1.

• Geometry and Topology Extraction and Regulation

To involve geometry and topology information into hash training in the next part,
we need to propose a matrix Ct which takes the geometric and topology relationships
among training samples. Thus we build up four matrices:Cr, Cs, Sr and Ss. These four
matrices build up Ct. When computing them, the order of columns and rows should be
the same with T’s correspondingly.

Rank-Weighting matrix Cr and Simi-Weighting matrix Cs are defined with the
method proposed in [18]. Cr represents Euclidean distance deviation and Cs means the
relative ranking of each sample point’s neighbors’ distances.

To involve geometric information, we address t � t matrices Sr and Ss that can
preserve the scale ranking and similarity into hash training.

First, we shall have Sr to keep the scale ranking. The normalised scale distance of
feature points xi and xj is written as dsðsi; sjÞ ¼ si � sj

�
�

�
�=maxðsi; sjÞ. xi is a sample from

training set, and is no more than the number of training samples. xj is a neighbor point
of xi in Ni. For every sample xi expressed as a 128 � 1 SIFT descriptor matrix in the
training set, the average scale difference is calculated as function (1) and scale deviation
Srði; jÞ is as function (2).
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�si ¼
X

x2Ni
dsðsi; sjÞ= Nij j ð1Þ

Srði; jÞ ¼
�si � dsðsi; sjÞ
0

(

ð2Þ

where Ni represents the neighbor set, and Nij j is the member number of it. The bigger
of sj means it is less similar to si, as the larger value Srði; jÞ will be, which leads to sj is
more specific in the training set.

Ss involves the scales’ relation in the following function (3).

Ssði; jÞ ¼ 2� expf�ds2ðxi; xjÞ=r2sg � 1 ð3Þ

where rs is the average Euclidean distance of points’ scales, and is calculated with 2%
of X′. A larger absolute value of Ssði; jÞ means xj is more different with xi.

These two matrices can enhance the geometry relationship between training points
in training process.

Here, we have got four matrices to emphasis the geometry and topology rela-
tionship between training points. The last process is to integrate the four matrices, as
function (4).

Ct ¼ b½ð1� cÞCr þ cCs� þ ð1� bÞ½ð1� cÞSr þ cSs�
c; b 2 ð0; 1Þ ð4Þ

where c is the weight to balance the matrix Cr and Sr with neighborhood relationship
preserving matrix Cs and Ss, while weights the importance of the 128-dimension
feature to the scale.

• Hash Function Training

In this part, we use the basic method in [9, 19] to train our hash function. A hash
function is to map descriptors into a lower dimension while making the most similar
ones in original space still has a large possibility being similar in the lower dimension.
Thus, the training consists of two steps: First, use PCA [9] to get the principal com-
ponent of geometry and topology emphasized dataset. Second, use SVD to minimize
the loss of quantization. They are described as following.

1. Principal Component Extraction

Follow PCA [9] method to solve an eigen-decomposition of matrix A given by

G ¼ T� ðCt þCT
t Þ � TT þX� XT ð5Þ

A ¼ GþGT ð6Þ

where � represents matrix multiplication. X is the matrix built up with all
128-dimensional descriptors of all images in the dataset.
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G is a matrix that can carry both of neighborhood ranking and relationship infor-
mation. From the first term T� ðCt þCT

t Þ � TT we can extract the principal compo-
nents of descriptors that preserve geometric and topology relationship of the training
set. The second term X� XT is for preventing overfitting.

G is not a symmetric matrix, thus we should process it as function (6).
The m largest eigenvalues of the decomposition construct a projection matrix

W128�m, where decides the bit number of hashing result.

2. Minimize the Loss of Quantization

Find an orthogonal matrix Rm�m that can minimize the quantization loss QðY;RÞ.
If X is a matrix of n, then Ym�m ¼ sgnðR� ZÞ represents the hashed X. A hashing
function is denoted as FðXÞ ¼ sgnðPT � XÞ, and P ¼ W� RT. So the loss should be
calculated as function (7).

QðY;RÞ ¼ Y� R� Zk k2F ð7Þ

where Z ¼ WT � X and �k k2F is the Frobenius norm. X is the same dataset descriptor
matrix with (5). R is a random square matrix with an m � m size in the beginning. The
detail procedure of getting R can be seen from [18].

The final hash function is FðXÞ ¼ sgnðPT � XÞ, in which P¼W� RT, X is the
input matrix built up with descriptors and sgn(�) is the symbolic function. FðXÞ means
the corresponding output binary descriptors in columns as a matrix.

3.3 Similarity Evaluation

In this part, the steps of our similarity evaluation is given.
SIFT features of dataset should be extracted off-line. In extraction, we can get a

128-dimensional descriptor and a scale value for each feature point. Then, picking out
training set to train a hash function following our steps in 3.2. We use the hash function
as FðXÞ ¼ sgnðPT � XÞ where the X is the 128-dimensional SIFT descriptors in
columns of each image, after which we can have binary descriptors of all images.

After a query is given, with SIFT feature extraction and hashing, we can get binary
descriptors of query’s feature points.

Defining the feature points in the query as a set Q ¼ fq1; q2; . . .; qng, and those of
the i-th image in a dataset as Pi ¼ fp1; p2; . . .; pmg. H q; pð Þ means the hamming dis-
tance between feature point q and p.

If we call qk and pj are a match, it means that they are the feature points that in an
image Pi, pj and pjþ 1 are the closest and the second-closest feature points to qk in query
Q among all of feature points in Hamming space, which leads to

H qk; pj
� �

\H qk; pjþ 1
� �

. Ratio
H qk ;pjþ 1ð Þ
H qk ;pjð Þ decides the reliable match, as described in [20].

When
H qk ;pjþ 1ð Þ
H qk ;pjð Þ � r, qk and pj are a reliable match. We choose r = 1.25 in this paper.
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We use the average Hamming distance of reliable pairs in each image as its score.
The smaller the score is, the more similar to the query.

4 Experimentation and Results

To express the precision of our method, we implement experiments on Oxford Building
benchmark dataset [2]. Average precision comparison are made among SGH, ITQ,
TPH and our method. We use the precision of top 2, 5, 10, 15, 20, 25 and 30 as the
criteria to compare methods. The ground truth is taken by hand.

Oxford Building benchmark dataset consists of 5062 photos of Oxford landmarks
images provided by “Flickr”, grouped by 11 landmarks. In our experiments, we ran-
domly selected 29 queries in 3 manually selected groups based on the 11 landmarks
and manually choose 11 ground truth sets.

4.1 Dataset Processing

During the experiment, we shrink every image to 0.3 � 0.3 of its original size to
extract SIFT descriptors. r and rs are calculated by 2% of all feature points collected
in random. In training process, 2000 feature points are randomly selected from all
feature points as the training set. c is 0.2. Each training point’s 4 nearest neighbor
feature points are chosen in Euclidean space, and 1 non-neighbor random feature point
is added to increase adaptability, leading to and.

4.2 Compared Methods and Their Parameter Settings

ITQ [9], SGH [12], and TPH [18, 19] methods are used as comparisons. ITQ improves
the way to get hash function with PCA methods; SGH involves a whole graph matrix;
TPH involves topology consideration. They are in the same parameter values with our
methods, while training feature points are chosen in the same way if necessary.

4.3 Experimentation Description and Results

We set m = 32 that leads to 32-bit descriptors to see the precision rate. Top 30’s
average precision comparison of ITQ, SGH, TPH and our method in b = 0.8 is shown
in Table 1.

Also, we give Table 2 to discuss the top 30 average precision in three parameter b
values: 0.16, 0.4 and 0.8. The best result of each row is in bold.

It is easy to find that our method has a better precision, even though it is fluctuating
with the parameters. Oxford Building dataset consists of spot pictures with complex
background and architectures in similar style, including patterned decorations and
parts. These pictures are especially easy to become similar images to all kinds of
queries due to the limit of descriptor length. Thus, methods that keep more relations
between similar points in Euclidean space perform better. ITQ focuses on the principle
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components to make less loss in quantization, and SGH focuses more on the whole
graph. TPH considers topology relationship, but GTPH has involved geometric
information.

A group of top 10 typical results are shown in Fig. 2 as well. Irrelevant images are
in red rectangular. The first image of each figure is both the query and the first result.
In SGH, the 3rd, 5th, 7th–9th are wrong answers; in TPH, the 2nd, 7th–10th are incorrect;
in GTPH, only the 5th and 9th are wrong. It can be seen that our GTPH method has
improvement than SGH and TPH methods.

Table 1. m = 32 top 30’s average precision comparison between ITQ, SGH, TPH and GTPH

Top ITQ SGH TPH GTPH b = 0.8

2 0.138 0.569 0.534 0.586
5 0.055 0.262 0.283 0.317
10 0.031 0.152 0.183 0.224
15 0.028 0.117 0.133 0.166
20 0.021 0.102 0.114 0.133
25 0.018 0.088 0.098 0.110
30 0.020 0.080 0.089 0.099

Table 2. GTPH m = 32 Top 30’s average precision comparison in different parameter b

Top b = 0.8 b = 0.4 b = 0.16

2 0.586 0.603 0.552
5 0.317 0.324 0.317
10 0.224 0.193 0.210
15 0.166 0.147 0.156
20 0.133 0.131 0.129
25 0.110 0.113 0.109
30 0.099 0.102 0.099

Fig. 2. A top 10 comparison of SGH, TPH and GTPH
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5 Conclusions

This paper proposes Geometry and Topology Preserving Hashing method to acquire a
hash function considered both of geometric relation and topological distance between
SIFT feature points, and deal with the problem of inaccuracy in image retrieval to an
extent. This method improves the shorting of only considering distance relationship of
feature points in training by adding scale factor. An obvious improvement in precision
with a comparison between ITQ, SGH, TPH and our GTPH, along with the comparison
of different factor values in Oxford Building benchmark dataset are shown in experi-
ment part. In future work, we will improve the precision by adjusting the geometric
information and discuss the parameters in detail.
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Abstract. Traffic Sign Recognition (TSR) is very important for driverless
systems and driver assistance systems. Because of the large number of the traffic
sign classes and the unbalanced training data, we propose a hierarchical
recognition method for traffic sign recognition. A classification tree is con-
structed, where the non-leaf node is constructed based on shape classification
with aggregated channel features and a leaf node is constructed based on random
forest classifiers with histogram of gradient for multi-class traffic sign recog-
nition in the non-leaf node. The proposed method can overcome the inefficiency
of flat classification scheme and imbalance of training data. Extensive experi-
ments are done on three famous traffic sign datasets: the German Traffic Sign
Recognition Benchmark (GTSRB), Swedish Traffic Signs Dataset (STSD), and
the 2015 Traffic Sign Recognition Competition Dataset. The experimental
results demonstrate the efficiency and effectiveness of our methods.

1 Introduction

Traffic Sign Recognition (TSR) is an active topic in the intelligence traffic systems. It is
important for automatic driverless vehicle and driver assistant systems [1]. For
example, driver assistance systems could warn drivers to take strategies ahead of time
to avoid accidents [2]. The task of traffic sign recognition usually contains two main
stages: traffic sign detection (TSD) and traffic sign classification (TSC). Traffic sign
detection aims at locating the position of the traffic signs accurately in an image or each
frame of video. Traffic sign classification focuses on labeling a traffic sign. Although
the two stages may overlap such as feature representation of traffic sign, they are
usually studied independently. In this paper, we focus on the second task which is
usually named traffic sign recognition.

Traffic sign recognition is challenging due to the complicated dynamic nature scene,
which faces four difficulties: (1) Appearances of traffic signs change with variations of
viewpoint and illumination, weather condition like rain or fog, motion-blur during
driving, occlusions, physical damage, colors fading, graffiti, stickers and so on. (2) Traffic
sign recognition should be of real time speed and high recognition accuracy for the
purpose of the practical application. (3) The training data are unbalanced. The fre-
quencies of occurrences of traffic signs are different greatly. For example, the speed limit
signs appear more frequently than the no-entry signs in the German Traffic Sign
Recognition Benchmark (GTSRB) [3] and the Swedish Traffic Signs Dataset (STSD) [4].
(4) The number of traffic sign classes is large. For example, there are 112 important
warning sign templates in Chinese traffic signs.
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There are many literatures to deal with the first two difficulties. Some popular
machine learning methods are implemented on traffic sign recognition, such as Bayesian
classifiers [5], boosting [6], support vector machines (SVM) [7], and random forest
classifier [8]. These methods used hand-crafted features such as Histogram of Oriented
Gradient (HOG) [9] and Scale-invariant feature transform (SIFT) [6–8]. In [10],
Zaklouta used a tree classifier of K depth combined with HOG as well as the distance
transforms. Maldonado [11] designed a recognition system based on SVMs, whose
results showed high recognition accuracy and a very low false positive rate. Convolu-
tional Neural Network (CNN) is used for traffic sign recognition [3, 12, 13] and achieved
high recognition accuracy. Recently, CNN is hot in the field of computer vision. It has
achieved several state-of-the-art performances in ILSVRC2012 [14–16] and the 2011
International Joint Conference on Neural Networks (IJCNN) competition [3, 4, 17].

However, few work discussed how to deal with the imbalance of training data and
how to improve the efficiency of multi-class prediction for traffic sign recognition. Most
of the current multi-class prediction schemes are flat, that is, a one-vs.-all or a one-vs.-
one classification scheme is used for label prediction. The flat classification scheme is
time-consuming. Moreover, the imbalance of training data has negative influence on the
classification performance. As we know, the traffic signs are man-made signs of special
shapes, which can be divided three shape classes: circle, triangle, and square. We
construct a tree structure of two layers for traffic sign. The first layer contains the coarse
shape classes and the second layer contains the fine classes which is the traffic sign
identification. Thus, we propose a hierarchical traffic sign recognition method. The
advantage of our method is to improve the efficiency of traffic sign recognition.

The paper is organized as follows. Section 2 introduces the hierarchical recognition
method for traffic sign recognition. Section 3 introduces the experimental results.
Conclusion are given in Sect. 4.

2 Hierarchical Class Prediction Algorithm

In this section, we detail the implementation of the hierarchical traffic recognition.
Figure 1 shows the framework of our method. In the training stage, a classification tree
G ¼ ðV ;EÞ is constructed which has two layers. In the first layer, the traffic signs are
divided into three groups based on the Adaboost classifier combined with Aggregate
Channel Features (ACF) [18]. The non-leaf nodes are the shape nodes in the first layer,
and in the second layer, each node contains traffic sign identification. A leaf node is
identified by a random forest classifier which is learned on the data of classes contained
in its parent node. In the testing stage, a query traffic sign image will traverse the
classification tree. In each layer, the query image is given to the node with the max-
imum confidence value. Finally, the leaf node label with the maximum confidence
value is regarded as the label of traffic sign.
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2.1 Building the Non-leaf Node for Shape Classification

In this subsection, we introduce the construction of the non-leaf nodes based the shape
classification. Aggregated channel features (ACF) [18] are proved to be useful for
pedestrian detection with high speed and detection accuracy [19]. Motivated by the
success in pedestrian detection, we use ACF for feature representation of traffic signs.
The basic structure of the aggregated channel features is channel. We use ten channels:
three color channels of the image with RGB color space, the gradient magnitudes, the six
oriented gradient maps. Figure 2 shows the ACF used in our method. In our imple-
mentation, six oriented gradient filters are used: horizontal, vertical, 30°, 60°, 120°, and
150°. A traffic sign image is firstly normalized into a 10 � 10 image. And then its ACF
are computed. We use all the obtained map for training an Adaboost classifier.

For the shape classification in the first layer, we adopt the Adaboost framework of
Viola and Jones (VJ) framework [20]. As we know, the Adaboost classifier contains
many weak classifiers called weak learners which can be combined into a strong
classifier. It has been proven to converge to the optimal solution with a sufficient
number of weak classifiers. AdaBoost assigns weights to weak classifiers based on their
quality, and the resulting strong classifier is a linear combination of weak classifiers
with the appropriate weights.

Fig. 1. The framework of the hierarchical recognition for traffic signs

Fig. 2. Aggregated channel features for shape classification

202 Y. Qu et al.



We use depth-2 decision trees for boosting [21], where each node is a simple
decision stump, defined by rectangular region, a channel, and a threshold [23]. We
carry out the VJ framework and the final classifier is a weighted linear combination of
boosted depth-2 decision trees of weak classifier. Because each weak classifier is a
depth-2 decision tree, it implements only two comparing operations to apply a weak
classifier, so the shape classification is quite fast.

2.2 Building the Leaf Node for Traffic Sign Identification

In this subsection, we detail how to build the leaf node based on random forest
classifier. Because each shape node contains several traffic sign classes, we build a
random forest classifier for the traffic sign classes contained in a shape node. In order to
train a random forest classifier, each training sample is normalized to a 40 � 40 image.
If a shape node contains N classes of traffic signs, the samples from the N classes of
traffic signs are used to train the random forest classifier, and each leaf node contains a
traffic sign class. In order to train a random forest classifier, we use multiple features
which include the following features: Histogram of Oriented Gradients (HOG), Local
Binary Pattern (LBP), and HSV.

HOG: An image is converted from the RGB color space to gray scale space. And
then it is divided into 7 � 7 blocks and each block contains 4 cells. In each cell, a
gradient oriented histogram with 9 bins is computed. Thus, HOG is 1764-dimensional.

LBP: Just like HOG, an image firstly is transformed to gray scale space. LBP has
low computing complexity with rotation invariant and gray scale invariance perfor-
mances. In this paper, a 256-dimensional LBP descriptor is used.

HSV: Because RGB color space is very sensitive to illumination, HSV color space
is used in this paper. An image is firstly converted to HSV color space. For each pixel,
values of hue and saturation are scaled to the range [0, 255]. For the H channel and S
channel, the two components of two similar colors are numerically much closer, thus,
HSV is less sensitive to illumination. A histogram is computed for each channel, and
the two histograms are concatenated into a vector of 512 dimensions, which is treated
as the color feature.

The tree types of features are concatenated and form a 2532-dimensional vector. In
our experiments, 500 trees are used to form a random forest classifier. The prediction
label is predicted by the ensemble learning of all the trees.

2.3 Class Prediction Scheme

If a query image is input, it traverses the classification tree. In the first layer, it can be
scored by the classifiers in shape nodes and the shape node is retained whose score is
the maximum among the three shape nodes. And then, the query image is scored by the
random forest classifier in the retained shape node. The label of traffic sign whose score
is the maximum is given to the query image.
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3 Experimental Results

We estimate the proposed hierarchical recognition method on three traffic sign data-
bases: GTSRB, STSD, and the 2015 Traffic Sign Recognition Competition Dataset
(Mutil-72TSD).

GTSRB: This database is famous, because it is used in the 2011 IJCNN competition
of traffic sign recognition [4]. It contains 43 classes. There are 39209 training images in
the training set and the testing set contains 12630 testing images. The sizes of traffic sign
images vary from 15 � 15 to 250 � 250 pixels. They have reliable ground-truth data
due to semi-automatic annotation. GTSRB has two test sets: final_test and online_test.
We will give the result on both datasets.

STSD: It was built in 2011 by Department of Electronic Engineering in Linkoping
University. It is mainly used for traffic sign detection. Some scene images contain one
or many traffic signs. In order to test our method, we crop the traffic signs in the scene
image. In order to test further the algorithm performance, we create a sub-dataset of
STSD: Swedish30. And training set contains all of the samples with four statuses. The
first 18 classes are those which occurred most frequently in STSD, other 12 are those
appearing STSD at least 5 times. Swedish30 includes 3129 traffic signs.

Mutil-72TSD: It is a multi-class traffic sign dataset used in the 2015 China Traffic
Sign Recognition Competition. Figure 3 shows some examples in Mutil-72TSD. In the
training set, there are 66 video sequences containing 72 traffic classes. They are split into
7 main categories: (1) warning signs, (2) prohibitory or restrictive signs, (3) mandatory
signs, (4) tourism districts signs, (5) road construction safety sign (6) direction, position,
or indication signs and (7) assist sign. According to the image quality, they are divided
into visible, blurred, occluded, shaded and sloping. The training dataset contains 10611
training images and test dataset contains 8520 test images.

Additionally, in Mutil-72TSD, the number of the traffic signs with low occurrence
frequency is very few, which result in the imbalance of training data. Thus, we augment
the training data for robust learning to potential deformations in the test set. We build a
synthesizing dataset by adding 5 transformed versions of the original training set;

Fig. 3. Some examples in Mutil-72TSD.
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enhance the number of training samples. Samples are randomly perturbed in position
([−0.2, 0.2] pixels), in scale ([0.1, 5] ratio) and rotation ([−10, +10] degrees).

3.1 The Imbalance of Traffic Sign Classes

We analyze the distribution of training data for the three traffic sign datasets. The
histograms of the class frequencies are given in Fig. 4. It demonstrates that the
imbalance of traffic sign classes exist in all the three dataset. The plots of histogram of
the class frequencies are of long tails. In GTSRB, the biggest class set contains more
than 2000 samples while the smallest class set contains only dozens of samples. In
Swedish30, the biggest set contains about 600 samples, while the smallest set contains
only several samples. In Mutil-72TSD, the biggest set contains about 1000 samples
while the smallest set contains only dozens of samples. The imbalance of training data
has negative influence on the classification performance. It implies that our method is
required for multi-class classification.

a)                                        b)  

c)

Fig. 4. The histogram of the class frequencies in traffic sign dataset. The x-axis is the label of
each class; the y-axis is the number of samples in train dataset. (a) the histogram for GTRSB.
(b) the histogram for Swedish30. (c) The histogram for Mutil-72TSD.
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3.2 The Analysis of Computational Complexity

The main computational complexity of our method comes from the complexity of
building the decision tree. Building the random forest model is an ensemble method, so
it’s going to be close to the sum of the complexities of building the individual decision
trees in the model. If each model has the same complexity, then it would be the com-
plexity of the individual model times the number of models you build. If having n
instances and m attributes, the computational cost of building a tree is O(mn log n). If
growing M trees, then the complexity is O(M(mn log n). This is not an exact complexity,
because the trees in the model are grown using a subset of the features, and additional
time may be added in to handle the randomization processes. However, this would get
close to the complexity. The parameters here are n, m, and M - the of instances in the
training data, the number of attributes, and the number of trees you build. The number of
trees is a parameter you set yourself when you run the model [24].

We compare the flat classification scheme with the proposed hierarchical scheme in
terms of the computational complexities. We give the number of classes contained in
shape nodes in Table 1. Take the GTSRB for example. This database contains 43
classes, in which 26 classes are circle, 16 classes are triangle and 1 class is rectangle.
For the flat classification scheme, 43 classifiers are used and the label with the largest
score is given to the query image. Instead, for our method, 3 shape classifiers and 16
classifiers identifying traffic signs are used, thus, the total number of classifier is 19,
which is more time-saving. Moreover, in the training stage, all data are loaded for
training, while our method does not load all data for all classifiers, that is, the classifiers
in the leaf nodes do not load all data. We also show the distribution of training data of
Mutil-72TSD in the non-leaf nodes in Fig. 5. The horizontal axis denotes the shape
nodes, and the vertical axis denotes the number of samples in each shape node. It
demonstrates that our method can overcome the imbalance of classes.

Table 1. The class number in the classification tree for the three datasets

Classifiers GTSRB Swedish30 Mutil72

Flat 43 30 72
Hierarchical Shape nodes 3

Circle 26 22 29
Triangle 16 5 19
Rectangle 1 3 25

Fig. 5. The distribution of classes in the shape nodes for Mutil-72.
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3.3 The Performance of the Proposed Method

In this subsection, we estimate the performance of the proposed method in term of the
recognition accuracy. We first implement our method on GTSRB, which is famous
because of the 2011 IJCNN traffic sign competition. In Table 2, we compare the
methods of traffic sign recognition in terms of recognition accuracy. For the purpose of
fair comparison, we only compare the method based on tree classifiers and SVM
classifiers with HOG. The result demonstrates that our method is superior to other tree
based methods. We also compare our method with the CNN [22] method trained on
GTSRB. The result proves that our method performs CNN method with the same
amount of train samples.

In Swedish30, we compare our method with the random forest classifier used in
[25] which discusses the performances of HOG and LBP in different color channels.
Table 3 shows the comparison results in which our result is the average of five testing
results. HH means three HOG is computed in the three channels of HSV color space
and the feature vector is the concatenation of the three channels of HOG. HL means
that LBP is computed in the three channels of HSV color space, and H+L means that
the histogram of color in HSV color space and LBP histogram are concatenated to form
a feature vector. Table 3 demonstrates that our method can achieve the comparable
results while the dimension of features used in our method is lower than the comparison
method [25].

We also implement the proposed method on Multi-72STD. The results are shown
in Table 4. Furthermore, we compare the flat classification scheme with the hierarchical
classification method. In Table 4, we give the comparison results on the three datasets.
We also compare the flat classification scheme with the hierarchical classification
scheme.

Table 2. Comparison of traffic sign recognition in GTSRB

Method Accuracy (%)

Ours 95.97
CNN 92.82
HOG_02-L2RL2SVMa 95.89
logistic23a 95.82
Linear SVMa 95.81
RandomForest_Hog_Hue_100treea 94.74
KdTree+HOG 9720 KNN 5a 93.40
KdTree+HOG 2520a 92.90
Random trees HOG3a 92.13
aAll the compared methods come from the 2011
IJCNN. http://benchmark.ini.rub.de

Table 3. Comparison of traffic sign recognition in Swedish30.

Method HH HH+HL H+L Ours

Accuracy (%) 97.69 97.49 97.91 97.94
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4 Conclusion

In this paper, we focus on traffic sign recognition in a hierarchical classification
scheme. A classification tree is firstly constructed, in which the non-leaf nodes are
constructed based on shape classification and the leaf nodes are constructed based on
traffic sign identification. For the shape classification, aggregated channel features are
used for feature representation of a traffic sign image and the Adaboost classifier based
on weak decision tree are used for shape classification. In each shape node, a random
forest classifier is trained based on HOG. The proposed method can overcome the
inefficiency of flat classification scheme and the imbalance of the training data. The
proposed method is implemented on three famous traffic sign recognition datasets and
the experimental results demonstrate the efficiency and effectiveness of our method.
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Abstract. Recently, an overwhelming majority of object detection
methods have focused on how to reduce the number of region propos-
als while keeping high object recall without consideration of category
information. It may lead to a lot of false positives due to the interfer-
ences between categories especially when the number of categories is
very large. To eliminate such interferences, we propose a novel category
aggregation approach based upon our observation that more frequently
detected categories around an object have the higher probabilities to be
present in an image. After further exploiting the co-occurrence relation-
ship between categories, we can determine the most possible categories
for an image in advance. Thus, many false positives can be greatly filtered
out before subsequent classification process. Our extensive experiments
on the well-known ILSVRC 2015 detection dataset show that our app-
roach can achieve 49.0% of mAP in the validation dataset and 45.36% of
mAP in the test dataset ranked 5th in the ILSVRC 2015 detection task.

Keywords: Object detection · Convolutional network · Region proposal

1 Introduction

Recently, with the great progress by deep learning technology, visual object
detection has become a very hot and important research topic in the field of com-
puter vision. In order to overcome the tension between computational tractability
and high detection quality, an overwhelming majority of researchers are shift-
ing from the traditional sliding window paradigm such as [1,2] to region pro-
posal methods [3,4,6]. Most of such frameworks [6,7,19] usually consist of three
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main processes: (1) Extract region proposals which are likely to contain objects;
(2) Extract Convolution Neural Network (CNN) features of these proposals; and
(3) Classify the proposals with classifiers trained with CNN features.

Compared with the widely used CNN features and relatively mature clas-
sification methods, how to obtain small number of region proposals with good
localization capability while keeping high object recall is very crucial for train-
ing detectors with excellent performances, and still remains a challenging prob-
lem which is attracting more and more attentions from researchers throughout
the world. Recent representative works on region proposals are Objectness [8],
Selective Search [9], BING [10], Edge Boxes [11], Region Proposal Network
(RPN) [12], MultiBox [13], and MCG [14]. However, almost all of them are
category-independent which do not consider category information. But when
the number of categories is very large, the interferences between categories may
lead to a lot of false positives.

Actually, object categories in real world do not exist in isolation. They nat-
urally interact with each other at the semantic level [15]. For instances, chairs
and tables are very likely to appear simultaneously in an image, while “seal”
and “bench” commonly do not co-occur. Early research work on image and
video annotation, classification and retrieval [15–18,24] indicates that contex-
tual information can help improve performance to a certain degree. Through
our observation, we find that more frequently detected categories around an
object have the higher probabilities to be present in an image. So we propose a
novel category aggregation approach among region proposals, and through fur-
ther exploitation of the co-occurrence relationship between categories, we can
determine the most possible categories for an image in advance. Thus, many
false positives of proposals can be greatly filtered out.

The main contribution of this paper is that we propose a novel cate-
gory aggregation approach together with co-occurrence refinement to reduce
large number of region proposals to keep only those with good localization

(a) (b) (c) (d)

Fig. 1. Illustration of comparison between different detection results (the coordi-
nate of the detected objects, its category with the high confidence score) on the
ILSVRC 2014 detection dataset. (a) is ground truth. Compared with the result of Fast
R-CNN result (b), our proposed category aggregation (c) can remove the false positive
“watercraft” due to its relatively smaller frequency detected in this image. After fur-
ther co-occurrence refinement, our proposed method (d) can filter out the false positive
“bench” since seal and bench often do not co-occur in this dataset.
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capability while keeping high object recall for visual object detection. Our exten-
sive experiments on the well-known ILSVRC 2015 detection dataset show that
our proposed category aggregation can remove the false positive as shown in
Fig. 1. Totally, our approach can achieve 49.0% of mAP in the validation dataset
and 45.36% of mAP in the test dataset.

The rest of our paper is organized as follows. We first review the related work
in Sect. 2 and elaborate on the details of the proposed category aggregation and
co-occurrence refinement in Sect. 3. Experiments are described in Sect. 4. Finally,
we draw our conclusive remarks along with discussion for future work in Sect. 5.

2 Related Work

The performance of object detection mainly benefits from region proposal gen-
eration and region proposal classification. One of the most successful method
of object detection is R-CNN [6] which takes advantage of high quality region
proposals (Selective Search method [9]) and CNN features which recently have
achieved impressive performance due to its discriminative nature and made a
big breakthrough in the field of object detection.

Based on the R-CNN framework, large numbers of outstanding models using
region proposals for object have been proposed [7,12,18,19]. Thus, generating
high quality region proposals has become a typical trend. Most of methods
focus on generating more accurate region proposals and reducing the total num-
ber of region proposals. For instance, Erhan [13] proposes a saliency-inspired
neural network model named MultiBox to directly learn the bounding boxes.
Girshick [7] integrates region classification and bounding box regression in a
deep neural network using a multi-task loss to improve detection accuracy.

Category-related context information has been applied to image and video
annotation and classification [15,18,20]. Qi [15] shows that contextual relation-
ship can help improve performance stably for video annotation. DeepId-Net [18]
uses the classification score of the whole image as contextual information to
refine the classification score of the candidate box. Choi [21] uses a tree graphi-
cal model to learn dependencies among object categories. Galleguillos [22] uses
a conditional random field to model object co-occurrence and location to detect
object. Different from those methods which obtain the category relationship by
learning from data, we propose a novel category aggregation approach along
with further exploitation of the co-occurrence relationship between categories.

3 Our Proposed Method

3.1 Framework of Our Approach

An overview of our approach is shown as Fig. 2. Our proposed approach consists
of the following four processes: (a) Region proposal extraction: Generating
category-independent candidate bounding boxes using region proposal method.
(b) Category aggregation and co-occurrence refinement: Filtering out
false positives using category aggregation along with co-occurrence refinement
among region proposals. (c) Region classification: Classifying region propos-
als. (d) Region fusion: Fusing different region proposals for object detection.
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Fig. 2. Illustration of our proposed object detection framework based on category
aggregation and co-occurrence refinement among region proposals

3.2 Category Aggregation

As discussed above, existing object detection methods may generate many false
positives due to the errors of both classification and localization. In order to filter
out the false positives, we propose a category aggregation method for predicting
the possible classes contained in an image as a candidate category set. The
process of our proposed category aggregation method is shown in Fig. 3.

The goal of category aggregation is to obtain all the possible object category
in a given image which essentially is a multi-label detection problem. Liking
multi-label method [23], we first sample patches from the given image which
may contain one or more objects, background, or a part of the object. Different
from randomly or sliding sampling patches in previous method, our method
uses the region proposal methods to extract patches which can get high quality
patches and can help to infer the possible categories. For a given image, we
use region proposal method to generate region proposals R = {R1, R2, ..., Rm}.
m is the number of proposals generated from a given image I and varies with
images. Then we score those generated region proposals. Because of the high
performance of CNN (Convolutional Neural Network) in image recognition task,
we use the well-known VGG16 model to score those proposals. The VGG16 [5]
model is pre-trained on ImageNet classification dataset and then fine-tuned on
ImageNet detection dataset.

After we score the generated region proposals, we rank each proposal accord-
ing the scores and select the category ci of the highest score, ci denotes the
selected category of the i-th proposal. Then we aggregate categories of the image
I by combining the category of each proposal except background category which
is denoted by 0, i.e:

oI =
⋃

i=1,..,m

(ci if ci! = 0) (1)

Where oI denotes the result of category aggregation, i.e., the predicted pos-
sible category set of image I.
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Fig. 3. Illustration of our proposed category aggregation method.

Finally, we sort the category set oI in descending order according to each
confidence, and select the category with highest confidence as reference category
which will be used in the next process of co-occurrence refinement. We define
the confidence of category i according to the following equation:

ciI = 1/m
m∑

n=1

I(cn), I(cn) =

{
1 if cn = i.

0 else.
(2)

3.3 Co-occurrence Refinement

In order to get more accurate category information of an image I, we further
utilize the co-occurrence relationship between categories to refine the possible
category set oI . The left of Fig. 4 illustrates the heat map of the co-occurrence
matrix and the right of Fig. 4 illustrates the procedure how to apply it to refine
candidate categories.

The co-occurrence matrix M shows the co-occurrence relationship between
categories. Generally, the co-occurrence relationship among categories can be
determined by experts or based on large lexical database, for instance, WordNet
and Wikipedia, etc. In this paper, we get the co-occurrence relationship on large
database using data-driven approach. Because the ImageNet object detection
training set is large enough to cover most of category co-occurrence information,
we count the category co-occurrence information from the ground truth labels of
the training set. Let M = (mi,j)NN denotes the co-occurrence matrix generated
from training set. The matrix M can be generated by the following equation:

mi,j =

{
0 if � I s.t. i-th category ∈ I and j-th category ∈ I.

1 if∃ Is.t. i-th category ∈ I and j-th category ∈ I.
(3)

where mij = {0, 1} represents whether the i-th category co-occurs with the j-th
category. If there is one image in which the i-th category object and the j-th
category object simultaneously appear, then mi,j is assigned to 1, otherwise,
mi,j is assigned to 0.
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Fig. 4. The illustration of the degree of co-occurrence among 200 categories in the
ImageNet. Each pixel represents degree of co-occurrence between two categories. The
brighter of the pixel is, the higher the degree of co-occurence is.

After we get the co-occurrence matrix, we apply this co-occurrence matrix
to the aforementioned candidate category set oI of each image I to refine the
category aggregation results. The right of Fig. 4 shows, for each input candidate
category set, we have a reference category Rc1 with the highest confidence whose
definition is in Sect. 3.2. Then we filter the candidate category according to the
reference category by using the following equation:

ô1I = {Rc1}

ôt+1
I =

{
ôtI if �Rcj ∈ ôtI s.t.mRcj ,Rct ! = 0.
ôtI

⋃{Rct} if∃Rcj ∈ ôtI s.t.mRc1,Rct ! = 0.
(4)

where ôI represents the remained candidate category set after filtering by
employing co-occurrence relationship. Rct is the number of category; t ∈
{1,2,...,K} and K is the size of candidate category set oI .

3.4 Region Classification

Our final goal is to detect objects using the candidate category set oI or ôI . As
the right of Fig. 3 shows, we only detect object on the candidate categories.

The main difference between our detection pipeline from the existing detec-
tion method is the candidate category set which is changed from the whole
dataset category set to a subset oI . In our experiments, the size of whole cate-
gory set Y is 200 and the average size of oI is 4. By utilizing this new candidate
category set, the interference with other categories can be largely suppressed so
as to improve the performance of detection.

4 Experiments Results

We participated in the ImageNet Large Scale Visual Recognition Challenge 2015
and achieved 5th in detection task using our proposed method. This detection
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Table 1. Top5 ranked detection mAP (%) on ILSVRC 2015 test set and val2 set.

Method MSRA [25] QualcommResearch CUImage Adelaide Ours

val2 - 54.6 57.3 - 49.0

test 62.07 53.57 52.57 51.44 45.36

Table 2. Detection mAP (%) on ImageNet val2.

Method FastRCNN DeepID-Net (sgl) DeepId-Net (avg) Ours (sgl)

val2 46.7 48.2 50.7 49.0

dataset contains 200 object categories including 450,000 training images, 20,121
validation images and 51, 294 test images, respectively. We divide the validation
data into two parts just same as R-CNN [6] does: val1 set and val2 set. val1 set
and training set is merged as “trainval” set to train the models, val2 set is used
to evaluate the performance.

Table 1 summarizes the results from ILSVRC 2015 object detection challenge.
It contains the top5 ranked approaches on the test data submitted to ILSVRC
2015. As Table 1 shows, the MSRA [25] achieved the best performance of 62.07%
mAP by utilizing a 152 layers deep model. The Qualcomm Research proposed
NeoNet ensemble with bounding box regression which achieved 53.57% mAP.
The CUImage achieved 52.57% mAP based on combining DeepID-Net [18] with
Faster RCNN [12] model. The University of Adelaide fused multiple VGG16
and VGG19 networks which is in total of 9 models to achieve 51.44% of mAP.
Our proposed category aggregation method achieved 45.36% of mAP in the test
dataset.

Table 2 shows detection performance of Fast R-CNN [7] and DeepID-Net [18].
We can see that on the val2 set we achieve 49.0% mAP in single model (shorten
to “sgl” in Table 2). The results of Fast R-CNN is fine-tuned as our baseline.
Compared with the baseline, our model can improve 2.3% of mAP. This shows
the effectiveness of our proposed method.

We train our model with the fusion of region proposals extracted by Selec-
tive Search method [9] and Edge Boxes method [11]. During testing, we take
different region proposals as candidate bounding boxes, such as Selective Search
(SS), Edge Boxes (EB), RPN, etc. In the following part, we will detail our cate-
gory aggregation experiments, co-occurrence refinement experiments, and region
proposal fusion experiments respectively.

4.1 Category Aggregation Experiments

Table 3 compares the detection performance of the Fast R-CNN and our model
with/without category aggregation. From Table 3, we can see that experimental
results with category aggregation is better than that of Fast R-CNN (without
category aggregation) no matter what kind of region proposal is used. By using
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Table 3. Experimental results (with/without category aggregation)

Proposal method SS EB RPN SS+EB SS+RPN Average

Fast R-CNN (without cg-agg) 46.7 46.9 46.5 46.5 47.0 46.72

Ours (with cg-agg) 47.5 46.9 46.8 48.1 48.4 47.54

Table 4. Part of results on 200 categories of ILSVRC2015 detection dataset.

ClassName mAP accordian airplane ant antelope apple armadillo artichoke

Fast R-CNN 46.7 62.3 59.7 45 62.5 34.4 90.9 49.6

Ours 47.5 63.9 61.2 47.2 69.2 34.8 90.5 55.6

Improved +0.8 +1.6 +1.5 +2.2 +6.7 +0.4 −0.4 +6.0

ClassName pack banana bandAid bear basketBall bagel baseball bathingCap

Fast R-CNN 14.4 33.4 46.8 88.7 78.5 37.4 51.7 48.0

Ours 15.0 38.6 63.5 87.5 80.4 44.0 59.4 49.1

Improved +0.6 +5.2 +16.7 −1.2 +1.9 +6.6 +7.7 +1.1

category aggregation, we achieve mAP of 48.4% using region fusion, 0.78% higher
mAP on average than without using region fusion. Taking advantage of classifi-
cation information in advance, our method can filter a number of false positives,
eventually improving the detection performance.

Table 4 shows part of results on 200 categories only using category aggrega-
tion. From Table 4, we can see that for some categories, using category aggrega-
tion can improve the performance 16.7%. Because on those categories, common
detection pipeline often classifies some bounding boxes to incorrect categories
with relative higher confidence score. In our experiments, the average number
of elements in candidate categories is only about 3 which is rather smaller than
the original 200 categories. This will reduce the probability of misclassification.
Although there are also some categories whose mAP is reduced to some extent
because some true categories are filtered out during category aggregation process,
the overall mAP over all the 200 categories increases finally.

Besides, our experiments shows the mAPs by using different region proposal
method. In Table 3, using single region proposal methods, the Selective Search
has the best performance. Fusing different region proposals can improve the
detection performance in that they are complementary.

4.2 Co-occurrence Refinement Experiments

Table 5 compares detection precision for with/without co-occurrence relationship
using different region proposals. From Table 5, we can see that experimental
results with co-occurrence relationship are constantly better than those with-
out co-occurrence refinement. By using co-occurrence information, we further
improve the detection mAP 49.0% with mAP increasing 0.36% on average com-
pared to without using co-occurrence refinement.
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Table 5. Experimental results (with/without co-occurrence refinement)

Proposal method SS EB RPN SS+EB SS+RPN Average

Without co-occur 47.5 46.9 46.8 48.1 48.4 47.54

With co-occur 47.9 47.2 47.2 48.4 49.0 47.9

(a) Without co-occur ref(b) With co-occur ref

Fig. 5. Illustration of removal of false positives (“without co-occur ref” denotes “with-
out co-occurrence refinement”, “with co-occur ref” denotes “with co-occurrence refine-
ment”): (a) Before applying co-occurrence relationship, there are three category which
are wrongly detected—ray, chair, drum; (b) After applying co-occurrence relationship,
the wrong categories are removed with only correct category “train” left.

As shown in Fig. 5, utilizing the co-occurrence relationship of categories can
further reduce the false positives of region proposals.

From Tables 3 and 5 we can also discover that region proposal fusion is a
simple and effective method. By using region fusion, we can improve mAP from
48.4% to 49.0%. Because region proposals extracted by using different methods
complement each other, we can get higher quality candidate bounding boxes
resulting in better detection precision after fusion.

5 Conclusion

In this paper, we propose a novel category aggregation approach together with
co-occurrence refinement to filter out false positives of region proposals before
subsequent classification. Several issues are worth further investigation: First, we
plan to investigate the adoption of more complex relationship than co-occurrence
between categories through using graph model. The second is how to fine tune
the deep neural network on the ILSVRC 2015 detection dataset to get better
performance for object detection.
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Abstract. Densely sampled local features with bag-of-words models
have been widely applied to action recognition. Conventional approaches
assume that different kinds of local features are totally uncorrelated, and
they are separately processed, encoded, and then fused at video-level rep-
resentation. However, these local features are not totally uncorrelated
in practice. To address this problem, multi-view local feature fusion is
exploited for local descriptor fusion in action recognition. Specifically,
tensor canonical correlation analysis (TCCA) is employed to obtain a
fused local feature that carries the high-order correlation hidden among
different types of local features. The high-order correlation local feature
improves the conventional concatenation based fusion approach. Exper-
imental results on three challenging action recognition datasets validate
the effectiveness of the proposed approach.

Keywords: Action recognition · Multi-view · Local feature

1 Introduction

Vision-based action recognition has been an active research area in the recent
decades, and it is the central part in many computer vision applications, such as
intelligent video surveillance, human-computer interaction, video content analy-
sis, and video retrieval. It is a changeling problem to recognize actions from
unconstrained videos due to complex backgrounds, large intra-class variances,
etc. To obtain a better feature for classification, videos are usually represented
in different ways using multiple types of features. This kind of representation is
termed as the multi-view features. In this paper, we exploit the multi-view local
feature fusion for action recognition.
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Approaches based on densely sampled local features with bag-of-words mod-
els have been successfully applied to complex action recognition tasks. In these
approaches, different types of local features are encoded independently by
bag-of-words models, and then concatenated together as final representation for
classification. This fusion strategy is regarded as the representation fusion. It is
proposed by assuming that different types of local features are totally uncorre-
lated. In this way, they are processed separately without losing valuable infor-
mation.

However, different types of local features are not totally uncorrelated in prac-
tice. There might be some correlation exist among these features that are useful
for feature representation. A straightforward solution is the local feature fusion,
which simply concatenate local features before feature encoding. This concate-
nation cannot capture the hidden connections among local features effectively.
Furthermore, due to the increased input dimensionality, the conventional bag-
of-words model in local feature fusion fails to encode features as good as that in
representation fusion.

In this paper, we propose the high-order correlation local feature (HCF)
to utilize the correlation among different types of local features. In our work,
different types of local features are regarded as different views, tensor canon-
ical correlation analysis [12] is employed to capture the high-order correlation
among different views. Experimental results on three challenging action recogni-
tion datasets show that a significant improvement can be achieved by proposed
approach.

2 Related Work

Recently, approaches based on densely sampled local features and bag-of-words
models have been shown to be particularly successful. [25] first evaluated various
local features and sampling strategies, and showed the effectiveness of densely
sampled local features for action recognition. After that, more sampling strate-
gies and local features were proposed. Dense trajectories [23] samples local
patches in a dense grid from each frame and tracks them as trajectories using
dense optical flow, it then extracts local features along trajectories and encodes
them for video representation. Then the improved dense trajectories (IDT) was
introduced by removing camera motion in videos [24]. A two-stream CNN was
proposed by training two independent networks for appearance and motion rep-
resentation, respectively [21]. All of these approaches use the representation-level
fusion, which neglects the correlation be-tween different types of local features,
and simply concatenating different features as final video representation. In our
work, we propose a better fusion approach for different types of local features.

Correlation is a powerful way to investigate and describe the relationship
between two sets of data. There are many approaches proposed by utilizing cor-
relation. [20] proposed a gradient-based subspace phase correlation for efficient
image alignment estimations. Statistical methods was introduced to estimate
vehicle count based on correlation estimation [18]. Canonical correlation analy-
sis (CCA) is a straightforward method utilizing correlation for data fusion, it has
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been widely used for multi-view applications, such as classification [6], regression
[7] and clustering [1]. However, these approaches based on conventional CCA are
limited by two views. Although the multi-view fusion can be achieved by enu-
merating each pair of views, the high-order correlation among multiple views
will be ignored. Tensor canonical correlation analysis (TCCA) [12] was proposed
as a multi-view dimension reduction method to handle the data of an arbitrary
number of views by analyzing the covariance tensor of different views. Besides of
correlation, lots of approaches for multi-view fusion based on different principles
have been proposed. A non-linear multi-view dimension reduction method was
proposed by utilizing the common structure among different views [27].

There are only few studies on the fusion of local features have been proposed.
A local feature fusion approach using coupled multi-index frame was proposed for
accurate image retrieval [29], but its performance is limited by nearest neighbor
based bag-of-words models. Three types of simple concatenation based fusion
strategy were investigated [17], and fused them as hybrid representation. Exper-
imental results suggested that the representation-level fusion is the best fusion
among three strategies, and more useful information can be obtained from dif-
ferent types of fusions. But this approach is inefficient due to the simple concate-
nating based fusion, and the improvement was mainly introduced by the large
number of clusters used in bag-of-words models. A mixture model of probabilis-
tic CCA was proposed to learn shared latent variables for utilizing the common
part of different features in action recognition [2]. Similar to other approaches
based on CCA, it is also limited by two views. Therefore, it fails to utilize rich
correlation among all views.

3 Local Feature Fusion

In this section, we detail the proposed high-order correlation local feature (HCF)
for action recognition. An illustration of our approach is shown in Fig. 1. First
of all, we extract different types of local features using IDT [24]. Briefly, points
are densely sampled in a grid from each frame and tracked as trajectories by
dense optical flow, and then the features are extracted aligned with tracked
trajectories.

There are four kinds of local features extracted by IDT. Histograms of ori-
ented gradients (HOG) [4] encodes static edges and textures, which represent
appearance information for action recognition. HOG is extracted directly from
video frames. Histograms of oriented optical flow (HOF) [10] is obtained from
horizontal and vertical optical flows. It captures both magnitudes and directions
of motion. Horizontal and vertical motion boundary histograms (MBHx and
MBHy) [5] are extracted from horizontal and vertical optical flow respectively.
MBHx and MBHy utilize the gradient of optical flows, and they carry horizontal
and vertical motion information respectively. These four kinds of local features
represent different information of local video cubes. In conventional approach,
they are assumed to be totally uncorrelated to each other. Therefore, they are
processed and encoded independently, and then concatenated as the final feature
for the classification.
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Fig. 1. The framework of the proposed approach.

We suggest that there are some important correlations hidden among them,
which are neglected in conventional approaches. Regarding each type of fea-
tures as a unique view, we perform a fusion by tensor canonical correlation
analysis (TCCA) [12] to extract high-order correlation among different features.
TCCA projects multiple views of features into a new subspace that maximizes
correlation of multiple views. Different from other multi-view approaches that
keep similar information among different views, TCCA is able to obtain new
representation that carries high-order correlations among different views. These
correlations encode the relationship of different types of features in each local
video cubes. TCCA can be summarized as follows.

Assuming that m views of features {Xl}ml=1 of N instances are given, where
each view Xl = [xl1,xl2, · · · ,xlN ] ∈ R

dl×N has been whitened, the covariance
tensor among all views is represented as

C =
1
N

N∑
n=1

x1n ◦ x2n ◦ · · · ◦ xmn, (1)

where the operate ◦ is the tensor outer product, and C is of dimension d1 × d2 ×
· · · × dm.

According to [12], the major problem of TCCA is to maximize the correlation
ρ among multiple types of features. It can be described as

argmax
{hl}

ρ = corr(z1, z2, ..., zm),

s.t. zTl zl = 1, l = 1, ...,m,
(2)

where corr(z1, z2, ..., zm) = (z1 � z2 � ... � zm)Te is the canonical correlation,
the operator � is the element-wise product, and e ∈ R

N is an all ones vector.
Specifically, zl = XT

l hl, l = 1, ...,m are canonical variables, and hl are called
canonical vectors. Problem (2) is equivalent to solving the following formulation:

argmax
{hl}

ρ = C ×1 hT
1 ×2 hT

2 · · · ×m hT
m,

s.t. hT
l (Cl + εI)hl = 1, l = 1, ...,m,

(3)
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where I is an identity matrix, ε is a nonnegative trade-off parameter. The oper-
ator ×p is the p-mode production.

Specifically, Cl are self-covariance matrices represented as

Cl =
1
N

N∑
n=1

xlnxT
ln, l = 1, ...,m.

The reformulated optimization problem is

argmax
{ul}

ρ = M ×1 uT
1 ×2 uT

2 · · · ×m uT
m,

s.t. uT
l ul = 1, l = 1, ...,m,

(4)

where ul = C̃
1/2
l hl are latent transform variables. And the definition of M is

M = C ×1 C̃
−1/2
1 ×2 C̃

−1/2
2 · · · ×m C̃−1/2

m , (5)

where C̃l = Cl + εI.
The problem (4) is equivalent to

argmax
{ul}

∥∥∥M − M̂
∥∥∥2

F
, (6)

where M̂ = ρu1 ◦ u2 ◦ · · · ◦ um. The problem (6) can be solved by Alternating
Least Square (ALS) algorithm [8].

Obtaining the solution ul, the canonical variable is zl = XT
l C̃

−1/2
l ul. Define

r as the dimensionality after the reduction (r � min{d1, · · · , dm}), and let
Ul = [u(1)

l , · · · ,u(r)
l ] and z(1)l , · · · , z(r)l be the column vectors of Zl, the projected

feature of the l-th view is
Zl = XT

l C̃
−1/2
l Ul. (7)

Finally {Zl}ml=1 are concatenated as Z ∈ R
mr×N for subsequent processing.

Regarding HOG, HOF, MBHx and MBHy as four different views, TCCA is
performed to project them into a new subspace to obtain a fused feature-level
representation that carries the high-order correlation among them.

4 Experiments

In this section, we report the experimental results of the proposed HCF. Firstly,
we introduce the datasets used to evaluate the performance of HCF and detail
the implementation parameters. Then we report the evaluation of different
parameters used in our work. And we compare the performance of HCF with
other feature fusion approaches for action recognition. Lastly, we compare our
method with state-of-the-art approaches. We evaluate the proposed approach
on three challenging action recognition datasets: HMDB51, UCF50 and Holly-
wood2. Some example frames of these datasets are shown in Fig. 2.
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Fig. 2. Example frames from the action recognition datasets used in this paper. Rows
from top to bottom are HMDB51, UCF50 and Hollywood2 respectively.

The HMDB51 dataset [9] consists of 51 action categories with 6,766 video
sequences from different movies. We report the mean accuracy (mAcc.) over 3
train/test splits proposed in [9]. The UCF50 dataset [19] consists of 50 action
categories divided into 25 groups. Following the standard evaluation protocol
proposed in [19], we report the mean accuracy over 25 cross validation sets. The
Hollywood2 dataset [13] consists of 3,669 movie clips collected from 69 different
Hollywood movies. We follow the standard evaluation protocol proposed by [13],
and report the mean average precision (mAP) over all classes.

4.1 Implementation Details

Here, we describe the implementation details of our experiments. All experiments
were performed as described here, unless stated otherwise.

To extract local features, we follow the default parameters proposed in IDT
[24]. Four kinds of local features were extracted, i.e. HOG, HOF, MBHx and
MBHy. For preprocessing, principle component analysis (PCA) and whitening
were performed to reduce the dimensionality by a factor of two. As the baseline
approach, the representation-level fusion was performed. Here, for each type of
local features, 256,000 features were randomly sampled from a dataset to train
a GMM with 256 clusters, and Fisher vector was performed to get the encoded
feature. After encoding, four kinds of feature were concatenated together as the
final representation.

Instead of encoding fused features by conventional Fisher vector, we use
sparse coding based Fisher vector [11] for encoding the fused features. The
dimensionality r of each type of features after processed by TCCA was set to 45.
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Thus the dimensionality of fused feature was 180. The dictionary size for sparse
coding based Fisher vector was 256. And the number of nonzero coefficients for
sparse coding was set to 15. Similar to conventional Fisher vector, normaliza-
tion is required for better feature representation. In our work, we apply intra-
normalization and L2-normalization to the encoded feature. We concatenate
HCF with conventional features for final classification. To better utilize both con-
ventional single view features and the proposed HCF, an extra L2-normalization
is performed after the concatenation of all encode features. A one-against-all lin-
ear support vector machine was used for classification. The evaluation protocols
for each dataset were then applied to produce the final results.

4.2 Experimental Results

First, we evaluate the impact of parameters in HCF on the HMDB51 dataset.
Following the feature extraction process, we study the dimensionality of each
view r kept by TCCA. As shown in Fig. 3, a proper r can capture more valuable
connections among all views, but some interferences will be introduced while
using a large r. In our experiments, the best performance is achieved at the
point r = 45.

Second, we conduct experiments to evaluate the performance of HCF com-
pared with other local feature fusion approaches. The results are shown in
Table 1. Here the baseline approach use only representation-level fusion was
proposed in [24]. The extra concatenation-based local feature fusion is able to
slightly improve the recognition accuracy. As shown in Table 1, the proposed
method outperforms MVSV and all kinds of fusion methods. Using both the
correlation and the independence of multiple types of features, the proposed
approach performs better than MVSV, which unable to make full use of the
correlation information among four types of features. This indicates that HCF
is more effective to capture the high-order correlation among different views
simultaneously.

As shown in Table 2, we compare the propose approach with state-of-the-
art action recognition approaches. Results show that the proposed method can
achieve competitive results on the three challenging action recognition datasets
compared with other approaches. Here, IDT can be considered as the baseline
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Fig. 3. Evaluation of the parameters on the HMDB51 dataset.
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Table 1. The comparison of different fusion approaches.

HMDB51 (mAcc.) UCF50 (mAcc.) Hollywood2 (mAP)

Baseline [24] 57.2% 91.2% 64.3%

Concatenation 58.6% 92.0% 66.7%

MVSV [2] 59.5% 92.0% 66.2%

Proposed 61.1% 93.8% 67.3%

Table 2. Comparison of different action recognition approaches on HMDB51, UCF50
and Hollywood2 datasets.

HMDB51 mAcc UCF50 mAcc Hollywood2 mAP

Causality [14] 58.7% Movement [3] 90.0% FV [15] 63.3%

SHVLAD [16] 59.8% FV [15] 90.0% IDT [24] 64.3%

Hybrid [17] 61.1% IDT [24] 91.2% GNMF [22] 56.8%

CNN [21] 59.4% Causality [14] 92.5% ICA [28] 54.1%

Pooling [26] 59.7% Hybrid [17] 92.3% Pooling [26] 67.5%

Proposed 61.1% Proposed 93.8% Proposed 67.3%

approach. Lots of efforts have been made for better feature encoding. Fisher
vector was introduced to action recognition in [15], which compact feature set
can be used. Granger causality is used to encode relationship of trajectory pairs
[14]. SHVLAD employs high-order statistics and supervised learning to improve
feature encoding [16]. A hybrid approach was proposed by combining many kinds
of feature encoding approaches, and it gains lots of improvements on recogni-
tion accuracy. Using high-order correlation features, our approaches outperforms
these approaches. Movement patterns histogram was proposed for action repre-
sentation using motion information [3]. And the two-stream CNN was proposed
by using CNN on both RGB video frames and stacked optical flows. Withe
the motion information obtained from stacked optical flows, good results can
be achieved by these approaches. The proposed approaches outperforms these
action recognition approaches on HMDB51 and UCF50 datasets. And competi-
tive results on Hollywood2 dataset can be achieved.

5 Conclusion

In this paper, we highlight the high-order correlation information among different
types of local features in action recognition, which is neglected in conventional
approaches. In particular, we proposed the high-order correlation local feature
as an axillary feature to utilize these information. Experimental results show
that the proposed approach able to improve conventional approach as an axil-
lary feature. The proposed approach is by all means not limited to an action
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recognition representation and could be applied in other applications that rely
on densely sampled local features and bag-of-words models.
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Abstract. This paper describes our winning entry in the ImageCLEF
2015 image sentence generation task. We improve Google’s CNN-LSTM
model by introducing concept-based sentence reranking, a data-driven
approach which exploits the large amounts of concept-level annotations
on Flickr. Different from previous usage of concept detection that is tai-
lored to specific image captioning models, the propose approach reranks
predicted sentences in terms of their matches with detected concepts,
essentially treating the underlying model as a black box. This property
makes the approach applicable to a number of existing solutions. We also
experiment with fine tuning on the deep language model, which improves
the performance further. Scoring METEOR of 0.1875 on the Image-
CLEF 2015 test set, our system outperforms the runner-up (METEOR
of 0.1687) with a clear margin.

Keywords: Image captioning · Sentence reranking · Neural language
modeling · ImageCLEF 2015 benchmark evaluation

1 Introduction

In this paper we tackle the challenging task of image captioning. Given an unla-
beled image, the task is to automatically generate a natural language sentence
that describes main entities and events present in the image. See Fig. 1 for some
example sentences.

There has been a considerable progress on the topic in the last few years,
thanks to powerful image representation derived from deep convolutional neural
networks (CNN) [1] and trainable recurrent neural networks (RNN) capable of
modeling long term dependency in natural language [2]. Joint models of CNN
and RNN have demonstrated quite promising results for image captioning [3–5].

Since the number of model parameters to be optimized is at a million scale,
what also matters are the growing amounts of training images associated with
manually written descriptions, e.g., Flickr8k [7], Flickr30k [8], MSCOCO [9] with
more than 100k images, and Flickr8k-CN [10] as a bilingual extension of Flickr8k.
Even though the number of captioned images has increased from a few thousands
to over 100k, sentence-level annotations remain in shortage when compared to
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 231–240, 2016.
DOI: 10.1007/978-3-319-48896-7 23
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(a)

(b)

Fig. 1. Examples illustrating concept-based sentence re-ranking for improv-
ing image captioning. Candidate sentences generated by a CNN-LSTM image cap-
tioning model are shown in descending order on the left side, while the chosen sentences
are shown on the right side. In square brackets are concepts predicted by the neighbor
voting algorithm [6]. The candidate sentence best matching the predicted concepts are
chosen as the final description. (Color figure online)

concept-level annotations. For instance, one can easily obtain one million learn-
ing examples of ‘dog’ from Flickr1. How to exploit such large amounts of (noisy)
concept-level annotations to improve image captioning is important.

Works on utilizing concept detection for image captioning exist, but are tai-
lored to specific models. For instance, in the work by Fang et al. [11], concept

1 Over 6 million images tagged with ‘dog’ on Flickr, https://www.flickr.com/search/?
tags=dog, retrieved on April-29-2016.

https://www.flickr.com/search/?tags=dog
https://www.flickr.com/search/?tags=dog
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detection results are used as part of input features for a maximum entropy lan-
guage model. Gong et al. [12] leverage Flickr data to improve image and text
embedding within a kernel Canonical Correlation Analysis framework. These
works are inapplicable to other models, e.g., the popular CNN+LSTM architec-
ture.

Contributions of this work. For improving image captioning by exploiting
concept-level annotations, we propose concept-based sentence reranking. The
proposed technique treats the underlying sentence generation model as a black
box, making it applicable to a number of existing solutions. Moreover, by deriving
concept detectors from Flickr images, better image descriptions are predicted
with no extra cost of manual annotation. In addition, we show that a fine tuning
on a trained deep language model further improves the performance. Putting all
this together, our system is the winning entry in the ImageCLEF 2015 image
sentence generation task [13,14].

2 Related Work

Depending on whether candidate sentences are given in advance, we see two lines
of research, namely retrieval approaches and generative approaches.

The retrieval approaches sort a predefined set of candidate sentences in terms
of their relevance with respect to a given image, and then selects the top ranked
sentence to annotate the image [7,12,15]. To compute cross-media relevance
between images and sentences, representing them in a common space is a pre-
requisite. In [7], this space is derived by Kernel Canonical Correlation Analysis,
while normalized linear Canonical Correlation Analysis is used in [12] for scaling
to larger training sets. In the DeViSE model [15], the common space is formed
by a pretrained Word2Vec [16], where the embedding vector of a sentence is
obtained by averaging over the vectors of its words. Compared to bag-of-words
used in [7,12], the use of Word2Vec enables DeViSE to handle a much lager
vocabulary. In [17], the common space is implemented as a visual CNN feature
space in order to better capture visual and semantic similarity. One strength of
the retrieval approaches is that a predicted sentence is syntactically and gram-
matically correct. However, they lack the ability to generate novel sentences.

The generative approaches typically consist of two main components, i.e.,
image encoding and sentence decoding [3–5]. For image encoding, a pretrained
deep convolutional neural network (CNN) is employed to project a specific image
into a visual feature space. For cross-media comparison, images and words are
embedded into a latent common space before they are fed to a recurrent neural
network (RNN), which eventually outputs a sequence of words as the caption.
Variants of RNN have been investigated, including multi-modal RNN [4], bidirec-
tional RNN [5], and Long Short-Term Memory (LSTM) [3]. Recent benchmark
evaluations, e.g., the MSCOCO Captioning Challenge [9] and the ImageCLEF
2015 image sentence generation task [14], have demonstrated outstanding per-
formance of LSTM based solutions [3,13].
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3 Our Approach

We aim to improve the performance of an existing image captioning model by
re-ranking its generated sentences in terms of concept detection results. More
concretely, given an image, the model first generates k best sentences. Each
sentence, indicated by hypoSent, is associated with a confidence score, denoted
as sentenceScore(hypoSent). Meanwhile, suppose we have access to a concept
detection system that predicts m concepts deemed to be relevant with respect
to the given image. If a detected concept appears in a hypoSent, we call it a
matched concept. Our assumption is that a sentence covering more matched
concepts is more likely to be a good description of the image. Hence, the final
caption shall be the sentence that maximizes the prediction confidence score and
the concept matches. The new sentence confidence score is therefore computed
as a linear combination of these two factors, i.e.,

newScore(hypoSent) = θ ·concScore(hypoSent)+(1−θ)·sentScore(hypoSent),
(1)

where concScore(hypoSent) is the averaged confidence score of all the matched
concepts in the hypothesis sentence, and θ ∈ [0, 1] is a trade-off parameter.
Figure 1 show cases some examples of how this simple strategy helps produce
better image descriptions.

The proposed approach treats the image captioning component as a black
box, meaning any captioning model can be applied in theory. In this work we
adopt Google’s CNN-LSTM framework [3] for its state-of-the-art performance.
The framework is described in Sect. 3.1. We then discuss in Sect. 3.2 how to adapt
the model to new target data, followed by our choices of concept detection in
Sect. 3.3.

3.1 The CNN-LSTM Model for Sentence Generation

To generate the hypothesis sentences for a specific image, we employ the CNN-
LSTM model proposed by Vinyals et al. [3]. At the heart of the model is an LSTM
based recurrent neural network, which computes the posterior probability of a
(novel) sentence conditioned on the image.

The network is trained by maximum likelihood estimation using many pairs
of image and sentence. As an image and a sentence are of different modalities and
thus not directly comparable, an image projection matrix and a word projection
matrix are deployed to embed the image and the sentence from their initial
representations into a common space before feeding them into the network. We
use a CNN feature, i.e., the last fully connected layer of a pretrained 16-layer
VGGNet [18], as the initial representation of an image. Each word in a sentence
is represented by a one-hot vector.

In the sentence generation stage, a hypothesis sentence of the input image is
generated as a sequence of words in a greedy manner. In particular, the CNN
vector of the input image, after projection, is fed into the LSTM network to ini-
tialize its memory units. The posterior probability over all words is re-estimated
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based on the memory status and the words already been chosen in previous iter-
ations. Consequently, the word with the highest probability is selected, while its
embedding vector will be fed into the LSTM network in the next iteration. The
generation process stops once a predefined STOP token is chosen. Similar to [3],
we use beam search to obtain a list of hypothesis sentences.

3.2 Model Adaptation by Fine Tuning

We use stochastic gradient descent to train the LSTM based sentence generation
model. Such an incremental learning strategy makes it relatively ease to adjust
an existing model with respect to novel data. In particular, we leverage a transfer
learning strategy similar to the ones used in the context of object recognition for
fine tuning a CNN model [19]. That is, re-train the LSTM model using a novel
training dataset but with a relatively lower learning rate.

3.3 Concept Detection

Notice that the output of the CNN model corresponds to the 1,000 labels defined
in the Large Scale Visual Recognition Challenge [20]. We do not directly use this
as concept detection results, because the labels are often over specific to be over-
lapped with words used in image captions. Instead, we consider two methods for
concept detection, i.e., neighbor voting [6] and hierarchical semantic embedding
[21], both of which are capable of learning from large amounts of weakly labeled
Flickr images, and thus predict words used in daily life.

Neighbor voting (NeiVote) [6]. Given an image, this method first retrieves
a set of neighbor images visually close to the given image, and then count the
occurrence of a specific concept in textual annotations associated with the neigh-
bors. The concepts are sorted in descending order by their occurrence and the
top m ranked ones are preserved. Despite its simplicity, a recent comparison [22]
shows that the method remains competitive when compared to more compli-
cated alternatives. The visual distance between images are computed in terms
of the Euclidean distance between their CNN features.

Hierarchical Semantic Embedding (HierSE) [21]. Developed in the context
of zero-shot image tagging, HierSE casts concept detection into cross-media rel-
evance computation. In particular, HierSE embeds both concept and image into
a Word2Vec space. The embedding vector of the concept is obtained by convex
combination of the embedding vectors of the concept and its ancestors tracing
back to the root in WordNet. The embedding vector of an image is obtained by
convex combination of the embedding vectors of the top ten labels predicted by
the CNN model. Consequently, the image-concept relevance score is computed
as the cosine similarity between the corresponding embedding vectors. The top
m concepts with the largest scores are preserved.

A conceptual diagram of the proposed approach is given in Fig. 2.
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Fig. 2. An illustration of the proposed solution. We improve the popular
CNN+LSTM architecture through (1) model adaption by fine tuning and (2) sentence
reranking using auto-detected visual concepts. (Color figure online)

4 Evaluation

To verify the effectiveness of our approach, we participated in the ImageCLEF
2015 image sentence generation task [14]. In this task, participants were asked
to generate sentence-level textual descriptions for 500k images crawled from the
web, from which the task organizers selected a subset of 3,070 images for perfor-
mance assessment. Notice that we have no access to ground-truth annotations,
as the test set is used for blind testing by the organizers only.

In ImageCLEF 2015, a dev set of 2k images with manually written captions
are provided for system development. The number of captions per image ranges
from 5 to 51 per image, with a mean of 9.5 and a median of 8 descriptions. In
order to tune the weighting parameter θ in Eq. 1, we randomly split the dev
set into three disjoint subsets, i.e., 1,600 images for training, 200 images for
validation and the remaining 200 images for internal test.

Table 1. Performance of our solution under varied settings on the ImageCLEF 2015
image sentence generation task.

Training data Data for fine tuning Concept detection METEOR score

ImageCLEF dev – – 0.1659

MSCOCO ImageCLEF dev – 0.1759

ImageCLEF dev – HierSE 0.1781

ImageCLEF dev – NeiVote 0.1806

MSCOCO ImageCLEF dev HierSE 0.1684

MSCOCO ImageCLEF dev NeiVote 0.1875
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4.1 Experiment 1. The Influence of Fine Tuning

We compare two runs. One run is to train the sentence generation model on the
ImageCLEF dev set. The other run is to first train the model on the MSCOCO
dataset [9], and then fine tune it on the ImageCLEF dev set using a lower
learning rate. Following the protocol [14], we use the METEOR score to assess
the performance of image captioning. As shown in the first two rows of Table 1,
the fine-tuned model, with METEOR of 0.1759, performs better.

4.2 Experiment 2. The Effect of Concept-Based Sentence Reranking

Given detection results either from NeiVote or from HierSE, we apply concept-
based sentence reranking on sentences generated by the CNN-LSTM models with
and without fine tuning, respectively. For NeiVote, we retrieve neighbor images
from a collection of 2 million Flickr images. For HierSE, we adopt an existing
Word2Vec model pre-trained on Flickr tags [21].

As we see from Table 1, the performance of the model (without fine tun-
ing) consistently improves after sentence reranking, with the METEOR score
increases from 0.1659 to 0.1781 (HierSE) and 0.1806 (NeiVote), respectively. For
the fine-tuned model, using HierSE for concept detection causes some perfor-
mance drop, while NeiVote remains effective, reaching the best METEOR score

Fig. 3. Comparing with submissions from other teams in the ImageCLEF
2015 image sentence generation task. Our results given varied settings are high-
lighted in color bars. The submissions have been sorted in descending order according
to their METEOR scores. (Color figure online)
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Fig. 4. Some test images with sentences generated by the proposed system.
The images are hand picked that showing our system performs well. (Color figure
online)

of 0.1875. The results justify the effectiveness of concept-based sentence rerank-
ing, and NeiVote appears to be a better choice for concept detection in this
context.

Figure 3 plots the performance of our system in the context of all submissions
in ImageCLEf 2015, showing our leading position in the evaluation. Image cap-
tioning results of some selected examples are given in Fig. 4. The quantitative
and qualitative results demonstrate the potential of the proposed concept-based
sentence reranking.

Note that due to the unavailability of the ground truth of the test dataset as
aforementioned, we have compared mainly with submissions from other Image-
CLEF participants. In our future work we will compare other state-of-the-art
methods on other benchmarks, e.g., MSCOCO.
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5 Conclusions

We present in this paper concept-based sentence reranking, a data-driven app-
roach to improve image captioning. As demonstrated by our participation in
the ImageCLEF 2015 benchmark evaluation, the proposed approach is found
to be effective for improving the popular CNN-LSTM image captioning model.
In essence the improvement is gained by exploiting the large amount of noisy
concept-level annotations associated with Flickr images. In addition, fine tuning
on the deep language model helps its generalization to novel data.
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Abstract. No-reference (NR) image quality assessment (IQA) metrics
have attracted great attention in the area of image processing. Since
there is no access to the reference images, the generic NR IQA metrics
have made less progress than the full-reference and reduced-reference
IQA metrics. In this paper, we aim to propose an effective quality-aware
feature based on the local quantized pattern (LQP) for quality evalu-
ation. Firstly, a codebook is learned by K-means clustering the LQP
descriptors of a corpus of pristine images. Based on the codebook, the
LQP descriptors of images are then encoded to derive the quality-aware
features. Finally, the image features are mapped to the subjective qual-
ity scores using the support vector regression. Experimental results on
several public databases indicate the propose method performs highly
consistent with the human visual perception.

Keywords: Image quality assessment (IQA) · No-reference · Local
quantized pattern (LQP) · Visual codebook · Human visual system
(HVS)

1 Introduction

The advent of the information era has brought great changes to the lifestyle of
human beings. We prefer to capture information around the scene visually via
digital images and videos. The good quality of images or videos are crucial for
image understanding and perception. However, too many factors may introduce
distortions to the images before arriving to human eyes, such as thermal noise
and dithering of imaging devices, or lossy compression format. To distinguish
the spotty quality of images on the Internet, it is necessary for the computers to
automatically measure the image degradation in accordance with human visual
system (HVS) [1].

Up to now, researchers have made great progress to propose a large num-
ber of image quality assessment (IQA) metrics. Generally speaking, the quality
evaluation algorithms can be divided into three types depending on the informa-
tion required from the reference images, which are full-reference (FR), reduced-
reference (RR) and blind/no-reference (NR) [2]. FR metrics need the original
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reference image to evaluate the image quality, such as the classic metric: peak
signal noise ratio (PSNR). The FR metrics usually have low computational com-
plexity and can provide universally good performance for different types of dis-
torted images. RR metrics are proposed based on a small number of features
extracted from the reference image. Both FR and RR metrics require the whole
or partial access to the reference image, which may be impossible for the prac-
tical application. In this case, NR metrics is introduced since it can evaluate
image quality without any knowledge of the reference image [3].

The early work about NR IQA is mainly distortion-specific, which means that
the metric is proposed to evaluate one specific type of distortion and can’t be
generalized for other distorted images. Fang et al. introduce a quality assessment
of contrast-distorted images based on the entropy and moment features [4]. Li
et al. utilize the discrete orthogonal moments to evaluate the blur effect [5]. The
blocking artifacts of JPEG compressed images are detected using gradient pro-
files [6]. Algorithms presented in [7] can estimate the quality of JP2K compressed
images. This type of metrics can only measure the quality of images suffering
from single distortion. Usually, the images are contaminated by multiple distor-
tions and the distortion is not known in advance. Thus, non-distortion-specific
or general NR metrics are required to evaluate the quality of distortion-unknown
images.

Recently, the general NR metrics usually follow two main trends: natural
scene statistics (NSS)-based and learning-based. The NSS-based metrics extract
the image features using the statistical property of natural images, while the
learning-based metrics involve in learning and testing based on the neural net-
work or support vector regression (SVR). The two categories of NR metrics are
not absolute distinct. Specifically, NSS model assumes that there exists certain
statistical regularity in spatial and transform domain for the natural scene [8].
Distortions will vary the statistical properties held by natural images. Moorthy
et al. proposed the DIIVINE index by employing generalized Gaussian distribu-
tion (GGD) to model the wavelet coefficients [9]. Saad et al. extracted the NSS
features in DCT domain and introduced the BLIINDS-II index [10]. In [11],
Mittal et al. derived the BRISQUE index using GGD and asymmetric GGD
to model the spatial pixels. The NSS-based algorithms hold a hypothesis that
distorted images also follow the statistical regularity as the natural images do.
However, Zhou Wang et al. pointed out that distortions may disturb the statis-
tical regularity [12]. There exists fitting errors between the real distribution and
the fitted NSS model which influence the prediction accuracy [13].

The learning-based metrics usually extract features based on the entropy,
structural information or phase congruency instead of NSS model. The image
quality is predicted through a regression model which maps the image features
to subjective perceptive scores. Li et al. used the phase congruency, entropy and
gradient as image features to evaluate image quality based on the general regres-
sion neural network [14]. Liu et al. extracted the image entropy features in both
spatial and DCT domain and introduced the SSEQ index using SVR model [15].
Entropy has been considered as an efficient feature, while it can not represent
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the local information of images. Xue et al. utilized the joint statistics of gradi-
ent magnitude and Laplacian features to measure image quality [16]. However,
gradient only reflects the intensity property but it can not well deliver the orien-
tation information and spatial correlation. It is known that the performance of
an IQA metric mainly depends on the image features. Thus, the quality-aware
features which can effective summary the images and be sensitive to distortions
are crucial for IQA algorithms.

Researches have demonstrated that human eyes are more likely to extract
the image structural information for visual perception. The perceptive changes
of image structure can be considered as effective indicators to reflect the image
quality. As an efficient local structural descriptor, local binary pattern (LBP) has
achieved great progress for quality evaluation [17]. However, the existing algo-
rithms usually employ the fix layout of neighborhood pixels of LBP which limits
the multiscale analysis. Recently, a generalized form of local pattern called local
quantized pattern (LQP) is proposed in [18] that can overcome the disadvan-
tage of LBP. It has the ability to encode larger radius of neighborhood pixels and
deeper pattern quantization than LBP. We introduce the LQP descriptor to rep-
resent the image content and propose a novel NR IQA metric. The image features
are extracted through a codebook constructed based on the LQP descriptor of a
set of natural images. Concretely, the proposed method consists of three steps:
(1) codebook construction. The codebook is constructed by K-means clustering
the LQP descriptors extracted from a corpus of natural images across various
contents. (2) image representation. Based on the codebook, any givens image
can be encoded as the occurrence histogram of each codeword. (3) quality pre-
diction. The image quality is predicted using the SVR model learned based on
the training dataset.

It is noted that the idea of codebook-based NR metric has been proposed
in [19], while our proposed algorithm differs from it on two points of codebook
construction. Firstly, reference [19] constructed the codebook based on distorted
images with specific distortions. So, the codebook should be re-constructed when
evaluating images with other distortion types. In our metric, the codebook is con-
structed based on a set of natural images and the codebook is only needed to
be constructed once. The obtained codebook can be reused for different types of
distorted images quality assessment. In addition, the algorithm in [19] required
large size of codebook to achieve good performance. In our algorithm, only sev-
eral hundreds or thousands of codeword are enough to give reliable performance.
The small codebook size can reduce the computational complexity to train the
regression model.

The reminder of this paper is organized as follows. In Sect. 2, the detailed
representation of the proposed method is given to evaluate the image quality.
Section 3 presents the experimental results to demonstrate the effectiveness of
the proposed algorithm. The conclusion is drawn in Sect. 4.
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2 The Proposed Metric

In this section, we will present the detailed procedure of evaluating the image
quality. Firstly, the LQP descriptor of images are extracted. Then, a codebook
is constructed based on a set of natural images. Next, the image is represented
by the statistical histogram by mapping into the codebook. Finally, the SVR
model is trained to predict the image quality.

2.1 LQP Descriptor Extraction

Researches have demonstrated that larger neighborhood radius and deeper pat-
tern quantization are more sensitive to distortions and can better represent the
image structural information [20]. Therefore, we select the circular local ternary
pattern (LTP) with 24 neighborhood pixels and neighborhood radius of 2 in our
algorithm. To reduce the number of possible pattern codes, the splitting strategy
is adopted by splitting the ternary pattern into two binary patterns: “positive”
and “negative” patterns. Figure 1 shows the diagram of the 24-bit LTP and its
split “positive” and “negative” LBP of an image block.

As shown Fig. 1, notation sir represents the i-th sample point on the circle
with radius of r, and s0 denotes the central pixel. Many samples on the circle
such as s21, s

4
1 and s22, s

4
2, s

16
2 do not exactly fall on any image coordinates, so the

sample intensity should be interpolated. For simplicity, we employ the bilinear
interpolation for pixel interpolation. Given the threshold t, the LTP of the central
pixel s0 can be calculated by comparing s0 and its corresponding neighborhood
sample points. The comparison result cir of sample point sir can be defined as

cir =

⎧⎨
⎩

1 sir − s0 > t
0 |sir − s0| � t
−1 sir − s0 < −t

(1)

As the ternary pattern will be split into “positive” and “negative” binary
pattern. Then, the comparison results cir in Eq. 3 are further decomposed as

ci+r =
{

1 cir > 0
0 cir � 0 (2)

and

ci−r =
{

1 cir < 0
0 cir � 0 (3)

where ci+r and ci−r respectively denote the positive and negative comparison
result between the sample point sir and the central pixel s0.

Based on the pixel-comparison, the “positive” pattern p+ and “negative”
pattern p− are defined as

p+ = [c1+1 , c2+1 , . . . , c8+1 , c1+2 , c2+2 , . . . , c16+2 ]

p− = [c1−
1 , c2−

1 , . . . , c8−
1 , c1−

2 , c2−
2 , . . . , c16−

2 ]
(4)
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(a) gray image block

(b) 24-bit LTP

(c) “positive” LBP

(d) “negative” LBP

Fig. 1. An example to show the LTP and its split “positive” and “negative” LBP.
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2.2 Codebook Construction

The 24-bit splitting ternary pattern will produce about 17 million pattern codes
from all-zeros to all-ones. The obtained histogram is too spare and meaning-
less for feature extraction. Therefore, we utilize a codebook to encode the huge
number of pattern codes. In this paper, we construct the codebook based on the
natural images instead of specific-distortion images. 60 natural images across
various contents are selected from SUN database [21] for codebook construction,
which are shown in Fig. 2. The “positive” patterns and “negative” patterns of all
images are calculated according to Eq. 4. The occurrence of each pattern code
are counted in “positive” and “negative” pattern sets separately. To avoid the
effect of outliers, a threshold τ is utilized to discard the pattern codes which
occur less than τ . Based on the “positive” (or “negative”) pattern codes and
their corresponding occurrence, the weighted K-means using Euclidean distance
is used to cluster the pattern codes into k centers. Then, two codebooks denoted
by Cb+ and Cb− are obtained by grouping the clustering centers of “positive”and
“negative” patterns respectively.

Fig. 2. 60 natural images for codebook construction. The images are presented in
proportion to the original size.
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2.3 Image Representation

For any given image, the “positive” and “negative” pattern codes of each pixel
are computed based on Eq. 4. Each “positive” (or “negative”) pattern code can
be mapped to the nearest codeword of Cb+ (or Cb−) by minimizing the Euclid-
ean distances between the pattern code and the codewords. The occurrences of
each codeword in Cb+ and Cb− are separately counted and normalized to cal-
culate the histograms h+ and h−. Then, the two histograms of “positive” and
“negative” patterns are concatenated to make a large histogram as

h = [h+, h−] (5)

Then, h is the proposed quality-aware structural feature of images.
Obviously, there are strong correlation between the histograms of “positive”

and “negative” patterns. In addition, the codewords intra the “positive” and
“negative” codebook also correlate to each other. To reduce the redundancy of
the histogram h, we employ the principle component analysis (PCA) to project
h to a low-dimensional space. Then, the dimension of histogram features can be
reduced further.

2.4 Quality Prediction

Based on the training dataset, a regression model is learned to map the image
features to the corresponding subjective perception scores, such as mean opin-
ion score (MOS) or different mean opinion score (DMOS). Then, the quality of
an quality-unknown image can be predicted using the trained regression model.
In this paper, we employ the SVR technique [22] to learn the regression func-
tion. The radial basis function (RBF) kernel is selected to implement the ε-SVR
model. In addition, the libSVM package [23] is adopted to run the training and
testing process of SVR.

3 Experimental Results

3.1 Protocol

To verify the performance of the proposed NR metric, three public benchmark
IQA databases are deployed. LIVE database [24] contains 29 reference images
and 779 corresponding distorted images over five distortion types: JPEG2000
compression (JP2K), JPEG compression (JPEG), white noise (WN), Gaussian
blurring (Gblur) and fast fading Rayleigh channel (FF). CSIQ [25] is composed
of 866 distorted images built from 30 reference images with 6 distortion types.
We select four common distortions: WN, JPEG, JP2K and Gblur, which consist
of 600 distorted images. TID2013 [26] covers 24 distortion types, each of which
consists of 5 distorted levels generated from 25 reference images. Four common
distortion types (WN, JPEG, JP2K and Gblur) containing 480 distorted images
are used.
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The threshold value t to calculate the LTP of images in Eq. 3 is set as 0.
And the threshold value τ to discard the outliers pattern codes is set as 10. The
codebook sizes of “positive” and “negative” patterns are both 1800. The number
of components of PCA is set as 50. As the proposed metric involves in training
process based on SVR model, the dataset is randomly split into two non-overlap
subsets: a training set and a testing set. The training set contains the distorted
image corresponding to 80% reference images, and the rest belongs to the testing
set. To avoid the partitioning bias, the experiments are repeated 1000 times and
the median results are marked.

3.2 Performance Comparisons on Individual Database

Five state-of-the-art NR IQA metrics: DIIVINE [9], BRISQUE [11], CBIQ [19],
NIQE [27], IL-NIQE [28], and two classical FR metrics: PSNR and SSIM [29]
are selected for performance comparisons. Three common criteria are computed
to evaluate the prediction accuracy and monotonicity between the subjective
perceptual scores and the predicted quality scores. The criteria contain Pear-
son Linear Correlation Coefficient (PLCC), Spearman Rank-Order Correlation
Coefficient (SROCC) and Root Mean Squared Error (RMSE). The higher PLCC
and SROCC values and lower RMSE represent a better performance of the IQA
algorithm.

The performance comparisons on four distortion types of TID2013 database
across 1000 iterations are shown in Table 1. The two best results measured by
PLCC, SROCC and RMSE are emphasized in bold. It can be found that the pro-
posed metric performs quite well on JP2K and JPEG compression distortions.

Table 1. Performance comparison across 1000 train-test iterations on four distortion
types of TID2013 database. The two best results are emphasized in bold.

Dist. Crit. NR FR

Proposed DIIVINE BRISQUE CBIQ NIQE IL-NIQE PSNR SSIM

JP2K PLCC 0.9489 0.9136 0.9156 0.9003 0.9250 0.9152 0.9305 0.9140

SROCC 0.9192 0.9073 0.9015 0.8942 0.9054 0.9106 0.8907 0.9063

RMSE 0.5303 0.6855 0.6838 0.7399 0.6393 0.6803 0.6227 0.6900

JPEG PLCC 0.9608 0.9438 0.9313 0.8637 0.9389 0.9105 0.9177 0.9551

SROCC 0.9038 0.9034 0.8757 0.8477 0.8826 0.8835 0.9188 0.9317

RMSE 0.4140 0.4954 0.5429 0.7445 0.5173 0.6282 0.5919 0.4415

WN PLCC 0.8571 0.9241 0.9359 0.7475 0.8619 0.9008 0.9625 0.8731

SROCC 0.8342 0.9208 0.9323 0.8037 0.8493 0.8923 0.9436 0.8661

RMSE 0.3612 0.2705 0.2529 0.4696 0.3567 0.3150 0.1920 0.3450

Gblur PLCC 0.9272 0.9253 0.8893 0.9015 0.8682 0.8611 0.9664 0.9640

SROCC 0.9192 0.9292 0.8939 0.9023 0.8450 0.8616 0.9666 0.9667

RMSE 0.4568 0.4703 0.5648 0.5293 0.6112 0.6309 0.3201 0.3310

Overall PLCC 0.9337 0.9225 0.9089 0.8209 0.8346 0.8749 0.9140 0.8329

SROCC 0.9134 0.9079 0.8930 0.7938 0.8450 0.8830 0.9244 0.8522

RMSE 0.5014 0.5376 0.5812 0.8014 0.7684 0.6731 0.5671 0.7737
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Table 2. Overall performance comparison across 1000 train-test iterations on LIVE
and CSIQ databases. The two best results are emphasized in bold.

DB Crit. NR FR

Proposed DIIVINE BRISQUE CBIQ NIQE IL-NIQE PSNR SSIM

LIVE PLCC 0.9238 0.9182 0.9476 0.9200 0.9122 0.9092 0.8723 0.9042

SROCC 0.9221 0.9203 0.9501 0.9190 0.9113 0.9035 0.8756 0.9104

RMSE 6.1599 9.1499 7.3668 12.3611 11.1746 11.4353 13.3597 11.6694

CSIQ PLCC 0.9238 0.8958 0.9266 0.8300 0.9097 0.8837 0.9073 0.8513

SROCC 0.9090 0.8757 0.9018 0.8173 0.9012 0.8867 0.9219 0.8767

RMSE 0.1071 0.1237 0.1036 0.1582 0.1152 0.1305 0.1188 0.1483

It performs a little worse than the best NR metrics and PSNR on WN. On
Gblur distortion, the proposed metric performs better than other NR metrics
while worse than the FR metrics. The overall performance of the proposed metric
is much better than other NR and FR metrics. In addition, the overall perfor-
mance comparisons on LIVE and CSIQ databases are presented in Table 2. The
proposed metric performs as well as the state-of-the-art NR metric BRISQUE
and better than other NR and FR metrics, although the FR metrics require the
whole reference images. In summery, the proposed metric performs quite well on
the three databases and is highly consistent with human perception.

4 Conclusion

This paper proposed a novel NR IQA metric using the codebook-based LQP fea-
tures. The codebook is constructed through clustering the LQP descriptors of a
group of natural images across various contents, which can be employed for gen-
eral image representation and has strong generalization ability. The codebook-
based features are extracted by counting the occurrence of images LQP descrip-
tors on each codeword. The experimental results indicated that the proposed
metric can predict the image quality in accordance with the human perception.
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Abstract. We study the problem of recognizing sign language automat-
ically using the RGB videos and skeleton coordinates captured by Kinect,
which is of great significance in communication between the deaf and the
hearing societies. In this paper, we propose a sign language recognition
(SLR) system with data of two channels, including the gesture videos of
the sign words and joint trajectories. In our framework, we extract two
modals of features to represent the hand shape videos and hand trajecto-
ries for recognition. The variation of gesture is obtained by 3D CNN and
the activations of fully connected layers are used as the representations of
these sign videos. For trajectories, we use the shape context to describe
each joint, and combine them all within a feature matrix. After that, a
convolutional neural network is applied to generate a robust representa-
tion of these trajectories. Furthermore, we fuse these features and train
a SVM classifier for recognition. We conduct some experiments on large
vocabulary sign language dataset with up to 500 words and the results
demonstrate the effectiveness of our proposed method.

Keywords: Sign language recognition · Joint trajectory · Gesture
recognition

1 Introduction

Sign language is wildly used in communication between the deaf and hearing soci-
eties. It has attracted considerable attention thanks to the broad social impact.
Sign language recognition (SLR) targets on automatically translating sign lan-
guage into text or interpreting it into spoken language. Besides, SLR has great
potential applications in other fields such as human-computer interaction sys-
tems [19,23] and image retrieval [17].

Sign language conveys semantic information through gestures and the move-
ments of hands and elbows. There are many previous studies focusing on the joint
trajectories or gestures. The trajectory based sign language recognition method
achieved promising results [16]. Lin et al. [16] presented a curve matching method
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from the view of manifold for sign language recognition. They divided the trajec-
tory of the sign word into several linear segments, and calculated the distances
between these two sets of segments. Their method achieved good performance
both on two datasets which contain 370 and 1000 sign words, respectively. There
are also other trajectory based methods for sign language or action recognition
such as [1,4,5,20].

The above works are commonly based on trajectory recognition. However,
these methods are not able to handle the recognition for signs with gestures.
Murakami et al. [18] designed a gesture recognition system for Japanese sign
language. They used a recurrent neural network that employed a three-layered
back propagation algorithm to recognize the finger alphabet, with the gesture
and character pairs as the input of the system. Furthermore, there were also some
other works which combined different kinds of features, including gestures and
hand trajectories [15,27,31]. Wang et al. [27] proposed a SLR framework using
trajectories, RGB videos and depth videos. They used the method introduced
in their paper to select key frames. After that, HMMs were used to model each
sign word with the features extracted in each key frame. This method cost less
time while maintaining a high recognition rate.

Some early SLR systems achieved great successes with data gloves [18,25].
The main advantage of data gloves is that they can capture the finger joints
information and hand trajectory accurately. One typical SLR framework with
data gloves was proposed by Gao et al. [8]. They employed the temporal cluster-
ing algorithm to cluster a large amount of transition movements for automatic
segmentation. However, the data gloves were expensive and inconvenient in real
application for the signers. Hence, more and more researchers turned to sign lan-
guage recognition based on Kinect [9,27,30]. Microsoft Kinect [32] can provide
the RGB and depth data as well as skeleton joint coordinates in real time, which
makes a great contribution to SLR. The method based on Kinect proposed in
[26] achieved an average accuracy of 74.4% on a large dataset with 1000 sign
words.

Our approach is based on multi-modal features extracted from RBG data and
joint coordinates. We use 3D CNN to obtain the representation of RGB video
captured by Kinect. At the same time, LeNet [14] is used for joint trajectory
based feature extraction. After that, we use SVM to recognize each sign word
with these two kinds of features.

The rest of the paper is organized as follows. In Sect. 2, we describe the frame-
work of our sign language recognition system and present the main procedures
to represent the sign words with skeleton joint coordinates and RGB data. The
SVM classifier is also briefly introduced in this section. The experimental results
are reported in Sect. 3. Finally, the paper ends with some conclusions in Sect. 4.

2 Our Approach

In this section, we first give an overview of our SLR system. By using Kinect,
we obtain 3D coordinates of 25 skeleton joints including hands, elbows, head,
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Fig. 1. The framework of our SLR system. (a) Feature extraction on skeleton trajec-
tory from LeNet with shape context feature matrix as input. (b) Using 3D CNN to
represent the hand videos formed by patches with hands from original RGB videos.
(c) Classification with SVM.

and so on. Besides, the RGB videos is also captured. With the original data, we
extract robust features for signs representation and the details will be introduced
next. At the end of this section, we use SVM to recognize each sign word.

2.1 System Overview

Figure 1 gives the illustration for the main flowchart of the proposed method in
this paper. In this method, we extract both skeleton based features and video
based features for recognition. Figure 1(a) shows the procedure of feature extrac-
tion from skeletons. We first extract shape context for each point in motion tra-
jectory, and integrate them to form a feature matrix. After that, we use these
feature matrixes as the input of a convolutional neural network, and extract
deep convnet features which are the intermediate response of fully connected
layer from LeNet [14]. The RGB data based feature extraction process is illus-
trated in Fig. 1(b). Kinect [32] can help us track the skeletons of signer’s hands.
Hence, we can easily identify the corresponding regions of both hands and extract
features from them for recognition. Thus, we get a video with lower resolution
which only contains hand shape. With these videos, we can get a good represen-
tation by learning with 3D convolutional neural network [22]. These two kinds
of features are concatenated for fusion. Finally, we use SVM [3] for classification
of sign words.

2.2 Trajectory Representation

When we focus on a specific skeleton, we can get a trajectory formed with a set
of 3D coordinates captured in each frame. Then the motion of a skeleton can be
modeled by this trajectory. In this section, we will introduce how to build robust
features with an effective representation of the 3D trajectory curve.
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Preprocessing. In SLR, the trajectories are quite different when performed by
different signers. Even for the trajectories performed by the same signer, they
may be quite different in velocities. To address these problems, there are two
aspects for data preprocessing, including normalization and re-sampling. The
location of head and height of spine are used for normalization. In this way,
the effect of various scales can be avoid. Another aspect in preprocessing is
re-sampling, which will remove the noise and make the trajectory much more
smooth. We use the $1 algorithm [29] for re-sampling. We use this method to
sample the trajectory with a fixed number of points, making the distribution of
the sampling points more uniform. In our experiments, the number of points for
sampling is set to be 250.

Shape Context. Shape context [2] is a kind of feature which has been wildly
used in shape recognition. It describes the distribution of other points in the
neighborhood of a reference point. Denote C as a trajectory curve consisting of
a set of 3D points. For a point pi on curve C, each element of shape context
feature is defined as a histogram of voting with the remaining N − 1 points in
the corresponding bins. The log − polar2 coordinate system is used to make it
more sensitive to nearby points. Besides, we project 3D trajectory along three
orthogonal plans and obtain three 2D curves. We extract shape context feature
in each coordination and concatenate them all together. There are 3 bins for log
r and 12 bins for θ. Hence, we get a 108-D (3 × 12 × 3) shape context feature
for each point pi on C.

Feature Extraction from LeNet. In sign language recognition, we focus on
4 joints which are most informative to recognize a sign word, including both two
hands and elbows. Hence, we get four trajectories while a signer performing a
sign word. Using the method introduced in above section, the trajectory curve
are sampled into a fixed points which we set as 250 in our experiments. For each
point pi on curve C, we extract a 108-D feature. Thus, we can combine all the
features extracted in 4 trajectories with the method shown in Fig. 2(c). For each
trajectory, we get a 250 × 108 feature matrix, and the 4 feature matrixes are
concatenated row by row. In this way, we get a 250 × 432 matrix to represent
a sign word.

As we know, convolutional neural network (CNN) performs very well in fea-
ture learning for a variety of tasks, such as image classification, object detection,
and video tracking. Motivated by that fact, we use these feature matrix to train a
CNN model. In our system, LeNet [11] is adopted for feature extraction process.
For the last fully connected layer, we change it into 1000 neurons. We use the
intermediate response of the last fully connected layer as a descriptor for a sign
word.
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Fig. 2. Main steps for feature matrix. (a) Sampling with $1 algorithm to decrease
the effect of different velocities. (b) Shape context extraction for each point. (c) The
formation of feature matrix with different trajectories which include both hands and
elbows.

2.3 RGB-Data Based Feature Extraction

Hand Shape Segmentation. The Kinect provides us the body skeletons,
including both hands. And we use the Kinect mapping function to get the corre-
sponding location in RGB video. Hence, we can easily get an approximate region
of hand. For each frame of a video, we take out a 70 by 70 image patch centered
on the hand joint. We combine the two patches from both hands and get a low
resolution video which only contains hands from the original video. The motion
of other parts of body will be removed and we are able to focus on hand shape
only. Figure 3(a) gives an illustration for fetching the patches with hand shapes,
and several selected frames are shown in Fig. 3(b).

Representation with 3D CNN. To effectively extract the motion information
in video analysis, [10] proposed to perform 3D convolutional layers of CNNs
so that discriminative features along both spatial and temporal directions are
captured. We use 3D CNN to analyze the motion of signer’s hand. We follow the
network architecture which is similar to Alex Net [13,22]. The main difference
is that the 3D convolution kernels take the place of 2D kernels in Alex Net, and
the number of kernels in each layer is also a little different. This network has 5
convolutional layers, 5 pooling layers, followed by 2 fully connected layers, and a
softmax output layer. Figure 4 gives a simple illustration of network architecture.

For each video with hand shape, we split it into clips of 16 frames. SGD
is adopted to train the networks with mini-batch size of 30 examples. Initial
learning rate is 0.001, and divided by 5 every 20k iterations. The training stage
lasts for about 310k iterations. The clips from each video are passed to the 3D
convolutional neural network to extract fc6 or fc7 activations. These activations
are averaged to form a 2048-dim descriptor. This representation for each video
is used for sign words recognition.
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Fig. 3. (a) A simple illustration for fetching the hand shapes. (b) Selected frames with
left hand (first row) and corresponding right hands (second row).

Fig. 4. 3D CNN architecture. The network has 5 convolutional, 5 max-pooling, and
2 fully connected layers, followed by a softmax output layer. The number of filter in
each layer is denoted at the bottom of each box. Each fully connected layer has 2048
output units.

2.4 Recognition with SVM

Support vector machine (SVM) [24] is one of the most successful statistical
pattern classifiers which has recently gained popularity within visual pattern
recognition [21]. In this section we provide a brief review of SVM. Consider a
training data set T = {(xi, yi)|i = 1, 2, 3, ..., N} with N samples, where xi ∈ R

D

is the feature vector and yi ∈ {−1,+1} is class label. The basic task of SVM is
to separate the samples in T into two classes. Assume that the training data set
is linearly separable in feature space, so that we can find at least a hyperplane
ω · x + b = 0 separating samples into two classes. The support vector method
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aims at constructing a classifier of the form:

y(x) = sign(
N∑
i=1

αiyiΨ(x,xi) + b), (1)

where αk are positive real constants and b is a real constant, and Ψ is a kernel
function.

We use LIBSVM [6] to classify the sign words with the features extracted in
Sects. 2.2 and 2.3. It implements the one-against-one approach [12] for multiclass
classification. Denote k is the number of classes, then k(k − 1)/2 classifiers are
constructed and each one trains data from two classes and a voting strategy is
used in classification.

3 Experiments

In this section, we provide some experimental illustrations and relative evalua-
tions of our method on real dataset. We use the Chinese sign language dataset
built by ourselves with Kinect. Firstly, the experiments with different features
are conducted to evaluate the efficiency of these features. Then we compare the
performance of our method with other SLR methods, including the SLR system
proposed by Lin et al. [16] and the improved Dense Trajectories (iDTs) [28].

3.1 Dataset

The dataset in our experiments is collected by different sign language signers
with Kinect. It contains 500 isolate Chinese sign language words in our daily
life. There are 50 signers with different ages taking part in the data collection,
which will make this dataset more various and challenging. For each sign word,
it is performed by these 50 signers for 5 times. Hence, the dataset consists of
125k (500 × 50 × 5) samples. To evaluate the effectiveness of our method for
signer independent, we choose 200 samples of each word performed by 40 signers
for training, and the rest samples performed by the other 10 signers for testing.

3.2 Evaluation of Different Features

Different kinds of features have different discriminative abilities. We represent
a sign word by hand trajectory and gestures. They both play important roles
in SLR, since the hand trajectory describe the dynamic motion and gesture
describe the static appearance. We conduct some experiments with gesture based
features and trajectory based features, respectively. As introduced in Sect. 2.3,
we split a video into several clips with every 16 frames, then calculate the average
activations of fc6 (or fc7) from 3D CNN with all these clips as the representation
of a sign word video within hands. Both fc6 and fc7 features are 2048D vectors.
With the same idea for trajectory, the activations of the last fully connected
layer of LeNet is used for recognition.
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Table 1. Recognition rates with different features

Feature Dimension Accuracy

Video (Gesture) clip-softmax - 0.361

fc6.ave-knn 2048 0.529

fc7.ave-knn 2048 0.550

Skeleton (Trajectory) fc-softmax 1000 0.773

Table 2. Performance comparison

Method Top1 Top5 Top10

iDTs [28] (RGB) 0.685 0.888 0.927

CM VoM [16] (Trajectory) 0.546 0.820 0.897

Ours fc6-3DCNN+fc-LeNet 0.847 0.970 0.987

fc7-3DCNN+fc-LeNet 0.858 0.973 0.988

The experimental results with different features are shown in Table 1. For
sign words with videos, the accuracy in clip level is about 36.1%. The we classify
the videos with the average fc6 (or fc7) activations from the network using KNN
[7] classifier. The recognition rates increase to 52.9% for fc6 and 55.0% for fc7,
which is higher than accuracy in clip level. The accuracy with trajectory features
is 77.3%. For better performance, we combine the trajectory features and hand
shape features for recognition.

3.3 Comparison with Other Methods

In this part, the baseline improved Dense Trajectories (iDTs) [28] and curve
matching from the view of manifold for SLR (CM VoM) [16] are evaluated on
our dataset for comparisons. The recognition rates for different methods are
shown in Table 2. The iDTs method is proposed for action recognition, and
it also works for SLR task with a top1 accuracy of 68.5%. Another method
CM VoM is based on 3D trajectories, and it reaches the accuracy of 54.6%.
In our method, we fuse the trajectory features and hand shape features, and
use SVM for classification. The recognition rate is improved significantly with
our method. The best recognition rates can reach up to 85.8%, 97.3% and 98.8%
in top 1, top 5 and top 10, respectively. Among these results, our method achieves
much higher accuracy and outperforms the baselines by a large margin on our
SLR dataset.

4 Conclusions

This paper presents a framework for analyzing Chinese sign language using ges-
tures and trajectories of skeletons. We implement the shape context for trajec-
tory representation and extract features from LeNet with the feature matrix.
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Meanwhile, we fetch out the hand region with a bounding box of 70 × 70 pixels
in the original RGB videos, and then use 3D CNN to extract features for rep-
resenting the sign words. Furthermore, these two kinds of features are fused for
classification and demonstrate state-of-the-art results. We conduct some exper-
iments with a large isolate Chinese sign language dataset. From the experi-
mental results, it can be seen that the features extracted with neural networks
demonstrate strong discriminative capability. Comparing to the baselines, the
framework proposed in this paper achieves superior performance. In our future
work, we will explore more robust feature fusion strategies among RGB data,
depth data, and the skeleton coordinate to improve the performance of our sign
language recognition system.
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Abstract. Deep convolutional neural networks (CNNs) have shown
impressive performance for image recognition when trained over large
scale datasets such as ImageNet. CNNs can extract hierarchical features
layer by layer starting from raw pixel values, and representations from
the highest layers can be efficiently adapted to other visual recognition
tasks. In this paper, we propose heterogeneous deep convolutional neural
networks (HCNNs) to learn features from different CNN models. Fea-
tures obtained from heterogeneous CNNs have different characteristics
since each network has a different architecture with different depth and
the design of receptive fields. HCNNs use a combination network (i.e.
another multi-layer neural network) to learn higher level features com-
bining those obtained from heterogeneous base neural networks. The
combination network is also trained and thus can better integrate fea-
tures obtained from heterogeneous base networks. To better understand
the combination mechanism, we backpropagate the optimal output and
evaluate how the network selects features from each model. The results
show that the combination network can automatically leverage the dif-
ferent descriptive abilities of the original models, achieving comparable
performance on many challenging benchmarks.

Keywords: Deep learning · Object classification · Scene recognition ·
Convolutional neural networks · Heterogeneous convolutional neural
networks

1 Introduction

Convolutional neural networks (CNNs) [10] trained using supervised backprop-
agation were successful in certain controlled tasks such as digit recognition. In
recent years, CNNs have shown their real potential in large-scale visual recog-
nition [7,9,11,14,17,18,20,26]. The first breakthrough was made by Krizhevsky
et al. [9], showing that CNNs can improve the state-of-the-art accuracy in large
scale object recognition with a large margin. The availability of large datasets
such as ImageNet [13] or Places [26] and high-performance computing systems
such as GPUs are the main factors responsible for this dramatic improvement.
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 262–274, 2016.
DOI: 10.1007/978-3-319-48896-7 26
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CNNs extract features from the raw pixels in a feed-forward basis, where the
output of a layer is the input of the next layer. The convolution operation of
the input image with the specific filters introduces local invariance. The filters
in CNNs are learned from data and contribute greatly to obtain very discrim-
inative image features. Another key of the success of CNNs is their ability to
learn complex high level features by building increasingly abstract representa-
tions hierarchically.

A number of works have been focused on how to improve the performance of
CNNs. The first strategy is to train and test CNNs with multiple scales rather
than using only a fixed size [7,14]. Sermanet et al. [14] proposed OverFeat, which
shows how a multi-scale sliding window can be efficiently implemented within
CNNs. It uses the same fixed size approach proposed by Krizhevsky et al. [9]
when training CNNs, but turns to multi-scale during test. He et al. [7] proposed
spatial pyramid pooling convolutional networks (SPP-net), which adds a spatial
pyramid pooling layer between the last convolutional layer and the first fully-
connected layer. Another strategy to improve recognition accuracy is to increase
the depth and width of the architecture [11,17,18]. Lin et al. [11] propose Net-
work in Network (NIN), which aims to enhance model discriminability for local
patches within the receptive field by building micro neural networks. In NIN,
convolutional filters are replaced by micro networks which increase the depth
of the global network. Simonyan et al. [17] propose models with very deep lay-
ers. Their work demonstrated that the representation depth is beneficial for the
classification accuracy. Similarly, Szegedy et al. [18] propose GoogLeNet which
contains 22 layers. In their work, the inception module is the key component,
which not only increases the width but also computes multi-scale features.

Preivous methods use more complex architectures to learn discriminative
features. Another way to increase the performance is averaging the results (i.e.
probabilities for each class) obtained from multiple instances of the same net-
work, each of them trained under different settings [3,6,9,16,17,21]. In this way
the variance of the joint model decreases, with an improvement in the recogni-
tion accuracy. However, in this case, since the architecture is fixed, the features
extracted from each instance have similar properties.

In contrast to combining decisions or probabilities, we can also combine the
mid-level features extracted from CNNs. Agrawal et al. [1] suggest that units
in CNNs may be classified into grandmother cells (GMC), which have strong
response to specific object classes, or part of distributed codes in which a single
response is not discriminative, but a group of responses jointly can be very dis-
criminative. Features extracted from different architectures have different char-
acteristics due to different number of layers and filter designs (related with dif-
ferent receptive fields). Thus, these different features can have complementary
characteristics. For example, Fig. 5 shows the response of units from two CNNs
with very different architectures (corresponding to those in Fig. 2) to different
images. Responses from each of these heterogeneous networks focus on different
parts of the original images. To recognize a lizard, one unit in one CNN focuses
on the middle part of its body, while one of the other CNN is sensitive to its
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tail. Features from different models are learned jointly with the rest of its units,
so each model has its specific characteristics. The combination of features from
heterogeneous networks can make the resulting features more discriminative.

In this paper, we propose heterogeneous convolutional neural networks
(HCNNs) as an efficient approach to combine features obtained from hetero-
geneous architectures using a multi-layer combination network that replaces the
top layers of the individual networks and combines them (see Fig. 1). The com-
bination mechanism is also trained from data, learning additional network para-
meters which can better integrate features obtained from base networks with
different architectures. The advantages of HCNNs are:

– First, higher level features resulting from the combination of features from
heterogeneous CNNs lead to richer and more discriminative feature represen-
tations. HCNN can automatically leverage different descriptive abilities of the
original models, achieving better performance on many challenging bench-
marks than single network.

– Second, the combination network strategy is flexible and it can benefit from
large datasets and fine tuning to specific tasks.

The rest of the paper is organized as follows. Section 2 describes the proposed
method. Section 3 describes the experiments and Sect. 4 concludes the paper.

2 Heterogeneous Convolutional Neural Networks

Our motivation is to combine the different capabilities of two (or more) base
networks. The architecture and the training process of a HCNNs is illustrated
in Fig. 1 for two base networks.

(a) (b) (c)

Fig. 1. Heterogeneous convolutional neural networks (HCNNs): (a) pre-training base
networks (or reuse available networks), (b) pre-training the combination network, and
(c) fine tuning. The example shows two base networks with different architectures, and
a two layer combination network.



Heterogeneous Convolutional Neural Networks for Visual Recognition 265

)b()a(

Fig. 2. Architectures used in the experiments: (a) deep network D (8 layers), and
(b) very deep network VD (19 layers).

2.1 Base Networks

The base networks are the components we want to combine. Although any num-
ber of networks can be combined, we focus on the case of two networks. We
prefer that both networks have different architectures, since different architec-
tures may provide different expressive capabilities due to different depth and
receptive field sizes.

Figure 2 shows two examples of heterogeneous CNN architectures that we
will use as base networks. For simplicity, in the rest of the paper we will refer
to this particular two architectures as deep (D) and very deep (VD) networks.
D has 8 layers and the filters in D have certain sizes, such as 11× 11, 5× 5 and
3 × 3, while VD has 19 layers and its convolutional filters have the same size
3 × 3. The convolution of the input images or feature maps with the learned
kernels can capture local invariance, and pooling can increase the invariance to
small deformations as well as small shifts. Following the same process layer by
layer, the units in high layers have progressively larger receptive field sizes, so
they can extract more complex features.

2.2 Combination Network

In order to learn complementary features from base networks, we combine they
(two or more) by concatenating the features from the base networks and stack
another network (see Fig. 1b). It is a way to learn new features from base net-
works and can also retain their strength. This combination network may have
multiple layers, typically fully connected. The parameters of the combination
network are learned from data, so the joint network can freely combine features
from any of the networks. Note that this contrasts with simply averaging the
probabilities after the softmax classifier. Our method is more flexible, but also
has a large number of parameters that must be learned properly. The architec-
ture of the combination network should be designed carefully to maximize the
benefit from the available models.

A first question that arises is where should the features be concatenated. In
order to keep as much as possible of the abstract knowledge learned by the pre-
trained base networks, we would like to connect them at a high layer. However,
high layer units are too specialized to the original task, so reusing them may
decrease the generalization to a new task or a new setting [25]. Thus, we drop
several top layers (see Fig. 1a), so the base networks can “forget” too specific
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Fig. 3. Average distribution of activations in the concatenation layer, obtained by
maximizing the posterior probability (in descending order) when combining (a) homo-
geneous architectures and (b) heterogeneous architectures, and (c) activations in the
concatenated layer for heterogeneous architectures. Best viewed in color.

knowledge, which can be learned again in the combination network from a com-
bination of features from all the base networks. To decide how many layers to
remove, a reasonable rule seems to remove as many top layers from each base
network as the number of layers in the combination network. In this way, the
number of layers from each of the input layers to the output (i.e. the depth) is
not changed. In our standard architecture we remove two layers (softmax and
top fully connected) and stack two fully connected layers (softmax and fully
connected). The number and size of the layers in the combination network is
also related with the number of parameters to be learned, and thus has impact
over the generalization capability of the network and training cost.

2.3 Training the Network

A HCNN is trained in three steps (see Fig. 1). First the base networks are pre-
trained with a suitable large scale dataset such as ImageNet. This step requires
far more computational resources and training time than the rest. The training
cost can be significantly reduced by reusing models already available, and com-
bining their architectures. In this paper, we reuse publicly available models for
fast implementation.

The second step is training the combination network, which typically uses
backpropagation over a large scale dataset. The third step is fine tuning the
network. This step is optional and only necessary when the target dataset is not
the same dataset used from training. In principle we only fine tune the last layer
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or the layers of the combination network, although it could be extended to layers
in the base networks or even the whole joint network, but that would increase
the training cost significantly.

There is another implicit trade-off with the training cost: the more layers to
be trained, the higher the computational cost and the training time. Training a
combination network is much faster than training a deep network from scratch,
because the number of layers and parameters to be learned is significantly small
(which is also less prone to overfitting).

2.4 Understanding the Combination Mechanism

In order to understand how the combination network selects features from the
base networks we follow the visualization methods proposed in [5,15], but stop-
ping at the concatenation layer. Instead of computing the input image that
maximizes the posterior probability (i.e. softmax) for a given class, we back-
propagate the optimal output for each class and check the corresponding input
value. Then we average the values across all the classes and sort them in descend-
ing order. The results are shown in Fig. 3, where we separately plot the values
corresponding to units from each base network.

(a) (b) (c)

Fig. 4. t-SNE visualization of deep features for SUN397: (a) fc7 of D, (b) fc18 of VD,
and (c) fcα of the joint network [D,VD]+2CL (see Sect. 4 for details). Best viewed in
color.

Focusing on SUN397, Fig. 3a shows the case where two homogeneous archi-
tectures are combined. As both base networks have the same architecture and
learned similar units, the distributions for both networks are similar, showing
no particular preference for either of them. In contrast, if we combine two dif-
ferent heterogeneous networks (denoted as D and VD in Fig. 3b) there is a clear
dominance of the best performing network. In order to check that this is not
caused by different scales in the activations from each base network, we checked
the average activations at the same fully connected layer (obtained by forward
processing each image and averaging the activations), which shows that both
networks are in the same scale (see Fig. 3c). This suggests that the combination
network tends to rely more on VD than on D, as expected, because VD is deeper,
has better performance and its features are likely to be more discriminative. In
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contrast, in the case of base networks with the same architecture, the filters
learned by each base network capture similar patterns, so Fig. 3a shows almost
the same distribution for each base network.

In contrast to averaging, the combination network can generate deep features
by taking the output of a fully connected layer. In order to get some insight about
how different groups of classes are represented by these deep features, we visu-
alize the 4096-dimensional features obtained from the last fully connected layer
(before the softmax) using a two-dimensional t-SNE embedding [19]. Figure 4
shows the heterogeneous case, comparing features from both individual networks
and the combined one for SUN397. The difference between the visualizations of
D and VD is relatively clear, with VD visualization showing the groups of classes
somewhat more separated. The difference between VD and the HCNNs is more
subtle. This agrees with the previous conclusion, suggesting that units from VD
are selected with higher weights by the combination network, and thus the deep
features are more similar to those obtained from VD. However, some discrimi-
native units from D are also integrated in the joint network, which leads to a
more discriminative space with a gain of 7.53% over VD in this particular case
(see Table 3).

3 Experiments

3.1 Settings

In our experiments we rely on the Caffe framework [8], and the available models1.
We downloaded the reference BVLC caffenet [8] and the VGG [17] models (see
Fig. 2) trained over ILSVRC2012, which are publicly available in Caffe format.
In addition to the network D, we trained from scratch another network D′ with
the same architecture for comparing with homogeneous architectures. Due to
the time limit, we did not train another very deep network VD’ from scratch as
it will cost a lot of time. So here we only use D and D’ to show the performance
of homogeneous architectures. In most of the experiments we fine tuned only the
combination network for target datasets other than ILSVRC2012.

We compare two combination methods: averaging and the proposed combina-
tion network. For convenience we introduce the following notation to compactly
describe a particular variation: [A,B]+kCL denotes a HCNN which concatenates
the features from two base networks A and B with a combination network with
k layers. Similarly, [A,B]+avg denotes the model resulting from averaging the
predictions of A and B. In our experiments we only used the central crop of size
227× 227 of the image previously resized to 256× 256, and compare with other
architectures in the same setting.

3.2 Combination Network Architecture

We evaluated combination networks consisting of stacked fully connected layers
on top of the concatenated features of the two base networks. We refer to them
1 http://caffe.berkeleyvision.org.

http://caffe.berkeleyvision.org
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as combination layers (CLs). The most important parameters are the number of
CLs and the size. In our standard architecture (see Fig. 5a), there are two CLs,
where the top one is the softmax. The only free parameter is the size of the other
layer fcα. We compared three sizes for the number, and the performance is very
similar (see Table. 1), so we keep the two layer network with a size of 4096 for
the rest of the experiments.

Fig. 5. Variations of architectures and fine tuning strategies in the experiments:
(a) standard architecture [V,VD]+2CL with 2 CL fine tuned, (b) single network D
with the two top-layers fine tuned, (c) three-layer CL, (d) three-layer CL with one
additional top-layer removed from the base networks, (e) fine tuning down to the first
top layer of the base networks, and (f) only fine tune the top layer (i.e. retrain the
softmax).

We also compared with a deeper combination network with three layers.
In this case we considered two variations. The first one adds one additional
layer between fcα and the softmax (see Fig. 5c). This increases the total depth
of the network, and increases the parameters to be learned and the training
cost. However, the accuracy decreases slightly. We also compared with a second
variation with three layers, but with another fully connected layer from the base
networks removed, so the two base networks are concatenated after the last
convolutional layer (the total depth is the same as in the standard architecture).

Table 1. Comparison of different architectures for the combination network.

Architecture Layer size Accuracy (%)

fcα fcβ Top 1 Top 5

2CL (Fig. 5a) 4096 - 69.87 89.67

5192 - 70.10 89.50

6144 - 70.08 89.44

3 CL (Fig. 5c) 4096 6144 69.43 89.02

3 CL (Fig. 5d) 4096 6144 66.73 87.24
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3.3 Object Recognition Performance

We first evaluate the performance for object recognition, and compare the pro-
posed method with averaging the outputs of the two networks. The results are
shown in Table 2. In general we can observe that averaging performs well for
homogeneous base networks, but the gain is more limited for heterogeneous net-
works (except for Caltech 101). In contrast, HCNNs seem to achieve higher gains
when the architectures are heterogeneous, while achieving marginal or even neg-
ative gains for homogeneous ones.

Table 2. Accuracy (%) for object recognition.

Method ILSVRC 2012 (top 1) ILSVRC 2012 (top 5) Caltech101 Caltech256

Acc Gain Acc Gain Acc Gain Acc Gain

D 57.47 - 80.41 - 88.38 - 66.33 -

D′ 57.45 - 80.34 - 88.31 - 66.06 -

VDa 68.56 - 88.53 - 90.32 - 76.87 -

[D,D′]+avg 59.25 1.78 81.68 1.27 89.18 0.80 68.39 2.06

[D,VD]+avg 69.10 0.54 88.15 -0.38 92.55 2.23 77.32 0.45

[D,D′]+2CL 58.25 0.78 80.75 0.34 88.55 0.17 65.81 -0.52

[D,VD]+2CL 70.10 1.54 89.50 0.97 92.82 2.50 79.07 2.20

VGGb 75.6 92.5 - -

GoogLeNetc - 89.93 (92.11) - -

GoogLeNetd - 91.91 (93.33) - -

GoogLeNete 67.44 (68.44) 88.24 (89.01) - -

[2] - 86.9 91.4 77.61
aCaffe implementation of VGG using only the central crop and one scale [17].
bUsing multiple scales, dense evaluation and 7 networks. ILSVRC submission [17].
cILSVRC submission. 1 crop (144 crops)[18].
dILSVRC submission. 7 networks, 1 crop (144 crops)[18].
eCaffe implementation of GoogLeNet, 1 crop (10 crops)[23].

3.4 Scene Recognition Performance

We also evaluated the performance for scene recognition using the MIT67 [12]
and SUN397 [24] datasets (see Table 3). Similarly to the results for object recog-
nition, we observe that averaging is a better solution for combining homogeneous
architectures, while a combination network is more suitable for heterogeneous
ones. The gain is particularly significant for SUN397, with a very competitive
performance of 57.30%, 7.53% better than the best performing base network. As
networks trained on scene-oriented datasets are more suitable for scene classifi-
cation [26], we also report the performance of the networks trained on Places,
donated as Dp and VDp. The results verify the effectiveness of the proposed
HCNNs.
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Table 3. Accuracy (%) for scene recognition.

Method MIT67 SUN397

Acc Gain Acc Gain

D 59.34 - 46.41 -

D′ 59.52 - 45.85 -

VD 69.70 - 49.41 -

[D,D′]+avg 62.68 3.16 47.77 1.36

[D,VD]+avg 70.75 2.05 52.28 2.87

[D,D′]+2CL 58.27 −1.25 45.54 −0.87

[D,VD]+2CL 72.31 2.61 57.30 7.53

SFV ImageNet [4] 72.86 - 54.4 -

Meta Objects [22] 78.90 - 58.11 -

SFV [4] 79.01 - 61.72 -

[Dp,VDp]+2CL 80.52 - 64.91 -

Table 4. Accuracy (%) for different fine tuning strategies for [D,VD]+2CL.

Architecture Accuracy (%)

Cal101 Cal256 MIT67 SUN397

Only softmax 91.89 78.07 79.93 64.08

Softmax, FCα 92.82 79.07 80.52 64.91

Softmax, FCα 93.18 79.50 81.06 65.32

FC6, FC17

3.5 Impact of Fine Tuning

Fine tuning can improve the recognition accuracy by refining the parameters of
the network. We analyze its impact on the recognition accuracy for our standard
architecture [D,VD]+2CL, with one, two and three layers refined (see Table 4).
First we consider retraining only the softmax layer (see Fig. 5f). We see that
the performance improves compared to individual networks. However retraining
the two layers of the combination network (see Fig. 5a) improves the perfor-
mance significantly around 1–3%. Further propagating fine tuning to the next
layer, which actually corresponds to layers in the base networks (see Fig. 5e),
can still improve the performance. The lower the layer, the less related to the
task (less specific), so the gain is marginal. However, the training cost increases
significantly.

4 Conclusion

In this paper we studied the unusual case of combining deep networks with
heterogeneous architectures, and proposed HCNNs which combine them by
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concatenating high-layer features and stacking another (combination) network.
The proposed method achieves significant performance on many challenging
benchmarks. To understand the combination mechanism, we backpropagate the
optimal output and evaluate how HCNNs select features from each model. The
results show that it can automatically leverage the different descriptive abili-
ties of the original models. Compared with the conventional model averaging
method (i.e. ensemble), HCNNs can generate new features from different base
networks not just combining probabilities. This allows them to work better when
the features are heterogeneous, while averaging often works better for homoge-
neous (similar model, so the ensemble reduces the variance). The combination
network strategy is flexible and it can benefit from large datasets and fine tun-
ing to specific tasks. In this work, we only implement two existing models to
show the effectiveness of HCNNs. In the future, more heterogeneous models can
be included in the proposed method, where the models can either be publicly
available models or trained from scratch.
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Abstract. In face recognition, Low Resolution (LR) images will lead to the
decline of the recognition rate. In this paper, we propose a novel recognition
oriented feature hallucination method to map the features of a LR facial image to
its High Resolution (HR) version. We extract the principal component analysis
(PCA) features of LR and HR face images. Then, canonical correlation analysis
is applied to establish the coherent subspaces between the PCA features of the
LR and HR face images. Furthermore, a recognition rate guided prediction
model is proposed to map the LR features to the HR version, which is employed
an adaptive Piecewise Kernel Partial Least Squares (P-KPLS) predictor. Finally,
a weighted combination of the hallucinated PCA features and the Local Binary
Pattern Histogram (LBPH) features are adopted for face recognition. Experi-
mental results show that the proposed method has a superior recognition rate.

Keywords: Feature hallucination � PCA � Canonical correlation analysis �
KPLS � Face recognition

1 Introduction

Face recognition technology [1] has a wide range of applications, such as video
surveillance, evidence collection and other aspects. However, due to the limit of
acquisition devices, capturing distance and the light environment, the acquired facial
images are tend to be low-resolution and low-quality. While the low-resolution
(LR) face images are used to identify, the performance of face recognition algorithms
will decline [2, 3]. In order to solve this problem, super-resolution (SR) [4] is neces-
sary, which reconstruct a high-resolution (HR) face image for recognition.

Many effective SR algorithms have been proposed in the past decades. However
most of them are to improve the visual quality, which may not be able to improve the
face recognition rate [5].

In order to improve the recognition rate of LR facial images, we proposed a novel
recognition oriented feature hallucination method in this paper. The contributions of
our paper include: (1) A recognition rate guided feature selection scheme. We select the
features under the guidance of the face recognition rate. By extracting effective PCA
features, we can improve the recognition rate. (2) A recognition rate guided feature
hallucination model is proposed. An adaptive piecewise KPLS predictor is employed to
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predict the HR features. We determine the number of piecewise according to the
recognition rate of the training set. (3) A new feature that combined the hallucinated
global feature and the local LBPH feature are applied to further improve the recog-
nition rate of the LR image. Experimental results have shown that the proposed method
can achieve better results.

2 The Proposed Method

In this section, we will describe our recognition oriented feature hallucination method
in details. The framework of the proposed method is shown in Fig. 1. It includes two
stages: the offline training stage and the online hallucination stage. Note that to evaluate
the performance of the proposed method, a testing stage is also embedded into the
framework.

First of all, a training set is collected. In the training set, each sample includes an
HR face image and it corresponding LR version. In the offline stage, the principal
component analysis (PCA) feature is extracted [6] for each LR and HR face image.
Then, the Canonical Correlation Analysis (CCA) [7, 8] is applied to maximize the
correlation between the LR and HR PCA features [9, 10]. A Piecewise KPLS (P-KPLS)
regression model is trained with the LR and HR features in the CCA space. During the
training procedure, the recognition rate of the training set is used to determine the best
number of piecewise for the P-KPLS regression model.

In the online stage, for a testing LR face image, we extract PCA features and LBPH
features. Then, the LR testing PCA feature vectors is projected to the CCA space and
the coherent LR feature is obtained. After that, the pre-trained P-KPLS predictor is

Fig. 1. The Framework of the proposed method.
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employed to predict the coherent HR features. Finally, a weighted combination of the
coherent LR feature and the LBPH [11] feature is used for face recognition.

In the testing stage, we suppose that the input face image is a LR image and the
record face database is made up HR face images. The combined features of the record
face images is extracted and used to match with the input testing LR image.

2.1 Offline Training Stage

Feature Selection Feature hallucination is to estimate HR features from LR features
with the help of a training set [12, 13]. According to [14, 15], PCA and LBPH features
may be more robust in the LR face recognition. Therefore, we take these two kinds of
features into account.

For a training set fILi; IHigNi¼1 with N samples, all LR images are interpolated to the
size of HR image with bicubic, the HR PCA feature were extracted from the HR face
images, as shown in (1):

XHi ¼ CT IHi �Mð Þ; ð1Þ

where M and C denote the mean face and the eigenface matrix of HR training images.
We calculate the PCA coefficients of the LR image as follows:

XLi ¼ CT ILi �Mð Þ; ð2Þ

where XHi and XLi denote the PCA features of the HR and LR training images, they are
N dimensional vectors. Note that the M and C are the mean face and the eigenface
matrix of HR faces as (1).

Then, we obtained the PCA feature vectors of HR and LR training sets as XH ¼
fXH1; XH2; . . .; XHNg and XL ¼ fXL1; XL2; . . .; XLNg.

However, not all dimensions of the PCA features should be used. Here, we select the
number of Eigen faces according to the LR face recognition rate of the training set. We
evaluate the recognition rate of the LR training images for different number of Eigen
faces is selected. Then, The most discriminative M (M < N) dimension of the PCA
features is selected. XHi ¼ fxH1; xH2; . . .; xHM} and XLi ¼ fxL1; xL2; . . .; xLMg denote
the M-dimensional PCA features of a pair of HR and LR face image. In order to learn
the relationship between LR and HR feature vectors more efficiently, both of the XHi

and XLi sets are converted to the coherence feature space via CCA [10]. Let
fFLi; FHigNi¼1, FHi ¼ ffH1; fH2; . . .; fHMg and FLi ¼ ffL1; fL2; . . .; fLMg represent the
coherent features of a pair of HR and LR face images.

In addition to the global PCA features, we have also extracted local LBPH features.
For the input LR image and the HR images in the testing set, we tile the image into
m � n non-overlapped blocks, viz. the number of blocks is m � n. The LBPH are
extracted with LBPu28;2 model. The subscript represents using the operator in a (8, 2)
neighborhood, namely with 8 pixels. Superscript u2 stands for uniform patterns. Then,
the LBPH feature is dimension reduced via PCA and normalized by Z-score. Here, the
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number of feature dimension T and m, n are determined according to the recognition
rate of the training set.

The LBPH features are extracted from both the input LR face image for testing and
the HR face images in the HR testing set. Let fYHigNi¼1, YHi ¼ fyH1; yH2; � � � ; yHTg and
fYLigNi¼1; YLi ¼ fyL1; yL2; � � � ; yLTg denotes the LBPH features of an HR and a LR
face image respectively.

The Piecewise Kernel Partial Least Squares (P-KPLS) Predictor After obtained
the coherent features, a Piecewise Kernel Partial Least Squares (P-KPLS) predictor is
designed and trained to map the LR coherent features to the HR ones. The KPLS is one
of a multivariate statistical analysis. More details about KPLS model can be found in
[16]. The radial basis kernel is selected in our implementation.

In the Feature Selection stage, we have obtained the coherent features FLi; FHif gNi¼1,
where FHi ¼ fH1; fH2; . . .; fHMf g and FLi ¼ fL1; fL2; . . .; fLMf g. Then, the coherent
features vector is divided into S equal dimensional sub-vectors. Thus, the dimension of
each sub-vector is P ¼ M=S. The piecewise feature of the HR and the LR coherent
features can be denoted as FHi ¼ pHj

� �s
j¼1¼ pH1; pH2; � � � ; pHsf g; FLi ¼ pLj

� �s
j¼1¼

pL1; pL2; � � � ; pLsf g and sub-vector pHj ¼ fHð j�1ð Þ�Pþ 1Þ; fHð j�1ð Þ�Pþ 2Þ; . . .; fHðj�PÞ
� �� �

,
pLj ¼ fðfL j�1ð Þ�Pþ 1ð Þ; fL j�1ð Þ�Pþ 2ð Þ; . . .; fLðj�PÞÞg. Then, for each sub vectors set, a sub-
KPLS regression model is trained. There are S sub-KPLS predictors. The P-KPLS
predictor is the collection of all the piecewise sub-KPLS predictor. S is determined
according to the recognition rate of LR face training samples. The coherent feature
vector is divided into different number of sub-vectors, the recognition rate will be
different. Therefore, we can find out the best parameter to improve the recognition rate.

In this section, a well-trained P-KPLS predictor can be obtained.

2.2 Online Feature Hallucination Stage

For an input LR face image, its PCA feature X
0
L is calculated first. Then, the X

0
L is

projected to the CCA coherent LR feature F
0
L. The coherent HR features F

0
H can be

predicted from F
0
L via the well-trained P-KPLS predictor. Further, the LBPH feature of

the testing image is computed, then dimension reduced and normalized via PCA and
Z-score, which is denoted as Y

0
L. The significant of the Y

0
L and F

0
H features are not same.

Therefore, we further combine these two features as (3):

Z ¼ x � F 0
H ; ð1� xÞ � Y 0

L

� �

; ð3Þ

where 0�x� 1. The value of x is determined according to the recognition rate of the
training set.

The combined feature Z will be used to face recognition in the testing stage.
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2.3 Testing Stage

In the testing stage, the combined feature Z should be extracted for the HR testing
database. As described in the above sections, the coherent features of the testing HR
and LR face images FLi;FHif gNi¼1 can be obtained. The LBPH features of HR face
images YH ¼ YH1; YH2; . . .; YHNf g also should be extracted for testing procedure. The
YH and FH ¼ FHif gNi¼1 are used to establish an HR recorded face image feature
database.

Z
0
Hi

n o

¼ x � FHi; ð1� xÞ � YHið Þ; ð4Þ

Finally, we use Z in (3) as a probe feature to match in Z
0� �

for face recognition. In
our experiments, the Nearest Neighbor classification with l2 norm is employed.

3 Experiments and Discussion

3.1 Evaluation on the ORL Database

In this section, we will evaluate the performance of our proposed method on the ORL
database. The ORL database includes 40 individuals, and each has 10 different face
images. The face images were taken at different time, lighting, facial expressions and
facial details. The size of each image is 92 � 112 pixels, with 256 grey levels per pixel.

In our experiments, all images are aligned and normalized based on the positions of
eyes. Two sets of face images are used in the experiments. Set A has its HR and LR face
images of sizes 48 � 48 pixels and 16 � 16 pixels, respectively, while Set B has its
HR and LR face images of sizes 72 � 72 pixels and 24 � 24 pixels, respectively. For
each subject in the dataset A and B, we choose five images for training and the other
five for testing. Therefore, there are only 200 facial images for training. Figure 2 shows
some images from the datasets A and B, respectively.

In order to evaluate the effectiveness of our algorithm, we compare the face
recognition rate of our method with 7 algorithms, they are LR-PCA, HR-PCA, LBPH,
PCA-LBPH, PCA-KPLS, CCA-KPLS and Lin Reg+GCCA [17]. The method recog-
nizes the PCA feature extracted from the interpolation image that is obtained by
enlarging the input LR image to the size of the HR image by bicubic interpolation
(LR-PCA); and the method using original HR face images (HR-PCA). The method
extracted the LBPH feature from the interpolation image (LBPH). The method
extracted the LBPH feature and PCA feature from the interpolation image
(PCA-LBPH). The PCA-KPLS method applies KPLS model to obtain HR face features
for recognition. While the CCA-KPLS employs KPLS to obtain the coherent HR
features for recognition.

In the experiment, to determine the value of x, we have searched the range
0; 0:1; 0:2; 0:3; � � � ; 1f g. As shown in Fig. 3, the recognition rates for the feature Z,

based on the datasets A and B. The results show that the best performance can be
achieved at x = 0.3. These two values are used in the rest of our experiments. Both the
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m and n are set to 7 for dataset A and 4 for dataset B.M is set to 96 and 28. T is set to 51
and 53, respectively.

The recognition rates with different methods are listed in Table 1. Our method
achieves the highest recognition rate of 0.900 in dataset B. The recognition rates
achieved by LR-PCA, HR-PCA, PCA-KPLS, CCA-KPLS, PCA-LBPH and LBPH are
0.750, 0.780, 0.765, 0.785, 0.755 and 0.835, respectively. On the other hand, the
recognition rates achieved by LR-PCA, HR-PCA, PCA-KPLS, CCA-KPLS,
PCA-LBPH and LBPH are 0.745, 0.770, 0.745, 0.755, 0.765 and 0.775 in dataset
A. For Lin Reg+GCCA’s method, the recognition rates are 0.831 and 0.866 in dataset
A and B, respectively. S is set to 2. Thus, our proposed method is more effectively.

(a)

(b)

(c)

(d)

Fig. 2. Face images of one individual in dataset A and B. (a) HR training face images with size
48 � 48. (b) LR training face images with size 16 � 16. (c) HR training face images with size
72 � 72. (d) LR training face images with size 24 � 24. (a) and (b) are from the dataset A. (c)
and (d) are from the dataset B.

280 G. Jia et al.



3.2 Evaluation on the AR Database

In this section, we evaluate the performance of our proposed method on the AR face
database. The AR database includes 100 individuals, and each has 26 different face
images. AR database each face image includes 14 different facial expressions, lighting,
and 12 images contain obstructions (sunglasses, scarves). The size of each image is
120 � 165 pixels.

In our experiments, we choose 7 images for training and the other 7 images for
testing from different facial expressions, lighting images. So, there are 700 face images
for training. Figure 4 shows some images from the AR database. Set AR database has
its HR and LR face images of sizes 120 � 160 pixels and 15 � 20 pixels, respectively.

In this experiment, the results show that the best performance can be achieved when
x is set to 0.4. As shown in Fig. 5, the recognition rates for the feature Z, based on the
AR database. M is set to 201. T is set to 121. m and n are set to 12 and 16.

As shown in Table 2, our method achieves the highest recognition rate of 0.842
compared to other methods in the AR database. The recognition rates achieved by

Fig. 3. The recognition rates of the proposed method with different values of x on the ORL
datasets.

Table 1. Recognition results with different methods for the dataset A and B

Algorithm Recognition rate (dataset A) Recognition rate (dataset B)

LR-PCA 0.745 0.750
HR-PCA 0.770 0.780
LBPH 0.775 0.835
PCA-LBPH 0.765 0.755
PCA-KPLS 0.745 0.765
CCA-KPLS 0.755 0.785
Lin Reg+GCCA [17] 0.831 0.866
Our method 0.855 0.900
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LR-PCA, HR-PCA, PCA-KPLS, CCA-KPLS, PCA-LBPH and LBPH are 0.551,
0.718, 0.580, 0.661, 0.575 and 0.637, respectively. S is set to 77. Therefore, our
proposed method is more effectively.

All experiment was conducted using MATLAB on Windows 7 with 3.30 GHz
Intel® Core(TM) i5-4590 CPU and 20 GB RAM.

(a)

(b)

Fig. 4. Face images of one individual in AR database. (a) HR training face images with size
160 � 120. (b) LR training face images with size 15 � 20.

Fig. 5. The recognition rates of the proposed method with different values of x on the AR
database.
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4 Conclusions

For the problem of LR face images declining recognition rate, a novel recognition
oriented feature hallucination method for low resolution face images is proposed in this
paper. In our algorithm, CCA was applied to obtain the coherent features between the
LR and HR PCA features, and a P-KPLS model was proposed to model the relationship
between the coherent features. Moreover, a weighted combination of the LBPH and the
hallucinated coherent HR features is employed, which can enhance the representational
efficiency of the combined features. Compared to the traditional approaches, the
experimental results show that our proposed method can improve the recognition rates
of the low resolution face images.

The drawback of our work is that only PCA and LBPH features are investigated.
Furthermore, the segmented of piecewise KPLS model is equal length. In our future
work, more features and more flexible adaptive P-KPLS model will be explored.
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Abstract. Supervised hashing generally achieves superior performance
over unsupervised or semi-supervised approaches by leveraging semantic
labels. However, most existing supervised hashing techniques only deal
with image samples with single label. Few of them properly address the
practical problem concerning images with multiple labels, which is very
common in real applications. In this paper, we seek to address the lim-
itations of the existing schemes by proposing a novel approach, dubbed
as Robust Multi-Label Hashing (RMLH). A label hypergraph is con-
structed to effectively capture high-order semantic correlations of images.
And they are preserved into hashing codes with hypergraph consistency
and direct label-hashing correlation. Besides, we impose a nuclear norm
regularization on correlation matrix to maintain label correlations and
robustly accommodate missing labels. Furthermore, an efficient algo-
rithm based on Alternate Direction Method of Multipliers (ADMM) is
developed to calculate the optimal hashing codes. Experiments demon-
strate that RMLH can outperform state-of-the-art schemes and enjoy
much better robustness against missing labels.

Keywords: Robust Multi-Label Hashing · Label hypergraph ·
Correlation matrix

1 Introduction

Driven by the rapid growth of social media, facilitating similarity search over
large scale image collection becomes more and more important. Hashing has
recently been developed as a promising technique to address the problem. Its core
idea is to map high-dimensional vector into compact binary codes, and search
process can be completed with simple but efficient bit operations. Accordingly,
storage cost of image collection can be greatly reduced and search process can be
significantly accelerated. Due to these desirable advantages, hashing has received
great attention from multimedia research community.

In view of the superior performance compared with data-independent tech-
niques, learning based approaches have been emerging as popular paradigm
[6,10,12,13]. Among them, supervised hashing generally performs better than
c© Springer International Publishing AG 2016
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unsupervised and semi-supervised hashing by leveraging semantic labels. Repre-
sentative supervised hashing approaches include: Binary Reconstructive Embed-
ding (BRE) [9], Kernel Supervised Hashing (KSH) [10], Supervised Discrete
Hashing (SDH) [12], and etc. These methods mainly exploit image instances
with only single label to compute hashing codes. However, in real world, each
image instance is usually associated with multiple labels. Ignoring this impor-
tant characteristic could lead to the limited performance in terms of robustness
and effectiveness. CCA-ITQ [6] and Multi-label Least Squares Hashing (MLSH)
[13] are developed to deal with multi-label images. But they simply assume
that image instances are assigned with complete labels and thus cannot robustly
accommodate the missing labels.

In this paper, we propose Robust Multi-Label Hashing (RMLH). The main
objective is to effectively exploit available semantic labels for hashing and simul-
taneously accommodate missing labels. First, label correlations are captured
with a label hypergraph, where images are considered as vertices and their
assigned labels are determined as hyperedges. Then, hypergraph consistency and
direct label-hashing correlation are proposed to integrate label correlations into
binary hashing codes. Besides, a nuclear norm regularization is introduced on
correlation matrix to maintain label correlations and cope with missing labels.
Furthermore, we propose an efficient algorithm based on Alternate Direction
Method of Multipliers (ADMM) [4] to iteratively solve RMLH.

The contributions of the paper are highlighted as follows:

1. RMLH addresses the practical problem concerning on learning robust hashing
for multi-label images. To the best of our knowledge, no similar work has been
reported in the literature.

2. Label correlations are captured by label hypergraph and direct label-hashing
correlation. A nuclear norm regularization is introduced on correlation matrix
to robustly address missing labels. An efficient algorithm based on ADMM is
proposed to compute the optimal hashing codes.

3. Extensive experiments demonstrate that RMLH can achieve state-of-the-art
performance and enjoy superior robustness against missing labels.

2 Related Work

Hashing has recently received considerable attention. Existing research work
can be coarsely divided into two major categories: data-independent and data-
dependent hashing. Locality Sensitive Hashing (LSH) [5] is one of the typical
methods in the first category. Its hashing functions are randomly generated from
certain distributions.

To overcome the limitation, recent efforts have been made by applying
advanced machine learning mechanisms, ranging from unsupervised to super-
vised settings. Supervised hashing learns binary codes with the supervision of
semantic labels, and thus demonstrates better performance than unsupervised
hashing. Binary Reconstructive Embedding (BRE) [9] is one of the pioneer-
ing research works. It learns hashing functions by minimizing reconstruction
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error between original metric space and Hamming space corresponding to binary
hashing codes. Liu et al. present Kernel Supervised Hashing (KSH) [10] where
Hamming distances of similar pairs are minimized and that of dissimilar pairs
are maximized simultaneously. In recent literature, Supervised Discrete Hashing
(SDH) [12] is developed to directly learn discrete binary codes within a super-
vised linear classification framework.

In particular, to better employ multiple labels, several multi-label hashing
methods are developed. As the first technical development in this direction,
CCA-ITQ [6] applies supervised Canonical Correlation Analysis (CCA) [7] to
project visual feature into low-dimensional space, and then learns an orthogo-
nal rotation matrix to minimize the quantization error. Boosted Shared Hashing
(BSH) [11] can also address multi-label images. However, it requires queries con-
sisting of both visual image and text, which cannot be satisfied in content-based
image retrieval where no texts are provided. Multi-label Least-Squares Hashing
(MLSH) [13] integrates CCA and least square method together to project the
original multi-label images into lower-dimensional Hamming space.

Although existing supervised hashing methods can achieve promising results,
they mainly focus on the hashing with only one label or complete multi-labels.
While in real applications, it is common that each image instance is associated
with a set of labels with incompleteness. Ignoring this important fact may limit
the hashing performance.

3 The Proposed Method

Denote multi-label image set as {xi,yi}N
i=1 with N instances, where xi ∈ R

d

and yi ∈ {0, 1}L represent d dimensional visual feature and L dimensional label
vector, respectively. The label vectors construct label matrix Y = [y1, ...,yN ] ∈
{0, 1}L×N , while feature vectors comprise feature matrix X = [x1, ...,xN ] ∈
R

d×N . Each entry in label vector denotes whether image instance is associated
with the corresponding label or not. Since image instances are multi-labeled,∑L

l=1 yli ≥ 1. The aim of RMLH is to learn hashing functions F = {f1, ..., fK}
which map X to binary codes B = [b1, ...,bN ] ∈ {0, 1}K×N , where bi corre-
sponds to the hashing codes of ith image instance, fk is a mapping R

d �→ {0, 1},
K is hashing code length.

3.1 Overall Learning Framework

The proposed RMLH can be formally stated as the following framework

min
B

L(B,C,Y) + ηΦ(B,Y) + γΨ(C) s.t. B ∈ {0, 1}K×N (1)

where L(B,C,Y) is the label-hashing correlation term, it measures the correla-
tion loss between label matrix Y and hashing codes B, C is correlation matrix,
Φ(B,Y) is the label correlation preserving term which controls the label smooth-
ness by enforcing the instances to be close in Hamming space when they are close
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in label space, Ψ(C) is missing label accommodation term which deals with miss-
ing labels. Moveover, η, γ > 0 are hyper-parameters which adjust the trade-off
between regularization terms. In the following, we will present the details of
these formulation terms.

Label-Hashing Correlation. Image labels are high-level and explicit concept
description, while hashing codes to be learned can be understood as the discrete
representation of latent concepts. In this case, a hashing bit may be shared
with multiple labels and a label may be described by multiple hashing bits.
There principally exist correlations between hashing codes and labels. To capture
them, we introduce a correlation matrix C ∈ R

L×K whose elements directly
measure the relations between semantic labels and hashing bits. In particular,
we minimize the loss between hashing codes transformed by C and the label
matrix Y. Formally

L(B,C,Y) = ||CB − Y||2F (2)

Label Correlation Modeling and Preserving. In multi-label setting, a label
may be described by several image samples and an image may be associated
with more than one label. Also, different labels may be correlated with more
than one image sample. Hence, label correlations of image samples are actually
high-order. It is intuitive that the learned hashing codes should preserve high-
level label correlations. In other words, if two points are associated with similar
labels, they should be mapped in Hamming space with short distance.

This paper proposes a Label Hypergraph (LHG) to model label correlations.
In LHG, image samples and labels are considered as vertices and hyperedges,
respectively. Image samples associated with same label comprise a hyperedge.
With this design, high-order label correlations are effectively modeled. Formally,
we define LHG = (V,E,W), V = {vi}N

i=1 is the vertex set, where E = {el}L
l=1

is the hyperedge set, W = {w(el)}L
l=1 is the weight set for hyperedges. w(el)

is weight of hyperedge el. LHG can be mathematically represented with an
L × N incidence matrix H. And it is actually equal to label matrix Y in our
case. With H, we calculate the degree of hyperedge as the number of image
samples included. Hence, for hyperedge el, its degree δ(el) is

∑N
i=1 H(el, vi). For

simplicity, the weights of hyperedge are all set to 1, w(el) = 1. The degree of
each vertex ε(vi) is defined as the number of hyperedges that the vertex belongs
to, ε(vi) =

∑N
i=1 w(el)H(el, vi) =

∑N
i=1 H(el, vi).

With LHG modeling, image samples included in more hyperedges will be
more semantically similar. They should be mapped into Hamming space with
closer distance. Therefore, we can derive that

Φ(B,Y) =
1

2

K∑

k=1

N∑

i,j=1

H
′
(el, vi)

K∑

k′=1

(

bk′i
√

ε(vi)
− bk′j
√

ε(vj)

)2

, H
′
(el, vi) =

H(vi, el)H(vj , el)

δ(el)

(3)
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Since
∑N

j=1
H(vj ,el)

δ(el)
= 1 and

∑L
l=1

H(vi,el)
ε(vi)

= 1, we get

Φ(B,Y) =
N∑

i=1

K∑
k′=1

b2k′i −
K∑

k′=1

L∑
l=1

N∑
i,j=1

H(vj , el)H(vi, el)(
∑K

k′=1 bk′ibk′j)
δ(el)

√
ε(vi)ε(vj)

=
K∑

k′=1

⎛
⎝ N∑

i=1

b2k′i − 1
2

L∑
l=1

N∑
i,j=1

H(vj , el)H(vi, el)bk′ibk′j

δ(el)
√

ε(vi)ε(vj)

⎞
⎠

⇒ Φ(B,Y) = Tr(BΔΔΔBT) (4)

where ΔΔΔ ∈ R
N×N is Laplacian matrix of LHG, it is calculated as ΔΔΔ = I −

D−1/2
v HDwD−1

e HTD−1/2
v , where Dv, De, and Dw are the diagonal matrices of

the vertex degrees, edge degrees, and hyperedge weights, respectively.

Missing Label Accommodation. It is common in practical application that
many image instances are partially labeled. In image annotation, there are large-
scale candidate concepts to be annotated. Thus, human annotators may only
annotate each training image with a part of labels. Therefore, it is impor-
tant for hashing to robustly address the missing labels. This paper proposes
to address this problem by introducing a low-rank based nuclear norm on cor-
relation matrix.

With Singular Value Decomposition (SVD), correlation matrix C can be
represented as C =

∑r
i=1 pi(C)σi(C)qi(C)T, where r = min{L,K} is the rank

of C, pi(C) ∈ R
L is the ith left singular vector, qj(C) ∈ R

K is the jth right
singular vector, σi(C) is the ith singular value. The transformed hashing codes
of ith instance bi with C can be given by Cbi =

∑r
i=1 pi(C)[σi(C)qi(C)Tbi].

The resulting vector is label vector. Since σi(C)qi(C)Tbi is scalar, Cbi can be
considered as linear combination of label component vectors {pi(C)}r

i=1, each of
which represents latent label correlations. Via minimizing the rank of C, we can
capture intrinsic and meaningful label correlations. Therefore, correct labels can
still be recognized with weighted label component vectors and learned hashing
codes, even when there exist missing labels.

Since {σi(C)}r
i=1 are all real and non-negative, r can be measured by the

sum of singular values. Accordingly, the minimization of rank can be achieved
by minimizing the nuclear norm of C. Therefore

Ψ(C) = ||C||∗ =

r∑

i=1

σi(C) (5)

By integrating label-hashing correlation term in Eq. (2), label correlation
preserving term in Eq. (4), and missing label accommodation term in Eq. (5), we
derive the overall objective function of RMLH

min
C,B

||CB − Y||2F + ηTr(BΔΔΔBT) + γ||C||∗ s.t. B ∈ {0, 1}K×N
(6)
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3.2 Solution with ADMM

Solving the problem in Eq. (6) is NP-hard due to the discrete constraint. To
make the problem solvable, we relax the discrete constraint B ∈ {0, 1}K×N . We
first obtain real values of Y, and then binarize it to hashing codes via mean
thresholding. We derive the following relaxed problem

min
C,B

||CB − Y||2F + ηTr(BΔΔΔBT) + γ||C||∗ (7)

We propose an effective optimization algorithm based on ADMM to iter-
atively solve the problem in Eq. (7). By introducing an auxiliary matrix A ∈
R

L×K , we can formulate the augmented Lagrange function of Eq. (7) as

min
C,B

1

2
||CB − Y||2F +

η

2
Tr(BΔΔΔBT) + γ||A||∗ +

β

2
||C − A||2F + Tr(ΛΛΛT(C − A)) (8)

where ΛΛΛ ∈ R
L×K is Lagrange multiplies, β > 0 is hyper-parameter. The above

proxy problem can be tackled by optimizing one variable while fixing others
alternatively.

Step 1: Optimizing C with Others Fixed. By fixing A = Am, ΛΛΛ = ΛΛΛm

and B = Bm (m is iteration index), the optimal C can be solved by

min
C

1

2
||CBm − Y||2F +

η

2
Tr(BmΔΔΔ(Bm)T) +

β

2
||C − Am||2F + Tr((ΛmΛm

Λm)T(C − Am))

(9)
By calculating its derivation to C and setting it to 0, we can derive

CBm(Bm)T − Y(Bm)T + βC − βAm + ΛΛΛm = 0 (10)

We get the updating of C at (m + 1)th iteration as

Cm+1 = (Y(Bm)T + βAm − ΛΛΛm)(Bm(Bm)T + βIK)−1 (11)

Step 2: Optimizing B with Others Fixed. By fixing A = Am, ΛΛΛ = ΛΛΛm

and C = Cm+1, the optimal B can be solved by

min
B

1
2
||Cm+1B − Y||2F +

η

2
Tr(BΔΔΔBT) (12)

By calculating the derivation to B and setting it to 0, we obtain that

(Cm+1)TCm+1B + ηBΔΔΔ = (Cm+1)TY (13)

Equation (13) is a Sylvester equation [1], which can be solved with the Lyapunov
function in Matlab.

Step 3: Optimizing A with Others Fixed. Similarly, by fixing C =
Cm+1, ΛΛΛ = ΛΛΛm, the optimal A can be solved by

min
A

β

2
||Cm+1 − A||2F + Tr((ΛΛΛm)T(Cm+1 − A)) + γ||A||∗ (14)
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It can be transformed as a compact form

min
A

1
2
||(Cm+1 +

ΛΛΛm

β
) − A||2F +

γ

β
||A||∗ (15)

It is convex and has unique minimum solution. The optimal Am+1 can be calcu-
lated with a closed form solution via Singular Value Thresholding (SVT) oper-
ator [2] SVT γ

β
(·) as

Am+1 = SVT γ
β
(Cm+1 +

ΛΛΛm

β
) = USVT γ

β
(ΣΣΣ)V T (16)

where UΣΣΣV T is SVD of Cm+1 + ΛΛΛm

β . The columns of U and V are left-singular
vectors and right-singular vectors of Cm+1+ΛΛΛm

β respectively. ΣΣΣ = diag({σi}r
i=1),

σr is rth singular value of ΣΣΣ, SVT γ
β
(ΣΣΣ) = diag({sgn(σi)max(|Cm+1 + ΛΛΛm

β | −
γ
β , 0)}r

i=1).
Step 4: Optimizing ΛΛΛ with Others Fixed. Once we get C = Cm+1 and

A = Am+1, ΛΛΛ can be updated with the difference of C and A. The updating
formula is

ΛΛΛm+1 = ΛΛΛm + β(Cm+1 − Am+1) (17)
We perform the above steps iteratively to obtain the optimal relaxed hashing

codes. Based on the proof in [4], our proposed ADMM based optimization can
be converged to a optimal solution.

3.3 Out of Sample Extension

In this paper, we leverage linear projection to learn hashing functions. For-
mally B = PTX, where P ∈ R

d×K denotes the projection matrix. The main
objective is to reduce the loss between the new generated hashing codes and
the projected ones. It can be solved by minP ||B − PTX||2 + ξ||P||F , where
ξ > 0 is the hyper-parameter. The P is the projection matrix, which is given as
P =

(
XXT + ξID

)−1
XBT. With P, the hashing functions can be constructed

as F(x) = binary(PTx), where binary(·) is the operator which is defined as
binary(x) = 1, x > 0, binary(x) = 0, x ≤ 0.

3.4 Complexity Analysis

The subsection provides time complexity analysis for the training cost of RMLH.
The updating for C in Eq. (11) requires the calculation of two matrices βAm−ΛΛΛm

and Bm(Bm)T + βIK , which will cost O(LK) and O(K2N) respectively. The
inverse of Bm(Bm)T + βIK consumes O(K3). Consequently, the updating of C
will cost O(LK+K2N +K3). The updating of B solves Sylvester equation which
consumes O(KN). The main cost of updating A in Eq. (16) is brought from SVT
operator, whose computation complexity is min{O(KL2), O(K2L)}. The updat-
ing for ΛΛΛ in Eq. (17) is completed via matrix plus or minus operations, which
will cost O(LK). Thus, the overall time complexity of our proposed solution is
linear to the training size N which is quite efficient.
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4 Experiments

4.1 Experimental Setting

In this paper, experiments are conducted on two publicly available multi-label
image datasets: Corel5K [3] and MIR Flickr [8]. Corel5K is comprised of
4999 images labeled with 260 concepts. MIR Flickr contains 25,000 images from
38 semantic categories, which are collected from the Flickr. On both datasets,
visual contents of images in MIR Flickr are represented by 1000-D dense SIFT
histogram. For retrieval setting, 1% images are used as queries, 3% images com-
prise learning image set, and the remaining images are database images to be
retrieved. For performance evaluation, images are considered to be relevant only
if they share at least one concept.

Mean Average Precision (MAP) [12,13] is adopted as the evaluation metric.
In experiments, we set the number of returned images as 100 to collect results.
Furthermore, Precision-Scope curve is also reported to reflect the retrieval per-
formance variations with respect to the number of retrieved images.

4.2 Compared Approaches

We compare RMLH with several state-of-the-art single label and multi-label
hashing approaches. Single label hashing approaches used for comparison
include: Binary Reconstructive Embedding (BRE) [9], Kernel Supervised Hash-
ing (KSH) [10], Supervised Discrete Hashing (SDH) [12]. These single label hash-
ing approaches can be applied to multi-label images by modifying corresponding
label matrix. Multi-label hashing approaches include: Multi-label Least Squares
Hashing (MLSH) [13]. For these baselines, we carefully adjust the involved para-
meters according to relevant literature and report the best performance. For
RMLH, the best performance is achieved when β = 1, γ = 1, η = 10−3. ΛΛΛ and
A are all initialized to 0, B is initialized with random numbers.

4.3 Experimental Results

Performance Comparison. We first report the MAP results of RMLH and
all compared approaches on different code lengths and datasets in Table 1. Their

Table 1. MAP of all approaches on Corel5K and MIR Flickr.

Methods Corel5K MIR Flickr

16 bits 24 bits 32 bits 16 bits 24 bits 32 bits

BRE 0.2583 0.2755 0.2835 0.6261 0.6159 0.6147

SKH 0.3164 0.3002 0.3047 0.6181 0.6047 0.6174

MLSH 0.3059 0.3444 0.3495 0.6308 0.6305 0.6361

SDH 0.3154 0.3108 0.3346 0.6035 0.6168 0.6106

RMLH 0.3294 0.3631 0.3634 0.6352 0.6500 0.6567
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Fig. 1. Precision-Scope curves of compared approaches.

Table 2. MAP of all approaches on MIR Flickr when labels are missing.

Methods 24 bits 32 bits

1 2 3 4 1 2 3 4

BRE 0.6231 0.6289 0.6226 0.6294 0.6301 0.6301 0.6279 0.6284

SKH 0.6250 0.6387 0.6099 0.6204 0.6380 0.6351 0.6281 0.6259

MLSH 0.5890 0.6358 0.6279 0.6205 0.5855 0.6381 0.6298 0.6237

SDH 0.6039 0.6061 0.6129 0.6124 0.6273 0.6294 0.6105 0.6093

H2ML 0.6408 0.6453 0.6410 0.6402 0.6576 0.6494 0.6463 0.6405

corresponding Precision-Scope curves on two datasets are shown in Fig. 1. From
the results, we can clearly observe that RMLH outperforms the compared
approaches in most cases. The retrieval performance of RMLH increases steadily
with hashing code length. Besides, we easily find that BRE does not perform
well among the competitors. This is because BRE simply preserves pairwise label
relations into hashing codes. Please note that SKH also depends on pairwise label
relations. However, it employ kernel extension to capture non-linear inner data
structure. Therefore, it usually performs better than BRE. In addition, it is not
hard to find that MLSH always achieve better performance among the com-
pared approaches. This is mainly attributed to the label correlation capturing
via CCA. SDH is reported to be effective in single label based supervised hash-
ing. But, in multi-label setting, we fail to observe its superior performance. The
reason is that SDH ignores the label correlation preservation, which is important
in multi-label hashing.
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Robustness to Missing Labels. We also evaluate the robustness of RMLH
on accommodating missing labels. We conduct experiments on MIR Flickr by
training hashing model on training images associated with more than 10 labels.
MAP results of all approaches are reported in Table 2 when different number
of labels are missed. From the table, we clearly find that, RMLH is more sta-
ble compared with the competitors when different number of labels are missing.
And it consistently achieves better performance. The results demonstrate that
the proposed RMLH can well cope with missing labels when learning hashing
codes. Besides, it is interesting to find that RRE, SKH, SDH can even achieve
better performance when several missing labels are existed. This experimental
phenomenon can be explained as: In multi-label setting, labels may be noisy
and irrelevant to the visual contents. They may bring negative effects on hash-
ing learning. By randomly removing them, their performance may be improved
without interruption. This experimental phenomenon also reveals that RMLH
can still perform well on noisy labels.
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Fig. 2. Convergency of the proposed approach.

Convergency Analysis. Figure 2 presents the variations of objective function
value in Eq. (7) with the number of iterations on two datasets. We can observe
from the figure that, objective function value first decreases with the number of
iterations and becomes steady after certain iterations (about 50). This experi-
mental result demonstrates that the convergency of RMLH can be obtained.

5 Conclusions

This paper proposes an effective approach RMLH to robustly accommodate the
missing labels in multi-label hashing settings. RMLH preserves label correlation
with direct label-hashing correlation and high-order label correlation preserv-
ing. It imposes low-rank based regularization on correlation matrix to cope with
missing labels. The optimization based on ADMM can effectively solve opti-
mal hashing codes. Experimental results on standard datasets demonstrate the
promising effectiveness of the proposed approach.
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Abstract. We propose a second-order approach for blind motion deblur-
ring. Our idea is to define an energy functional, and the convolution
kernel corresponds to the minimum of the functional. After the kernel
is obtained, the problem is solved by existing non-blind deconvolution
algorithms. To avoid that the minimizer of energy functional does not
correspond to the unblurred image, which is often encountered in many
algorithms, in the literature the normalized l1 norm regularization term
for the original or first-order gradient image was adopted. We further
extend the idea using the second-order gradient image, which is the main
novelty of the paper. This method favours a piecewise linear transition
in the unblurred image, and thus efficiently attenuates the staircase and
ring effects in the original or first-order case. Comparing with other state-
of-the-art algorithms, the proposed method is effective in estimating the
blur-kernel and restoring the unblurred image.

Keywords: Blind motion deblurring · Normalized l1 norm · Second-
order gradient · Staircase effects

1 Introduction

Motion blur is one of the most common phenomena encountered in image
processing. Therefore, recovering an unblurred image from a motion blurred one
has long been a fundamental topic. This problem can be reduced to image decon-
volution, if the blur-kernel, i.e. the point spread function (PSF), is shift-invariant.
Image deconvolution can be further separated into the blind and non-blind cases.
In real situations, the blind deconvolution is more common and more difficult
to handle. Its difficulty lies on that the blind deconvolution is highly ill-posed,
since both the blur-kernel and the latent sharp image are unknown. To solve this
problem, appropriate prior assumptions should be imposed [1,2].

In this paper we focus on the shift-invariant blur, which is commonly modeled
as a convolution process:

g = u ⊗ k + n, (1)

where g represents the observed blurred image, u the sharp image, n the Gaussian
noise, k the shift-invariant PSF, and ⊗ the 2D convolution operator. Our aim
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 296–305, 2016.
DOI: 10.1007/978-3-319-48896-7 29
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is to recover u, given g. Unavoidably, we also need to estimate k in order to
obtain u.

Most existing deblurring methods are formed as follows:

min
u,k

‖u ⊗ k − g‖22 + αuRu(u) + αkRk(k), (2)

where αu and αk are positive tuning parameters, and Ru(u), Rk(k) are the
regularization terms corresponding to the priors on the latent sharp image u
and the blue-kernel k respectively.

Most image priors are imposed on the image itself or the image gradients.
Table 1 lists some choices of Ru(u) and Rk(k) in several state-of-the-art methods.
All these Ru(u)’s are based on the first-order gradient of image. This approach
favors piecewise constant pixel transitions, which tends to produce staircase
effects in the recovered image. For the purpose of comparison, we also put our
Ru(u) and Rk(k) at the last row, which will be discussed in detail later.

Note that many image deblurring algorithms have a fetal problem: the mini-
mum of the objective functional does not correspond to the true sharp image [3].
The reason is that blur attenuates high frequency components and the response
of any derivative-type filter will also be reduced [4]. To solve this problem, a num-
ber of complicated methods have been proposed, such as marginalization over
all possible images [1,5], re-weighting of the image edges [6], dynamic adaptation
of the cost function [7], and selective edge suppression [8].

To solve the problem, we employ the so called normalized l1 norm to ensure
the correspondence of the functional minimizer and the unblurred image. The
core contribution is that we initially apply the second-order gradient to remove
motion blur. Our approach has greater potential for producing a sharp image
while restraining staircase artifacts. It is also quick by taking advantage of exist-
ing fast l1 methods to estimate the kernel and the sharp image.

Table 1. Ru(u) and Rk(k) proposed in recent methods

Method Ru(u) Rk(k)

[2] ‖∇u‖0 + βu
αu

‖∇u‖2
2 ‖∇k‖0 + βk

αk
‖∇k‖2

2

[4] ‖∇u‖1
‖∇u‖2

‖k‖1

[9] Σm min(1, |(∇u)m|2
ε2

) ‖k‖2
2

[10] ‖∇u‖p
p, p : 0.8 → 0.6 → 0.4 ‖∇k‖2

[11] ‖∇u‖0.3
0.3 ‖k‖1

[12] Σm log |(∇u)m| log ‖k‖2

[13] (∇u)T W (|∇u|)∇u ‖k‖2
2 + ς‖k‖0.5

0.5

Ours ‖∇2u‖1
‖∇2u‖2

‖k‖1
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2 Motivation

The regularization function we propose is the normalized l1 norm in the second-
order gradient domain of the image. To the best of our knowledge, the second-
order gradient has not been applied to blind deconvolution yet.

2.1 Second-Order Gradient

As referred in [2,4,10,11], the first-order regularization with sparsity constraint
is commonly used as an image prior for blind deconvolution. This approach
favors piecewise constant pixel transitions, removes noise and/or blur and pre-
serves edges reasonably well. However, the so-called staircase effects are likely
to appear: smoothly changing transitions are approximated by a step-by-step
change [14], especially when gradual changes are present in the scene.

To recover a sharp image while restraining staircase artifacts, instead of using
the first-order gradient, we use the second-order gradient regularization. Second-
order gradient of an image contains more spatial details, and favors piecewise
linear pixel transitions to circumvent the possibility that the staircase effects
may arise [15]. The second-order gradient (also called Hessian matrix) is defined
as:

∇2u =
[
uxx uxy

uyx uyy

]
. (3)

2.2 The Normalized l1 Regularization

Here, we express the normalized l1 norm as the l1/l2 norm which is one of the
scale-invariant sparsity-inducing regularizer [16]. An image of sharp edges tends
to minimize the l1/l2 norm [3]. If applied to the high frequency parts of an image,
the l1/l2 norm is equivalent to the l1 norm of the edges rescaled by their total
energy. Adding blur and noise to the image, the value of l1 norm is increased:
although blur decreases both the l1 and l2 norms, crucially the latter is reduced
more [4]. Most of the energy in images is contained in the low and mid frequency
parts, which are barely affected by blur.

Therefore, using the normalized l1 in the second-order gradient domain of the
image as image prior can ensure the minimum of the objective function corre-
spond to the true sharp image, and recover an unblurred image while restraining
staircase artifacts.

3 The Proposed Approach

In this paper, the overall scheme for blind motion deblurring include three steps:
(i) generate a high frequency image ∇2g by applying second-order derivative
filters to g; (ii) estimate the blur-kernel k and the sharp high frequency image
∇2u from ∇2g by alternating iteration; and (iii) recover sharp image u using the
non-blind algorithm of [17] with the estimated blur-kernel k.
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3.1 Blur-Kernel Estimation

Similar to (2), our cost function for blind motion blur-kernel estimation is given
as:

min
∇2u,k

λ‖∇2u ⊗ k − ∇2g‖22 +
‖∇2u‖1
‖∇2u‖2 + αk‖k‖1, s.t. ki,j � 0,

∑
i,j

ki,j = 1, (4)

where ∇2 is the second-order derivative operator, R∇2u(∇2u) are the normalized
l1 norm. To reduce noise in the kernel, we add l1 regularizer on blur-kernel k as
Rk(k). The output blur-kernel should be non-negative as well as normalized.

Because (4) is highly non-convex, our numerical scheme is deployed for alter-
natingly computing ∇2u and k starting, by the methods of inner-outer iteration
[4] and the unconstrained iterative re-weighted least squares (IRLS) [18].

3.1.1 Update k

The kernel update sub-problem is given by:

min
k

λ‖∇2u ⊗ k − ∇2g‖22 + αk‖k‖1, s.t. ki,j � 0,
∑
i,j

ki,j = 1. (5)

It can be efficiently solved by the unconstrained IRLS. Then we project the
resulting k onto the constraints (setting negative elements to zero, and renor-
malizing). During the iterations we run IRLS for just one iteration, with the
weights being computed from the kernel of the previous k update. We solve the
inner IRLS system to a low level of accuracy, using a few conjugate gradient
iterations.

To increase robustness to noise, we threshold small elements of the kernel to
zero after recovering the kernel at the finest level. This is similar to other blind
deconvolution methods [1,4].

3.1.2 Update ∇2u

Substitute ∇2u with x, this sub-problem becomes:

min
x

λ‖x ⊗ k − ∇2g‖22 +
‖x‖1
‖x‖2 . (6)

The function (6) is non-convex and hard to optimize directly. However, it
becomes a convex l1-regularized problem if the denominator of the regularizer
is fixed by the previous iterate. The iterative shrinkage-thresholding algorithm
(ISTA) [19] is simple and fast to solve such general linear inverse problems like
the form:

min
x

λ‖Kx − ∇2g‖22 + ‖x‖1, (7)

where K ∈ R
W×W is the convolution matrix corresponding to k, and W is the

number of image pixels.
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We use the ISTA step as the inner iteration in x-update. The outer loop
then simply re-estimates the weights in (6) by updating the denominator ‖x‖2.
In practice this inner-outer iteration is effective in reducing the cost function in
(6). The overall x-update algorithm is presented in Algorithm1.

Algorithm 1. Update x

Require: blurred image g, initial x0 and k0, regularization parameter λ, threshold t,
maximum outer iterators M , and inner iterators N

1: for i = 0 to M − 1 do
2: λ′ = λ‖xi‖2

3: for j = 0 to N − 1 do
4: v = xj − λ′tKT (Kxj − ∇2g)
5: xj+1 = max(|v| − t, 0)sign(v)
6: end for
7: xi = xN

8: end for
9: return Update image x

3.2 Image Recovery

After the blur-kernel k has been estimated, we use the non-blind deconvolution
method from [17], rather than our second-order regularization, to recover the
unblurred u from g. This is because the non-blind deconvolution problem is
much less ill-posed than the blind one, and the method of [17], which is based
on the hyper-Laplacian image prior, works well and fast. This algorithm uses a
continuation method to solve the following cost function:

min
u

β‖u ⊗ k − g‖22 + ‖∇u‖α
α, (8)

where ∇u = [ux, uy]T is the gradient operator.

3.3 Implementation Details

In order to account for the large-scale motion blur-kernel estimation as well as
to further reduce the risk of getting stuck in a poor local minimum, we perform
multi-scale (L scales) estimation of the kernel using a coarse-to-fine pyramid of
image resolutions, similar to some top-performing methods [1,2,4]. We use levels
with a size ratio of

√
2 between them (in each dimension). The number of levels

L is computed by:
q ×

√
2

L ≤ h, (9)

where h is the maximum kernel size, and q is the value of kernel size at the
coarsest level setting as q = 3.
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Algorithm 2. Multi-scale blind deconvolution with second-order model
Require: Blurred image g, h, x0, λ, M , N , t, β, α

1. Blind estimation of blur-kernel k from g (Section 3.1).
For

For
- Update blurring kernel k (Section 3.1.1).
- Update sharp high-freqencies image ∇2u (Section 3.1.2).

Until the maximum number of iteration is reached.
Interpolate solution to finer level as initialization.

Until the maximum scale level is reached.
Output blur-kernel k

2. Image recovery using the non-blind algorithm of [17] (Section 3.2).
return Sharp image u.

We downsample the input blurry image, and at each level generate the
second-order gradient image ∇2g. Once a kernel estimate k and sharp high-
frequency image ∇u are computed, they are upsampled to act as the initializa-
tion of the kernel and sharp image at the next finer level. All of the resizing
operations are done using bilinear interpolation.

The pseudo-code of the overall scheme is presented in Algorithm 2.

4 Experiments and Comparisons

In this paper, we perform 200 alternatingly updates of ∇2u and k at each scale
level. The αk parameter depends on the user-specified maximum kernel size h,
according to the formula αk = 3

13h, similar as [4]. We set other parameters
as follows: λ = 32, M = 2, N = 2, t = 0.001, β = 3000, and α = 0.8. We
use the same settings for all results throughout the paper. This robustness is
a major advantage of our algorithm over existing schemes requiring parameter
adjustment for different input images.

Furthermore, our methods have comparable speed with other methods. For
example, our algorithm takes 2 min to estimate a 27 × 27 kernel for a 255 × 255
image, compared to 6 min for the method of [1]. Most worthy of mention is that
we only use a single-threaded Matlab on a 2.50 GHZ CPU and our method is
amenable to speedups GPU acceleration.

4.1 Synthetic Data

We test our approach on a benchmark image dataset proposed by Levin et al.
[5]1 This dataset consists of 32 blurred images generated by 4 images of size
255 × 255 and 8 different kernels ranging from 13 × 3 to 27 × 27.

Our kernels are compared with the blind deconvolution algorithms of Fergus et
al. [1] and Krishnan et al. [4]. After obtaining these three kernels, we perform non-
blind deconvolution using the algorithm in [17] with the same parameter settings.
1 www.wisdom.weizmann.ac.il/∼levina/papers/LevinEtalCVPR2011Code.zip.

www.wisdom.weizmann.ac.il/~levina/papers/LevinEtalCVPR2011Code.zip
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The error metric used the SSD (sum of squared differences) error ratio between
the images deconvolved respectively with the estimated blur-kernel (its size set as
same as the true one) and the ground truth blur-kernel, as defined in [5].

In Fig. 1, we plot the histograms of the SSD deconvolution error ratios across
32 test images for 3 algorithms. Following convention of earlier work, the r’th
bin in the figure counts the percentage of the motion blurred images in the
dataset achieving error ratio below r [5]. For each bin, the higher the bar, the
better the deblurring performance. As pointed out by Levin et al. [5], deblurred
images are visually plausible in general and the blind deblurring is considered
to be successful, if their SSD error ratios are below 3. The cumulative histogram
in Fig. 1 shows the high success percentage of our method is 93.75%. As for
Algorithms [1,4], their percentages of success are 68.73% and 81.25%.

Fig. 1. The cumulative histogram of the SSD error ratios across the dataset of [5]
archived by [1,4] and ours.

For visual perception and considering the limited space, we only show the
deblurring results and the corresponding PSNR in Fig. 2 produced by each app-
roach for the blurred image Image04-kernel04.

4.2 Real Data

We test the proposed approach on some real-world color blurred images, and
comparing them with some previously mentioned methods [2,4,7,8] + [9]2 We
first use different algorithms to generate the blur-kernel utilizing the codes and
parameter settings provided and suggested by the authors, and then use the same
non-blind deblurring algorithm (that of [17]) with identical parameter settings
to produce the final deconvolution image.

In Fig. 3, from left to right, top to bottom are the blurred image, the result
of [4,7,9] + [2,8] and our method, respectively. Note that staircase effects in
the deblurred image by [2,4] are clearly seen, for example, in the foreheads of

2 http://www.cse.cuhk.edu.hk/∼leojia/deblurring.htm.

http://www.cse.cuhk.edu.hk/~leojia/deblurring.htm
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Fig. 2. Blind deblurring for Image04-kernel04 in the dataset [5]. Top-left: original
image; top-middle: blurred image; top-right: deblurred image with ground truth ker-
nel; bottom-left: deblurred image with kernel of [1]; bottom-middle: deblurred image
with kernel of [4]; bottom-right: deblurred image with our estimated kernel. Recovered
kernels (of size 27 × 27) are shown as insets.

Fig. 3. Results for the blurred image. From left to right, top to bottom are the blurred
image, deblurred image with kernel of [4,7,9] + [2,8] and ours. Recovered kernels (of
size 27 × 27) are shown in the lower-right corners of each image.

the man. The details of the blue rectangle boxes show that the letters on kids
are much better deblurred and less artifacts are observed by our method than
[4,9] + [8].

The blurred image in Fig. 4 comes from the online code of Krishnan et al.
[4]. From Fig. 4, we can see that other results produce staircase effects at the
junction of woman’s forehead and hair, except ours. Specifically, [2,7] introduced
very visible artifacts on her hand. On the other hand, compared with [8] + [9],
our method is effective in restoring image details, for example, the clothes crease.
Figure 5 shows another picture with more details. The staircase effects can be
observed in some regions in the results of [2,4]. For example, in the cheeks of
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Fig. 4. Results for the blurred image. From left to right are the blurred image, deblurred
image with kernel of [4,7,9] + [2,8] and ours. Recovered kernels (of size 27 × 27) are
shown in the lower-right corners of each image.

Fig. 5. Results for the blurred image. From left to right are the blurred image, deblurred
image with kernel of [4,7,9] + [2,8] and ours. Recovered kernels (of size 25 × 25) are
shown in the lower-right corners of each image.

the statue. By contrast, our deblurred result is much clearer than others with
almost no staircase effects.

5 Conclusion

In this paper, we have proposed an effective blind motion deblurring method for
single blurred image. The estimation of convolution kernel is crucial to deblur-
ring, since spatially invariant deblurring can be regard as deconvolution. To over-
come the staircase effects caused by gradient based methods, we calculate the
kernel on second-order gradient domain. Moreover, we propose to minimize the
normalized l1-norm (termed as l1/l2-norm) of second-order gradient image incor-
porate with the kernel’s sparse regularization, which contributes to a more accu-
rate blur kernel estimation. Whereafter, a desirable deblurring result is achieved
by using the non-blind deblurring algorithm based on the estimated blur-kernel.

Our model is validated via a series of experiments on both benchmark
image datasets and real-world blurred images. The results demonstrate that
the proposed method effectively restrains staircase artifacts while obtaining an
unblurred image. It is fast as well as robust to the choices of parameters. In
the future work, we will study how our algorithm be extended to the case of
shift-variant blur.

Acknowledgments. This work is supported by the National Science Foundation of
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Abstract. In this paper, we present a novel approach using a local fea-
ture called Histograms of Sparse Codes (HSC) and sparse reconstruction
for an accurate localization of abnormal events in surveillance videos, and
we design a way of dual threshold to do further modification on recon-
struction error. In addition, we formulate abnormal event detection as
an optimal path discovery problem solved by Max-Path algorithm in a
spatio-temporal space, and our method can detect multiple occurrences
of abnormal events simultaneously. The proposed method can obtain the
global optimal solution and improve the overall accuracy of detection and
localization. Experimental results on UCSD dataset and comparison with
the state-of-the-art methods show the effectiveness and advantages of our
approach.

Keywords: Abnormal event detection · Histograms of Sparse Codes ·
Sparse reconstruction error

1 Introduction

Abnormal event detection is a key application in automatic video surveillance
and hence much research. It refers to the problem of finding patterns in the
videos that do not conform to expected behaviors. By finding suspicious events
automatically, it significantly reduces the cost of heavy burden of manual anno-
tation. However, abnormal event detection is a challenging problem because of
the camera viewpoint distortion, intra- and inter-classes variations of normal
events and the versatility and uncertainty of anomalies.

Research in abnormal event detection has made great progresses in recent
years. Kratz et al. [10] proposed to combine the spatio-temporal gradient fea-
ture and Hidden Markov Model (HMM) for anomaly detection. Adam et al. [1]
used histograms to represent the probability of optical flow in a local patch.
Mahadevan et al. [12] modeled the normal crowd behavior by the mixtures of
dynamic textures. Tang et al. [14] proposed to sparsely code the motion fea-
tures directly to describe the crowd. To evaluate anomaly in pixel level, Cong
et al. [4] measured the normalness by using sparse reconstruction cost, though
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 306–314, 2016.
DOI: 10.1007/978-3-319-48896-7 30
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Fig. 1. The overview of our approach for abnormal event detection and localization

finding sparse bases at each test sample is a time-consuming process, it is a worth
learning for the idea of detecting abnormal via reconstruction from normal data.

In our paper, we propose an improved approach for accurate abnormal event
localization by using an effective anomaly evaluation method. First, we adopt
Histograms of Sparse Codes (HSC) [13] as our feature descriptor, which has never
been used for abnormal event detection, and we demonstrate its advantages from
our following experiment results. Second, we use reconstruction error from nor-
mal videos to describe the anomaly possibility at each location of video frames,
and design a way of dual threshold to do further modification. Finally, in order
to improve the accuracy of localization and reduce computational complexity, we
regard abnormal detection as an optimal spatio-temporal path discovery prob-
lem solved by Max-Path algorithm [6]. Our approach can also detect multiple
occurrences of abnormal events simultaneously. The overview of our proposed
approach is depicted in Fig. 1.

2 Anomaly Evaluation

Abnormal video detection is a challenging problem in that it is difficult to define
anomaly in an explicit manner [7], and we can never know an abnormal event
may occurs in what content and which form, so anomaly localization in pixel
level becomes much harder. We determine the likelihood of being abnormal is to
find the difference between the normal videos and the test videos. Two factors
are very important in this process, one is the feature to describe video frames,
and the other is the way to judge the difference.
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2.1 Feature Representation

An effective feature to represent the video frames is very important for anormly
detection. A mixtures of dynamic textures in [12] can represent the dynamic
background effectively, but it need much time cost for training. Optical flow
has been widely used in anomaly detection, like [16], which is robust to multiple
object motions, but it can not represent spatial-temporal flow properties. There-
fore, more methods used local spatio-temporal features to represent the underly-
ing intrinsic structure. Motion histograms, like Histogram of Optical Flow (HOF)
[5] has been proved to be effective in [1], but it is not every suitable for crowd
motion analysis in that motion orientation computation on histogram is time-
consuming and error-prone due to the aligning problem [11]. Therefore, we urge
to find a kind of more advanced and effective feature for anomaly detection.

Histograms of Sparse Codes (HSC) is proposed in [13] by aggregating per-
pixel sparse codes to form local histograms, which performs much better than
Histogram of Oriented Gradient (HOG) in object detection but has never been
used for abnormal event detection and localization so far. We underline two
advantages of HSC over the above features in anomaly detection. The first one
is that it can learn richer structures on patches. As dictionary size and patch
size grow, more and more useful structures can be found (such as thin lines, line
endings, corners, and high-frequency gratings). The second one is there are very
few ad-hoc design choices in feature extraction, that means only change several
settings, such as dictionary size, patch size or sparsity level, allowing to adapt
to the needs of different problems. Moreover, it can avoid the high time cost.

In the HSC feature extraction, we firstly divide each frame into a set of
image patches, the size of which we choose is 5 × 5. For dictionary learning,
we use K-SVD algorithm [2], the sparsity level is 1 and dictionary size is 100.
Then we can get the sparse code at each pixel, whose dimension equals the
dictionary size. We adopt the sliding window framework to divide the image
into regular cells (composed by 8 × 8 pixels) and aggregate those sparse codes
into histograms. Finally, we normalize HSC feature with its L2 norm, and to
increase the discriminative power, the power transform we set is 0.25.

2.2 Anomaly Discrimination

Motivated by [4], we use reconstruction error to represent the likelihood of being
abnormal at each location. Given y ∈ Rm, we can reconstruct it by a sparse
combination y = βx from an over-complete normal bases set β ∈ Rm×D, where
m < D. A normal event is likely to be reconstructed with a low reconstruct
error, while an abnormal event can be reconstructed with greater cost or even
cannot be constructed. Considering the balance between time cost and accuracy,
instead of updating sparse bases at each test sample of [4], we get the reconstruct
error through a more simple and effective way.

For training, only normal videos are used for a dictionary of normalness. We
extract HSC features at location and use K-means algorithm to cluster the result
features, and group those clustering centers to a normal bases set β = [b1, ..., bm],
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by which any feature vector can be represented as a sparse combination. Then
the problem to reconstruct a feature vector y is formulated by l1 regularized
least squares:

min
x

1
2

‖βx − y‖22 + λ‖x‖1 (1)

where ‖x‖1 =
∑n

i xi denotes the l1 norm of x and λ > 0 is the regularization
parameter. Equation 1 will yield a sparse vector x∗, that is that has relatively
few non-zero coefficients [9]. And when reconstruction coefficient x∗ is resolved,
we use Eq. 2 to compute the error between feature vector y and its reconstructed
vector.

C =
1
2

‖βx∗ − y‖22 + λ‖x∗‖1 (2)

therefore, given a video sequence F , we can build a set of confidence maps
constituted by the construction errors. At each location of video frames, the
larger the reconstruction error, the higher the likelihood of being abnormal.

2.3 Method of Dual Threshold

Threshold setting on the reconstruct errors can directly lead to the discriminative
capability of result. A large threshold can remove most of the noise but may loss
some effect information, while a small threshold can get more information but
still retain much noise.

To combine the advantages of both, we design a way of dual threshold to deal
with the reconstruct errors for the formation of discriminative confidence maps.
For a confidence map, we first get its binary image Ia through a small threshold
Fa, Ib through a large threshold Fb. We regard each connected region as a unit,
then compute the intersection of Ia and Ib denoted by Ic for an accuracy location,
and for reserving more effective information, we get the connected regions from
Ia combining with Ic as the mask. Then we adopt the small threshold Fa on the
mask’s region, and adopt the small threshold Fb on the rest of region. Then we
can form a 3D array of positive and negative scores as the confidence maps with
the priori knowledge of the video sequence, the examples showed in Fig. 2.

3 Anomaly Localization

In surveillance videos, an abnormal event occurs not from an individual frame
but from a series of continuous frames. We formulate abnormal event detection
and localization as an optimal path discovery problem in a spatio-temporal space
showed in Fig. 3. Supposed the size of space is w × h × n, because the start
and end location of a path is unknown for us, as well as the detail abnormal
status, if we use an exhaustively searching way, the computational complexity
becomes O(w3h3n3). Therefore, we adopt Max-Path algorithm [6], an improved
way of dynamic programming, whose complexity is only O(whn) with a globally
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Fig. 2. Dual threshold processing: (a) original frame (b) confidence map (c) binary
image by a small threshold (d) binary image by a large threshold (e) binary image
after the combination of b and c (f) the final result

optimal solution. It has been proved to be robust to the cluttered and dynamic
backgrounds, and intra-class variations of the video events.

Given a set of confidence maps consisted of the construction errors at loca-
tion, we denote by wx,y

t the local window centered at (x, y, t). By treating each
local window as a node, we form a 3 dimension trellis model G with the size
of w × h × n. Denote a path by a set of local windows from continuous frames
p = {wt1, ..., wtm}, if it satisfies two fundamental conditions: (1) connectivity
constraints: xi − 1 ≤ xi+1 ≤ xi + 1, yi − 1 ≤ yi+1 ≤ yi + 1, ti+1 = ti + 1 and (2)
boundary constraints: 1 ≤ xi ≤ w, 1 ≤ yi ≤ h, 1 ≤ ti1 ≤ tik ≤ n. Condition (1)
specifies the spatial and temporal proximities for a path. Condition (2) bounds
the location of a path. We define the i-th optimal path p∗

i by Eq. 3:

p∗
i = arg max

pi∈Gi

tn∑
t=t1

M(wt) (3)

where Gi is the grid model of i-th path discovery, M(wt) is the abnormal score
of the patch wt. We denote a set of l optimal paths by Pl = {p∗

1, ..., p
∗
l }.

The path discovery problem is solved by the Max-Path algorithm. Consid-
ering more than one abnormal event may occur in some cases, we do iterations
over the trellis model G. That is, after finding the optimal path p∗

i , we update
Gi+1 for a new iteration i + 1 by removing the previous i paths from G. We
denote by s(p∗

i ) the maximum accumulated score of optimal path p∗
i and the

result is positive. However, the score of optimal path decreases monotonically,
namely s(p∗

i+1) ≤ s(p∗
i ), and finally will become none-positive. Denote S(Pl) the

total scores of l previous optimal paths, which is a convex function with respect
to l.

S(Pl∗−1) ≤ S(Pl∗) ≥ S(Pl∗+1) (4)
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Fig. 3. Optimal path discovery problem in a spatio-temporal space (a) 9 incoming
and 9 outgoing neighbors for node. (b) The visualization of one spatio-temporal path,
including the start and end in the video and the detail location in each frame.

We set Eq. 4 as the stopping criterion of Max-Path algorithm. To avoid erroneous
splitting of paths, we select the smallest one among all consecutive values that
satisfy the above condition [3]. Therefore, our way is globally optimal with the
complexity of O(whn(k +1)). Algorithm 1 describes the overall algorithm of the
proposed approach.

Algorithm 1. Overall algorithm of the proposed approach.
Require: normal video frames Vs, a test video frames sequence Vp;
Ensure: a set of optimal paths representing abnormal events, Pk = {p∗

1, ..., p
∗
k};

Training:
1. Extract HSC features Fs from Vs;
2. Build the normal bases set β by clustering Fs;

Testing:
1. Extract HSC features Fp from Vp;
2. Construct Fp based on β from Eq. 1 and compute the construction error C from
Eq. 2;
3. Do dual threshold on C to build a 3D grid model G;
4. Find i-th optimal path pi by Max-Path algorithm[6], and compute previous i path
total abnormal score S(Pi∗);
5. if S(Pi∗−1) ≤ S(Pi∗) ≥ S(Pi∗+1)

return Pi

else
i = i + 1, update G and go to Step 4

4 Experiments

We evaluate the proposed method on well-established UCSD abnormal event
detection dataset [12] which contains pixel-level groundtruth. This dataset con-
sists of two sections (UCSDped1 and UCSDPed2) under two different pedestrian-
walkway scenarios with image size 238×158 and 360×240 separately. UCSDPed1
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Table 1. Localization accuracy (RD) compared with different combinations of features
and evaluation measurements.

Method

RD Feature
HOF-HOG HSC

Euclidean Distance 37.1% 43.6%

Reconstruct & dual-T 42.5% 51.4%

has 34 video sequences for training and 16 for testing, and UCSDPed2 has 16
video sequences for training and 12 for testing. The anomalies in the dataset con-
tains bikers, skaters, wheelchairs and small cars. We extract HSC feature with
a dictionary size D = 100 and sparsity level K = 1 using 5 × 5 patches. Then
the scene is tiled with a 37 × 24 grid model for UCSDped1, 43 × 28 grid model
for UCSDped2. We suppose 30% of the data contributed to the abnormal model
and use a small threshold Ta and a large one Tb working on the grid model,
where Ta = 0.8Tb. Assuming that abnormal events may occur across different
scales, we use integral image [15] to compute the scores of different scales local
windows at each frame.

To highlight the advantages of our anomaly evaluation method, we compare
the localization accuracy on pixel-level (RD [12]) using different features and
anomaly measurements showed in Table 1 (where we use HOF and HOG feature
with 8 × 8 patches, Max-Path algorithm for abnormal event detection). From
the results, we can see that HSC feature performs significantly better than the
traditional feature for anomaly detection, and anomaly measurement based on
construction with modification by dual-threshold achieves a better performance
than the measurement based on distance.

We also compare with the state-of-art approaches on frame-level (detection
accuracy [12], AUC, area under ROC over different thresholds) and pixel-level
(localization accuracy, RD). The results in Table 2 indicate that the proposed
approach outperform other approaches. And Fig. 4 shows the resulting images
compared with MDT method. Our approach has ability to detect wheelchair case
and people walking across grassland case but MDT can not, and the anomaly
localization of our result is more accurate. Finally, experimental results show that
our approach can detect multiple occurrences of abnormal events effectively, and
automatically discover the starting and ending points.

Table 2. Compared with the state-of-art methods on frame level and pixel level.

Algorithm MPPCA [8] MDT [12] Context [4] Our method

Frame AUC 64.2% 82.4% 86.0% 88.1%

RD 18% 45% 46% 51.4%
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Fig. 4. Comparison with MDT method. Each row shows the results of different algo-
rithms (first row: proposed method, second row: temporal MDT. Anomalous objects
are labeled with a red color. (Color figure online)

5 Conclusion

The purpose in our paper is to detect and locate abnormal events accurately in
surveillance videos. And to realize it, we design a novel way of anomaly eval-
uation at each location of video frames. First, we adopt a local sparse coding
representation called Histograms of Sparse Codes (HSC). The likelihood of being
abnormal is represented by reconstruction error over normal video data, and then
we use a way of dual threshold to do further modification for our anomaly evalu-
ation. Moreover, our method can detect multiple occurrences of abnormal event
simultaneously. From the experiment results on the published UCSD compared
to other approaches, our approach can locate anomalies more accurately.
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Abstract. Video dehazing has a wide range of real-time applications,
but the challenges mainly come from spatio-temporal coherence and
computational efficiency. In this paper, a spatio-temporal optimization
framework for real-time video dehazing is proposed, which reduces block-
ing and flickering artifacts and achieves high-quality enhanced results.
We build a Markov Random Field (MRF) with an Intensity Value Prior
(IVP) to handle spatial consistency and temporal coherence. By maxi-
mizing the MRF likelihood function, the proposed framework estimates
the haze concentration and preserves the information optimally. More-
over, to facilitate real-time applications, integral image technique is
approximated to reduce the main computational burden. Experimen-
tal results demonstrate that the proposed framework is effectively to
remove haze and flickering artifacts, and sufficiently fast for real-time
applications.

Keywords: Video dehazing · Spatio-temporal MRF · Intensity value
prior

1 Introduction

Haze is a traditional phenomenon where dust, smoke and other dry particles
obscure the clear atmosphere, which makes the image/video contrast lost and/or
vividness lost. The light scattering through the haze particles results in a loss of
contrast in the photography process. Video dehazing has broader and broader
prospects for real-time processing (e.g. automatic driving, video surveillance,
automobile recorder). Since the haze concentration is spatio-temporal relevant,
recovering the haze-free scene from hazy videos becomes a challenging problem.
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Various image enhancement techniques [7,12] are proposed to deal with sta-
tic image dehazing, which transform the color distribution without consider-
ing the haze concentration. Moreover, methods based on multi-image [11] or
depth-information [8] are employed, but the additional information is hard to be
acquired in real application scenes. Due to the use of strong priors, single image
dehazing methods have made significant progresses recently. Dark channel prior
[5] shows at least one color channel has some pixels with very low intensities in
most of non-haze patches; Meng et al. [10] propose an effective regularization
method to recover the haze-free image by exploring the inherent boundary con-
straint. Since the above algorithms only focus on static image dehazing, they
may yield flickering artifacts due to the lack of temporal coherence when applied
to video dehazing.

Little work has been done on video dehazing compared to extensive works
on static image dehazing. Tarel et al. [13] segment a car-vision video into moto-
rial objects and a planar road, then update the depth for haze removal based
on a image dehazing scheme [12]. Therefore, this method is unable to apply
in unrestraint conditions. To improve the spatio-temporal coherence, an optical
flow method [16] is introduced to optimize the haze concentration map, which
requires high computational complexity and is hard for real-time applications.
Kim et al. [6] optimize contrast enhancement by minimizing a temporal coher-
ence cost to reduce flickering artifacts. If the contrast is overstretched, some
saturation values are truncated resulting in computationally intensive. In [8],
authors combine depth and haze information to recover the clear scene. How-
ever, depth reconstruction depending on Structure-from-Motion (SfM) requires
high complexity, and cannot get satisfying performance in the distance.

Extending image dehazing algorithm to video is not a trivial work. The chal-
lenges mainly come from the following aspects:

– Spatial consistency. There are two constraints of spatial consistency. The haze
concentration is locally constant to overcome the estimation noise. In addition,
the recovered video should be as natural as the original one to handle inner-
frame discontinuity.

– Temporal coherence. Human visualization system is sensitive to temporal
inconsistency. However, applying static image dehazing algorithm naively on
frame-by-frame may break the temporal coherence, and yield a recovered video
with severe flicking artifacts.

– Computational efficiency. The algorithm must be able to efficiently process the
large number of pixels in video sequences. In particular, a practical real-time
dehazing method should reach a speed of at least 15 frames per second.

In this paper, we build a spatio-temporal MRF with IVP to optimize haze
concentration estimation. This method effectively assures the spatial consistency
and temporal coherence of video dehazing. In addition, integral image technique
[14] is used for efficiently computing in O (N) time to reduce the main computa-
tional burden. Typically, the only single CPU implementation achieves approx-
imately 120 frames per second for real-time video with the size of 352 × 288.
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2 Real-Time Video Dehazing

Currently, all of the static images dehazing algorithms can obtain truly good
results on general outdoor images. However, when applied to each frame of a
hazy video sequence independently, it may break spatio-temporal coherence and
produce a recovered video with blocking and flickering artifacts. Moreover, its
high computational complexity prohibits real-time applications. In this section,
we propose a spatio-temporal optimization framework for real-time video dehaz-
ing, which is shown in Fig. 1.

2.1 Single Image Haze Removal

Single image haze removal is a classical image enhancement problem. According
to empirical observations, existing methods propose various assumptions or prior
(e.g. dark channel [5], maximum contrast [6] and hue disparity [1]) to estimate
the haze concentration. Based on the atmospheric scattering model and the haze
concentration, the haze-free image is recovered easily.

Atmospheric Scattering Model. To describe the formation of a hazy image,
the atmospheric scattering model is proposed by McCartney [9]. The atmospheric
scattering model can be formally written as

I (x) = J (x)T (x) + A (1 − T (x)) , (1)
where I (x) is the observed hazy image, J (x) is the real scene to be recov-
ered, T (x) is the medium transmission, A is the global atmospheric light, and
x indexes pixels in the image. The real scene J (x) can be recovered after A and
T (x) are estimated. The atmosphere light A is constant in the whole image, so
it is easy to estimate. The medium transmission map T (x) describes the light
portion that is not scattered and reaches the camera. Therefore, it is the key to
estimate an accurate haze concentration map.

Fig. 1. Spatio-temporal MRF for video dehazing. DCP is used to estimate the haze
concentration and an MRF is built based on IVP between inner-frame and inter-frame.
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(a)Synthetic image (b)Intensity value (c)Concentration (d)Residual error

Fig. 2. Intensity Value Prior. The residual error is close to zero, and shows that the
haze concentration is highly correlated with the intensity value.

Medium Transmission Estimation. Dark Channel Prior [5] (DCP) is discov-
ered based on empirical statistics of experiments on outdoor haze-free images.
In most of haze-free images, at least one color channel has some pixels whose
intensity values are very low and even close to zero. The dark channel is defined
as the minimum channel in RGB color space:

D (x) = minc∈{r,g,b}Ic (x) , (2)
where Ic (x) is a RGB color channel of I (x). The dark channel prior has a high
correlation to the amount of haze in the image, and is used to estimate the
medium transmission directly as T̃ (x) = 1 − ωD (x) /A, where a constant para-
meter ω is introduced to map dark channel value to the medium transmission.
We fix it to 0.7 for all results reported in this paper.

2.2 Spatio-Temporal MRF

To handle blocking and flickering artifacts, the haze concentration map should
be refined by spatio-temporal coherence. Based on an intensity value prior, a
spatio-temporal MRF is built to fine-tune the haze concentration map, as which
the dark channel map D (x) is regarded in this paper.

Intensity Value Prior. With the wide observation on hazy images, the inten-
sity values of pixels in a hazy image vary sharply along with the change of the
haze concentration. To show how the intensity value of pixels vary within a hazy
image, Fig. 2 gives an example with an image synthetized by known haze con-
centration. It can be deduced from A (1 − T (x)) in the atmosphere scattering
model, that the effect of the white or gray airlight on the observed values is
related to the amount of haze. Thus, caused by the airlight, the intensity value
is increased while haze concentration is enhanced.

Spatial Consistency. The pixel-level concentration estimation may fail to work
in some particular situations. For instance, outlier pixel values in an image result
in inaccurate estimation of the haze concentration. Based on the assumption that
the haze concentration is locally constant, local filters (e.g. minimum filter [17],
maximum filter [2] and medium filter [4]) are commonly to overcome this prob-
lem. However, blocking artifacts appear in the haze concentration map because



Real-Time Video Dehazing Based on Spatio-Temporal MRF 319

of these local filters. To handle the locally constant and inner-frame continuity, a
spatial MRF is built based on IVP. In spatial neighborhood, the intensity value
V (x) is linear transformed to the haze concentration D (x), and the transfor-
mation fields W = {w (x)}x∈∀ and B = {b (x)}x∈∀ are only correlated with the
contextual information. The spatial likelihood function is

Ps (w, b) ∝
∏

y∈Ω(x)

exp

(
−‖w (x) V (y) + b (x) − D (y)‖22

σ2
s

)
, (3)

where Ω (x) is a local patch centered at x with the size of r × r, and σs is the
spatial parameter.

Temporal Coherence. Flicking artifacts can be avoided by the relevant infor-
mation between consecutive frames. The haze concentration changes due to cam-
era and object motions. As an object approaches in the camera, the observed
radiance gets closer to the original scene radiance. On the contrary, when an
object moves away from the camera, the observed radiance becomes more sim-
ilar to the atmospheric light. Thus, we can modify the haze concentration of
a scene point adaptively according to its intensity value change. As shown in
Fig. 3, the haze concentration of the neighbor frame can be transformed to the
current frame’s by IVP, which is similar to block-matching of optical flow esti-
mation. As with the spatial consistency, a temporal MRF is used for temporal
coherence, and at time t its likelihood function is defined by

Pτ (wt, bt) ∝
∏

τ∈[−f,+f ]

exp

(
−‖wt (x) Vt (x) + bt (x) − Dt+τ (x)‖22

σ2
τ

)
, (4)

where f is the number of neighbor frames, and στ is the temporal parameter.
Along the spatio-temporal dimension, we improve the spatial consistency and

temporal coherence with an uniform likelihood function, which is rewritten as

P (wt, bt) =
∏

τ∈[−f,+f ]

∏
y∈Ω(x)

exp

(
−‖wt (x) Vt (y) + bt (x) − Dt+τ (y)‖22

σ2
τ

)
, (5)

where σs is omitted because it is assumed as a constant in this paper.

Fig. 3. Inter-frame correlation of the haze concentration. The intensity map Vt (x) in
current frame is transformed to the haze concentration map Dt,t−1 (x) in neighbor
frames. The absolute error map between D̃t (x) and D̃t−1 (x) is close to zero.
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2.3 Maximum Likelihood Estimation

The log-likelihood function is more convenient to work with maximum likeli-
hood estimation. Taking the derivative of a log-likelihood function and solv-
ing for the parameter, is often easier than the original likelihood function. Let
temporal weights λτ = 1/σ2

τ (s.t.
∑

τ λτ = 1) to express conveniently, and the
log-likelihood function of Eq. 5 is given by:

L (wt, bt) =
∑

τ∈[−f,+f ]

∑
y∈Ω(x)

−λτ ‖wt (x)Vt (y) + bt (x) − Dt+τ (y)‖22 (6)

To find the optimal random fields W and B, the maximum log-likelihood
estimation is written as (wt, bt) = arg maxL (wt, bt). We maximize the probabil-
ity by solving the linear system from ∂L (wt, bt)/∂wt = 0 and ∂L (wt, bt)/∂b = 0,
and generate the final haze concentration map by D̃t (x) = wt (x)Vt (x)+ bt (x).⎧⎨

⎩
wt (x) =

∑
τ λτ (UΩ [Vt (x) Dt+τ (x)] − UΩ [Vt (x)] UΩ [Dt+τ (x)])

UΩ [V 2
t (x)] − U2

Ω [Vt (x)]
bt (x) =

∑
τ λτUΩ [Dt+τ (x)] − wt (x) UΩ [Vt (x)]

(7)

Here, U [·] is a mean filter defined as U [F (x)] = (1/|Ω|) ∑
y∈Ω(x) F (y), and |Ω|

is the cardinality of the local neighborhood.

2.4 Complexity Reduction

A main advantage of the spatio-temporal MRF built in this paper is that it natu-
rally has an O (N) time non-approximate acceleration. The main computational
burden is the mean filter U [·] with the local neighborhood. Fortunately, the
mean filter can be efficiently computed in O (N) time using the integral image
technique [14], which allows for fast computation of box type convolution filters.
The entry of an integral image represents the sum of all pixels in the input image
within a rectangular region formed by the origin and current position. Once the
integral image has been computed, it takes three additions to calculate the sum
of the intensities over any rectangular area. Hence, the calculation time of the
mean function is independent of its size, and the maximum likelihood estimation
in Sect. 2.3 is naturally O (N) time.

3 Experiments

We analyze the validity of the proposed framework and compare it with the
state-of-art image/video dehazing methods, including DCP [5], BCCR [10],
MDCP [4], IVR [13], OCE [6]. Based on the transmission estimated and
the atmospheric scattering model, a haze-free video can be recovered by (1).
The atmospheric light A is estimated as the brightest color [3] in an image:
A = maxx∈∀

(
miny∈Ω(x)V (y)

)
. At the t-th frame, the airlight is updated by

At = ρA + (1 − ρ) At−1, where ρ = 0.1 is a learning parameter. The other para-
meters mentioned in Sect. 2.2 are specified as follows: the number of neighbor
frames f is set to 1, and the temporal weights λτ is set to a Hanning window.
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3.1 Temporal Coherence Analysis

Temporal coherence is the main challenge compared to static image dehazing.
However, the evaluation of temporal coherence is difficult on real videos since no
reference is available. To show the proposed framework can suppresses flickering
artifacts well, we compare the mean intensity value (MIV) between consecutive
frames on five hazy videos, which are synthesized from non-haze videos1 with
flat haze T (x) = 0.6.

Figure 4 plots MIV between consecutive frames in Suzie and Foreman. When
the static dehazing algorithms (including DCP [5], BCCR [10], MDCP [4]) are
independently applied to each frame, the MIV curves experience relatively large
fluctuations as compared with the original sequences, especially between 50–
75 frames in Fig. 4(a) and 175–225 frames in Fig. 4(b). We also quantify the
flickering artifacts based on the correlation analysis of MIV between the dehazing
result and the original video, shown in Table 1. In contrast, our video dehazing
method alleviates the fluctuations and reduces the flickering artifacts efficiently.

Orgin Hazy Ours Orgin Hazy Ours

(a) Suzie (b) Foreman

Fig. 4. Comparsion of the mean intensity value in consecutive frames.

3.2 Quantitative Results on Synthetic Videos

To verify the dehazing effectiveness, the proposed framework is tested on hazy
videos synthesized from stereo videos [15] with a known depth map2, and it
is compared with 5 representative methods. Among the competitors, MDCP
[4], IVR [13] and OCE [6] are the most recent state-of-the-art video dehazing
1 http://trace.eas.asu.edu/yuv/.
2 http://www.cad.zju.edu.cn/home/gfzhang/projects/videodepth/data/.

http://trace.eas.asu.edu/yuv/
http://www.cad.zju.edu.cn/home/gfzhang/projects/videodepth/data/
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Table 1. The correlation coefficients of MIV between dehazing and original videos

DCP [5] BCCR [10] MDCP [4] IVR [13] OCE [6] Ours

Suzie 0.783 0.612 0.641 0.584 0.649 0.976

Foreman 0.980 0.920 0.015 0.949 0.994 0.995

Container 0.929 0.703 0.927 0.998 1.000 0.955

Hall 0.784 0.429 0.444 0.824 0.845 0.991

Silent 0.853 0.898 0.936 0.892 0.770 0.990

Avg. 0.866 0.712 0.592 0.849 0.851 0.982

methods; DCP [5] and BCCR [10] are classical static image dehazing methods
which are used as comparison baselines. The hazy video is generated based on
(1), where we assume pure white atmospheric airlight A = 1.

To quantitatively assess these methods, we calculate Mean Square Error
(MSE) between the original non-haze video and dehazing result. A low MSE
represents that the dehazed result is satisfying while a high MSE means that
the dehazing effect is not acceptable. In Table 2, our method is compared with
5 state-of-the-art methods on three synthetic video. Our method achieves the
lowest MSEs outperforming the others.

Table 2. The dehazing results of MSE on the synthetic videos

DCP [5] BCCR [10] MDCP [4] IVR [13] OCE [6] Ours

Flower 0.0228 0.0240 0.0257 0.0479 0.0174 0.0034

Lawn 0.0198 0.0176 0.4902 0.0141 0.0408 0.0166

Road 0.0141 0.0191 0.0108 0.0364 0.0274 0.0092

Avg. 0.0189 0.0202 0.1756 0.0328 0.0285 0.0097

3.3 Qualitative Results on Real-World Videos

In addition, we also evaluate the performance of the proposed framework on
the real-world videos collected in related works. Figure 5 shows the results on
four representative sequences with different methods3. The contrast maximizing
methods (BCCR [10], IVR [13], OCE [6]) are able to achieve impressive results,
but they tend to produce over-saturated and spatial inconsistency (for example,
the mountain in Bali and the halo of the sky in Playground). In Fig. 5(c) and
(d), it is observed that the static image dehazing methods (DCP [5] and BCCR
[10]) yield severe flickering artifacts (such as, the road region in Cross and the
sky region in Hazeroad). Although, the OCE [6] method uses overlapped block
3 More comparisons can be found at http://caibolun.github.io/st-mrf/.

http://caibolun.github.io/st-mrf/
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a.

b.

c.

d.
Hazy DCP [5] BCCR [10] IVR [13] OCE [6] Ours

Fig. 5. Qualitative comparison of different methods on real-world hazy videos, includ-
ing (a) Bali, (b) Playground, (c) Cross, (d) Hazeroad.

filter to reduce blocking artifacts, there are still a small number of blocking
artifacts in the results. Compared with the other methods, our results avoid
image over-saturation and keep spatio-temporal coherence.

3.4 Real-Time Analysis

We evaluate the computational complexity of the proposed framework on hazy
videos with different sizes of general video standards. The experiments are run
on a PC with Intel i7 3770 CPU (3.4 GHz), and we report the average speed (in
fps) comparison with DCP [5], BCCR [10], MDCP [4], IVR [13], and OCE [6].
According to Table 3, our method is significantly faster than others and achieves
efficient processing even when the given hazy video is large. Typically, our frame-
work achieves the processing speed of about 120 fps on Common Intermediate
Format (CIF, 352 × 288), which is close to quadraple that of the real-time cri-
terion. Thus, the proposed framework leaves a substantial amount of time for
other processing, and is transplanted into embedded system easily.
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Table 3. Comparision of the processing speeds in terms of frames per second (fps)

DCP [5] BCCR [10] MDCP [4] IVR [13] OCE [6] Ours

CIF (352 × 288) 1.485 1.322 7.343 1.205 97.076 116.371

VGA (640 × 480) 0.566 0.467 2.430 0.171 30.539 36.609

D1 (704 × 576) 0.414 0.358 1.830 0.102 22.930 27.493

XGA (1024 × 768) 0.216 0.197 0.842 0.028 12.106 14.515

4 Conclusion

In this work, we propose a real-time video dehazing framework based on spatio-
temporal MRF. We introduce the notion of spatial consistency and temporal
coherence to yield a dehazed video without blocking and flickering artifacts.
Moreover, the integral image technique is applied to reduce the computational
complexity significantly. Experimental results demonstrate that the proposed
algorithm can efficiently recover a hazy video at low computational complexity.
However, DCP is unable to estimate the haze concentration in high accuracy.
Moreover, this spatio-temporal framework can be extended for other real-time
video processing. We leave these problems for future research.
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Abstract. Video coding was proposed and developed by JCT-VC. Screen
content video generally contains some complex texture, such as text, graphics,
images and other natural mix and so on. The most popular coding scheme is
H2.264. But for the screen content video H2.264 can not achieve significant
performance as it works on natural video. In this paper, we proposed-pixel
prediction method based on dynamic contour matching. First, apply rear-
rangement procedure for avoiding error spreading by pixel prediction. Then,
build a dynamic contour including sets of pixels for each pixel to be predicted as
a template to search for the most similar template. Meanwhile, using hash table
for accelerating searching procedure. This method takes advantage of more
repetitive pattern for designing a novel framework. Experimental results show
that Our proposed method improves about 2.612 dB and saves 12.5% bitrate in
comparison with the HEVC range extension software HM12.0+RExt4.1.

Keywords: Template matching � Dynamic contour � Screen content picture �
Intra coding

1 Introduction

Many important applications based screen content video coding, such as: online game
broadcast, desktop sharing and so on. The JCT-VC (Joint Collaborative Team on Video
Coding) project group of HEVC (High Efficiency Video Coding) presented the screen
content video coding and it has been rapid developed. Compared with natural images
of the camera, the screen image has many different characteristics, such as screen image
doesn’t include noise, and the edges is not continuous, complex textures and so on.
Currently popular encoding methods, such as AVC/H2.264, HEVC/H2.265, etc.,
mainly work for camera-capture images, but these coding methods are not suitable for
the screen content video. JCT-VC project group of HEVC proposed a new way of
extend codes for the screen image in 2010. The extension version of the HECV
standard is mainly used to solve the screen content videos/images.

The differences between the screen content videos/images and the camera-capture
images include:
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1. Screen image has many repeat structures, unlike the camera-capture, mostly
because the screen content videos/images generated by computer program. So there
are many repeat textures. As for the camera-capture videos/images, it does not have
such properties.

2. As the generation process of screen image is controlled by the program, there is no
noise; and the camera image is acquired with noise, mainly for the process of image
acquisition.

3. The value of screen content image usually contains non-continuous value, which is
different from the camera-capture videos/images whose pixel values on edge is
continuous. Screen content videos/images is mainly used for displaying text,
specific computer screen and icons and etc. whose edge usually has a lot change on
pixel values.

4. The screen image has smaller color space compared to the camera image. The
screen image generated by the computer program usually contain complex textures,
such as text, graphics, etc., but has relatively few color distribution.

These characteristics of the screen content videos/images makes the-state-of-the-art
coding scheme including AVC/H.264 perform not satisfying on screen content
videos/images coding. Then, for the characteristics of the screen content videos/images,
a number of methods have been proposed for increasing the encoding efficiency of
screen image, such as palettes method, intra block copy, template matching and so on.
Template matching method for inter frame prediction [1] was proposed in 2004 by
Kazuo Sugimoto et al. In 2006 intra picture coding [2] was presented by Thiow Keng
Tan et al. Based on previous works, some further work of [3–8] showed that the
template matching can improve the screen content videos/images coding efficiency.
The size of the matching block in template matching scheme is usually 2 � 2, 4 � 4,
8 � 8 or greater. For pixel-level template matching whose matching block is 1 � 1,
there are shortcomings including error propagation and time consuming process on
prediction, so that it is not applicable compared to other matching block with bigger
size. But the Pixel Granularity Template Matching & Rearrangement (PGR) proposed
in the [9] solved the above two challenges, so that the pixel-level template matching
can also be used. One of the key issues of template matching is how to choose the best
prediction value from the candidate templates, the average value is selected in [5], the
best prediction value is selected in [6], and in [4] a linear model is used to be predicted.
The size of template for matching is typically fixed, however, those template always
make some region not to be matched which could be successfully matched in some
other template.

In this paper, we proposed a template matching scheme based on dynamic contour
search for lossy screen content picture intra coding. In Sect. 2 of this paper, we will
describe the template matching method based on a fixed template PGR in detail. In
Sect. 3, we present a template matching scheme based on dynamic contour and a
detailed description of the algorithm; Sect. 4 shows the experimental results; Sect. 5,
we summarize this paper.
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2 Fixed Template Matching Method Based on PGR Method

Overall, the size of template in the template matching scheme conventionally used is
generally 2 � 2, 4 � 4, 8 � 8 or larger. The larger size of template block, the faster
matching. But target block will be more likely to be mismatch. In the PGR template
matching, it use pixel-level template matching method after resampling, to minimize
the mismatch in the block area and avoid the error propagation. What’s more, one
VLCU [9] can do template matching prediction for all of the points in parallel, which in
turn overcomes the slowly—match problem of template matching on the 1 � 1 block.

Main steps of PGR algorithm are as follows. First, all Intra picture pixels of a
screen content videos/images are resampled into VLCU. Figure 1 shows a resampling
schematic of 4 � 4. VLCU units. Then pixels in VLCU units are predicted by the
template matching on pixel-level (1 � 1). The search area of traditional template
matching is generally the upper left portion of the decoded region, but in PGR, the
search region is expanded to the all VLCU block which had been decoded. In VLCU,
more than 80% pixels will be correctly predicted, which means 80% prediction residual
is 0. In the end, only the remaining non-zero residuals are encoded into the final code
stream by the entropy coding method.

The challenge after using the template matching on pixel-level in PGR is that it will
spend much more time to find best candidate template and the scope of the search
becoming larger. Pick out the best template from many candidate templates is a very
time-consuming thing. To address this challenge, template matching algorithm in PGR
adopts fixed template of 21 points [9], and use pixel value of the 21 points to get one
hash value. And it takes advantage of the hash table—fast searching to accelerate the
process of prediction. However, the fixed template will lead to some mismatches that
some template could correctly predicted, but actually it is failed. In Fig. 2, according to
fixed template of 21 points, T(x) is the template of the pixel X and T(y) is the template
of the pixel y. The contour of T(x) and T(y) is not the same, but part of the template
T(x) and T(y) can be matched successfully. Thus, for adopting fixed template, the
template of pixel y will not be correctly matched with x in the template gallery. To
address this challenge, we propose a method based on dynamic contour template
matching.

Fig. 1. An example of resampling schematic
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3 Dynamic Contour Template Matching Frame

For that in fixed template matching some template can be locally matched as shown in
Fig. 2, we proposed a dynamic contour template method to solve the mismatching in
the fixed template. Not only fixed templates still can be found and correct match, but
more pixels can also be correctly match by using locally similarity of fixed template, so
that it improves the coding efficiency.

3.1 Dynamic Contour Template

Dynamic contour template method presented in this paper is intended to extract the
dynamic contour of the shape of texture region. We will use that extract the dynamic
contour of pixel y as an example to introduce the details of our algorithm.

Some items defined as follow:

• minimum degree of similarity, the point that is below this similarity will refused to
join the dynamic template.
MIN_SIMIALRITY  0.2;

• maximum distance between the pixel in the dynamic template to the pixel to be
predicted. If the distance is excess the maximum distance, it will refused to join the
dynamic template.
MAX _EXTAG  16;

• maximum number of pixels contained in the dynamic template.
MAX _TEPLATE  24

Select the lowest similarity of pixels in 8—neighboring window of y pixels and add it
in the dynamic template

As Fig. 3 shows, y is the pixel to be predicted, and a selected window (W) involved
the vi (i = 1, 2… 8) pixels that must be decoded. If the W including no decoded pixels,
just return a empty template. If the W including some decoded pixels, it will do as
flowing. Use the following formula to calculate every pixel’s similarity in the W
window, and select the pixel with the lowest similarity to be added into dynamic

Fig. 2. Fixed template matching in PGR
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template T(y). In the same time, the distance should calculated before one pixel was
added into the dynamic. if the distance id over the MAX_EXTAG, the pixel will be
refused to be added into the dynamic template. The next pixel add in the dynamic
template should meet two conditions: (1) it’s distance should less than or equal to
MAX_EXTAG; (2) It’s similarity is the first bigger than the refused one.

1. After successfully adding one pixel into the dynamic template, repeating step 1
In the process of repeating step 1, if the similarity of the pixel to be added is below
the certain threshold: MIN_SIMIALRITY, or the number of the dynamic template
is greater than or equal to the MAX _TEPLATE, or no pixels can be find it the
window W, it should stop all acts, and returns the current dynamic template.
Finally, the returned template of pixel y is the dynamic template T(y) as shows in
Fig. 4.

Fig. 3. Calculate the lowest similarity of pixels in 8—neighboring window

Fig. 4. Dynamic contour template matching method
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2. Calculates two hash Value: the hash value based on contour information and the
hash value based on color values after getting the dynamic template of pixel y
(Fig. 5).

The steps of how to calculate the two hash value are described in pseudocode:

i. The hash value based on contour information
String hashValue = “”
For each pixel of the Template T(y)
CurrentPixel;
dx = CurrentPixel’s relative position of the horizontal
dy = CurrentPixel’s relative position of the vertical
hashValue += MAX_EXTAG * (dx + MAX_EXTAG) + (dy + MAX_EXTAG);
Each hash value can be corresponded to the contour information of template T(x).
Therefore, it is able to uniquely identify each contour information by the hash
value.

ii. the hash value based on color values
In order to construct the hash value of the corresponding template based color
value, first of all, based on the current sequence of pixel in the template, templates
can be divided into the following eight groups.

• G1:{1}
• G2:{2}
• G3:{3}
• G4:{4, 5}
• G5:{6, 7, 13, 14}
• G6:{8, 15, 16, 17}
• G7:{9, 10, 18, 19}
• G8:{11, 12, 20, 21, 22, 23,………}

Each group will add to template sequentially. Group G1, G2 and G3 contain one
pixel. Group G4 contains two pixels. Group G5, G6 and G7 contain four pixels. And
group G8 includes all the remaining pixels. In the process of dividing the group, it will
immediately stop when the last one pixel is divided into the group. Regardless of
whether classified into Group 8. Finally, each group get the average of all pixel values
(the average of the group that does not exist is 0). Then take the first three bit of each
average value to combine a 24 bits value as the last hash value based on the color value.

Fig. 5. Calculates two hash Value
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3.2 Two-Level Hash Table Searching

Hash table is a data structure according to keywords to quickly find the target data’s
location. The advantage of hash table is that searching is very fast, the disadvantage is
that a hash function construction must be reasonable and needs extra storage space.
Although the template matching prediction method has good predictive accuracy, led to
the time of prediction increasing exponentially. The template matching prediction
method is essentially similar to process of finding the best template, and introducing a
hash method can accelerate the process of template discovery.

Hash table has the constant level searching speed at the expense of storage space.
Hash table can directly find the object which need to be found without exhaustive
comparison, and that one of the key step is that map the object through hash function
into memory storage location. Hash function is the critical issue of design for hash
table, construction of the hash function typically requires shorter computing time and
guarantee the storage locations distributed as evenly as possible, to minimize the
conflict that the different objects are mapped into the same position. Most hash func-
tions can not guarantee no conflict strategy, and for dealing with conflict, it generally
adopts the list link to record the search target with confliction strategy. Figure 6 shows
an example of hash table described.

The process of hash searching in our proposed method as follow:
Using the hash value of template T(y) based on the contour information as the first

key and search the target in the first hash table to check if the target exists. If not, which
means it is failed to search this target, and this key and the template T(y) will be insert
the first hash table as one key-value pair; if exist, then get the object as the head pointer.

Fig. 6. The process of hash table searching
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Meanwhile, using the hash value of template T(y) based on the color information as the
second key and search the target in the second hash table to check if the target exists. If
not, it shows that it is failed to search the target and this second key and the template T
(y) will be inserted in the second hash table that start with the head pointer. If exist, it
shows it is successful to search the target, and the second key and the template T(y) will
be returned as the template matching.

4 Experimental Results

The proposed methods are implemented based on the HEVC reference software
HM12.0+RExt4.1. Four typical sequences, including Console, Map, Programing and
WebBrowsing, are tested using the proposed method and experimental results are
compare with the fixed template matching methods proposed by [9]. The test condition
of our test software is all-intra configuration and with flag Tran-
squantBypassEnableFlag and CUTransquantBypassFlagForce are both set to 1 which
means Discrete Cosine Transform (DCT) transform was used. Respectively, the QPs
used in our test is 17, 22, 27, 32.

For all of those four test sequences, we test both lossy and lossless compress in
comparing with the paper [9]. Not only, in lossless compression, we contain the highly
correct prediction ratio as the paper [9] do, but, in lossy compression, the compression
ratio is improved. The main reason of improvement is that Map and WebBrowsing
involve much more irregular graphic patch, which makes our proposed method work
well on them. Experimental results are shown in Table 1 and it shows the method we
proposed improves about 2.612 dB and saves 12.5% bitrate in comparison with the
fixed template matching method proposed by [9] in lossy compression condition.

Table 1. Experimental result

Sequences QP PGR Proposed Ave. Bit
increse
(excel)

Ave.
dB gain
(excel)

PSNR-YUV
(old)

Bitrate (old) PSNR-YUV
(new)

Bitrate (new)

Average −12.05% 2.612

Console 17 49.3113 1,783,444.8000 49.0535 1,600,259.0400 −5.52% 1.108
22 44.6375 1,468,556.1600 44.4324 1,305,689.2800
27 40.1484 1,156,933.4400 39.8622 1,013,095.6800
32 34.9013 857,028.0000 34.3719 747,238.0800

Map 17 45.5457 908,575.6800 45.5914 791,700.4800 −16.27% 3.501
22 41.1053 769,810.0800 41.1820 657,324.4800
27 36.3010 631,315.6800 36.2179 521,654.4000
32 31.5933 495,592.3200 31.2695 386,366.8800

Programming 17 46.5875 890,538.7200 46.3615 802,751.5200 −11.83% 2.806
22 42.1130 758,292.0000 42.2255 675,345.1200
27 37.3734 625,233.6000 37.3109 546,845.2800
32 32.5454 496,187.5200 32.4679 423,197.7600

WebBrowsing 17 47.8004 396,745.4400 47.8078 346,625.0400 −14.57% 3.032
22 43.5334 328,068.4800 43.5372 285,596.1600
27 38.6388 265,382.1600 38.4865 224,713.6800
32 33.7179 205,726.0800 33.6554 163,605.8400
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5 Conclusion

In this paper, we proposed an adaptive chosen dynamic template matching method for
Screen Content video. Based on the discovery of shortcomings of fixed template
matching method. Experimental results showed new method improve the compression
efficiency significantly for screen coding video.

In feature work, better entropy encoder and residuals transform method should be
discussed.
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Abstract. In video encoder, the soft-decision quantization (SDQ) achieves
superior coding performance however suffering from deadly sequential
processing dependency. Comparatively, deadzone hard-decision quantization
(HDQ) is dependency-free and suitable for hardwired parallel processing,
however suffering from non-negligible coding performance degradation. In this
paper, a content-adaptive HDQ algorithm is proposed by employing an adaptive
deadzone offset. The contributions of this paper are characterized as follows. On
one hand, this work applies offline statistic analysis, Bayes method, to explore
the distribution characteristics of the desired deadzone offsets obtained from huge
amounts of samples by fully simulating the behaviour of SDQ, and then derives
adaptive deadzone offset model by maximizing the probability of right judgment
of offset-induced rounding in HDQ. On the other hand, the deadzone offset model
is constructed heuristically as functions of quantization step size, the distribution
parameter of DCT coefficients and the number of possible significant coefficients
prior to the current coefficient in the block. Simulation results verify that the
proposed adaptive HDQ algorithm, in comparison with fixed-offset HDQ,
achieves 0.08836 dB PSNR increment and 3.097 % bit rate saving with almost
negligible complexity increase. In addition, this work, in comparison with the
SDQ, achieves less than 0.03921 dB PSNR loss and 1.51 % bit rate increment.
The proposed HDQ is well-suited for hardware encoder design.

Keywords: Video coding · Soft Decision Quantization · Hard Decision
Quantization

1 Introduction

In MPEG-like hybrid video encoders, quantization plays an overwhelmingly important
role in coding rate-distortion (RD) performance. It not only determines the quantization
distortion, but also has prominent impacts on the consumed coding rate. Since video
coding standards only define the inverse quantization, many research works have
explored how to efficiently quantize discrete cosine transform (DCT) coefficients while
remaining compliant with respective video coding standards [1].

In early video codecs, DCT coefficients were quantized generally using a uniform
scalar quantizer (USQ). Later on, a USQ with deadzone (USQ + DZ) was adopted in
MPEG-4 and early H.264/AVC reference codes [1]. In USQ + DZ, fixed rounding offsets
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are usually employed and determined in a heuristic and empirical way. Coefficient-inde‐
pendent rounding based quantization in USQ and USQ + DZ is the so-called hard-deci‐
sion quantization (HDQ), in which correlation among adjacent coefficients and their
effects on quantization are not considered. The coefficient-wise processing in HDQ makes
it friendly to hardwired video coder with parallel implementation. However, HDQ even
deadzone HDQ both suffer from non-negligible rate distortion performance loss.

Soft decision quantization (SDQ) is a better alternative achieving superior RD
performance contributed by full utilization of inter-coefficient correlation. A popular
SDQ implementation is Viterbi trellis search [3], which was implemented for H.263+ 
[2] and for H.264/AVC [3]. However, running dynamic programming over the full trellis
graph is computationally expensive. To get around this, in H.264/AVC and HEVC
reference softwares JM and HM, a simplified suboptimal SDQ, called rate distortion
optimized quantization (RDOQ) [4], was adopted. RDOQ is a simplified version of
SDQ, implemented by employing dynamic programming in a similar way. SDQ
achieves superior coding RD performance, approximately 6 ~ 8% bit rate saving as
opposed to HDQ. In SDQ and RDOQ, multiple candidate results of quantization are
competed and chosen using rate distortion optimization. As a result, heavy computation
burden is one major challenge for SDQ and RDOQ. Moreover, dynamic programming
based path search in SDQ results in severe sequential dependency, and serial processing
in CABAC aggravates the data dependency in CABAC based SDQ [5].

Accounting for this issue, some literatures had made meaningful explorations to
alleviate the computation burden of the SDQ [5–7]. These works decrease the compu‐
tation of SDQ by decreasing the candidates of quantized results [5], employing fast
computation for rate distortion of candidate coefficient levels [6, 7], and using fast bit
rate evaluation [7]. These methods alleviate the computation burden in SDQ to certain
extent, however they still suffer from some sequential dependency, or mainly designed
for soft-targeted video coder optimization. In comparison, data dependency does not
appear in the HDQ, such as the prevalent deadzone based HDQ. Coefficient level parallel
processing can be achieved in coefficient-wise HDQ with obviously increased
throughput by employing hardwired pipelining. As a result, HDQ is well-suited for
hardwired video coder in terms of satisfactory throughput efficiency. Unfortunately,
there is a nontrivial rate distortion performance gap between HDQ and SDQ.

In summary, it is meaningful to further improve the RD performance of HDQ for
hardwired video coder, taking the inter-coefficient correlation into account by simulating
the behavior pattern of SDQ. On one hand, the distribution characteristics of DCT
coefficients have great influence on quantization results, and thus DCT distribution
parameter and quantization parameter are taken as consideration factor from the view‐
point of macro level. On the other hand, context modelling is used in CABAC and the
number of possible significant coefficients plays important role in determining the quan‐
tization results. From the viewpoint of micro level manipulation, the deadzone offset is
supposed to be tuned taking inter-coefficient influence into consideration according to
the number of the possible significant coefficients in the block.

According to the above analysis, this paper aims to optimize rounding offset model
for deadzone HDQ to improve the coding RD performance. Bayes classification method
is used to derive the coefficient-wise deadzone offset model which is described as
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functions of these three parameters, i.e. the quantization parameter, the parameter of
component-wise DCT coefficients, and the number of possible significant coefficients
prior to the current coefficient. In addition, the behaviour pattern of SDQ is analyzed
and used as guidance for offset modelling to improve the RD performance of the
proposed offset model based HDQ. This algorithm that proposed in this paper is well-
suited for hardware coder design and achieves superior RD performance compared with
deadzone HDQ thanks to considering the inter-coefficient correlation by
offline methods to analyze the number of significant coefficients in the block.

The rest of this paper is organized as follows. Problem formulation is given in
Sect. 2. The proposed HDQ algorithm is given in Sect. 3. Section 4 gives the experi‐
mental results. Finally, Sect. 5 concludes the paper.

2 Background and Problem Formulation

2.1 Difference Between Deadzone HDQ and SDQ

In CABAC-based SDQ, the output level of one coefficient not only depends on the levels
of the anterior coefficients, i.e. backward dependency, but has influence on the following
coefficients, i.e. forward influence. Intrinsically, dynamic programming such as Viterbi
search is desired to track the inter-coefficient dependency in SDQ [5]. There are multiple
sequentially scanned coefficients in one block, and each coefficient is described as a
trellis stage in the graph [5]. There are multiple candidate quantized levels to be checked
at each stage in SDQ, and they are described as candidate context states. The sequential
coefficients and their candidate quantized levels form a trellis graph, and so the SDQ is
actually a problem of searching for a path in the graph with minimum coding cost. The
optimal path is composed by multiple adjacent branches, one survivor branch at one
stage. The SDQ algorithm achieves superior coding performance, approximately 6 ~ 8 %
bit rate saving, at the cost of high dependency caused by Viterbi algorithm and CABAC.

The HDQ algorithm is coefficient-wise based on memoryless source assumption, i.e.
there is no dependency among adjacent coefficients. As a result, HDQ is well-suited for
parallelism implementation. Compared with USQ, the USQ + DZ achieves considerable
RD performance improvement by employing the statistical characteristics of entropy
coding [1]. However, fixed offsets, 1/3 and 1/6 for intra and inter modes, are used in
deadzone HDQ in H.264 JM and HEVC HM codecs [8]. Memoryless source assumption
does not hold for the context based entropy coding, such as CABAC. It means that the
fixed-offset HDQ is not fully optimized compared with optimal SDQ in terms of rate
distortion optimization.

It is meaningful to excavate the inner characteristics of SDQ as guidance to propose
adaptive offset model for new deadzone HDQ. The goal is to approach the RD perform‐
ance of the SDQ and maintain the advantage of coefficient-wise processing in HDQ.
The source distribution parameter and inter-coefficient influence will be taken into
consideration.
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2.2 Challenge in Adaptive Coefficient-wise HDQ

A deadzone offset δ is employed to adjust the quantization result φ in deadzone HDQ,
and that can be described as follows.

𝜙 = floor(
|u|

q
+ 𝛿) (1)

Here, q is the quantization step size determined by the quantization parameter Qp. In H.
264/AVC and HEVC, q is equal to pow(2,(Qp-4)/6). floor is the rounding operator. u is
the DCT coefficients to be quantized. | | is the absolute value of the operation. There are
several factors that should be considered in designing optimal coefficient-wise deadzone
HDQ.

Firstly, the deadzone offset δ in HDQ is supposed to be determined in a coefficient-
wise way. In general, Laplacian distribution is used to model the DCT coefficient, and
the probability density function is described as follows.

fi =
1

2Λi

e
−

|ui|

Λi and Λi =
𝜎i
√

2
=

1
n

n∑

j=1

|uij|
(2)

Ʌi and 𝜎i are the model parameter and the standard deviation of the ith frequency
component. uij is the DCT coefficient and uij is the jth DCT coefficient of the ith frequency
component. Based on Laplacian DCT distribution model, the deadzone offset δ of HDQ
is typically determined as follows using rate distortion optimization [1].

𝛿 =
q

2
−

𝜆

2 ln 2 × Λ
(3)

Here, λ is Lagrange multiplier and equals to ln2(power(q-δ,2)-power(δ,2))/q in [1].
However, there is an egg-and-chicken problem because the parameters λ and δ are
dependent with each other. The coefficient-wise model in (3) is built in a macroscopic
way based on statistical analysis. However, the SDQ algorithm manipulates the quan‐
tization result in a microscopic way, specifically according to the probabilities of the
contexts in CABAC. Moreover, based on λ equals to ln2(power(q-δ,2)-power(δ,2))/q,
coefficient level solutions are theoretically desired for Eq. (3), which is not easy to be
solved.

Thirdly, the adaptive deadzone offset in Eq. (3), derived from coefficient-level
models without considering inter-coefficient influence, will unavoidably suffer from RD
performance degradation. In CABAC, coding bit of a quantization coefficient is deter‐
mined by the probability state of the context, which is modelled according to the numbers
of coefficients with intensity equal to 1 and larger than 1, i.e. Numeq1 and NumLg1,
prior to the current coefficient. Under the criterion of rate distortion optimization, SDQ
considers the inter-coefficient correlation and adjusts the quantization coefficient level.
The code rate of the quantization coefficient is related to the number of nonzero (signif‐
icant) quantization coefficients which are in current block and in the adjacent block.
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Therefore, this paper take this factor into consideration in a micro way, i.e.
employing the number of significant coefficients in one block in determining the dead‐
zone offset and quantization results. However, the number of significant coefficient of
a certain coefficient is not available before the SDQ algorithm finish the trellis search.
Thus, it is not possible to measure the accurate number of significant coefficient in
deadzone HDQ. By striking a compromise, we define the number of possible significant
coefficients for the i-th coefficient ηi according to the HDQ quantization results as
follows.

𝜂i =

N∑

j=i+1

𝜛(|ui|−
q

2
) and 𝜛(x) = {

1 ; x>0
0 ; x≤0 (4)

When the amplitude of the DCT coefficient is larger than q/2, the coefficient is considered
as a possible significant coefficient. ηi is the number of possible significant coefficients
prior the current i-th coefficient. For all coefficients on one block, their ηi can be esti‐
mated in parallel due to the coefficient-wise processing in HDQ as shown in (4). Suppose
N is the number of the last DCT coefficient in the adjacent block, so ηi is an integer
ranging from 0 to N-i.

Here we first quantitatively evaluate the degree of which ηi affect the quantization
result of the current i-th coefficient. We use φHDQ(u) and φSDQ(u) to distinguish the quan‐
tization amplitude of u in HDQ and SDQ respectively. There are two possible situations
according to the condition whether φHDQ(u) is equal with φSDQ(u) or not, i.e. φHDQ = φSDQ
and φHDQ ≠ φSDQ. Taking 4 × 4 transform block as an example, the statistical distribution
of ηi of sequences in the Table 1 is counted respectively. Figure 1 shows these sequences’
average results of the statistical distribution of ηi in the case of two cases. We can make
comparison between the ηi results of two cases, i.e. φHDQ = φSDQ and φHDQ ≠ φSDQ, as
shown and in Fig. 1. The result shows that the distribution of ηi is more dispersed when

Table 1. The BD-PSNR loss of the deadzone HDQ algorithms using fixed-offset and the
proposed adaptive offset compared with optimal SDQ

Sequences
BD-PSNR (dB) BD-RATE (%)

Sequences
BD-PSNR (dB) BD-RATE (%)

fixed-offset Proposed fixed-offset Proposed fixed-offset Proposed fixed-offset Proposed

        City -0.1123 -0.0809 2.7651 2.0926 SlideShow -0.2011 -0.0951 3.1697 1.5151

Harbour
-0.1505 -0.1145 3.2987 2.4996 720p

Average
-0.1146 -0.0429 2.9833 1.1345

Crew
-0.1396 -0.0442 1.3462 0.7649 Proposed vs

fixed-offset 0.0717 -1.8488

ICE -0.0711 -0.0350 1.9779 0.9418 Kimono1 -0.1675 -0.0186 6.1667 0.8812

Soccer -0.1675 -0.0807 3.7417 1.7785 ParkScene -0.0647 -0.0468 2.0155 1.4357

D1            
Average

-0.1282 -0.0710 2.6259 1.6155
riverbed -0.1542 -0.0093 3.1231 0.2450

Proposed vs 
fixed-offset 0.0572 -1.2968 Basketball -0.0881 -0.0542 4.1461 2.6046

Cyclists -0.0627 -0.0353 2.3778 1.3271 Cactus -0.0892 -0.0189 4.4226 0.3890

Harbour -0.1013 -0.0308 2.4938 0.9619 sunflower -0.2016 -0.0874 7.76895 3.5057

Optis -0.0759 -0.0079 2.6692 0.3354 1080p 
Average

-0.1275 -0.0392 4.6072 1.5102

Raven -0.132 -0.0455 4.2062 1.5328 Proposed vs 
fixed-offset 0.08836 -3.0969
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φHDQ = φSDQ, while ηi are mainly concentrated in the vicinity of zero comparatively in
the case of φHDQ ≠ φSDQ. This statistical differences of ηi in two opposite cases give us
the insight that ηi can be employed to aid in deriving deadzone offset model in terms of
simulating SDQ. This work will adjust the deadzone offset δ according to the actual
distribution of ηi to simulate the SDQ decision mechanism as far as possible.

Fig. 1. The histogram results of ηi in the case of φHDQ = φSDQ and φHDQ ≠ φSDQ

3 Improved HDQ with the Proposed Adaptive Deadzone Offset

3.1 Heuristic Deadzone Offset Modelling

As analyzed above, deadzone offset modelling is supposed to be built adaptively for
deadzone HDQ. Instead of RD model based derivation method shown in Eq. (3), this
work attempts to estimate optimal deadzone offset model by simulating the behavior of
SDQ and construct an adaptive deadzone offset model based on statistical analysis
method.

As shown in Fig. 2, statistical analysis and heuristic method for model derivation is
employed. We use the classification method in II-C to distinguish two kinds of situations.
The “inlier” and “outlier” which represent DCT coefficients samples of two categories
respectively, are collected for offline deadzone offset modeling. The “inlier” samples
are the DCT coefficients in the case of φHDQ = φSDQ; the “outlier” samples are the DCT
coefficients in the case of φHDQ ≠ φSDQ. Taking the inter-coefficient correlation into
consideration as analyzed in (3), the deadzone offset δ is related with the quantization
parameter Qp, the Laplacian distribution parameter Ʌ and the number of possible
significant coefficients prior to the current coefficient, i.e. ηi. As a result, the parameter
(Qp, Ʌ, η) combination samples of the “inlier” and “outlier” coefficients are collected
for statistical analysis. In addition, the “inlier” offset range (δmin1, δmax1) and the “outlier”
offset range (δmin2, δmax2), in which the resulting results of HDQ are equal to those of
SDQ of two kinds of samples, are also recorded simultaneously. These statistic samples
will be used for off-line offset modeling.
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Comparison between 
HDQ  and SDQ

Samples collection

Fig. 2. Heuristic deadzone offset model derivation.

3.2 Analysis on Optimal Offset Distribution

When the HDQ fails to track the optimality of SDQ, the quantizaton results of HDQ
will be different from those of SDQ, i.e. φHDQ ≠ φSDQ. In these samples, we find that the
probability of φHDQ(u) = φSDQ(u) + 1 is very close to 1, and this phenomenon can be
explained that smaller quantization level in SDQ, with changed level intensity equal to
1, will result in predominate rate saving, which is larger than the increased distortion.
The algorithm design of adaptive deadzone HDQ is just to find adaptive deadzone offset
(δbest) which is suitable for both of two kinds of samples.

The method of deriving the ranges of the possibly reasonable offsets is analyzed as
follows. A well-designed offset δ for deadzone HDQ may achieve right classification
with result identical with SDQ, or wrong classification with result differing from SDQ.
δbest will be determined from a great amount of samples using statistical analysis method,
i.e. Bayes method. Intuitively, we estimate appropriate deadzone offset range that can
make HDQ achieving the identical result as SDQ. The suitable deadzone offset ranges
of two cases are estimated respectively, and their upper and lower bounds of offset ranges
of two kinds of simples, i.e. (δmin1, δmax1,) and (δmin2, δmax2), are estimated as follows.

(𝛿min1, 𝛿max1) = arg
𝛿best

(floor(
|u|

q
+ 𝛿best) = 𝜙HDQ(u))

(𝛿min2, 𝛿max2) = arg
𝛿best

(floor(
|u|

q
+ 𝛿best) = 𝜙HDQ(u) − 1)

(5)

Here, φHDQ(u) = floor(|u|/q + 0.5) is HDQ quantization intensity. As for the “inlier”
samples, we get the possible range of the optimal δ under the constraint that floor(|u|/
q + δbest) is equal to φHDQ(u). As for the “outlier” samples, we get the possible range of
the optimal δ under the constraint that floor(|u|/q + δbest) is equal to φHDQ(u)-1. In a
word, we estimate the possible ranges of the optimal δ under the constraint of
φHDQ(u) = φSDQ(u) for both kinds of samples.

Offline statistic analysis is carried out using a great amount of two kinds of samples
and their offset ranges. Histogram based non-parametric analysis is employed to estimate
these two probability density function curves. The maximal possible solution range for
(δmin, δmax), i.e. (0,1), is partitioned into N segments, and the actual range (δmin, δmax) of
all samples are compared for grouping and classification respectively. Then, ranges
(δmin, δmax) of all samples are compared for classification respectively. If one segment
is within range (δmin, δmax), its histogram count θy(k) is increased by ζ(k). θy(k) is
expressed as follows.
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𝜃y(k) = 𝜃y(k) + 𝜁(k); if (
k − 1

N
, k

N
) ∈ (𝛿miny

, 𝛿maxy)

𝜃y(k) = 𝜃y(k); otherwise y = 1 or 2
(6)

In this work, different weight is used for histogram estimation accounting for statistical
characteristics. That is, different weight ζ(k) is sued for different each subsection for
δbest histogram statistical analysis. Gaussian function is used for modeling the weight of
each sub section (ζ(k)). Gaussian function based ζ(k) is employed and expressed as
follows.

𝜁(k) = 1
𝜎1 ×

√
2 × 𝜋

× e

(−

(k − 𝜇1)
2

2 × 𝜎
2
1

)

and 𝜇1 =
𝛿max + 𝛿min

2
, 𝜎1 =

𝛿max − 𝛿min
𝛼

(7)

Here, α is equal to 6. The segment-wise histogram results of δbest, cnty(Qp,Ʌ) are
obtained independently in the case of different Qp and Ʌ. y = 1 and y = 2 correspond
to the “inlier” and “outlier” samples. It is well-known that Ʌ is related with the coefficient
position index (i). One example of cnty(Qp,Ʌ(i)) of different coefficients with two kinds
of samples is shown in Fig. 3.

Fig. 3. The histogram results of possible δbest cnt1(Qp,Ʌ) and cnt2(Qp,Ʌ)

3.3 The Adaptive Deadzone Offset Model

According to the statistical samples, we build an adaptive model δi = (Qp, Ʌi) using
heuristic method for deadzone offset. The model is constructed by maximizing the posi‐
tive judgment probability and minimizing the probability of wrong judgment. In fact,
θ1(k) and θ2(k) actually reflect the right classification probabilities of the “inlier” and
“outlier” coefficients. We perform normalization for the histogram results, θy(k), to
derive the condition probability py, i.e. p1(δ) and p2(δ) respectively. Therefore, δbest can
be determined by taking the peak value of the weighted histogram as shown in Eq. (8).
The schematic diagram and the actual statistics results are shown respectively in Fig. 4.

𝛿i = arg
𝛿i(Λi ,Qp)

max{p1(𝛿i) + p2(𝛿i)} (8)
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Fig. 4. The sketch map of δbest and the statistical results of δbest

On the basis of the above model, we built a factor ϕ(ηi) which can adjust the deadzone
offset according to the number of possible significant coefficients in the adjacent block.
Here, i is the coefficient position index and the factor ϕ(ηi) is expressed as follows.

𝜑(𝜂i) = 𝛽 × arctan(𝜂i −
𝜂imax
𝛾

) and 𝜂imax = N − i (9)

Here, N is the number of the last DCT coefficient in the adjacent block. ηimax is equal to
N-i. We had evaluated the RD performance in the cases of different combinations
between (β, γ). The simulation results indicate that superior RD performance appear
when β is equal to -0.03 and γ is equal to 3, as shown in Fig. 5. Therefore, the adaptive
deadzone offset model with ηi is expressed as flowers.

𝛿
,
i = arg

𝛿i(Λi ,Qp)

max{p1(𝛿i) + p2(𝛿i)} + 𝜑(𝜂i) (10)

Fig. 5. The RD performance of different
combinations between β and γ

Fig. 6. The surf results of δbest

According to the method of modeling above, in the case of η1 = 10, one example of the
surf results of δ1, in the case of different combinations between Qp and Ʌ1, is shown in
Fig. 6.
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4 Experimental Results

The proposed adaptive offset model for deadzone HDQ is verified in H.264 and H.265
standards. The fixed-offset HDQ algorithm and the optimal SDQ are taken as the
performance comparision anchor. These quantization algorithms are applied in both the
final mode coding and the rate distortion optimized mode decision loop. Standard D1,
720p, and 1080p format video sequences are used for simulation. Rate control is turned
off, and the quantization parameters 22, 27, 32 and 37 are used for simulation, covering
low, medium and high bit rate applications. IPBBPBB GOP structure is used, and 100
frames are tested for all resolution video sequences. The PSNR degradation (BD-PSNR)
and rate increment percentage (BD-RATE) are used for performance comparison [8].

The rate distortion curves of the 1080p BasketballDrive sequence are taken as example
shown in Fig. 7. The anchor optimal SDQ, the fixed-offset deadzone HDQ, and the
proposed algorithm are compared. In addition, Table 1 gives the detailed BD-PSNR and
BD-RATE results [8]. Relatively, larger RD performance improvement is observed in
higher resolution video sequences. Intensive results show that the proposed algorithm only
has 0.03921 dB BD-PSNR loss on average, with 1.51 % average BD-RATE increment, in
comparison with the SDQ algorithm in the case of 1080p sequences. In addition, the
proposed algorithm achieves 0.08836 dB BD-PSNR improvement on average, with
3.097 % average rate saving (BD-RATE), in comparison with the fixed-offset deadzone
HDQ algorithm. The proposed adaptive offset HDQ algorithm is considerably superior than
the fixed-offset HDQ, and has close performance with the optimal SDQ algorithm.
Compared to the SDQ algorithm, the proposed algorithm has much smaller complexity and
is well-suited for hardwired video coder in terms of satisfactory throughput efficiency.

Fig. 7. The RD performance of three kinds of quantization algorithms.

As for complexity, the additional computation of the proposed algorithm, in compar‐
ison with the fixed-offset HDQ algorithm, is just simple function call as shown in
Eq. (10) or tabulation shown in Fig. 6, so it is almost ignorable.
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5 Conclusions

Sequential processing hinders soft-decision quantization (SDQ) from effective hardware
implementations, while hard-decision quantization (HDQ) suffers from obvious coding
performance loss compared with SDQ. Based on statistics analysis and heuristic model‐
ling, this paper proposes a content-adaptive deadzone quantizer to minimize the rate
distortion performance difference between the deadzone HDQ and SDQ. An adaptive
deadzone offset model is built according to the quantization parameter, the coefficient-
wise DCT distribution parameter, and the number of possible significant coefficients in
the block. Simulation results verify that the proposed adaptive HDQ algorithm, in
comparison with fixed-offset HDQ, achieves 0.08836 dB PSNR increment and 3.097 %
bit rate saving in 1080p sequences with almost negligible complexity increase. In addi‐
tion, this work, in comparison with the SDQ, achieves less than 0.03921 dB PSNR loss
and 1.51 % bit rate increment.

Acknowledgment. This work was supported in part by the National Natural Science Foundation
of China under Grants 61572449, in part by the Zhejiang Natural Science Foundation under Grants
LY15F020022 LY12F01011, and LY13H180011.

References

1. Sullivan, G.J.: Efficient scaler quantization of exponential and laplacian random variables.
IEEE Trans. Inf. Theor. 42, 1365–1374 (1996)

2. Wen, J., Luttrell, M., Villasenor, J.: Trellis-based R-D optimal quantization in H.263+. IEEE
Trans. Image Process. 9, 1431–1434 (2000)

3. Yang, E.-H., Yu, X.: Rate distortion optimization of H.264 with main profile compatibility. In:
Proceedings of IEEE International Symposium on Information Theory, Seattle, WA, pp. 282–
286, 9–14 July 2006

4. Karczewicz, M., Ye, Y., Chong, I.: Rate Distortion Optimized Quantization. ITU-T SG16/Q.
6 Doc. VCEG-AH21, Antalya, Turkey, 12–13 January 2008

5. Yin, H., Yang, E., Xiang, Y.: Fast soft decision quantization with adaptive preselection and
dynamic trellis graph. IEEE Trans. Circ. Syst. Video Technol. 25(8), 1362–1375 (2015)

6. Huang, T.-Y., Chen, H.H.: Efficient quantization based on rate-distortion optimization for video
coding. IEEE Trans. Circ. Syst. Video Technol. 26, 1099–1106 (2015). doi:10.1109/TCSVT.
2015.2444732

7. Lee, H., Yang, S., Park, Y., Jeon, B.: Fast quantization method with simplified rate-distortion
optimized quantization for HEVC encoder. IEEE Trans. Circ. Syst. Video Technol. (2015).
doi:10.1109/TCSVT.2015.2450151

8. Sun, J., Duan, Y., Li, J., Liu, J., Guo, Z.: Rate-distortion analysis of dead-zone plus uniform
threshold scalar quantization and its application–part I: fundamental theory. IEEE Trans. Image
Process. 22(1), 202–214 (2013)

A Novel Hard-Decision Quantization Algorithm 345

http://dx.doi.org/10.1109/TCSVT.2015.2444732
http://dx.doi.org/10.1109/TCSVT.2015.2444732
http://dx.doi.org/10.1109/TCSVT.2015.2450151


Comparison of Information Loss
Architectures in CNNs

Song Wu(B) and Michael S. Lew

The Leiden Institute of Advanced Computer Science,
Leiden University, Leiden, Netherlands
{s.wu,m.s.lew}@liacs.leidenuniv.nl

Abstract. Recent advances in image classification have been achieved
with deep convolutional neural networks (CNNs). The pooling and sub-
sampling operations in the CNNs introduce invariance to local transfor-
mations, but result in accuracy loss in the image applications. In this
paper, we propose a novel deep network called “Weighted Integration
Architecture Network” (WIAN) which can effectively recover the infor-
mation loss due to the pooling operation in the CNNs. The proposed
WIAN reuses the information from the previous layers in the network
and assigns a weight to each according to the responses or entropy in
the layer and then element-wise summing them to further enhance the
image classification performance. Exhaustive experiments on four stan-
dard benchmark datasets (CIFAR-10, CIFAR-100, MNIST and SVHN)
demonstrate the effectiveness as well as an improved performance of
WIAN.

Keywords: Image classification · Convolutional neural network ·
Weighted integration architecture network

1 Introduction

Significant performance gain on the task of image classification has been made
with deep convolutional neural networks (CNNs) [1,2]. This is mainly due to
the advances in CNN architectures as well as the availability of very larger and
more comprehensive datasets.

Traditional convolutional neural networks consist of several stacked convolu-
tional layers (optionally followed by normalization layer and pooling layer), fully
connected layers and a softmax layer on the top. Convolutional layers take the
inner product of the linear filter and the underlying receptive field followed by a
nonlinear activation function at every local region of the input. The outputs from
each convolutional layer are named as feature maps. The fully connected layer
has full connections to all activations in the feature maps from previous layer and
the resulting vector can be fed into the softmax layer for classification (as shown
in Fig. 1). Variants of this basic design are proposed to improve the performance
of the network. Most recent methods increase the depth of network layer as well
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as the width of each layer to enhance the performance of CNNs [3,4], and adopt
dropout to address the issue of over-fitting [5]. The approach of GoogleNet [6]
is designed by increasing the depth and width of the network while keeping the
computational budget constant. The Network in Network (NIN) [3] replaces the
linear convolution by a nonlinear convolution function to enhance the abstrac-
tion ability of the neural network. Deeply supervised network [7] focuses on the
importance of minimizing the output classification error while reducing the pre-
diction error of each individual layer. A Siamese network [8] is trained with a
pairwise loss that minimises the distance between the same class and maximises
the distance between different classes, and a similar triplet network [9] employs
the triplet ranking loss to preserve relative similarity relations.

The convolutional layer is usually followed by a pooling layer. The pooling
operation reduces the spatial resolution by computing a summary statistic over a
local spatial region (typically a max or average operation). The main motivation
behind the use of pooling is to promote invariance to local input transforma-
tions (such as translation, occlusion and truncation of the local stimulus). This
is due to the resulting outputs by pooling being invariant to spatial location
within the pooling region. This is particularly important for the performance of
image classification where local image transformations obfuscate object identity.
Therefore the pooling layer plays a vital role in preventing over-training while
reducing computational complexity for the task of image classification. However,
the invariance achieved by pooling comes at the price of information loss. Several
researches attempt to make up the loss caused by pooling operation. Sun et al.
[10] proposed to use cascaded networks to improve the accuracy of facial land-
marks detection. Tompson et al. [11] designed a heat-map regression model to
refine the position of human body joints localization. Yang et al. [12] extracted
multi-scale features across multiple layers and further integrated them for image
recognition. In this paper, we introduce a novel architecture called weighted inte-
gration architecture network (WIAN) to boost the performance. WIAN starts by
adjusting the convolutional layers to the same shape by a convolution operation,
and automatically learns a weight value according to the responses or entropy on
each reshaped convolution layer. Then these convolutional layers are multiplied
by the assigned weight respectively, and finally combined into a single layer by
element-wise summing, as illustrated in Fig. 3.

Fig. 1. The illustration of the standard deep convolutional neural networks (CNNs).
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The remainder of this paper is organized as follows. Section 2 gives an
overview of the convolutional neural network based image classification. Section 3
provides a detailed description of the proposed weighted integration architecture
network. Section 4 presents the experimental results and conclusions are given
in Sect. 6.

2 Convolutional Neural Networks Classification

Considering a standard CNN architecture, as shown in Fig. 1, there are N con-
volutional layers, denoted as C1, ..., CN . Each convolutional layer is followed by
a pooling layer, and the pooling layers are denoted as P 1, ..., PN . The training
of traditional CNNs is to maximize the probability of the correct class, which
is achieved by minimizing the softmax loss function. For a specific training set
which includes m images: {(I(i), L(i)); i = 1, ...,m}, where I(i) is the ith image
and the L(i) ∈ 1, ...,K is the class label. Let {x(i)

j ; j = 1, ...,K} be the output of
the activation j in the last fully connected layer, then the probability that the
label of I(i) is j is given by

p
(i)
j =

exp(x(i)
j )∑K

j=1 exp(x
(i)
j )

(1)

The output of the fully connected layer is then fed into the softmax layer which
aims to minimize the following loss function:

Jθ = − 1
n

[
n∑

i=1

K∑
j=1

1{L(i) = j} log(p(i)j )] (2)

where 1{.} is the indicator function. The standard back-propagation is utilized
to optimize the parameters of the network through computing the derivatives of
the defined loss function.

3 Integration Architecture Network

As the architecture of the standard CNNs did not take into account the informa-
tion loss caused by the pooling operation, in this section, we explore several useful
practices to integrate the information from the previous convolutional layers to
recover the accuracy loss in the CNNs, and the evaluation results demonstrate
that the reuse of the previous convolutional layers could effectively increase the
performance of image classification.

3.1 Concatenate Architecture Network

Inspired by the architecture of GoogleNet [6], a simple and effective way to train
a high quality model is to concatenate the previous convolutional layer into a
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Fig. 2. The illustration of the concatenate architecture network (CONCAT).

new layer. The illustration of the concatenate architecture network (CONCAT)
is in Fig. 2. In this architecture, we first reshape these existing convolutional
layers into the same shape by a convolution operation, and then concatenate
them together. The fully connected layer takes all neurons in the concatenate
layer and connects it to every single neuron it has and finally fed the output from
the fully connected layer into the softmax loss function to optimal the network.

3.2 Weighted Integration Architecture Network

The concatenate operation significantly increases the width of the integration
layer, which means a larger number of parameters are stored in this layer. How-
ever, large amount of parameters make the network more easy to over-fitting,
especially if the amount of labeled data in the training set is small. Additionally,
because of the existing redundant information between two adjacent layers, we
propose to assign each previous convolutional layer (reshape to the same dimen-
sions by a convolution operation) a weight value, respectively, and then combine
them by the element-wise summing. Two weight schemes are explored in this
paper, one is based on the responses on the convolutional layer and the other
one is based on the entropy on the convolutional layer.

Responses based weight scheme: as shown in Fig. 3, for the given N con-
volutional layers in the network, we denote the feature maps from layer Cn as
Fn, n = 1, ..., N . These features maps on each convolutional layer can be repre-
sented as a vector with the dimensions of wk ×hk × ck, where wk and hk are the

Fig. 3. The illustration of the proposed weighted integration architecture network
(WIAN).
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width and height of each feature map, respective, and ck denotes the number of
feature maps at each layer. We further associate each unit in feature maps with a
spatial coordinates (x, y) and the activation of this unit is a(x, y). The responses
of each feature map is calculated as rc =

∑wk

x=1

∑hk

y=1 a(x, y), c = 1, ..., ck and

the responses of each layer is computed as Rn =
∑ck

c=1 r
c. The weight value of

each layer is defined as:

weightnR =
Rn

∑N
n=1 R

n
(3)

We need to note the specific case that the weight from each layer is equal to
1/N , which is named as average integration architecture network (AIAN).

Entropy based weight scheme: we further employ the entropy information
[13] on each convolutional layer to define the weight value. The activation of each
unit a(x, y) in the feature maps can be treated as a state pi, and the entropy
on each feature map is measured according to ec =

∑wk

x=1

∑hk

y=1(pi × lg pi), c =

1, ..., ck and the responses of each layer is computed as En =
∑ck

c=1 e
c. The

weight value of each layer is then defined as:

weightnE =
En

∑N
n=1 E

n
(4)

Finally, the activation value of each unit an+1(x, y) in the integration layer
is calculated as:

an+1(x, y) =
N∑

n=1

weightn × an(x, y) (5)

4 Experiments

The proposed WIAN is implemented using the Caffe [14], and the experimental
environment is 32 GB RAM, NVIDIA TITANX. The training of WIAN starts
from the initial weights and learning rates, and the learning rates are lowered by a
factor of 10 according to an epoch schedule determined on the validation set. The
source code of WIAN is available at: http://press.liacs.nl/researchdownloads/.

4.1 Datasets

We evaluate the performance of WIAN on four benchmark datasets: CIFAR-10
[1], CIFAR-100 [1], MNIST [15] and SVHN [16].

CIFAR-10: the CIFAR-10 dataset is established for object recognition. It is
composed of 10 object classes, with 6000 images per class. 50000 images are
selected for training, and remaining 10000 images are used for testing. Each
image is an RGB format with size 32 × 32.

http://press.liacs.nl/researchdownloads/
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CIFAR-100: the CIFAR-100 dataset is similar to CIFAR-10 dataset (both are
with the same image size and format), except that the CIFAR-100 contains 100
classes with 600 images per class. CIFAR-100 also uses 50000 images for training
and the remaining 10000 image for testing.

MNIST: the MNIST dataset consists of hand written digits number images
which are 28 × 28 in size. There are 60000 training images and 10000 testing
images in total. For this dataset, all images have been resized to a fixed resolution
of 32 × 32 in the experiments.

SVHN: the Street View House Numbers(SVHN) dataset is a collection from
house numbers in the Google Street View images. It is composed of over 600000
color images with a fixed resolution of 32 × 32 pixels.

5 Results and Discussion

The architecture of the network in the evaluation contains three convolutional
layers, followed by RELU normalization and pooling operation. Moreover, for
the integration layer, we convolute them to the same shape and combine them
together. According to the parameter configuration of each layer, the architecture
of the WIAN in the performance evaluation can be described concisely by layer
notations with layer sizes:

INPUT (32 × 32 × 3)
CONV 1(32 × 32 × 32) → RELU1 → POOL1(16 × 16 × 32)
CONV 2(16 × 16 × 32) → RELU2 → POOL2(8 × 8 × 32)
CONV 3(8 × 8 × 64) → RELU3 → POOL3(4 × 4 × 64)
CONV 1 → CONV 1 1(4 × 4 × 64)
CONV 2 → CONV 2 1(4 × 4 × 64)
CONV 3 → CONV 3 1(4 × 4 × 64)
CONV 1 1 + CONV 2 1 + CONV 3 1 + POOL3 → FC

5.1 Results of Weighted Integration Architecture

We present the performance of our proposed WIAN (with two weight schemes
based on responses and entropy) and make a comprehensive comparison with
general CNNs, average integration architecture network (AIAN) as well as the
directly concatenate (CONCAT) of the previous convolutional layers in the CNN
architecture. The concatenation operation is similar as the inception module in
GoogleNet [6]. Softmax is employed to predict the classification accuracy. The
evaluation results of classification accuracy are demonstrated in Table 1, and the
test classification error at each epoch during the training is also displayed in
Fig. 2.

It turns out that the integration (WIAN, AIAN and CONCAT) of the pre-
vious layers in the network gets improved performance when compared with
general CNNs. The scheme of WIAN shows much better results than other
approaches, and the WIAN based on the weight calculated according to responses
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Fig. 4. The comparison results among several possible architectures to recover the
information loss on four benchmark datasets.

Table 1. The performance comparison of different convolutional neural network archi-
tectures on four benchmark datasets.

Methods CIFAR-10 CIFAR-100 MNIST SVHN

WIAN (responses) 83.92 55.84 99.65 95.21

WIAN (entropy) 83.86 55.25 99.58 94.95

AIAN 82.9 54.1 99.46 94.68

CONCAT [6] 83.3 55.06 99.51 94.94

CNNs [1] 81.5 53.5 99.3 94.15

on each layer gets the best performance on all the benchmarks. Based on the
curves displayed in Fig. 4, it shows that the WIAN reaches the smallest testing
error faster than others. This further demonstrates that the weighted integration
of previous convolutional layers can boost the performance of the network.
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6 Conclusions

In this paper, we propose to reuse the information in the previous layers in the
network to recover the precision loss due to the pooling operation in the CNN. We
present a novel weighted integration architecture network (WIAN) to enhance
the performance of CNN based image classification, where each layer is multiplied
by a weight generated according to the responses or entropy and then element-
wise summed together. The evaluation results demonstrated that the WIAN can
yield high accuracy on image classification, and also show better performance
than the schemes of the directly concatenation and the average element-wise
summing of the previous convolutional layers in the CNN architecture.
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University. We are also grateful to the support of NVIDIA for this work.
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Abstract. Scale invariant feature transform (SIFT) is an algorithm to extract dis-
tinctive and invariant features from images to achieve reliable object matching
between different images in variant scales and rotations, which is an essential
method for object recognition in computer vision field. However, SIFT’s huge
computation for the Gaussian Scale Space (GSS) impedes its real-time imple-
mentation. In this paper, a Fast-Gaussian SIFT (FG-SIFT) is proposed. FG-SIFT
separates SIFT’s 2-D difference of Gaussian (DoG) into two 1-D DoG in x and y
dimensions, and reduces the level of scales in DoG pyramid in GSS. The exper-
iment shows that FG-SIFT reduces the computational complexity about 95% in
GSS, also increases the accuracy of keypoint localization. Subsequently, the accu-
racy of the generated feature (UF) is increased about 130%, and the accuracy of
matched feature (AMF) is increased about 20%.

1 Introduction

Feature-Based object recognition is a common image object recognition method in
computer vision. Feature extraction and matching are essential tasks to recognize
objects in an image, collecting the correspondence between two images containing
the same scene or object. Feature-Based object recognition consists 3 main steps.
(1) Detector selects distinctive points as keypoints in images, such as corners or blobs.
The requirement for keypoint detector is repeatability, which means it can reliably find
the same keypoints under different condition of viewing. (2) A feature vector for each
keypoint is generated based on the keypoints neighbors as the keypoints descriptor.
The descriptor should be distinctive and robust to noise. (3) Descriptormatcher com-
pares the feature vectors between different images to find the best matched feature pairs.
The matching is based on the distance between vectors, like Euclidean distance.

Many detectors and descriptors have been proposed. First widely used keypoint
detector is Harris corner detector [3]. However, Harris corner detector is not scale-
invariant. The widely used feature extraction algorithm is the scale-invariant feature
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transform (SIFT) [7]. SIFT features are invariant to image scale, rotation and illumina-
tion. Because its distinctive and invariant characteristic, SIFT feature can be correctly
matched against a large database of features from other images to achieve stable and
reliable object recognition.

Several works have been proposed to optimize SIFT in algorithm level. Ke and Suk-
thankar proposed PCA-SIFT [13] applying principal components analysis to the nor-
malized gradient patch instead of smoothed weighted histograms. Bay et al. proposed
Speed Up Robust Features (SURF) [4] which uses integral images for image convo-
lution and Fast-Hessian detector. SURF reduces the computation time from 1036ms
for SIFT to 354ms on a Linux PC (Pentium IV, 3GHz). S. Govindarajulu et al. [9] did
a comparison between the three algorithms: SIFT, PCA-SIFT and SURF. Both PCA-
SIFT and SURF reduce the computation time by sacrificing the accuracy of extracted
features. SURF has the best performance in time. SIFT has more reliable features to
achieve the best stability in feature extraction and matching, although it is slow.

Some researchers focus on accelerating SIFT in hardware level. [10] uses GPU par-
allel optimization and [8] implements SIFT on multicore processors. FPGA hardware
architectures also have been proposed to accelerate SIFT. [1,5,11,12] work on small
image resolution or limited number of SIFT features to achieve real-time requirement.
[2] works on VGA and can detect up to 890 SIFT features per frame in 33ms. [6] works
on both VGA and HD sizes, and can detect up to 11000 SIFT features in HD size of
image per frame in 33ms.

In this paper, we focus on optimizing SIFT in algorithm level, and a novel Fast-
Gaussian SIFT (FG-SIFT) is proposed. It is aimed to reduce the computational com-
plexity in constructing Gaussian scale space (GSS). First, DoG in x dimension is cal-
culated from the convolution of the difference of two 1-D Gaussian kernels in x dimen-
sion with the input image. Then, the final DoG is computed from the convolution of x
dimension DoG with the difference of two 1-D Gaussian kernels in y dimension. Then,
extrema points are detected. Finally, accurate keypoints are located after rejecting low
contrast and edge extrema points. The execution time is reduced. Unlike PCA-SIFT and
SURF sacrificing the accuracy of extracted features, the accuracy of keypoint localiza-
tion is increased which can raise the accuracy of feature generation and matching.

This paper is organized as follows. Section 2 generally explains SIFT. Section 3
presents the FG-SIFT’s detail. Section 4 compares the complexity and accuracy
between SIFT and FG-SIFT. Section 5 concludes the paper.

2 Overview of SIFT

In SIFT, the major computation stages to generate the set of image features consist
of: (1) scale-space extrema detection, (2) accurate keypoint localization, (3) orientation
assignment, (4) keypoint descriptor generation.

In first stage, scale space extrema detection, the extrema detector builds up a GSS
(Fig. 1) to detect locations that are invariant to scale change of images. GSS consists
of Gaussian-filtered image (GFI) pyramid, difference of Gaussian (DoG) Pyramid and
extrema pyramid.
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Fig. 1. SIFT GSS

Each level of the GFI pyramid, denoted by S(x,y,σ), is produced from the convo-
lution of a 2-D Gaussian kernel G(x,y,σ) with an input image I(x,y):

S(x,y,σ) = G(x,y,σ)∗ I(x,y), (1)

where * is the 2-D convolution operation in x and y dimensions,

G(x,y,σ) =
1

2πσ2 e
−(x2+y2)/2σ2

(2)

DoG(x,y,σ) is the difference of two scale-nearby GFI. DoG pyramid is constructed
by subtracting two adjacent GFIs in GFI pyramid:

DoG(x,y,σ) = S(x,y,kσ)−S(x,y,σ) (3)

To detect the local maximum and minimum extrema of DoG(x,y,σ) as keypoint
candidates (Fig. 2), each sample point is compared to its 8 neighbors in the same DoG
scale and nine neighbors in the above and below DoG scales.

Fig. 2. Maxima and minima of DoG are located by comparing a pixel(X) to its 26 neighbors
(circles) in the same and two nearby scales

In the accurate keypoint localization, Taylor expansion of the scale-space function,
DoG(x,y,σ), is used to reject the low contrast extrema points. A 2×2 Hessian matrix
can compute the principal curvatures. The points located on edges are also rejected.
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Fig. 3. FG-SIFT GSS

In the orientation assignment step, a 36 bins gradient histogram of orientation is
computed from the neighbors of each keypoint in the corresponding GFI. Then, the
peak of the histogram is the principal orientation of the keypoint.

In the descriptor generation, taking a keypoint as the center, based on the keypoint’s
principal orientation, its neighbor region is divided into 4×4 square subregions. The
gradient histogram of orientation is computed for each subregion, and each histogram
has 8 orientation bins. So, feature vector of each descriptor has 16×8 = 128 elements.

3 Proposed FG-SIFT Algorithm

Based on SIFT, FG-SIFT optimizes extrema detector’s GSS construction to achieve
low computational complexity and high accuracy. Figure 3 shows the GSS of FG-SIFT,
consisting of DoG X pyramid, DoG XY pyramid and extrema pyramid.

3.1 DoG Calculation

First, DoG in x dimension DoG x(x,y,kσ) is computed. In Eq. (4), G X(x,y,σ) is the
convolution result of 1-D Gaussian kernel in x dimension G(x,σ) (1×n matrix) with
input image I(x,y).DoG x(x,y,kσ) is the difference of two nearby scales of G X. From
Eq. (4),DoG x(x,y,kσ) can be directly produced from the convolution of the difference
of two Gaussian kernels with the input image. It can reduce one image convolution
computation and the number of subtraction from W×H to n (W and H are the width
and height of the image).

DoG x(x,y,kσ) = G X(x,y,kσ)−G X(x,y,σ)
= G(x,kσ)∗ I(x,y)−G(x,σ)∗ I(x,y)
= (G(x,kσ)−G(x,σ))∗ I(x,y)

(4)

Next, DoG xy(x,y,kσ) is computed from the convolution of DoG x(x,y,kσ) with
the difference of two 1-D Gaussian kernel in y direction (n×1 matrix):

DoG xy(x,y,kσ) = (G(y,kσ)−G(y,σ))∗DoG x(x,y,kσ) (5)
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Fig. 4. Stop sign example

In terms of computation: in one octave, five 2-D convolution computations in SIFT
are decreased to four 1-D convolution in FG-SIFT. The substraction are reduced from
four images’ substraction to four Gaussian kernels’ subtraction in one octave.

In terms of accuracy: taking the stop sign (Fig. 4(a)) as an example, in scale 0 of
first octave (Fig. 3), DoG x(x,y,kσ) (Fig. 4(b)) is firstly computed from the convo-
lution of the original image with difference of two x dimension gaussian kernels. In
Fig. 4(b), edges in x dimension are eliminated and edges in y dimension are enhanced.
Next, DoG xy(x,y,kσ) (Fig. 4(c)) is computed from the convolution of DoG x(x,y,kσ)
(Fig. 4(b)) with the difference of two gaussian kernels in y dimension. In Fig. 4(c),
edges in y dimension are eliminated, and corners and curves are enhanced. Comparing
the DoG in SIFT (Fig. 4(f)) with DoG XY in FG-SIFT, SIFT’s DoG has higher edge
response than FG-SIFT’s DoG XY. The lower edge response in FG-SIFT’s DoG XY
can increase the accuracy in the following extrema detection step, because the local
maximum and minimum points are more concentrated on corners and curves.

3.2 Extrema Detection

Local peak of DoG xy(x,y,kσ) is needed to be selected as potential keypoints. Instead
of using 3×3×3 point window (Fig. 2) to detect extrema point in original SIFT, a 3×3
point window (Fig. 5) is utilized to detect extrema points in FG-SIFT. The computation
is reduced compared with SIFT, since each points is compared to its 8 neighbors in
the current scale in FG-SIFT, instead of compared to 26 neighbors in SIFT. Mean-
while the accuracy is still improved. In the stop sign example, after the extrema points
detection (Fig. 4(d)), the extrema points are mainly concentrated on the color chang-
ing region, because of the low edge response in FG-SIFTs DoG XY. Extrema points in
SIFT (Fig. 4(g)) are decentralized and distributed all region of the image.

Next, like SIFT, the low contrast and edge extrema points are rejected in FG-
SIFT. Most of noise candidates are eliminated. In the stop sign example, the final
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Fig. 5. Maxima and minima of FG-DoG XY are located by comparing a pixel(X) to its 8 neigh-
bors (circles) in the same scale

Fig. 6. Test image: (a) flower, (b) butterfly, (c) cafe, (d) dorm desk, (e) mountain, (f) building

keypoints (Fig. 4(e)) are located at the corners and curves. Comparing FG-SIFT’s key-
points (Fig. 4(e)) with SIFT’s keypoints (Fig. 4(h)), FG-SIFT’s keypoints are more accu-
rate than SIFT. Many SIFT keypoints are located on edges and background.

In the orientation assignment and descriptor generation steps, in original SIFT, ori-
entation, magnitude and descriptor of a keypoint are computed from neighbors of the
keypoint in the corresponding GFIs. However, in FG-SIFT, different scales of GFIs
are not computed. The neighbors of keypoints are selected from the image I(x, y) in
the corresponding octave (the original image I1(x, y) (Fig. 3) or down sampled image
I2(x, y)).

4 Experiment

Figure 6 shows the test VGA (640×480) images for the complexity and accuracy analy-
sis, which contain one simple object in one image ((a), (b)), multiple objects in one
image ((c), (d)) and complex outdoor scenes ((e), (f)). In the following, we will show
the low computational complexity and high accurate feature extraction in FG-SIFT.

4.1 Computational Complexity Analysis

The computational complexity of scale-space extrema detection in FG-SIFT is much
less than original SIFT. Table 1 shows the complexity analysis of SIFT and FG-SIFT
for [octave, extrema-scale] = [2, 2], A is the number of pixels in the original image
and the sampled down image. B denotes the number of keypoints detected by SIFT
detector. C is the number of keypoints detected by FG-SIFT detetor.
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Table 1. Computation complexity of SIFT and FG-SIFT

Algorithm stage Multiplication Division Addition Subtraction

SIFT FG-SIFT SIFT FG-SIFT SIFT FG-SIFT SIFT FG-SIFT

Scale-space extrema 1037 A 64 A 0 0 1032 A 56 A 4 A 48

Keypoint localization 59 A 59 A 50 A 50 A 132 B 132 C 6 B 6 C

Orientation assignment 2 A 2 A 1 A 1 A 2A+ 98 B 2A+ 98 C 2 A 2 A

Descriptor generation 148229 B 148229 C 0 0 150677 B 150677 C 0 0

From Table 1, multiplications is reduced about 95.19%. Additions is reduced about
95.76%. Subtraction is reduced about 99.996%. Table 2 shows the execution time in
scale-space extrema detection of two algorithms. Two size of images, VGA (640×480)
and HD (1920×1080), are tested in the Matlab on Intel i5 2.8GHz, 8GBDDR desktop.
The execution time is reduced more than 71.13%.

Table 2. SIFT and FG-SIFT’s Exe-Time in scale-space extrema detection

Algorithm VGA size HD size

SIFT 0.755 s 3.251 s

FG-SIFT 0.218 s 0.729 s

Save 71.13% 77.58%

FG-SIFT’s execution time in descriptor generation is also less than SIFT. Because
the difference of the two keypoint detectors in SIFT and FG-SIFT, the number of key-
point features for the same image are also different. In Table 4, the number of features
of the 6 original test images in FG-SIFT is less than features in SIFT. FG-SIFT’s aver-
age execution time in descriptor generation is about 70% of the descriptor generation’s
execution time in SIFT.

We did another experiment to compare the execution time of FG-SIFT with SURF.
FG-SIFT has the similar timing performance with the fastest feature extraction algo-
rithm SURF. The total execution time for SURF to extract features from a VGA image
is about 3.4447 s. The number of features is about 1000. The total execution time of
FG-SIFT to extract 1000 features from the same VGA image is about 4.1507 s, which
is only 0.7 s less than SURF.

4.2 Accuracy Analysis

The accuracy analysis contains two parts: (1) accuracy in keypoint localization,
(2) accuracy of features generation and matching. The location of keypoints can effect
the accuracy of extracted feature, because the generation of features are based on the
neighbors of keypoints. The more distinctive region the keypoint’s location is, the
higher probability the keypoint’s features can be matched in the feature database. The
following content first analyzes the accuracy of keypoint localization, and then analyzes
the accuracy of extracted feature based on the location of keypoints.
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Fig. 7. SIFT and FG-SIFT keypoints in test images

Accuracy of Keypoint Localization. The goal of feature extraction is to find the fea-
tures for objects in the picture, so it is better to detect keypoints on objects other than the
background. As shown in Fig. 7, in the object images (a, b, c, d), the FG-SIFT keypoints
are mainly concentrated on objects other than the background in images, like flower,
sofa. The SIFT keypoints are decentralized and distributed all region of the images. In
the scene images (e, f), the plenty of SIFT keypoints are detected at the defocus region,
like sky and road, while the FG-SIFT keypoints are located at the distinctive region,
like mountains, trees and windows.

Accuracy of Keypoint Features. The accurate keypoint localization can reduce the
complexity in the following feature generation and matching, since the number of key-
points are much less. The execution time of descriptor generation can be reduced a lot.
However, even though the number of feature are decreased, the number of matched
feature is still needed to be ensured to achieve stable object or scene recognition.

Table 3 shows the conditions for testing the accuracy of SIFT and FG-SIFT. Figure 8
shows the FG-SIFT’s matching result of building image for different cases.

The matching performance is measured by 2 parameters: (1) utilization of fea-
tures(UF), (2) accuracy of matched features(AMF):

UF =
Number o f Matched Features

Number o f Features
(6)

AMF =
Number o f Correct Matched Features

Number o f Matched Features
(7)
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Table 3. Test condition

Case Rotation (angle) Resize (ratio)

Best case 3 0.95

Normal case 10 0.8

Worst case 30 0.6

Fig. 8. Building FG-SIFT matching: (a) best match, (b) normal match, (c) worst match

The number of features in the original image is selected as the denominator of
Eq. (6). Matched feature means that keypoint features in two different images have the
similar feature vectors. A feature is utilized for matching when a matched feature is
found in the transformed image. Because the keypoints localization are more accu-
rate, features generated based on keypoints in FG-SIFT are more representative for the
image, and therefore the accuracy of features is improved. UF indicates the accuracy of
generated features, and a higher UF is expected in the simulation.

Table 4. SIFT and FG-SIFT ’s features generation and matching in Normal Case

Feature in original image Features in scale-
angle changed image

Matched features Correct matched features UF (%) AMF (%)

SIFT FG SIFT FG SIFT FG SIFT FG SIFT FG SIFT FG

Flower 11048 4622 2961 2389 426 725 422 720 3.9 15.7 99.0 99.3

Butterfly 6390 3812 3884 3318 215 467 204 466 3.4 12.3 94.8 99.8

Cafe 3691 3754 3278 2542 72 438 65 420 1.9 11.7 88.9 95.8

DormDesk 5850 3752 2191 2938 366 428 264 425 6.3 11.4 72.1 99.3

Mountain 7472 6916 4163 4627 287 475 277 474 3.8 6.9 96.5 99.8

Building 6783 5883 5661 4386 253 387 251 387 3.7 6.6 99.2 100

Average 6869 4790 3689 3366 269 487 247 482 3.9 10.2 91.8 99.0

Correct match feature means that two matched features with the identical infor-
mation have the same coordinates after the transformation of angle and size. AMF
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Table 5. SIFT and FG-SIFT’s UF and AMF in best and worst case

Best case UF (%) Best case AMF (%) Worst case UF (%) Worst case AMF (%)

SIFT FG-SIFT SIFT FG-SIFT SIFT FG-SIFT SIFT FG-SIFT

Flower 17.77 30.31 98.37 99.79 0.69 1.10 30.26 58.82

Butterfly 20.44 24.42 99.77 1 1.24 1.63 58.23 82.26

Cafe 14.22 21.31 97.71 99.5 0.19 1.36 71.43 92.16

DormDesk 29.21 44.64 98.42 1 0.44 2.37 92.31 96.67

Mountain 36.83 51.30 99.13 1 0.08 0.59 50 92.68

Building 32.73 47.97 1 1 0.04 0.46 33.33 92.59

Average 25.2 36.66 98.9 99.88 0.45 1.25 55.93 85.86

expresses the accuracy of the matched feature. A higher AMF is expected in the simu-
lation.

In our experiment, the accuracy of FG-SIFT’s extracted features is compared with
SIFT, since SIFT has the best accuracy in feature generation and matching among the
three algorithms (SIFT, PCA-SIFT and SURF). The accuracy of FG-SIFT’s features is
higher than SIFT. From Table 4, the number of FG-SIFT features in original images
and scale-angle changed images is less than SIFT. However, the number of matched
FG-SIFT features is about 45% more than matched SIFT features. FG-SIFT’s UF is
about two times of SIFT. In addition, correctness rate of matched FG-SIFT features is
also higher than matched SIFT features. In Table 5, FG-SIFT’s UF and AMF in best case
matching and worst case matching are also higher than SIFT’s UF and AMF. Especially
in worst case, FG-SIFT’s UF is about 3 times of SIFT’s UF. And FG-SIFT has a great
increase in the accuracy of matched features. So, the accurate keypoints localization
not only can reduce the complexity in generating keypoints’ descriptors, but also can
increase the accuracy in feature generation and matching.

In addition, FG-SIFT has better performance in object recognition. Lots of SIFT
features are located at the background or defocus region, and many correct matched fea-
tures are not useful for object recognition. For example (Fig. 9(a)), 237 correct matched
features are located on the background. Only 44% of correct matched features can be
used to recognize the flower in the image. However, all FG-SIFT correct matched fea-
tures are located on the flower (Fig. 9(b)) in the image.

Fig. 9. Flower Matching: (a) SIFT matching, (b) FG-SIFT matching
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5 Conclusion

This paper proposed a novel FG-SIFT algorithm. In scale-space extrema detection
stage, FG-SIFT first computes the DoG in x dimension, and then computes the DoG in
y dimension. The extrema points are detected based on one DoG scale. Then, accurate
keypoints are located after rejecting low contrast and edge extrema points. Descrip-
tors are generated based on neighbors of keypoints in the input image in the corre-
sponding octave. FG-SIFT not only reduces the complexity of GSS, but also increases
the accuracy of feature extraction and matching and has better performance in object
recognition.
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Abstract. In this paper, we propose an adaptive fast playback frame-
work where multi-features are used to support arbitrary frame-rate video
playback. We introduce a Jenson noise-based difference (JSND) as a
distance measure between adjacent frames for video key frame extrac-
tion, and then present an interest learning model to control the playback
rate according to the user preference. The proposed “smart-skip” frame
schema not only helps users navigate the video content non-uniformly for
any variable playback rate, but also preserves video semantic informa-
tion to avoid the omission of important events. An overview+detail video
player offering users an immersive experience is implemented to browse
and comprehend the video content. Experimental results show that users
can quickly skim the video, understand the content, and navigate into
the content of interest.

Keywords: Video playback · Adaptive fast-forward · Interest learning
model · Overview+detail · Frame skipping transcoding

1 Introduction

Remote mobile video surveillance (RMVS) has a broad application prospect in
civil security, transportation and other fields. This type of mobile application
is not bound by time and place. However, due to the limitation of the network
environment such as bandwidth, heterogeneity and instability, RMVS brings
little effect in the process of real-time transmission. Furthermore, having limited
patience or time to watch the entire length of a video, users are obliged to
manually skim and fast-forward to locate content of interest so as to watch more
detailed information. This often involves tedious work on users’ part.
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 366–375, 2016.
DOI: 10.1007/978-3-319-48896-7 36
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Frame skipping transcoding technology is one of the key technologies to solve
the problems mentioned above, such as the methods in [2,15,16]. Via transform-
ing a precoded video bitstream into different formats to reduce the time reso-
lution of video stream, it becomes an effective method to meet the requirement
of heterogeneous network environment. The architecture of RMVS transcoding
diagram is shown in Fig. 1.

Fig. 1. The architecture of RMVS transcoding diagram

Traditional fixed interval frame skipping strategy is simple and low-cost. But
due to neglect of video frame features, this strategy may well result in “bad”
frame sequences, where static segments [17] with huge information redundancy
take up a larger proportion than dynamic segments with significant activities.
Worse still, the significant segments are too short to be captured by the human
eye in the process of video acceleration. These “bad segments” can cause dis-
continuous motions which affect the visual perception and degrade the overall
video quality.

Recently, Many content-based video players have been realized, such as the
work in [7,9,10]. Höferlin presents a method to adapt the playback velocity of
the video to the temporal information density in [7]. The author also proposes a
blending approach to cope with arbitrary playback speeds. However, the blending
of multiple similar frames with subtle distinction or small motions will result in
blurry frames which are so difficult to identify that users misunderstand video
content. In [9,10], X. Zhang et al. put forward a non-uniform sampling function
based on mutual information.

Video interaction tools can greatly improve the efficiency of browsing videos
such as [13]. Schoeffman et al. in [14] have carried out a survey of recent work
on interaction tools. In [4], Christmann et al. introduce a dynamic 3D picture
collections system to visual search.

In this paper, we present an adaptive fast playback framework and design an
overview+detail interface to skim the lengthy video content fastly in overview
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mode and browse interested parts in detail mode. In general, the advantages of
our proposed method are as follows:

– We improve our proposed relative entropy measure [6,17] by changing the
difference between video frames to the difference between the temporal noise
and the frame difference distribution. Such an improvement avoids the static
changes and enhances robustness to noise.

– The interface of video player provides users with a feeling of immersive expe-
rience to help users to fast-forward lengthy and boring content and slow down
when watching the significant parts in fine detail.

– An interest learning mechanism is adopted to adjust the playback rates accord-
ing to the user preference.

– A smart-skip frame schema for sub-shots helps to delete the possible redundant
frames and select the most salient set of frames to achieve ideal playback rate.

The remainder of this paper is organized as follows. The next section presents
the quantified process of the temporal video data. A smart player with smart-
skip fast forward playback mode is stated detailedly in Sect. 3. The visualization
browsing interface is displayed in Sect. 4. We compare regular frame skipping
and dynamic frame skipping transcoding algorithm in Sect. 5. The final section
gives the conclusions and future work.

2 Quantization of Temporal Video Data

2.1 Video Data Modeling Using JSND

In this paper, a distance measure (JSND) between the temporal noise and the
frame difference distribution based on JSD is introduced. Concretely, we compute
the distance between each two adjacent frames, fi and fi+1, by Eq. 1 on behalf
of the activity intensity for the fi frame, which is defined as:

JSND(i) = JSND(Di‖Ni) =
∑
i

p(dj) log2

(
p(dj)
p(nj)

)
(1)

Here, p(dj) and p(nj) are respectively the discrete difference image distribution
and the estimated noise probability distribution of fi, and the Di is the absolute
frame difference between fi and f(i+1), and then Ni is the temporal noise of
fi. The index i and j denote a particular bin of the distribution histogram and
order of the temporal frame sequence, respectively.

Combined with the powerful extreme studentized deviate (ESD) test [6], the
proposed measure can detect shot boundaries with distance ratios of inter-frame
JSND automatically. Then a shot is partitioned into a succession of concate-
nated sub-shots, by using the borders of all the sub-shots with significant con-
tent changes. These sub-shots are dynamic parts with abrupt content changes.
Namely, the remaining parts are all static sub-shots. Finally, key frames are
selected from these two type sub-shots with different extraction algorithms.
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2.2 User Behavior Learning Model

We present a method to adapt the playback rate of the video according to tem-
poral JSND so that users can browse videos under controlled cognitive load.
Different users have respective preferences and tolerances with respect to play-
back rate. Except the basic control buttons (play, pause, previous and next), we
further employ an interest learning model that adapts playback speed accord-
ing to the user preference. Users can stop the playing video and then circle the
interested parts in red rectangle as shown in Fig. 2. Then the player calculates
the similarity between the subsequent frames and picked parts [12] in the back-
ground. The left and right side 1© of the player are lined with the “past” and
“future” scenery as well as interested events, respectively. The “past” shows
viewed events and the “future” indicates coming events. Besides, we design an
interest learning interface 2© which influences the value of the interest level (IL)
in Eq. 2.

IL(i) =
i ∗ (max(JSND(i)) − min(JSND(i)))

5
(2)

where the index of IL i is between 1 and 5. The color of circle represents event
types and the radius expresses interest levels which will change synchronously
with the number of same color clicks of user in the other sub-shots. If, for
instance, users add the green one (current IL values 4) in the third sub-shot,
then the same color in the fourth sub-shot changes synchronously in Fig. 2.

In this paper, JSND and IL are joint considered as the complexity measure
to define the importance degree (ID) of the i-th frame in Eq. 3.

ID(i) = ω1JSND(i) + ω2IL(i) (3)

where ω1 and ω2 (both initial values are 0.5) are corresponding weights. The
bigger the value is, the greater the impact on ID is. Meanwhile, the player can
also learn users’ underlying behavior pattern by some factors 5© such as sliding
speed, direction and frequency on the time bar [1,5,8]. These factors have an
effect on the value of ω2.

After the above video sequence processing, we can obtain the temporal quan-
tized video sequence with the corresponding ID and key frames in each sub-shot.
Accordingly, we allocate the playback time in proportion to the ID. However, in
general users prefer to gradually increase the playback speed, allowing their eyes
to accommodate to a higher playback speed. So we apply the average of the ID
within a sub-shot to maintain a constant playback speed in Eq. 4.

vout =
( 1
U )

∑
i IDi

rtarget
voriginal (4)

where U is the number of the sub-shot, voriginal is the original playback speed,
vout is the output speed with a sub-shot and rtarget is the desired activity inten-
sity [11]. Accordingly, the system plays the video content automatically similar
to the car inertial navigation and fast-forwardly similar to the car high-speed
operation.
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Fig. 2. The interest learning model: 1© is the viewed and upcoming interest events;
2© is an interest learning interface; red and green button 3© is used to switch back and
forth between Figs. 2 and 5; 4© is the sub-shot sequence marked at regular intervals in
ascending order; 5© is the time progress for every sub-shot.

3 A Smart Player with Smart-Skip Fast Forward
Playback Mode

Having a video with long duration, users hope to do content-based fast-forward
playback that preserves important semantic information. A smart-skip algo-
rithms is adopted to sampling each sub-shot. Considering users’ limited browsing
time and constraints of processor frame rate, selecting a larger sampling interval
arises as a natural solution. Along with visual dithering phenomenon, it is not
an ideal solution. Hence, we come up with a novel frame skipping algorithm,
the core of which has two steps. The first is to obtain a proper number of video
frames depending on the loss function. The next step is similar to the integration
of the human eyes when playing the video at a high rate.

In this paper, whether a frame should be skipped or not is determined by
two factors (activity continuity and the loss of importance). Due to video encod-
ing, motion vectors are available, which explains how fast the content changes.
Suppose that the temporal quantified data in sub-shots can be represented by a
set of f in Eq. 5.

{f1 · · · fi−1︸ ︷︷ ︸
Q1

| fi · · · fj︸ ︷︷ ︸
Q2

|fj+1 · · · | fa · · · fk · · · fb︸ ︷︷ ︸
Qi

| · · · fm−1| fm · · · fN︸ ︷︷ ︸
QL

} (5)

where fi denotes the i − th frame and the subset from fa to fb is Qi.
Motion vector considers only the motion of current frame corresponding to

previous frame without analyzing the motion change. If there are continuous
frames having high motion vector values without obvious difference, that means
no abrupt change will happen. Here, we use motion change instead of motion
vector [15] to express the activity continuity. If motion vector between fi−1 and
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fi is mvfi , the motion change from fi−1 to fi+1 is ∇mvfi = mvfi+1 − mvfi . If
we skip the frame fi, then the motion change is ∇mvfi = mvfi+1 + mvfi . Thus,
we get the motion change of the i − th frame ‖∇mvfi

− ∇mvfi‖ to represent
the loss of continuity and the impacts on jerky effect. The other impact factor is
the ID. Then, we define the loss degree due the lack of fi and get the minimum
value of min{∇fi} in Eq. 6. Hence, the loss function of a sub-shot is defined in
Eq. 7.

∇fi = ‖∇mvfi
− ∇mvfi‖ ∗ ID(fi) (6)

�loss =
L∑

i=1

min(∇fi). (7)

The whole blending procedure is shown as follows:
Suppose that we label the original sub-shot as {f1 ∼ fN}, the output blending

frame sequence as {r1 ∼ rM}, and the middle transition sequence as {m1 ∼ mL}
(mi ∈ Q(i)). L is given by the accelerated magnification adjusted by users.
Sequencely, one frame is extracted from a certain subset Qi with the interval
of b-a+1 frames. If the frame index at time i (1 ≤ i ≤ N) is denoted by I(i).
According to the above definitions of parameters, we get the relations in Eq. 8.

⎧⎨
⎩
I(fa) = (I(mi) + I(mi−1))/2 (1 ≤ i ≤ L)

I(mi) =
b∑

i=a

[I(fi) ∗ ID(fi)]
/ b∑

i=a

ID(fi)
(8)

The updated method of {Qi} is as same as that proposed in [9], so we can
get intermediary layer{m1 ∼ mL} with the lowest distortion.

While considering a condition of the human eye called persistence of vision,
Human Visual System (HVS) is insensitive to the filtered frame sequence dur-
ing the fast-forward playing. Via throwing suitable L frames to cope with the
restraint of playback frame rate, the video quality will be reduced but not affect
browsing experience. Then we adopt the blending theory proposed in [7] to fuse
the middle sequence into M output frames. The final output {r1 ∼ rM} is got
as shown in Fig. 3(3).

The superiority compared with [7] is mainly embodied in introducing the
concept of shot, which reduces the cognitive psychological burden caused by
many similar frames and has better performance than that simply employing
the JSND of a frame. What’s more, we utilize the video encoding which creates
many motion vector for each recoding blending frame.

When users implement the deceleration operation, the current output frame
is probably blended. Note that all the speed adjustments are based on (1) in
Fig. 3, so we should configure the start point for replaying. In other words, we
need to select a mapping between the output (2) and the input (3). Suppose
that the frame rate remains unchanged and the current frame ri is blended with
ti and ti+1 at time tcurrent. We apply the mapping rule with the start point at
the first frame ti at t2 instead of the proportional way at t3 so that the output
start point at mi not mi+3 ensures the continuity of “layer-to-layer” skipping
between frames and avoids loses the information of frame ti.
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Fig. 3. The method of selecting the replay point during deceleration

4 User Interface

An overview+detail navigation with the metaphor of “scenic car driving” [3]
assists users to understand the video content quickly in Fig. 4. Similar to drivers
who adjust their speeds according to road conditions, we propose the following
features.

Fig. 4. Browsing video frames in details

– The browsing interface in detail mode [17]: when the scenery is complex and
interesting, drivers tend to slow down to get a better look. In Fig. 4, users can
see the details from a different perspective and get a deep understanding of
video content.

– The fast forward interface in overview mode: when the scenery is boring,
drivers tend to speed up and skip it. A user-centric “car steering wheel” in the
middle of control panel dashboard, see Fig. 5, is put into effect by user’s manual
speed adjustment for preferred speeds. It consists of two speed controllers,
where the left counts the integer part and the right counts the fractional part.
Here, we label Snormal as initial speed, Smin and Rmin as the minimum speed
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Fig. 5. Detail manual speeds adjustment

and times, and Smax and Rmax as the maximum speed and times. All of
them are within physical limitation of the device. What’s more, the part in
the middle of two controllers is used to express that how long user’s desirable
time 2© is when the player goes somewhere at normal speed, as shown in Fig. 5
1©. The adjusted speed Soutput is given in Eq. 9.

Soutput = (Rinput − 1)
Smax − Snormal

Rmax − 1
+ Snormal (9)

5 Experimental Results

To evaluate the performance of our method on a long time RMVS, we collect
over 30 videos involving surveillance videos of traffic intersection, home fire and
test them by arranging a group of users to watch the final sampling results. We
compare our method with the standard video player without the content-based
fast-forward video playing.

A video of the fire scene(07:28 min duration) is encoded in MPEG-4 with
25 frame rate and 640 × 480 frame size. The whole video has 10107 frames, a
large value of Rinput (84.2 with the video segments from frame #252 to #1010)
is tested. The result shown in Fig. 6 shows that when the large Rinput is set,
the standard player (a) loses events such as the 4th and 14th frame in red.
The user study has, thus, demonstrated that our method can grasp the salient
information, and avoid the omission of the important events ignored by the
traditional method without the constraint of playback rate.

Besides, eighteen undergraduate students (six female) participated in the
experiment. Then we asked them for their subjective impressions and prefer-
ences regarding the two player. Sixteen of them prefer our system than standard
interface; one people doesn’t have clear preference and he thinks the standard
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(a) Regular Frame Skipping

(b) Dynamic Non-uniform Frame Skipping

Fig. 6. Example of two different algorithms for video fast forward.

one has already satisfied his requirement; one people prefers the traditional one
due to familiarity and less effort demand; eight users express that the automatic
playback mode has provides them a wonderful experience.

6 Conclusion

In this paper, we propose a smart player which allows users browsing surveil-
lance videos in a “smart-skip” fast-forward mode based on the semantic video
content. This player automatically adjusts playback speed utilizing the JSND
measure. In addition, it is capable of studying behaviour pattern of user by an
interest learning model and playback habit on the time slider. Moreover, we pro-
pose an adaptive frame skipping algorithm for any variable playback rate. An
overview+detail interface with the metaphor of “driving scene”, is implemented
on mobile platform, to help users to browse video content quickly. Experimental
results show that our algorithm avoids users blundering away their interested
parts effectively and provides them a rich and wonderful experience.

As for the future work, we intend to carry out a more user study to com-
pare our video browser with the other video players to evaluate the browsing
performance.
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Abstract. Fully convolutional networks can be used to perform end-to-
end saliency detection, but pooling operations generate low-resolution
results. We propose a novel recurrent architecture to generate and to
refine the saliency maps. We firstly train a deep FCN (fully convolutional
networks) to extract multi deep features and saliency features(denote as
doublefeatures), then we feed the doublefeatures into the recurrent
FCN. After each loop, the recurrent architecture generates new saliency
features and saliency maps with higher resolutions and quality. We eval-
uate our method on many datasets, and our RDF outperforms state-of-
the-art saliency detection methods.

Keywords: Salient object detection · Recurrent · Double feature · Fully
convolutional networks · Refinement · Multi scale · RDF

1 Introduction

Salient object detection is a challenging computer vision task. It aims to find
the most visually distinctive objects in an image. Different from predicting eye-
fixations in images, a salient object detection algorithm need to find the object
position and segment the object boundaries. Salient object detection is more
useful in many computer vision tasks and it can serve as a pre-processing step.

Salient object detection can be saw as a dense estimation task, which uses
saliency maps to show estimation results. Thus, a pixel-wise estimation is needed.
Recently, convolutional neural networks (CNNs) are employed and achieve bet-
ter results than previous state-of-the-art methods [14,16,18]. ConvNet exact
more robust features than handcrafted, and it has been widely used in many
computer vision tasks. More importantly, convolutional layers generate features
with local information, and this characteristic has been used in many dense
estimation tasks, such as scene labeling [21], semantic segmentation [18], depth
estimation [5], etc. Most these works use fully convolutional networks in their
approaches, as FCNs maintain more local information than traditional CNNs.
But, unfortunately, pooling operations in FCNs generate low resolution feature
maps and loss local information.

c© Springer International Publishing AG 2016
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Thus, Refinement is an important part for dense estimation using fully convo-
lutional networks. Recently, many approaches proposed methods for refinement,
such as deconvolution and unpooling [19], using fine feed forward networks [5].
Besides, some approaches [9,16,27] use pre-segmentations to generate high reso-
lution results. However, we notice that each pooling layer loses local information,
while deconvolution, unpooling and some other methods only recover a part of
local information. We aim to refine the results using all the local information,
and we propose a novel approach to refine the dense maps step by step using a
recurrent fully convolutional network. In this way, all the features before pooling
layers are used for refinement.

In conclusion, this paper has the following contributions:

– We propose an architecture to extract deep features and saliency features for
refining the dense estimation results.

– In each step, we proposed a method to merge the new saliency features and
deep features as new doublefeatures, and we use these features to generate
high-resolution and high quality saliency map.

– Most importantly, we introduce recurrent fully convolutional networks to
refine the dense estimation recurrently. We treat the multi-scale deep features
and the generated saliency features in each step as time sequences, which can
be used in recurrent architecture.

2 Related Works

2.1 Saliency Object Detection

For most saliency detection methods [6,7,13,23,24], low-level features, includ-
ing colors, intensities, contrasts are important information for detecting salient
objects. However, learning technique was also used in saliency detection mod-
els [9,12,16,17,22,27], but most of them were based on the hand-crafted fea-
tures. Recently, with the development of segmentation algorithm [2], region
based methods become popular. Above all, region or superpixel based meth-
ods [4,8,9,16,20,25,27] maintain the shape of objects, while a pixel-based
method always generate a fuzzy estimation [1,11,17]. Since the advantage of
region based features and learning technic, some powerful methods such as MC
and MDF based on both superpixel segmentation and deep learning achieved
better results. Nevertheless, we propose a novel coarse-to-fine approach.

2.2 Convolutional Neural Networks for Dense Estimation

Many computer vision tasks, including salient object detection, can be saw as
a dense estimation task. [18] employ a FCN for semantic segmentation with no
refinement, thus the objects have unclear boundaries. [5] use two deep networks
to estimate depth in a single image, the results of the first network are directly
fed into the other fine network. [21] introduce recurrent convolutional network
for scene labeling, the results are refined by recurrently inputting the previous
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outputs and the source images, but the final results only have a few improvements
over the first results.

Unlike the previous approaches, we extract multi-scale deep features as local
information and saliency features as salient information instead of directly using
previous outputs as [5,21].

3 Our Approach

We introduced a deep architecture based on fully convolutional networks for
salient object detection. We employ a pre-trained deep network (VGG16Net) to
extract deep features and to generate a small saliency map with low resolution by
fine turning. Specially, We use features from two layers for fine turning. And we
introduce a recurrent architecture to generate fine and high resolution saliency
maps. For each loop, deep features from two different layers are concatenated in
depth. A layer in the pre-trained deep networks provides the local information,
and a layer before the output layer provides the features for saliency detection.
And we call the those features double feature. Then those features are fed into
a small fully convolutional neural networks which have the same parameters
in all the loops. The architecture of our networks is described in Sect. 3.1, and
we discuss how the deep features are looped for saliency detection in Sect. 3.2
(Fig. 1).

3.1 Deep Networks for Generating Double Features

Our architecture can be divided into two parts, a feed forward fully convolutional
network and a recurrent FCN.

In the first part, a 16 layers’ VGGNet is employed. We remove all the fully
connected layers and add four extra convolutional layers, then fine turn the
new network. Notice that only the extra layers are updated during training.
Specially, for fine turning the network and generating saliency maps with higher
resolution, we upsample the features from the last convolutional layer in the
original VGGNet, and concatenate them with the features from the convolutional
layer before the nearest pooling layer. For training, we pad the source images with
zero to square instances and then resize them to the size of 256 × 256. Finally,
this feed forward FCN generates a saliency map at the size with 32 × 32. And
giving the ground truth G, the lost function is a binary cross-entropy between
the predicted saliency map and G.

3.2 Recurrent Refinement Approach

For refinement, we introduce a recurrent architecture to combine deep features
and saliency features. As described in Sect. 1, FCN is effective and efficient in
dense estimation task, but pooling layers subsample of the feature maps. In
order to recover the lost information, we combine the saliency features, which
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Fig. 1. The architecture of our model. The recurrent part is shown using time-unfolded
computation graph. The convolutional layers in white have fixed weights, while yellow
instances have shared weights, and blue instances have unshared weights. (Color figure
online)

are useful for saliency detection, and the deep features with higher resolutions,
which maintain more local information.

In each step, we concatenate the upsampled saliency features and the deep
features which have twice width and height than the saliency features. Then
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the concatenated doublefeatures are fed into a convolutional layer which has
different parameters but has the same channels of convolutional kernels in each
loop. So that the feature maps that inputted into the recurrent convolutional
networks have same size in depth.

The initial saliency maps have the resolution of 32× 32, and after each loop,
we get refined saliency maps with twice size of width and height. And finally, we
can get full size and fine saliency maps. Giving an input image, our recurrent
architecture generates three saliency maps (Loop1, Loop2 and Loop3). Denote
their ground truths as G1, G2 and G3, and the lost function is

L = a1LE(Loop1, G1) + a2LE(Loop2, G2) + a3LE(Loop3, G3) (1)

where LE is a binary cross-entropy function and a1, a2, a3 are constant values.
In our work, we use a1 = a2 = a3 = 1.

4 Experiment

4.1 Dataset

For experiment and evaluation, we use several datasets, including MSRA10K [4],
HKU-IS [16], ASD [1] and iCoseg [3]. MSRA10K is a large dataset including
10000 images, and most of our training instances are from this dataset. HKU-IS
was introduced by Li et al. [16]. In this dataset, there are more multi-object, big
and small instances. iCoseg was firstly introduced for image segmentation, and
recently it was used for evaluating saliency detection. ASD is popularly used in
many saliency detection approaches, but there are overlaps between the instance
of ASD and MSRA10K, so we remove the overlapped images in the ASD dataset,
thus more than 900 images are used for testing.

4.2 Implement Details

As described in Sect. 3.1, we cut the three fully connected layers of the original
VGGNet, and multi-scale features from two convolutional layers are combined by
a upsample layer and a concatenate layer. We add four convolutional layers with
the kernel sizes of 1024 × 3 × 3, 512 × 1 × 1, 256 × 5 × 5 and 1 × 1 × 1, where
the three dimensions respective represent kernel channels, width and height.

In the recurrent model, we extract upsampled saliency features and deep
features with batch normalization [10] and concatenate them. Then, in order
to unify the channels of the feature maps in each loop, the doublefeatures are
passed thought a convolutional layer which has the kernel size of 256 × 1 × 1.
The recurrent fully convolutional networks consist of four convolutional layers,
which have the kernel sizes of 256 × 3 × 3, 128 × 3 × 3, 96 × 1 × 1, and 1 × 1 × 1,
and the last one is a output layer with a sigmoid activation function.

We randomly divided MSRA10K dataset into three parts, 8000 for training,
1000 for validation and 1000 for testing. For training, we use the training set
of HKU-IS and MSRA10K. And we use the validation set of those two datasets
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Fig. 2. Evaluate our results by PR-curve and F-Measure on MSRA10K testing dataset.
Including our deep FCN and the three output of the recurrent refinement network.

for validation. We pad the source images to square images and then subsample
them to the size of 256 × 256 as input. Firstly, we train the feed forward part
using a fixed learning rate. Secondly, we fix the parameters in the feed forward
networks and train our recurrent networks using a fixed learning rate.

While testing, we use the same strategy of padding and resizing, and then
generate fixed size (256 × 256) saliency maps. And after cropping and resizing,
we can achieve the final saliency maps.

4.3 Evaluate Our Results

In this section, we evaluate and compare our results generated by the proposed
model, including the initial results of the deep FCN (denoted as OurFCN), the
results after each looping (denoted as Loop1, Loop2, and Loop3). Additionally,
Loop3 is our final result, it is also denoted as RDF .

On MSRA10K dataset, we calculate the PR-curve and max F-Measure as
shown in Fig. 2. The max F-Measure calculated from the PR-curve of OurFCN
is 0.8469, while the final refined result achieve the score of 0.9085, which improve
the performance about 7.28%. It can be inferred that the recurrent architecture
improve the performance a lot.

4.4 Comparison with the State of the Art

We also compare our method with several state of the art method. Including
MDF [16], MC [27], DRFI [9], RRWR [15], RC [4], HS [26] and FT [1]. We
use four datasets to evaluate the performances, including HKU-IS, MSRA10K,
iCoseg and ASD, Due to that some methods used training sets which overlap
with the MSRA10K and ASD dataset, we didn’t compare with these methods
on the overlapped datasets.

We show the saliency maps of these methods in Fig. 3. The proposed method
RDF can better detect salient objects. As shown in the first five images, our
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Fig. 3. Compare with the state of the art methods. Each two rows make up a group of
instances. From left to right in the first row of each group: source image, our FCN, our
loop 1 result, our loop 2 result, our RDF (loop 3), Ground Truth. From left to right in
the second row of each group: FT, MDF, RC, MC, HS, RRWR
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RDF method is the most similar to the ground truth. However, in the last image,
our method failed to detect and cover the whole object area.

The same as [16], we draw the PR-curve and calculate F-Measure to evaluate
the performances of salient object detection methods. The results are shown in
Fig. 4.

5 Conclusion

As traditional FCN generate low resolution results, we propose a novel recurrent
architecture to generate high resolution saliency maps. We use a deep FCN to
extract multi deep features and the initial saliency features for the recurrent
architecture, then we feed the doublefeatures into the recurrent FCN. We treat
the multi scale doublefeatures as time sequences, and recurrently feed the new
doublefeatures generated from previous time step into a recurrent FCN. Finally,
the proposed approach can generate full size saliency maps. We evaluate our
method on 4 popular datasets, and our RDF achieves the best performance.
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Abstract. Video key frame extraction is a video summarization tech-
nique which is used to recapitulate and describe the most important
segments of video sequence. Video clips containing motion information
are more likely to draw users’ attention. Accordingly, we propose a novel
key frame extraction scheme based on motion vector. A video sequence
is partitioned into shots by distance between consecutive video frames
calculated by Relative Entropy (RE). Difference of magnitude of motion
vector between neighboring video images within a shot is computed to
localize video clips containing significant content changes. And such seg-
ments are defined as active sub-shots in this paper. The key frames are
extracted from each active sub-shots and other inactive sub-shots by
exploiting different algorithms. Experimental results show that our pro-
posed method obtains exact and complete results in video key frame
extraction.

Keywords: Key frame extraction · Motion vector

1 Introduction

With the sustained development of Internet video technology, video browsing
becomes a principal way of obtaining information for people. Due to the explo-
sive growth of video data volume, it is hard to understand the meaning of a huge
amount of video information efficiently. Video key frame satisfies this require-
ment and provides an effective, comprehensive and accurate way for users to
understand main content of video [11,15]. In order to obtain optimized results
of key frame extraction, the design of extraction algorithm should conform to
users’ thought as much as possible. Apparently, more attention should be paid
to the clips containing obvious changes than others [9]. It is crucial to localize
significant video clips for improving accuracy of extraction. Therefore, a video
sequence is firstly partitioned into a succession of concatenated shots based on
the previously proposed methods in [5]. Then we exploit motion information
as a an objective criteria directly, and propose a delicate sub-shots detection
c© Springer International Publishing AG 2016
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approach based on motion vector. Magnitude of motion vector of each frame
within a shot is calculated as a measure. If difference of magnitude of motion
vector between current frame and next frame is larger than the mean value of
this shot, current frame is considered as an active frame. Then weakly contin-
uous active frames (it may have a few inactive frames) construct a video clip
including significant content changes, namely, active sub-shot. Key frames are
selected from each active sub-shot to obtain a result satisfying users’ concerns
and inactive sub-shots whose time duration is long enough to draw users’ atten-
tion. It ensures the proposed technique could provide more exact and complete
results of video key frame extraction. Consequently, our new approach has better
performance than that of video key frame extraction simply employing RE.

The remainder of the paper is structured as follows. In Sect. 2, related work of
segmenting video shot boundary is reviewed. Our proposed method of extracting
key frames based on motion vector is summarized in Sect. 3. Experimental results
are reported in Sect. 4, and finally Sect. 5 concludes the paper.

2 Related Work

Previous researchers have conducted copious studies on key frames extraction
algorithms. Survey works [11,15] are the summarization of them for readers to
consult. Since its compact mechanism and high efficiency, shot-based key frame
extraction technique is considered as a best choice for practical application [7,14].
It has been demonstrated that information theoretic measures are suitable to be
a measure of distance between video frames in key frame extraction algorithms
[2,3], some characteristic examples based on information theory are shown in
[10,13,16,17]. Mentzelopoulos et al. [10] propose a simple technique that differ-
ence between Shannon entropies of consecutive frames is calculated as a met-
ric to determine video key frames. Key frames will be picked when the sum of
Entropy Difference reaches threshold. Although the method is efficient, the result
is not very satisfactory. C̆erneková et al. [16] present a work that compute the
joint probability distribution between two images to obtain Mutual Information,
which reflects the variation of video content. It really works, but fails to guar-
antee correctness in the case of conspicuous motion occurs. Omidyeganeh et al.
[13] exploit the Kullback-Leibler divergence to measure distance between frames
and detect shot and sub-shot boundaries. And then, key frames are picked from
sub-shots. Due to the mechanism of selecting key frames requires a large number
of compare to obtain a unique frame which is most-similar to the frames in the
sub-shot and the most dissimilar to the others, its execution efficiency is very
low. A scheme based on Jensen-Renyi Divergence has a great performance on
key frame selection is shown in [17]. However, the accurate result relies on pre-
setting an optimum value and each video has its own optimum value. Therefore,
it is hard to get a standard value to adapt any type of video. An efficient and
general method based on RE and Extreme Studentized Deviate Test is shown
in [5], which provide an adaptive optimum value to segment shots for any kind
of video. Moreover, it also has a good performance on significant content change
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detection, but it is insensitive to the motion without significant color change.
Chong-Wah Ngo et al. [12] proposed a thinking which exploits motion attention
modeling to highlight significant video clips. In this paper, we proposed a novel
sub-shot detection method based on motion vector. It is on the basis of exact
shot partition by previous work [5] and improves the results of motion detection
than before.

3 Proposed Approach for Key Frame Extraction

For a shot-based video key frame extraction method, firstly video sequence is
divided into shots by a robust shot boundary detection method proposed in our
previous work [5], and then we reform process of detecting sub-shots by replacing
information theoretic measures based on color histogram with motion vector.
Within a shot, video clips with obvious change of motion vector is marked as
active sub-shots, the other segments are inactive sub-shots. We extract one key
frame in each active sub-shot and long enough inactive sub-shot. We are going
to give a detailed description of motion vector and sub-shot detection method
in Subsects. 3.1.1 and 3.1.2, respectively.

3.1 A New Sub-shot Boundary Detection Method

Sub-shot boundary detection implement on the basis of shots partition. Firstly,
motion vector is computed to represent how video contents change. Then, active
sub-shots is detected by matching weakly continuous pattern which are detailed
in Subsects. 3.1.2.

3.1.1 Motion Vector
Motion vector is a measure of the degree of contents change. The higher mag-
nitude of motion vector is, the faster video contents change. The core computa-
tional mechanism of motion vector is that each frame is divided into blocks,
and each block has a most similar matching block in next frame. Displace-
ment between current block and best matching block is computed to become
the motion vector of current block. We exploit a well-known search algorithm
“Three Step Search” [6] which has low search times and preferable result with
Mean Absolute Difference (MAD) to search the best matching block. If there
exists displacement (i0, j0) let MAD get the minimal value, then this displace-
ment is the motion vector of current block (MVblock),

MADblock(i, j) =
1

MN

M∑
m=1

N∑
n=1

|fc(m,n) − fc+1(m + i, n + j)| , (1)

here (i, j) is displacement, M and N is the height and width of a block. fc is
current frame, fc+1 is next frame. fc(m,n) is the pixel value of point (m,n). Sum
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Fig. 1. A motion vector curve of test video.

of blocks motion vector represents how fast content of current frame changes,

MVframe =
T∑

t=1

MVblock(t), (2)

MVi =
MVframe(i)

max(MVframe)
, (3)

here T is the total block number of a frame. MVframe is the sum of all MVblock

within current frame, MVi is a normalized metric of current frame and final
result obtained from the original video. With frames changing, the curve of
motion vector is shown in Fig. 1.

3.1.2 Sub-shot Boundary Detection
Several undulant segments can be observed in motion vector curve shown in
Fig. 1. These curve segments practically match active sub-shots. The core mech-
anism of sub-shot detection scheme is locating undulant parts of motion vector
curve and thus active sub-shots is detected. We are going to ensure the boundary
of active sub-shots and extract key frames by the result of sub-shot detection.

In order to detect the boundary of undulant fragment, within a shot, absolute
value of motion vector difference between two consecutive frames (DMV ) is
calculated to evaluate the degree of fluctuation,

DMAa = |MVa −MVa+1| , (4)

here DMVa is a measure of degree of fluctuation at frame a. A higher DMVa

value of current frame represents the frame has obvious changes of state of motion
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Fig. 2. An example of weakly continuous pattern. Frames corresponding low DMV
value are marked by red circles. (Color figure online)

between frame a and a+1, and vice versa. We exploit DMV as a measure rather
MV , because MV just represents how fast video contents change and is similar
to “velocity”. If there are continuous high MV value without obvious difference,
no abrupt change will happen. Contents change can be found in such clips,
but it is regular and internal frames are parallel. For instance, there is a man
running fast in a video clip, which will cause continuous high MV occurs, but its
value is subequal. Such clips with regular motion cannot be classified as active
sub-shots. Relatively, DMV is more like “acceleration” which could reflect how
MV changes. We consider that clips corresponding continuous high DMV value
match the undulant segments, and namely ensure active sub-shots. In reality,
due to the uncertainly of motion, the situation that continuous high DMV value
mixed a handful of low DMV value may happen. If we detect sub-shots boundary
in according with the principle that high DMV value must be continuous, an
entire movement process is likely to being divided into several relevant active sub-
shots, which will result in the generation of redundancy. In order to guarantee the
integrity of motion and reduce redundancy, we locate the boundary of active sub-
shots by matching the pattern of weakly continuous high DMV value. Weakly
continuous pattern allow the appearance of continual frames corresponding low
DMV value whose length is less than L. Weakly continuous pattern can also be
considered as a combination of strict sub-shots detection and clustering. This
procedure ensures the integrity of each movement and reduces noise interference.
An example of weakly continuous pattern is shown in Fig. 2. According to our
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repetitive test, here L is taken as 12 (FPS of test video is 24 and we consider
half second is a appropriate length).

3.2 Key Frames Extraction

The strategy of key frame extraction is based on the result of sub-shots bound-
aries detection. We obtain the boundaries of active sub-shots and namely ensure
the inactive sub-shots. In terms of the partition of sub-shots, the criteria of key
frames extraction is as follows.

1. If there is at least one active sub-shot in a shot, we extract key frames from all
active sub-shots and inactive sub-shots whose length is more than 24 frames
(FPS of test video is 24).

2. If there is no active sub-shots in a shot, we consider such shots as inactive
sub-shots.

3. For the active sub-shots, we choose the frames which have minimum sum of
RE difference between other frames and itself as key frames.

4. For the inactive sub-shots, we select the middle frame as key frames.

4 Experimental Result

In order to verify the effect of the proposed scheme and guarantee the accuracy
of results, we exploit same shot boundary detection algorithm (RE). The main
distinction is that basis of dividing sub-shots is change of color or motion vector.
Therefore, in our experiment, we compare previous method based on RE with
our proposed motion vector driven technique.

Test videos consist of common videos containing obvious motion and some
sports videos. Sports videos, such as football videos and basketball videos, usu-
ally have a lot of object and camera motions and less changes of scene.

For instance, test video “NBA04” is divided into 6 shots by RE driven shot
detection method. Due to the few scene changes and color changes caused by
motion of players within a basketball video shot, there is no sub-shots found

(a) RE

(b) RE with motion vector

Fig. 3. Contrast of two methods on video “NBA04”.
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(a) RE

(b) RE with motion vector

Fig. 4. Contrast of two methods in a shot of video “NBA04”. More detailed and sig-
nificant key frames are extracted by our new method. Five key frames extracted within
this shot respectively represent “interception”, “dribble”, “positioning”, “shoot” and
“defence”.

by previous method. Comparatively, on one hand, our new method can provide
robust results in the case of no motion occurs. One the other hand, our new
scheme provides more meaningful results for users than RE. As is shown in
Fig. 3, previous method simply extracts middle frames as key frames while our
new scheme extracts key frames from detected active sub-shots. Besides, our new
method can provide more detailed results. As is shown in Fig. 4, for a same shot,

Table 1. VSE and FID of test video.

RE RE with MV

No FID VSE No FID VSE No FID VSE No FID VSE

1 0.81 76.32 15 0.25 790.4 1 0.81 60.91 15 0.32 587.59

2 0.60 73.07 16 0.38 667.17 2 0.60 60.14 16 0.44 490.47

3 0.36 493.39 17 0.22 812.36 3 0.37 454.17 17 0.33 533.84

4 0.371 665.45 18 0.37 656.89 4 0.40 507.64 18 0.47 433.46

5 0.36 673.56 19 0.28 778.08 5 0.37 586.93 19 0.36 485.82

6 0.40 625.45 20 0.30 730.34 6 0.42 407.46 20 0.41 520.75

7 0.28 762.84 21 0.29 736.25 7 0.40 467.78 21 0.35 574.46

8 0.33 690.30 22 0.33 689.92 8 0.37 414.70 22 0.31 615.23

9 0.34 672.12 23 0.34 744.33 9 0.37 452.96 23 0.44 526.58

10 0.31 728.44 24 0.37 651.34 10 0.40 438.6 24 0.42 434.97

11 0.40 642.93 25 0.33 682.41 11 0.50 385.73 25 0.47 440.45

12 0.40 654.13 26 0.21 813.94 12 0.47 482.83 26 0.32 551.22

13 0.35 671.02 27 0.27 753.53 13 0.45 429.24 27 0.32 551.50

14 0.43 580.01 28 0.30 717.94 14 0.48 374.18 28 0.33 589.61
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the middle frame (#87) is simply picked as key frame by RE driven method,
but five frames (#50, #120, #146, #171, #194) which respectively represent
“interception”, “dribble”, “positioning”, “shoot” and “defence” are selected by
our new method. For sports enthusiasts, our new method apparently offer a
better user experience.

Video Sampling Error (VSE) [8] and Fidelity (FID) [1,4] are used to measure
the difference between initial video and extracted key frames and thus an objec-
tive evaluation of proposed method is obtained. A larger FID and a lower VSE
demonstrates that the approach has a great performance on key frame extrac-
tion. Although results of our new method usually have more key frames than
RE and there is a positive correlation between the number of key frames and
VSE value, the VSE value of our new method is still less than RE. The VSE
and FID of test video is shown in Table 1, which indicates that RE with motion
vector performs better than RE [5].

5 Conclusion and Future Work

We propose a novel key frame extraction scheme based on motion vector. Based
on the shot boundaries detected by our previous work, motion vector is utilized
as a measure to locate active sub-shots in order to extract more significant key
frames within these sub-shots. Experimental results demonstrate that utilizing
motion vector to detect sub-shots can obtain better video summarization on
motion than the previous work, especially for sports videos. In addition, our
method has been proved to be integral on improving accuracy of video key
frame extraction.

For the future work, several improvements will be carried out. We are going
to utilize motion vector extracted from video bitstream to reduce the calculation
cost of motion vector, and enhance the performance of shot detection for video
sequence with gradual content change.
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China (61471261, 61179067, U1333110), and by grants TIN2013-47276-C6-1-R from
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Abstract. In this paper, we present a novel image dehazing method
based on physical model. In this new approach, we get the scene trans-
mission by calculating the scattering coefficient and the scene depth. In
the process of solving the scattering coefficient, haze particle diameter
is considered. In different weather conditions, we pick appropriate haze
particle diameter to achieve the best dehazing effect. The scene depth
is estimated by factorizing from a single hazy image. Moreover, we can
estimate better scene depth using stereo matching method. The results
demonstrate that our algorithm achieves more accurate dehazing effect
compared with several state-of-the-art methods.

Keywords: Dehazing · Physical model · Scattering coefficient · Depth

1 Introduction

In most cases, the outdoor computer vision system is built on the clear and
accurate image features. However, outdoor computer vision system is sensitive
to the weather, light and many other conditions. Among the numerous meteoro-
logical conditions, haze and fog are the most common natural phenomena. The
captured images in hazy weather will be seriously degraded. So, it is important
to improve the visual effect of the degraded images.

Dehazing or defogging is the process to remove haze effects in captured
images and reconstruct the original colors of natural scenes. Dehazing from
image is a promising and significant issue, research results can be widely used
in aerial photography, topographic survey, intelligent driving and video surveil-
lance. There are many methods to deal with degraded images, generally divided
into two broad classes: contrast enhancement techniques and image restoration
methods based on physical degraded model. Contrast enhancement techniques
mainly include histogram equalization and contrast stretching. Stark [1] pro-
poses generalized local histogram equalization method, will expand the scope of
the histogram equalization. However, bad weather effects depend strongly on the
depth of scene point, simple contrast enhancement techniques can not achieve the
expectation [2]. Image restoration methods mainly include single image and mul-
tiple images dehazing. Nayar [3] removes the haze effects through two or more
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 396–405, 2016.
DOI: 10.1007/978-3-319-48896-7 39
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images taken with different conditions of weather. Although this method can
provide acceptable result, the requirement cannot always be satisfied. Recently,
single image dehazing methods have made significant progresses. The success
of these methods is largely dependent on strong priors and assumptions. Fattal
[4] estimates the albedo of the scene and the medium transmission under the
assumption that the transmission and the surface shading are locally uncorre-
lated. Tarel [5] uses improved median filter to estimate atmospheric dissipation
function assuming that atmospheric dissipation function in the feasible region
approaching the maximum. He [6] proposes a novel dark channel prior based on
the statistics of outdoor haze-free images that most local patches contain some
pixels whose intensity are very low in at least one color channel.

In this paper, we propose a novel dehazing method based on physical model.
This method is based on the assumption that the haze particles are round and
have same size. According to atmospheric light model we derive that transmis-
sion has relationship with scattering coefficient and scene depth. So, we get a
relatively accurate transmission map by calculating scattering coefficient and
scene depth. In the process of solving the scattering coefficient, we consider the
diameter of haze particles as an important parameter. Next, we estimate the
scene depth by probabilistic method. Then we get the global atmospheric light
by dark channel of the hazy image. Finally, according to hazy image degradation
model, we can get a clear haze-free image.

This paper is organized as follows. We begin by introducing the background
in Sect. 2. Sections 3 and 4 present the physical-based dehazing method we pro-
posed. Section 5 presents the experiment results. Finally, in Sect. 6 we conclude
this paper.

2 Background

In computer vision, the model widely used to describe the formation of a hazy
image is [2–6]:

I(x) = J(x)t(x) + A(1 − t(x)) (1)

where I(x) denotes the observed hazy image, J(x) denotes the scene radiance
(the clear haze-free image), A denotes the global atmospheric light treated as a
constant, t(x) denotes the medium transmission reflecting the ability of light to
penetrate the haze. The higher value of t(x) indicates that more reflected light
penetrates the haze and reaches the viewer’s field of scene. Figure 1 shows the
pictorial description of this model.

This physical model of hazy image is the theoretical basis of our research.
From Eq. (1) we can see that the goal of haze removal is to recover J(x), A and
t(x) from I(x). This is an ill-posed problem owing to A and t(x) are unknown.
Therefore, we need to estimate transmission t(x) and atmospheric light A.
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Fig. 1. The pictorial description of the atmosphere model.

3 Estimating the Transmission

According to the physical model of hazy image, when the atmosphere is homo-
geneous, transmission can be defined as:

t(x) = e−βd(x) (2)

where β is the scattering coefficient of the atmosphere and d(x) is the scene
depth. Obviously, if we want to estimate the transmission, we can estimate β
and d(x).

3.1 Estimating the Scattering Coefficient

We assume that the particles of haze are homogeneous and have same size. Under
this assumption, we can get the expression of scattering coefficient [7]:

β = 1.5 ∗ Qs ∗ fv

D
(3)

where Qs is scattering efficiency, fv is the volume percentage which is set 10−6

in this paper, D is spherical particle diameter, i.e. haze particle diameter here.
The scattering efficiency follows from the integration of the scattered power over
all directions [8], determined by the following formula:

Qs =
2
x2

∞∑
n=1

(2n + 1)(| an |2 + | bn |2) (4)

where an, bn are Mie coefficients, x = k ∗ a is size parameter, a is radius of the
haze particle and k = 2π/λ is the wave number, λ is wavelength in the ambient



Haze Removal Technology Based on Physical Model 399

medium. The Mie coefficients are given in BH [9]:

an =
m2jn(mx) [xjn(x)]′ − μ1jn(x) [mxjn(mx)]′

m2jn(mx)
[
xh

(1)
n (x)

]′
− μ1h

(1)
n (x) [mxjn(mx)]′

(5)

bn =
μ1jn(mx) [xjn(x)]′ − jn(x) [mxjn(mx)]′

μ1jn(mx)
[
xh

(1)
n (x)

]′
− h

(1)
n (x) [mxjn(mx)]′

(6)

where m is the refractive index of the sphere relative to the ambient medium, μ1

is the ratio of the magnetic permeability of the sphere to the magnetic perme-
ability of the ambient medium. The functions jn(z) and h

(1)
n (z) = jn(z)+ iyn(z)

are spherical Bessel functions of order n(n = 1, 2, ...) and of the given argu-
ments, z = x or mx, respectively, and primes mean derivatives with respect to
the argument. We acquire the values of an and bn according to Eqs. (5) and (6).
Putting an and bn into Eq. (4), we can get scattering efficiency Qs. Putting Qs

into Eq. (3), we can get the scattering coefficient.
It is worth mentioning that past haze removal approaches do not consider the

diameter of haze particles. In this paper, we consider haze particle diameter as an
important parameter. We find that, choosing appropriate haze particle diameter
in different weather conditions will get better dehazing result. Based on the
statistics of outdoor hazy and foggy images, we find that, degraded images can
be separated into three classes: hazy, thin foggy and dense foggy images. Hazy
images have the smallest particle diameter and the average is 2µm. The average
diameter of thin foggy images is 10µm and dense foggy is 30µm. The process
of classifying the degraded images is shown in Fig. 2.

Fig. 2. The classification of the degraded images.
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3.2 Estimating the Scene Depth

Scene depth indicates the structural information of the scene, can be seen the
distance from the target point to the camera plane. We factorize the scene depth
from a single hazy image via maximizing the Bayesian posterior probability [10].
Firstly, we normalize the hazy image model Eq. (1) by A and simple algebraic
rearrangements:

ln(
I(x)
A

− 1) = ln(ρ(x) − 1) − βd(x) (7)

where ρ(x) = J(x)/A is the scene albedo. To simplify the expression, the Eq. (7)
can be expressed:

Ĩ(x) = C(x) + D(x) (8)

where Ĩ(x) denotes the log of airlight-normalized input image offset by 1, C(x)
denotes the ln(ρ(x) − 1), D(x) denotes the −βd(x). Afterwards, modeling the
image with a Factorial Markov Random Field [11] (FMRF) in which the scene
albedo(C(x)) and depth(D(x)) are two statistically independent latent layers.
According to natural statistics of both the albedo and depth of the scene, we
model the gradient distribution of the hazy image’s chromaticity by fitting an
exponential power distribution to the histogram and use it as a prior on the
albedo. For scene depth, we impose a Laplace distribution prior. Simultaneously,
we assume the noise inherent in the observations with Gaussian distributions,
which is independent both componentwise and pixelwise, with zeros mean and
variance σ2:

p(Ĩ | C,D) =
∏
x

N(Ĩ | C(x) + D(x), σ2) (9)

Finally, we factorize the albedo and depth from the hazy image by maximiz-
ing the Eq. (10) posterior probability via a canonical Expectation Maximization
algorithm. The recovered depth results are shown in Fig. 3b.

p(C,D | Ĩ) ∝ p(Ĩ | C,D)p(C)p(D) (10)

From the results, we can see that the top and middle rows of Fig. 3b have
accurate depth map due to the simple spatial information of the original image.
When the spatial information is complicated, the depth result has many errors
shown in red rectangle of Fig. 3b.

In order to get more accurate depth map, stereo matching method [12] is
used in this paper. We use a stereo matching algorithm named a non-local cost
aggregation (NLCA) [13] which performs non-local cost aggregation over the
image with a minimum spanning tree (MST). The process of this algorithm is
as follows:

1. Constructing the MST based on weight formula
Letting s and r be a pair of neighboring pixels, the weight between s and r is

w(s, r) = w(r, s) = |I(s) − I(r)| (11)

2. Defining the similarity between two image pixels using a MST
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Fig. 3. (a) Input hazy images. (b) The depth maps. (Color figure online)

The distance between the two nodes is the evaluation indicator of measuring
the degree of similarity of two pixels.

S(p, q) = S(q, p) = exp(−D(p, q)
σ

) (12)

3. Matching cost aggregation
The formula of cost aggregation is as follows:

CA
d (p) =

∑
q

S(p, q)Cd(q) =
∑

q

exp(−D(p, q)
σ

)Cd(q) (13)

4. Disparity choose
According to the Winner-Take-All principle to choose the optimal dispar-

ity. The finally disparity, i.e. depth map, is shown in Fig. 4c. With scattering
coefficient and scene depth, we can get transmission map.
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Fig. 4. (a) and (b) are the input image set. (c) is the depth map.

4 Estimating the Atmospheric Light

In the previous single image haze removal methods, the color of the most haze-
opaque region is usually regarded as the atmospheric light. Tan [14] selects the
highest intensity pixel in hazy image as the value of atmospheric light A. How-
ever, the highest intensity pixel may be on a white object such as a white car or
a white building.

In this paper, we estimate the global atmosphere light via dark channel. The
dark channel can be described as: non-sky patches in outdoor images often have
some low intensity pixels in at least one color channel. For an image J , the dark
channel value of a pixel x is defined as:

Jdark(x) = miny∈Ω(x)(minc∈{r,g,b}Jc(y)) (14)

where Jc is a color channel of J , J is an outdoor hazy image, Ω(x) is a local patch
around pixel x. Due to the additive airlight, a hazy image is brighter than its
haze-free version. So, the dark channel of a hazy image will have higher intensity
in regions with denser haze. We can find the most haze-opaque region from dark
channel. Therefore, We first select the top 0.1 % brightest pixels from the dark
channel of hazy image. Then we choose the pixel with brightest intensity as the
atmospheric light A from the corresponding pixels in hazy image. The process
is shown in Fig. 5.

Fig. 5. The process of estimating the atmosphere light.
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5 Experimental Results

In this section, the results of the proposed method will be shown and compared
with several state-of-the-art haze removal methods. Figure 6 shows the results of
our method compared with He’s method based on dark channel. We used haze
particle diameter of 10µm. Note that He’s method has residual haze at the edge
of image, but our method achieves perfect and nature results.

In Fig. 7, we compare our approach with Fattal’s work. We used haze parti-
cle diameter of 10µm. From Fig. 7, we can see that our approach outperforms
Fattal’s method. Though his result has higher brightness than our result, the
result loses the original color of image. Our approach can better restore the
original image color.

Next, we compared our approach with Kratz’s work. We used haze particle
diameter of 30µm. Kratz factorizes the scene albedo from a single hazy image
to approximate the clear haze-free image. The results of this method have over-
saturated colors shown in Fig. 8. Our approach gives more natural color and
accurate results.

In Sect. 3.2, we know that making use of the stereo matching method in image
set can get more accurate depth map, thereby, get more accurate transmission
map. So, we compare our single image dehazing method with image set dehazing
in Fig. 9. Note that the results of image set dehazing have more clear vision effect
than single dehazing. Moreover, single dehazing method result has residual haze
not removed in the red rectangle of Fig. 9 compared with image set dehazing.

Fig. 6. Comparison with He’s work [6]. (a) Input hazy images. (b) He’s haze removal
results. (c) Our haze removal results. (d) Close-up of the red rectangles in (b) and (c).
(Color figure online)



404 Y. Cui and X. Xiang

Fig. 7. Comparison with Fattal’s work [4]. (a) Input image. (b) Estimated transmission
map. (c) Fattal’s result. (d) Our haze removal result. (Color figure online)

Fig. 8. Compare with Kratz’s work [10]. (a) Input hazy images. (b) Kratz’s haze
removal results (c) Our results (Color figure online)

Fig. 9. Comparison with image set dehazing. (a) Input images. (b) Depth maps using
probabilistic method. (c) Depth maps using stereo matching method. (d) Single image
dehazing results. (e) Image set dehazing results. (Color figure online)
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6 Conclusion

In this paper, we have proposed a novel image dehazing method based on physical
model. We get a relatively accurate transmission map by calculating scattering
coefficient and scene depth. During computing the scattering coefficient, we pick
the appropriate haze particle diameter to achieve the best dehazing effect in
different weather conditions. We next factorize the depth from hazy image by
maximizing posterior probability. Then we estimate the atmospheric light via the
dark channel of hazy image. Finally, we obtain a clear image from the physical
model formulation. Moreover, we find that if using stereo matching method, the
dehazing effect will be better.
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Abstract. Text localization in complex background images remains a chal-
lenging task, especially for Uyghur text. Since the existing methods mostly
focus on English and Chinese. Uyghur as a minority language is paid less
attention. This paper proposes a robust and precise method for locating Uyghur
texts in complex background images. Firstly, a multi-color-channel enhanced
Maximally Stable Extremal Regions (MSERs) extraction scheme is used to
capture text components robustly. Then, the strong classification and retrieve
strategy (SCRS) accurately identifies text components. Finally, our method
precisely connects text components into lines according to component con-
nectivity. The proposed method is evaluated on the UICBI400 dataset, and the
F-measure is over 82.8%, which is much better than the state-of-the-art per-
formance of 61.6%.

Keywords: Text detection � Text localization � MSERs � Uyghur extraction

1 Introduction

Text in images commonly contains valuable information. Text localization in images
has been the key of image/video text recognition and analysis applications [1, 10].
Although, text localization has been studied for recent years, it still is a challenging
task, especially for Uyghur text localization. The current related works concentrate on
English and Chinese [2–8, 13], and cannot achieve good Uyghur text localization
results, as because of the Uyghur character is very different from English or Chinese on
aspect ratio, stroke and join-up writing. In this paper, we focus on Uyghur language
localization in the complex background images. Since 8 * 11 millions of people using
Uyghur language in all over the world1, the Uyghur text localization has a wide
application prospect.

1 The statistical data comes from http://en.wikipedia.org/wiki/Uyghur_language.
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Recently, the Maximally Stable Extremal Regions (MSERs) based text localization
methods are widely used [5–7]. These methods extract MSERs as text components, and
have achieved state-of-the-art performance on the widely used ICDAR 2011 dataset
[9]. However, several problems of the MSERs remain to be addressed. First, the MSER
region detector is sensitive to blur, which may misses text components during com-
ponent extraction, and the missed text components cannot be recovered in following
stages. Second, the MSER extracts a lot of repeating components. These repeating
components are redundant for latter processes, and the current methods for MSERs
pruning [4, 6] are complex. Third, existing approaches [3–8] for component classifi-
cation can be categorized as manual-feature based and learning-feature based methods,
both work well but are still insufficient. The component classification with
manual-feature [4–7] usually extracts text features depend on experience of human,
which is time-consuming. While the component classification with learning-feature [8]
learns text features by a convolution neural network (CNN) automatically, which
shows good performance but the training and calculation are complex. Finally, the
extracted Uyghur text components are multi-level, and may be a character or a
joined-up writing of several characters. But current component classification methods
is mainly effective for character-level component differentiation [5–7].

In order to tackle the problems mentioned above, this paper proposes a robust
Uyghur text localization method with multi-color-channel enhanced MSERs and the
strong classification and retrieve strategy (SCRS). The flowchart of our method is
illustrated in Fig. 1. The main contributions of this paper are:

(1) We propose a multi-color-channel enhanced MSERs extraction, which is highly
robust to blur, low-resolution and low-contraction. The MSER extraction contains
two steps, the multi-color-channel MSER extracting and the rapid duplication
removing, to enhance the raw MSER. The former makes our system reach a high
recall. The latter reduce the redundancy for the following processes.

(2) We use the SCRS to precisely distinguish texts from a large number of non-text
components. The SCRS includes two phases, the strong classification and the
retrieve. In the strong classification phase, two strong classifiers cause low recall,
but which also accurately identify texts form non-texts. So in the retrieve phase, to

Fig. 1. Flowchart of the proposed method and the corresponding result of each stage. The
components/lines are labeled by red bounding rectangles.
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restore the recall, the misclassification text is found back according to the simi-
larity between it and the identified texts.

(3) Our method automatically learns the spacing between words by the effective line
construction scheme, which precisely groups text components into text lines.

The remainder of the paper is organized as follows. Section 2 describes the pro-
posed method of Uyghur localization in complex background images in detail. Sec-
tion 3 presents the classifier training method and the experimental result. Finally, the
conclusion is drew in Sect. 4.

2 Proposed Method

The main processes of our Uyghur text localization method are shown in Fig. 1. The
proposed method consist of four stages: (1) component extraction, (2) component
classification, (3) line construction, and (4) text line verification. In the first stage,
components are extracted using the multi-color-channel enhanced MSERs. In the
second stage, text components are identified by the SCRS. In the third stage, lines are
constructed via component connection. Finally, lines corresponding to true text lines
are verified by the text line classifier.

2.1 Component Extraction with Multi-color-channel Enhanced MSER

The goal of this stage is to extract as many text components as possible. Since it is
almost impossible to find the missed text components in the following stages. The
multi-color-channel enhanced MSER contains two strategies, which make our method
robust to most difficult situations. The one is the MSERs threshold is set to the lowest
value 1, and the other is the multi-color-channel MSER extraction. For the
multi-color-channel MSER extraction, the input image is split into three channel
images, and then MSERs are extracted separately in each channel image. The final
component extraction result is the merged MSERs of all channels. Although these two
strategies increase a lot of non-text components and repeating components, they also
reduce the loss of text components in challenging cases. The two strategies make the
proposed method achieve a high recall. The illustration of the multi-color-channel
MSERs extraction is presented in Fig. 2.

As mentioned above, the merged result contains a lot of repeating MSERs, which
will cause slow computation. So the repetitions have to be removed before subsequent
stages. Here, if the area coincidence ratio of two MSERs is over 85%, then discard one.
The area coincidence ratio ra;b of MSER a and b is defined as follows:

ra;b ¼ areaða \ bÞ=areaða [ bÞ; ð1Þ

where areaðxÞ is a function to measure area of MSER x.
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2.2 Component Classification with SCRS

In this subsection, we propose a SCRS component classification to differentiate
text/non-text components. The SCRS includes two steps, the strong classification step
and the retrieve step. In the strong classification step, two strong classifiers divide the
extracted component set C into three subsets, the text component subset (CT ), the
ambiguity component subset (CA) and the non-text component subset (CN ). These three
subsets correspond to three cases of the two strong classifiers judgment results, the
consistent positive case, the inconsistent case and the consistent negative case. In the
retrieve step, the identified text components in CT retrieve text components in CA

according to the similarity between them. After that, the subset CN and CA are dis-
carded directly, and CT is the final result of text component. The SCRS component
classification is illustrated in Algorithm 1.

Why use two strong classifiers to identify components? Actually, the extracted
MSER is a point set P. Usually a MSER is presented by its bounding rectangle. When
we capture the bounding rectangle from the original color image, we can get the local

Fig. 2. The multi-color-channel MSERs extraction. The MSERs are labeled by green bounding
rectangles. (a) A text edge blur image. (b) The R-channel image. (c) The G-channel image.
(d) The B-channel image. (e), (f) and (g) are the result of the extracted MSERs in corresponding
channel. (h) The merged result. (i) The result after removing duplication.

Fig. 3. (a) The original image; (b) The subimage Ios; (c) The mapped binary image Imb.
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subimage (Ios) as shown in Fig. 3(b). The component binary image (Imb) is a mapping
of MSER, which is obtained by mapping MSER points to MSER bounding rectangle.
Imb is presented in Fig. 3(c).

There are four cases between Ios and Imb:

(1) The text in Ios is more intact than the text in Imb. Since the trunk is disconnected to
the widgets (such as points) in some Uyghur characters. Figure 3(c) 1–(b) 1.

(2) Ios shows a text component, but Imb shows the background of the text, Fig. 3(c) 2–
(b) 2. If this component were text component, the precision of localization result
would be reduced, as because of the component contains too much background.

(3) Ios and Imb show the same thing (text/non-text), Fig. 3(c) 3–(b) 3 and Fig. 3(c) 4–
(b) 4.

(4) Ios contains a lot of noises that may generate classification mistake. However, the
text in Imb is clearer than in Ios, Fig. 3(c) 5–(b) 5.

We train two support vector machines (SVMs) with radial basis function
(RBF) kernel to deal with the above cases. Since the histogram of oriented gradient
(HoG) + SVM system has been applied to a number of object detection tasks in
computer vision, and has achieved excellent performance [11]. The one SVM distin-
guish text/non-text components with the HoG feature of Ios, similarly the other is an
expert of Imb. The SVM training method and parameter selection will be described in
Subsect. 3.2 in detail.
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Definition 1 (component similarity): Given component a and b, a and b is similar to
each other if distBðhistcðaÞ; histcðbÞÞ� e. Where histcðaÞ is the color histogram of a,
distBðha; hbÞ is the Bhattacharyya distance between histogram ha and hb, and e is the
threshold.

SCRS is powerful, but it has expensive computation. So a pre-filter is designed to
reduce non-text components in C, which can improve the whole computation perfor-
mance of our method. Generally, the Uyghur text stroke is solid. The corresponding Imb
of Uyghur text component contains virtually no pin-hole. If a component has a lot of
pin-holes, it most likely is a non-text component. The pin-hole detector is a 3� 3
matrix with the value be set to 1 except the center.

2.3 Line Construction

Our system mainly processes horizontal lines. The difficult comes from two aspects. In
one hand, sometimes there are more than one line in the same horizon. The line
localization result is inaccurate as illustrate in Fig. 4(b), if line is directly constructed
via component vertical connection. So it is necessary to know the spacing between
words during line construction. In the other hand, the spacing changes with the font
size. To solve these problems, the line construction includes two phases, the vertical
connection phase and the horizontal connection phase. In the first phase, the upper and
lower connected components are organized into a group. The minimum of component
width in a group is considered to be a character width (wc), and the spacing is 2wc. In
the second phase, the group is divided into lines according to horizontal connectivity.
The final result of line construction is shown in Fig. 4(c).

Definition 2 (vertical connectivity): A component a is vertically connected with a
component b, if ða:tl:yþ a:br:yÞ=2 2 ½b:tl:y; b:br:y�. Where x:tl:y is the y coordinate
value of the top left point in the component x, and x:br:y is the y coordinate value of the
bottom right point.

Definition 3 (horizontal connectivity): A component a is horizontally connected with a
component b, if iab � 2wc. Where iab is the horizontal interval between component a
and b, and wc is character width.

Fig. 4. (a) The result of text components classification. (b) The result of components horizontal
connection. This result contains too much background and is not precise. (c) The final result of
lines construction.
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After line construction, the lines corresponding to true text lines are verified by the
text line classifier. Similarly, the text line classifier is a SVM that trained by line samples.
Both line classifier training and parameters selection are declared in Subsect. 3.2.

3 Experiments

In this section, our method is evaluated on the UICBI400 dataset. Since the widely used
databases mainly contain English and Chinese. Subsection 3.1 recommends our
UICBI400 dataset and introduces widely used evaluation protocol. Subsection 3.2
describes the SVM training method, and the window size and block size selection of
HoG. Subsection 3.3 gives the experiment on UICBI400.

3.1 Dataset and Evaluation Protocol

Dataset: Uyghur In Complex Background Image (UICBI) dataset consists of 400
color images with various size (from 52� 52 * 1024� 768), and the dataset includes
200 training images and 200 testing images. All the images are download from
Internet. They are public service slogans, scene images or posters. The challenging
cases of UICBI include changeable font, low-resolution, illumination, blur and com-
plex background. UICBI400 images contain a plenty of Uyghur texts and little English
and Chinese texts. The text regions in UICBI400 are labeled as lines. Some sample
images of UICBI400 are presented in Figs. 7 and 8.

Evaluation Protocol: Previously, most algorithms are assessed base on the area cri-
terion. The area precision and the area recall are defined as follows:

precision ¼ areaðGi \ DiÞ
areaðDiÞ

recall ¼ areaðGi \ DiÞ
areaðGiÞ

(

; ð2Þ

where G is a list of ground truth object rectangles Gi; i ¼ 1; 2; � � � ; Gj j, and D is a list of
detected object rectangles Di; i ¼ 1; 2; � � � ; Dj j. Later, in ICDAR 2011 Wolf et al. [12]
propose a new protocol, which considers three matching cases between G and D:
one-to-one, one-to-many and many-to-one. The definition of precision and recall are
follows:

precision G;D; tr; tp
� � ¼

P

j
MatchD Dj;G;tr ;tpð Þ

Dj j

recall G;D; tr; tp
� � ¼

P

i
MatchG Gi;D;tr ;tpð Þ

Gj j

8

<

:
; ð3Þ

where tr 2 ½0; 1� is the constraint on area recall, and tp 2 ½0; 1� is the constraint on area
precision. Generally, tr ¼ 0:8 and tp ¼ 0:4.
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3.2 Classifier Training and Parameter Selection

Classifier Training. The three SVM classifiers are trained separately. Some training
samples are shown in Fig. 5. The component level samples are generated by MSER
extraction algorithm, and the line level samples are obtained by the proposed method
without text line verification. The composition of three classifiers training set and
testing set is listed in Table 1.

Parameter Selection. According to Dalal [11], HoG + SVM system parameters are
selected as follows: gradient scale r ¼ 0, the number of orientation bins is 9, using
L2 − Hys normalization methods and Gaussian kernel SVM kernel width c ¼ 3e� 2.
In order to extract the same length HoG feature of the components which have different
size, the cell size is unfixed and is used to be the base unit of window and block. The
block stride is fixed as one cell. To obtain the window and block size decision graph,
the SVM is trained by training samples at first. Then, the trained SVM is verified by
testing sample. The miss rate of the SVM verification is used to measure the perfor-
mance of HoG + SVM system. Here the miss rate denotes as 1� recall. Finally,
window and block size decision graph are acquired as Fig. 6.

3.3 Experimental Results

The results on UICBI400 dataset are summarized in Table 2. The localization results
on several challenging images are displayed in Fig. 7. The proposed method achieve
excellent performance on UICBI400 dataset. Our method improves the compared

Fig. 5. Training samples. (a) The negatives of Imb. (b) The positives of Imb. (c) The negatives of
Ios. (d) The positives of Ios. (e) The negatives of lines. (f) The positives of lines.

Table 1. The constitution of training set and testing set

Classifier name Training set Testing set
Positives Negatives Positives Negatives

Component classifier of Imb 3000 5400 1640 2000
Component classifier of Ios 4000 4500 2000 2000
Text line classifier 3118 2508 759 2200
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performance with 13.9 * 25.4% in all three terms and reach the F-measure over
82.8%. The improvements by our method mainly come from two facts. On the one
hand, the multi-color-channel enhanced MSER extraction scheme is able to capture the
most text components in challenging cases, which is the main reason of high recall. On
the other hand, the component classification with SCRS robustly classifies text from
non-text components, which result in high precision.

Figure 7 presents several successful localization results on some difficult cases.
These results mean that the proposed approach is robust to text variations including
blurring, shadow and font size. The results also show that the presented method is
robust to highly noise and complex background effects. There are three failure cases in
our experiments as shown in Fig. 8. The left one misses some texts in component
classification since their font style is infrequent in training set. For the mid one, the
missed texts are discarded by component pre-filter. Due to its stroke pin-holes are more
than 5. The right one has a false positive. Due to the curly ribbons are similar to
Uyghur text.

(a) (b) (c)

4×4 4×5 4×6 4×7 4×8 4×9
0.12

0.14

0.16

0.18

0.2

0.22

0.24

0.26

m
is

s 
ra

te

window size(cells)

block size(cells):1×1
block size(cells):2×2
block size(cells):3×3
block size(cells):4×4

4×4 4×5 4×6 4×7 4×8 4×9
0.04

0.06

0.08

0.1

0.12

0.14

m
is

s 
ra

te
window size(cells)

block size(cells):1×1
block size(cells):2×2
block size(cells):3×3
block size(cells):4×4

2×4 2×5 2×6 2×7 2×8 2×9 3×6 3×7 3×8 3×9
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

  0.023715   0.023715

m
is

s 
ra

te

window size(cells)

block size(cells):1×1
block size(cells):2×2
block size(cells):3×3

Fig. 6. The miss rate as the block and window sizes change. Here (a) and (b) are parameters
decision diagram of two component classifiers, 3 � 3 block of cells and 4 � 6 window of cells
perform best. (c) The parameters decision diagram of line classifier, both 2 � 2 block of cells and
2 � 5 window of cells and 3 � 3 block of cells and 3 � 8 windows of cells perform well, but
the feature dimension of the former is lower.

Table 2. The left table is the results on the UICBI400 dataset measured with protocol (2). The
right table is measured with protocol (3).

Algorithm Precision Recall F-measure Algorithm Precision Recall F-measure

Proposed 0.948 0.814 0.876 Proposed 0.888 0.776 0.828
Yin et al. 0.822 0.534 0.647 Yin et al. 0.749 0.522 0.616
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4 Conclusion

This paper presents an effective method for Uyghur text localization in complex
background images. First, we propose a robust multi-color-channel enhanced MSERs
component extraction scheme, which robustly extracts most text components in chal-
lenging images. Second, we propose a SCRS component classification with high
accuracy to discriminate texts from a large amount of non-text components. Our
method can effectively construct lines using the two-stages component connection
algorithm. Our approach has achieved superior performance over the state-of-the-art
method on UICBI400 dataset.
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Abstract. Quantitative human evaluations give a much finer descrip-
tion while qualitative human evaluations are more stable, consistent and
can be much easier to be obtained. Quantitative assessments have been
widely explored, while the interaction between qualitative and quan-
titative evaluations has barely been exploited. A deep convolutional
neural network with multi-task learning framework was utilized to per-
form quantitative evaluations and qualitative evaluations at the same
time. The supervision of qualitative evaluations could help the model
overcome the inconsistency existed in quantitative evaluations. Further,
multi-task learning gives more information to facilitate the learning of
discriminative features to describe image quality. As shown in the exper-
iments, referring to qualitative evaluations has boosted the performance
of quantitative assessments and the state of art performance has been
achieved.

Keywords: Quantitative · Qualitative · Multi-task learning · Deep con-
volutional neural network

1 Introduction

Image quality assessment (IQA) attempts quantifying the image quality to be
consistent with human evaluations. Assessing the image quality is essential for
designing and evaluating imaging and image processing systems. For instance,
image and video compression algorithms aim to reduce the amount of data
required while restore the resulting images with sufficiently high quality. Quality
assessment algorithms are essential to analysis performance of algorithms and
systems such as denoising, enhancement and restoration. Besides, bandwidth
efficiency of applications such as online video can be improved using quality
assessment systems to evaluate the effects of channel errors. The image quality
assessment is a fundamental problem and draws a lot of attentions. Quantita-
tive human evaluations refers to continuous descriptions that quantify the image
quality to certain scores. Qualitative human evaluations means discrete assess-
ments, such as dividing image quality into several grades [5] or ranking image
quality with preference image pairs [3].
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 417–427, 2016.
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For IQA algorithms which learn from human evaluations, the accuracy and
reliability of human evaluations contained in IQA dataset are very important.
The subjective evaluation experiments must be performed in critical viewing
conditions and procedures [3,13,17]. Sufficient images with each distortion type
should be collected at diverse levels [1]. Experiments should be executed contin-
uously and the experimental time must be strictly controlled to avoid observer
fatigues [1,13]. Thus IQA dataset is hard to extended and requires heavy work-
load.

However, it is elaborated that the subjective scores are imprecise, biased,
and inconsistent [3,15]. For instance, subjective scores may be biased by image
content or aesthetic perception of the image [3]. The quality evaluation may
not be perceptually similar across different distortion type [3] as Fig. 1(a). The
sculpture picture with white noises is assessed as smaller DMOS than building
picture with jpeg distortion, which indicates a better image quality. However, it
looks much more annoyed.

Some efforts [3,5] towards utilizing qualitative description have been pro-
posed, based on the psychological evidence that human prefer to get a qualita-
tive evaluation rather than numerical one [6]. Hou et al. [5] developed blind IQA
model to learn rules from qualitative linguistic description. Gao et al. explored
preference image pairs (PIPs) to train a blind image quality assessment model.
The preference image pairs (PIPs) associate with the preference labels, such as
quality of image I1 is better than quality of image I2. It proved that evaluations
of PIPs were generally precise and consistent, and not sensitive to image con-
tent, distortion type, viewing conditions, or subject identity [2,3,15]. Besides, it
can be generated at a very low cost [2,3] and easily extended to new distortion
types.

51.67 43.37 78.40 78.22
(a)Quantitative scores across distortion types (b)Image with similar quality

Fig. 1. Examples of LIVE dataset with subjective scores (DMOS)

On the other hand, MOS/DMOS values give a much finer image quality
description than PIPs, the performance of method only based on PIPs [3] was
still much inferior to the state of art IQA methods which learned from human
perceptual scores to directly predict image quality scores [8,20]. Thus, this paper
attempts to combine information from quantitative human perceptual scores and
qualitative descriptions especially preference image pairs (PIPs) with a multi-
task deep convolutional neural network (CNN) learning framework, to figure
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out finer description and to make the assessment stable and consistent at the
same time. Unlike [3] which discarded PIPs with similar quality, the image pairs
with similar quality as Fig. 1(b) are classified into another group. In this case,
the quality comparison of this two images can be more accurately described as
‘similar’ in a qualitative evaluation way.

The deep CNN is designed as the architecture of Fig. 2, with one part to
do IQA regression for quantitative IQA scores and another part to accomplish
qualitative preference image quality label prediction as a classification problem.
As shown in the experiments, our network has achieved state of art performance
even compared with full reference IQA methods. In addition, we believe our
methods can further improve the existed quantitative evaluation of CNN network
with qualitative description.

2 Related Work

Existing IQA methods could be broadly classified into the following three cat-
egories: full reference (FR) IQA methods [16,18,21], reduced referenced (RR)
IQA methods [14], and no reference (NR) IQA methods [8,20], also called blind
image quality assessment methods. The storage inefficiency and non-existence
problem of reference images make no reference (NR) IQA methods hot issues
and evolving rapidly recent years.

The focus of most NR-IQA methods is to obtain discriminative features.
Machine learning techniques have helped IQA methods especially no reference
(NR) IQA methods [8,20] develop greatly. Nowadays many NR IQA algorithms
prefer to learn features from data rather than propose handcrafted ones. For

Weight sharing

Distorted 
images

Distorted 
images

Quan�ta�ve 
evalua�on

Quan�ta�ve 
evalua�on

Qualita�ve 
evalua�on

Feature extrac�on

Fig. 2. The architecture of multi-task learning deep CNN with qualitative and quan-
titative evaluations
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example, the CORNIA [20] method performed unsupervised learning from local
image patches to encode features, then regressor was trained to evaluate the
quality of a distorted image. Recent years, deep convolutional neural network
(CNN) has achieved great success [9,10] due to its great feature description
ability. Kang et al. designed a CNN architecture inspired by the coding process
of CORNIA [20], to learn features for NR IQA [8] and it achieved impressive
result that approaches state of the art FR-IQA performance.

From another perspective, the consistency and preciseness of human eval-
uation contained in image quality databases are crucial for IQA task. Many
observers are recruited and plenty of distorted images are degraded at diverse
level for each type to give a meaningful evaluations [1,13,17]. Sheikh et al. [17]
further applied evaluation realignment between different subjects and distortion
types to improve the human evaluations. Qualitative human evaluations such as
PIPs or linguistic descriptions have draw more and more attentions. Gao et al.
[3] explored preference image pairs (PIPs) to train a blind image quality assess-
ment model. They divided the IQA problem into two step: first, a multiple kernel
learning algorithm was utilized to solve the preference label learning problem.
Then test images were combined with many training images to form multiple
preference image pairs (PIPs). Preference labels were obtained and further con-
verted into perceptual IQA quality scores through a simple linear mapping.

The preference image pairs (PIPs) evaluated by observers largely relax the
rigid requirements of experimental conditions. The evaluation of PIPs can be
easily extended to new distortion types. Moreover, existed quantitative scores
can be easily converted to PIPs. Besides, even with fewer observers, consistent
and meaningful PIPs can be achieved. All these efforts have motivated us to
take advantage of both the much finer descriptive IQA quantitative scores and
qualitative description such as intuitive, consistent and stable preference image
pairs (PIPs). The next section depicts our approach.

3 NR IQA with Qualitative and Quantitative Evaluations

In this section, a deep convolutional neural network under a multi-task learning
framework is utilized to do IQA as Fig. 2. One task performs IQA regression
for quantitative IQA scores while the other task accomplishes qualitative prefer-
ence image quality label prediction as a classification problem. Both tasks share
feature extraction layers, then different linear mappings are applied for differ-
ent tasks. For qualitative comparison, two distorted images are evaluated via
two paths, and weight sharing strategy between paths ensures the preference
comparison reasonable.

For our deep CNN, image quality is first evaluated in local sub images, then
assessment of the whole image is figured out by simply averaging the local eval-
uations based on the assumption that distortions are homogeneous. One obvious
advantage with deep learning technology is discriminative feature learning from
raw data, which maximally preserves information from images. Only simple local



Learning Qualitative and Quantitative Image Quality Assessment 421

contrast normalization is applied to the grayscale image I to ensure numeric sta-
bility. The intensity value of pixel I(i, j) is normalized as [8], which can also be
understood as a data whiten process.

I(x, y)N =
I(x, y) − u(x, y)

σ(x, y) + ε

u(x, y) =
a=P

2∑
a=−P

2

b=Q
2∑

b=−Q
2

(I(x + a, y + b))

σ(x, y) =

√√√√√
a=P

2∑
a=−P

2

b=Q
2∑

b=−Q
2

(I(x + a, y + b) − u(x, y))2 (1)

I(x, y)N denotes values at image location (x, y) normalized by neighboring
pixels in a (P × Q) window, and ε is a small positive constant. We mainly deal
with image distortions from degradation. Intensity shift and contrast variations
are ignored, as it is highly subjective to judge the image quality for distortions
with these types.

The architecture of deep convolutional neural network applied was repre-
sented in Table 1. It consists of the convolutional layer, the nonlinear rectified
linear unit, the pooling layer, the concat layer and the full connection layer,
denoted as conv#, relu#, pool# and fc# respectively.

The conv layers have a set of learnable filters (or kernels), with small recep-
tive field to extract local features. In a recursive fashion, the local information
is extracted into deeper layers by Eq. (2), where ∗ denotes the convolution oper-
ation, Aj

i denotes the feature map in the jth layer of ith path, Wj and Bj are
the shared weight and bias parameters of the jth layer respectively.

Aj+1
i = Wj ∗ Aj

i + Bj , (2)

To increase the nonlinear expression ability and accelerate training, the acti-
vation function is selected to be relu as Aj+1

i = max(0, Aj
i ).

Pooling operation greatly reduces the size of feature representation and com-
putation in the network which largely alleviates overfitting. Both [8] and [20]
applied max and min pooling over an entire feature map to reduce the computa-
tional cost. Although both work achieved impressive results, these two methods
have dropped spatial structure information. Our model integrates information
from local to global as the network goes deeper with a larger receptive field.
Empirically, max-pooling is applied as Eq. (3), where R is the pooling region of
corresponding position.

Aj+1
i = max

R
Aj

i (3)

Discriminative features are further combined and mapped to generate image
quality assessment with fc# layer.
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Table 1. The deployment of a multi-task learning deep CNN to do IQA with qualitative
and quantitative evaluations

Layer name Padding Filter size/stride Output size

Feature extraction

input1 0 224 × 224 × 3

conv1/conv1p 0 7 × 7/4 64 × 55 × 55

relu1/relu1p 64 × 55 × 55

pool1/pool1p (MAX) 5 × 5/1 64 × 51 × 51

conv2/conv2p 0 9 × 9/1 32 × 43 × 43

relu2/relu2p 32 × 43 × 43

fc3/fc3p 1024

fc4/fc4p 1024

Quantitative evaluations

fc5/fc5p 1

Euc 1

Qualitative evaluations

concat Concatenating the features from fc4 and fc4p

fc pip 3

softmaxloss 1

3.1 Deep CNN for NR IQA with Quantitative Evaluation Scores

Quantitative human evaluation scores are continuous scores distributed in cer-
tain ranges, obtained from carefully designed experiments. They make much
finer description for image quality. Generally, to predict quantitative evaluation
scores is an regression problem.

The image quality score is predicted to approximate human evaluation by
minimizing the following Euclidean loss,

Lquan =
S∑

s=0

||(f(Ik);W,B
) − Evak||2 (4)

where S is the number of samples, Ik and Evak are the input sub distorted images
and corresponding human evaluation respectively, W, B are the parameters of
convolutional and fc layers.

3.2 Deep CNN for NR IQA with Qualitative Evaluations

Qualitative evaluation is to predict discrete values which is opposite to quantita-
tive evaluation. In fact, a lot of qualitative evaluations are converted into quan-
titative assessment scores in carefully designed human assessment experiments
[13]. Thus, it is believed that human qualitative evaluation can be utilized to
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facilitate IQA problem. Approximating human qualitative evaluation would be
a classification problem. Here preference image pairs (PIPs) are adopted mainly
for the fact that: PIPs which are generated across different sessions or by dif-
ferent subjects keep stable and consistent. Besides, they are easy to be obtained
from both human evaluation experiments or existed IQA databases.

The difference of distortion level of the two images may be similar and hard to
distinguish (Fig. 2(b)), especially when they contain different contents and types.
In these cases, it is hard for observers to give consistent opinions. Thus, these
cases are denoted as similar image quality associated with an extra kinds of labels
instead of discarding the image pairs as [3]. Three kinds of preference between
two images (a, b) are defined, ‘better’, ‘worse’, and ‘similar’. These relationships
could be obtained from subjective evaluations or existed IQA dataset as Eq. (5).

LPIP =

⎧⎪⎨
⎪⎩

1 Qa − Qb > Thres

0 |Qa − Qb| ≤ Thres

−1 Qa − Qb < −Thres

(5)

Thres is a threshold value to both avoid reluctantly assigning preference
labels and preserve the preference order to evaluate image quality. The quality
difference is measured according to subjective scores as Eq. (6).

Qa − Qb = −(DMOSa − DMOSb) or (MOSa − MOSb) (6)

To accomplish PIPs classification, a couple of features are extracted from a
pair of images respectively through two paths of the deep convolutional neural
network with a manner of weight sharing. Then the extracted features are lin-
early mapped into three classes as zk = Wk · A, where Wk is the weight of the
linear mapping. Softmax loss is finally applied to approximate the qualitative
evaluation as Eq. (7), where z is the predicted result of the PIPs label LPIP .

Lqua = − log(σ(z = zk)) = − log(
ezk

Σ3
k=1e

zk
), k ∈ 1, 2, 3 (7)

Finally, the total loss of the multi-task learning deep CNN was obtained by
the addition:

LQQ = Lquan1 + Lquan2 + α · Lqua. (8)

α makes the Lquan and Lqua numerical comparable and balances the impacts of
qualitative and quantitative evaluations.

3.3 Training

Stochastic gradient descent with the standard back-propagation [9] has been
applied during training. In particular, the parameters such as weights of the
filters of the conv or fc layer can be updated as Eq. (9)

�t+1 = m · �t − η
∂L

∂W j
t

W j
t+1 = W j

t + �t+1 − ληW j
t (9)
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It denotes the momentum factor m, the learning rate η, index of the layer j
and the weight decay factor λ. �t is the gradient increment for training itera-
tion t. Momentum factor and weight decay factor were fixed in 0.9 and 0.0005
respectively in the following experiments.

4 Experiment

In this section, a series of experiments were conducted to validate the benefits
of combining qualitative and quantitative evaluations to do IQA. The multi-
task deep CNN model for IQA was built upon deep learning toolbox Caffe [7].
Two widely investigated datasets were adopted in the experiments: the LIVE
dataset, and the TID2008 dataset. In our experiments, Linear Correlation Coef-
ficient (LCC) and Spearman Rank Order Correlation Coefficient (SROCC) were
applied, which are the most commonly evaluated and significant criterions in IQA
problem. The correlation of the predicted scores with the ground-truth scores
were calculated. Higher correlation indicates better consistency with human
assessment, and thus better performance. LCC indicates the linear dependence
between two quantities, and SROCC measures the monotonicity between pre-
dictions and subjective scores.

Deep CNN combined with qualitative and quantitative methods was denoted
as CNN-QQ. The proposed Deep CNN with quantitative evaluation only was
reported as baseline methods, denoted as CNN-Q. Our methods were compared
with the following methods: FR-IQA methods FSIM [21], PSNR and SSIM [18],
and NR-IQA methods CNN-NR [8], BRISQUE [11] and CORNIA [20].

We collected PIPs from existed IQA dataset as qualitative evaluations which
were directly generated from subjective assessment evaluations had shown sim-
ilar behavior in [3]. Sub images were extracted with a stride of 20 to train the
deep CNN. For both the LIVE and TID2008 datasets, random selected 80 % of
the data was used for training, and the remainders for testing. The results of
Tables 2 and 3 appeared in the paper were the median evaluation of five times.
As human evaluations applied in LIVE dataset and TID2008 dataset were
different, we modulated the parameters of deep CNN for different dataset.

LIVE dataset consists of 779 distorted images with one of the following dis-
tortion types [4]: JP2k compression (JP2K), JPEG compression (JPEG), White
Gaussian (WN), Gaussian blur (BLUR) and Fast Fading (FF) derived from 29
reference images. The Differential Mean Opinion Scores (DMOS) are attached
for each of the distorted images as subjective evaluation. Larger DMOS demon-
strate inferior image quality and roughly range in [0, 112]. The results were listed
in Table 2, with loss weight α = 5, threshold Thres = 10 and learning rate
lr = 10−5.

TID2008 dataset consists of distorted images derived from 25 reference
images. The Mean Opinion Score (MOS) are given as subjective evaluations
for each of the distorted images. As in many previous works [8,12,19], in our
experiments 4 types of distortions that are common to the LIVE dataset were
considered: JPEG2000, JPEG, WN and GB. Loss weight α = 0.5, threshold
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Table 2. LCC and SROCC scores for the LIVE dataset

FSIM [21] PSNR SSIM [18] BRISQUE [11] CNN-NR [8] CORNIA [20] CNN-QQ CNN-Q

LCC 0.960 0.856 0.906 0.942 0.953 0.935 0.974 0.968

SROCC 0.964 0.866 0.913 0.940 0.956 0.942 0.973 0.967

Table 3. LCC and SROCC scores for the TID2008 dataset

FSIM [21] PSNR SSIM [18] BRISQUE [11] CNN-NR [8] CORNIA [20] CNN-QQ CNN-Q

LCC 0.926 0.836 0.893 0.892 0.903 0.880 0.932 0.920

SROCC 0.947 0.870 0.902 0.882 0.920 0.890 0.925 0.921

Thres = 0.5 and learning rate lr = 10−3 was applied. As CNN-NR [8] has not
released the code, data were cited from the paper which were tested in slight
different methods with an logistic regression.

4.1 The Influence of Distortion Type

It is interested to study which type of distortions could be best promoted by qual-
itative evaluation in our multi-task framework. Hence we further conducted and
reported distortion-specific experiments in Table 4. Slightly tuned parameters
were applied in each type. It is obvious that for most of the stated distortion
type, CNN-QQ achieved the best or comparable performance even compared
with FR-IQA methods.

4.2 Discussion

Overall, state of art performance has been achieved in most of the above exper-
iments even compared with FR-IQA methods. Although CNN-Q has already
gained great performance, CNN-QQ further boosted CNN-Q when it combined
human quantitative evaluations with qualitative evaluations. The reasons of the
promotion could be analyzed as following: first, the advantages are perfectly
complementary. Quantitative evaluations give a much finer description while
qualitative evaluations are more stable, consistent and can be easily obtained.
With our multi-task learning framework, the supervision of qualitative evalua-
tions could help the model overcome the inconsistency existed in quantitative
evaluations and give more information to facilitate learning discriminative fea-
tures to describe image quality. Second, compared with CNN-Q, a richer output
implies higher errors to be propagated from the loss layer which is partly equiv-
alent to increasing the learning rate of deep CNN without gradient exploding.
Third, qualitative comparisons make training samples much richer which facil-
itates the learning of discriminative features for IQA problem. If S training
samples existed, CNN-QQ could have S(S − 1) combinations of samples which
greatly helped the deep CNN to avoid local minima problem.
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Table 4. LCC and SROCC score vs. Distortion type for the LIVE dataset (the best
and second best performance are in bold)

LCC JPEG2k JPEG WN BLUR FF SROCC JPEG2k JPEG WN BLUR FF

FSIM [21] 0.910 0.985 0.976 0.978 0.912 0.970 0.981 0.967 0.972 0.949

PSNR 0.873 0.876 0.926 0.779 0.870 0.870 0.885 0.942 0.763 0.874

SSIM [18] 0.921 0.955 0.982 0.893 0.939 0.939 0.946 0.964 0.907 0.941

CNN-NR [8] 0.953 0.981 0.984 0.953 0.933 0.952 0.977 0.978 0.962 0.908

CORNIA [20] 0.951 0.965 0.987 0.968 0.917 0.943 0.955 0.976 0.969 0.906

BRISQUE [11] 0.922 0.973 0.985 0.951 0.903 0.914 0.965 0.979 0.951 0.877

CNN-QQ 0.972 0.981 0.967 0.984 0.965 0.972 0.980 0.923 0.982 0.936

CNN-Q 0.972 0.974 0.969 0.987 0.951 0.968 0.976 0.921 0.981 0.935

5 Conclusion and Future Work

This paper presents a multi-task learning framework with deep convolutional
neural network, which combines continuous qualitative and discrete quantitative
evaluations for image quality assessment. Assisted with consistent and stable
qualitative evaluations, the multi-task learning framework not only boosted NR
IQA by deep CNN with quantitative evaluations but also has achieved state of
art performance. In the future, obtaining quantitative prediction from qualitative
prediction should be carefully investigated. Further, we will explore manners of
inference between quantitative and qualitative prediction which could potentially
reject inconsistency of the evaluations.
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Abstract. Driven by the growing amount of surveillance video data, intelligent
video analysis has been applied to manipulate the stored videos automatically.
As the most important method of video storage, the conventional coding method
with high compression ratio severely degrades the video quality, which restrict
the performance of intelligent analysis. In this paper, we propose an
analysis-oriented region of interest (ROI) based coding approach to relieve this
problem. We qualitatively analyze the effect of video compression on the per-
formance of video analysis, such as feature similarity and object detection.
Based on the analysis, we generate the ROI by the prior knowledge of interest
objects rather than considering the characteristics of Human Visual System
(HVS). Then, a weight-based rate control scheme is proposed to protect the
quality of ROI by assigning more bits to encode it. Experimental results show
that the proposed approach can reach 5.52% and 4.39% gains average over
HEVC on the performance of feature similarity and object detection respectively
under the same bitrate.

Keywords: Surveillance video data � Video compression � Video analysis

1 Introduction

With the rapid development of security system, surveillance cameras have been widely
deployed. They can not only provide real-time monitoring, but also generate surveil-
lance videos that serve as the key resources for event analysis and incident investi-
gation. Nevertheless, the widely deployed surveillance cameras produce huge amount
of video data daily, which leads to large storage and transmission cost. To relieving this
problem, the usual method is to shorten the storage period of collected videos or
compress with high compression ratio. The former leads to valuable resource lost for a
long-term event. Whilst the latter results in the low quality of surveillance videos,
which severely degrades the performance in main tasks of videos analysis [1].

© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 428–438, 2016.
DOI: 10.1007/978-3-319-48896-7_42



Other than conversational video, which is captured for watching purposes,
surveillance video is usually captured for intelligent analysis such as key object
detection or retrieval [1–3]. Based on this demand, we need to keep the relatively high
fidelity of important region, which is the important prerequisites in video analysis.

To protect the quality of important region, namely ROI in videos, there are series of
ROI based coding methods have been proposed previous. The common strategy
employed by those methods includes two steps: (1) ROI is extracted by either
bottom-up or top-down perceptual model according to knowledge of HVS, e.g. bright
colors or fast motions; (2) more bits are allocated for ROI to reduce quality distortion
by rate control algorithm [4–6]. However, the detected ROI may not be suitable for
intelligent analysis due to following reasons: (1) regions with high contrast, such as
zebra crossing, are not important for surveillance video analysis; (2) pedestrians or
vehicles as the most important objects in surveillance cannot all be preserved by the
ROI defined from HVS. Therefore, existing coding methods based on HVS may not
achieve desirable performance when directly apply to surveillance videos.

Aiming to keep the analytical performance of surveillance video data after com-
pression, we analyze the effect of video coding distortion on video analysis perfor-
mance such as feature similarity and object detection accuracy in this paper. Based on
the analysis, we propose an analysis-oriented ROI based coding approach on surveil-
lance videos. Rather than considering the characteristics of HVS, the ROI is defined by
the prior knowledge of the interest object, adopting the method of object detection.
After that, a weight-based R-k rate control scheme is proposed to reduce the distortion
on ROI by assign more bits to encode it.

The main contribution of our paper is that we compress surveillance videos con-
sidering the analytic requirement, which is special characters of surveillance video data.
Based on this requirement, we establish the relationship between video analysis and
video compression by experiments. Then, a modified analysis-oriented ROI-based
surveillance video coding approach is developed guided by the relationship. Experi-
mental results show that the proposed approach can achieve better analytical perfor-
mance in the ROI of encoded videos under a fixed bitrate compared to HEVC.

2 Analysis

In general, the distortion on the performance of video analysis relies on the distortion of
the compressed video. Although the idea is very straightforward, there is no detailed
analysis on what is the relationship between video compression and the performance of
video analysis. Therefore, this section firstly validates that the video compression ratio
has positive correlation on the performance loss of feature similarity and object
detection and presents some quantitative results on the correlation by experiments.

2.1 Feature Similarity

The SIFT (Scale Invariant Feature Transform) descriptor is robust to rotation and
brightness and widely applied in computer vision tasks [7]. In this experiment, it is
utilized in our scheme to measure the feature similarity between the original videos and
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the decoded videos. It is extracted on video frames with different QPs, and the average
similarity is calculated between SIFT features of the original frames and those of the
corresponding decoded frames.

Figure 1(a) shows that the sift similarity drops with the increases of QP, which
means the compression quality has positive correlation with the performance of sift
similarity. It is reasonable since details of textures are lost more when coding under
lower quality.

2.2 Relative Detection Accuracy

Different from the general object detection task, there is no ground truth for surveil-
lance video and all outputs of object detection is used to be key resources for inves-
tigation in general. Therefore, we adopt relative detection accuracy to analyze the effect
of compression on output of detection results by evaluating the similarity of object
detection results between the original videos and the decoded videos frame-wise.

Figure 2(b) shows that the F1 score of object detection is lower in higher QP
relative to its original frames, but the declining trend is more moderate than that of sift
similarities. It may be explained that the feature of key point is more sensitive to the
quality reduction than the feature of region.

(c)(b)(a)

Fig. 1. The effect of video compression quality on (a) feature similarity; (b) object detection
accuracy; (c) the effect of ROI size on object detection accuracy. Experiments are conducted on
six test videos and the above results are the average. Evaluation algorithms and six test videos are
shown later in the experimental section

 Gate Road Community 

Park Playground Bank 

Fig. 2. Example frames of the test videos in our experiments
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2.3 The Effect of ROI Size

In our scheme, ROI is identified by object detection method and the blocking artifacts
in the decoded frames may affect the accuracy of the detection method. To deal with
this, we splice a worst quality decoded non-ROI (compressed with QP 47) and higher
quality decoded ROI (compressed with QP 2, 12, 22 and 32) together to analyze
whether the ROI size has impact on the detection performance. The relative detection
accuracy is computed by comparing the detection results of the spliced frame and that
of those frames compressed with corresponding QP of ROI.

Figure 2(c) shows that the precision of detection is increasing with the scaling
factor when the scaling factor is lower than 1 and the precision starts to steady when the
scaling factor beyond 1. Through the analysis, we set scaling factor to 1, namely the
size of the output bounding box, to the size of ROI in the experiment section.

3 The Proposed Scheme

3.1 ROI Detection

In the step of ROI detection, we employ deformable part models (DPM) [8] which has
a high detection accuracy to segment ROI (pedestrians and vehicles in this paper) and
non-ROI. First, we use pre-training DPM to localize the pedestrians and vehicles
respectively. Then, the cover region of pedestrians and vehicles is merged as a whole
and defined as ROI. It can be formalized as:

R ¼ ð
[m

i¼0
PiÞ [ ð

[n

j¼0
VjÞ ð1Þ

where R is ROI, Pi is the i-th region of the pedestrian and Vj is the j-th region of the
vehicle, m and n are the number of the region of pedestrians and vehicles respectively.

3.2 Weight-Based R-kRate Control

After the generation of ROI, we develop a weight-based rate control strategy based on
the R-k rate control algorithm [9]. We modify the bit allocation in the unit of the largest
coding unit (LCU) while keep the bit allocation in the GOP level and picture level the
same as done in HEVC. To make the paper complete, we first make a brief review on
the R-k rate control algorithm of HEVC on the basement of LCU. Then we give a
description on the proposed weighted R-k rate control algorithm.

• R-k rate control algorithm of HEVC.

The algorithm aims to allocate leftover bits to the remaining LCUs according to the
weight of each LCU.

TargetLCU ¼ TargetPic � BitH � CodedPic
P

NotCodedLCUs xi
� xCurrLCU ð2Þ
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xi ¼ MAD2
i ð3Þ

where TargetPic is the total bits of the current picture, BitH is the estimated header bits,
CodedPic is the bit cost of the previously coded LCU in current picture. xi is the weight
for each LCU, which is calculated according to the estimated mean absolute difference
(MAD). The MAD is obtained from the prediction error of the collocated LCU in the
previously coded picture belonging to the same picture level:

MADi ¼ 1
N

XN

j¼1
jpredj � orgjj ð4Þ

where N is the number of pixels in the i-th LCU, orgj and predj are the pixel value in
the original signal and the predicted signal respectively.

After bit allocation for each LCU, a value of k is determined by the following
algorithm:

k ¼ a bppb ð5Þ

bpp ¼ TargetLCU=N ð6Þ

where bpp is the average bits per pixel in current LCU, and a, b is initialized as 3.2003
and –1.367 respectively, which will be further updated by the real cost bpp and real
applied k value.

Then, for a given k, the QP value is determined by:

QP ¼ c1 � ln kð Þþ c2 ð7Þ

where c1 and c2 are set to 4.2005 and 13.7122 respectively.

• Weighted R-k rate control algorithm

In the ROI based rate control scheme, we prefer to use low QP in the salient area in
order to achieve high quality. Based on the Eqs. (2)–(7), we conclude that QP can be
reduced by giving high weight to the MAD value. Therefore, in our weighted R-k rate
control algorithm, we add a weight to the calculation of MAD based on whether the
LCU belongs to ROI. The MAD is calculated by:

MADi ¼ 1
N

XN

j¼1
jpredj � orgjj � xs ð8Þ

where xs is obtained by the piecewise function:

xs ¼
e1 LCU � ROI

e2 LCU � non ROI

(

ð9Þ

In our experiment, we use 8, 1 for e1, e2 respectively.
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4 Experimental Results

4.1 Experimental Setup

• Test video sequences

We carried out the experiments on six surveillance video clips from both public and
private datasets: Gate of resolution 720 p (1280 � 720) from the public PKU-SVD
dataset [2], Bank of resolution 720 p and Road of resolution 1080 p (1920 � 1080)
from the public PKU-HUMANID dataset [10] and Playground, Villa, Park and
Community of resolution 1080 p from private campus surveillance. For each video
sequence, we select 300 successive frames and all the video sequences contain
pedestrians or vehicles. Examples of the six videos are shown in Fig. 2.

• Experimental Design

We design two sets of experiments to test the performance of the proposed ROI based
video coding method. In the first set of experiments, comparison on the coding per-
formance with HEVC is conducted by using the main profile of HEVC test model HM
16.2 [11] and the details of the configuration of HEVC are showed in Table 1.

In the second set of experiments, comparison on the analysis performance with
HEVC is carried out in the aspects of feature points matching using the index of feature
similarity (FS) and object detection using the index of relative detection accuracy
(RDA). The statistical analysis is carried out using similar formula in [12] to compute
(1) the average difference on the indexes over the whole range of bitrates; and (2) the
average bitrate difference over the whole range of the indexes.

• Feature similarity

We generate matched SIFT point pairs based on the original frame and add constraints
on the positions of the matched point pairs to eliminating the pairs with points at
different locations, ultimately leaving only similar point pairs.

si ¼
1 if xi1 � xi2j jj j � 1and yi1 � yi2j jj j � 1

0 otherwise

(

ði ¼ 1; 2; . . .; kÞ ð10Þ

Table 1. Experimental HEVC configuration

Parameter Value Parameter Value

Frame structure Random access GOP size 8
IBBB

MaxCUwidth 64 MaxCUheight 4
FastSearch Enable SearchRanged 64
IntraPeriod –1 RateControl 1
SAO 1 AMP 1
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where si is the flag showing whether the pair is similar or not, (xi1, yi1) and (xi2, yi2) are
SIFT points of the i-th matched pair extracted from the original image and the decoded
image respectively.

The percentage of SIFT points in the original frame which can find matches in the
decoded frame is adopted to represent the FS of one frame:

FS ¼
Pk

i¼0 si
m

� 100% ð11Þ

where k is the number of matched point pairs and m is the number of SIFT points in the
original frame. The overall FS of a video is calculated by averaging FS of all frames.

• Relative detection accuracy

We used DPM trained by PASCAL VOC 2011 dataset [13, 14] on pedestrians and
vehicles as detectors to detect pedestrians and vehicles separately on the original frames
and the decoded frames, generating a bounding box for each detection. Then, the RDA
is computed by evaluating overlaps between the bounding box on the original frames
and that on the decoded frames.

f bi;Bj
� � ¼ 1 ifbi and Bj havemore than T overlap

0 otherwise

(

ð12Þ

where f is the flag shows whether the box pair is correct or not, bi and Bj are the i-th
detected object from the decoded frame and the j-th detected object from the original
frame. In the experiment, we set the overlap threshold T to 0.9.

F1 ¼ 2 � Prda � Rrda

Prda þRrda
� 100% ð13Þ

Prda ¼
Pmp

ip

Pnp
jp f bip;Bjp

� �þ Pmv
iv¼0

Pnv
jv¼0 f biv;Bjv

� �

np þ nv
ð14Þ

Rrda ¼
Pmp

ip

Pnp
jp f bip;Bjp

� �þ Pmv
iv¼0

Pnv
jv¼0 f biv;Bjv

� �

mp þmv
ð15Þ

where Prda and Rrda are the precision and recall of relative detection accuracy
respectively, mp and mv are the number of detected pedestrians and vehicles on the
decoded frame and np and nv are the number of detected pedestrians and vehicles on the
original frame. The overall RDA of a video is calculated by averaging F1 of all frames.

4.2 Comparison on Coding Efficiency

The RD curves of our proposed method and HEVC on each sequence is plotted in
Fig. 3, and the statistical comparisons are presented in Table 2. It should be noted that
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the rate-distortion performance of the proposed methods is slightly lower than HEVC,
in average 26.44% higher bitrate and 0.85 dB lower in PSNR. The decrement is under
the expectation because the proposed weighted R-k rate control algorithm will change
the optimized coding mode which the conventional rate control algorithm can achieve.

4.3 Comparison on Video Analysis

• Feature similarity

Results on FS of SIFT points are shown in Fig. 4. All curves show that the sift
similarities drops with the deceases of bitrate. Another discovery can be found in the
figure is that in ROI, we can achieve higher FS in all video clips though the increment
of FS does not have clear trend with the increment of bitrate. The statistical analysis in
Table 3 shows that under the same bitrate, the FS gains can reach maximum 8.11%
with the average of 5.52%. Meanwhile, when we want to obtain the same performance
on feature matching, we can save almost 28% bitrate over HEVC.

The increment on the FS reflects that by giving a high weight to the MAD of ROI,
more bitrate can be assigned to them. As a result, the FS increases in each video clip,
which is of great significance to analysis and recognition of special objects or events.

Gate Road Community

Park Playground Bank

Fig. 3. RD curves comparison for proposed method and HEVC

Table 2. Encoding performance comparison of proposed method versus HEVC

Simulated
video

BD-PSNR
(dB)

BD-Rate
(%)

Simulated
video

BD-PSNR
(dB)

BD-Rate
(%)

Gate –0.77 23.76 Road –0.86 23.99
Community –1.12 39.47 Park –1.07 33.37
Playground –0.51 16.91 Bank –0.74 21.13

Average –0.85 26.44
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• Relative detection accuracy

Results on RDA are shown in Fig. 5. Similar with the results from FS, the object
detection has been improved by our proposed method with the improvement of 4.39%
on accuracy under the same bitrate. More importantly, the bitrate savings can reach as
high as 62.22% when we obtain the same detection accuracy with HEVC (Table 4).

Gate Road Community

Park Playground Bank

Fig. 4. Comparison of feature similarity between proposed method and HEVC

Table 3. Comparison on feature similarity of proposed method versus HEVC

Simulated video FS (%) Bitrate (%) Simulated video FS (%) Bitrate (%)

Gate 5.94 –28.03 Road 7.73 –42.33
Community 3.43 –18.93 Park 4.60 –18.25
Playground 8.11 –41.29 Bank 3.34 –19.17

Average 5.52 –28.00

Gate Road Community

Park Playground Bank

Fig. 5. Comparison of object detection between proposed method and HEVC
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5 Conclusion

In this work, a novel analysis-oriented ROI based coding scheme for big surveillance
videos is proposed. We first analyze the analysis performance of surveillance videos
with different coding quality using the index of feature similarity and relative object
detection. Based on the analysis, a knowledge-based ROI extraction method is pro-
posed to detect the most important objects in surveillance video analysis. Then a
weighted rate control method is proposed to adjust the rate control mechanism in
HEVC to give more emphasize on the ROI. The results show that the proposed method
is capable of improve the performance of video analysis by 5.52% and 4.39% gains
average over HEVC on the performance of feature similarity and object detection
respectively under the same bitrate. Further work can be done in the improvement on
the ROI extraction to detect and represent the ROI by powerful and robust features.
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Abstract. Frontal face synthesis plays an important role in many fields.
The existing methods mainly synthesize frontal face based on the consis-
tency assumption that non-frontal and frontal face manifolds are locally
isometric. But the assumption couldn’t be held well when non-frontal
faces have large variations. To solve this problem, we propose a stepwise
frontal face synthesis approach for large pose non-frontal facial image.
Considering that the consistency is desirable when the angle variations
of different poses are small, we divide frontal face synthesis into multiple
stepwise synthesis steps. In each step, the intermediate pose training sets
between non-frontal and frontal training sets are used to synthesize inter-
mediate pose faces. Furthermore, in each step, we utilize the geometric
structure of target face space with small pose as constraint to repre-
sent the input face with larger pose. Experimental results demonstrate
that the proposed method outperforms other state-of-the-art methods
quantitatively and qualitatively.

Keywords: Frontal face synthesis · Large pose · Intermediate pose
training sets

1 Introduction

Frontal face synthesis plays an important role in image processing, video sur-
veillance, face recognition etc. [1–4]. Generally, frontal face synthesis is to syn-
thesize one’s frontal facial image given his/her non-frontal facial image. In
recent decades, many methods have been proposed for synthesizing frontal facial
images.

Depending on whether the synthesis is accomplished in the 3D domain or
the 2D domain, the existing methods of frontal face synthesis can be classified
into two categories: methods based on 2D techniques and methods based on 3D
techniques [5]. The 3D techniques, such as 3D morphable model (3DMM) [6]
and generic elastic model (GEM) [7], mainly utilize 3D models of human faces
to synthesize frontal facial images. These methods can achieve relatively good
c© Springer International Publishing AG 2016
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Fig. 1. Illustration of multiple stepwise frontal face synthesis for large pose non-frontal
facial image.

performance, but they need good initial values for 3D model fitting; especially
the optimization process of 3D model fitting is too slow to be used in real-time
tasks.

Methods based on 2D techniques mainly learn the relationship between non-
frontal facial images and corresponding frontal facial images, and most of them
follow the consistency assumption that non-fontal and frontal face manifolds are
locally isometric. Compared with methods based on 3D techniques, the methods
based on 2D techniques require relatively less computation. Moreover, these
methods can be divided into two categories. One category is synthesizing frontal
facial image as a whole. In [8], Vetter et al. use a Linear Object Class (LOC)
algorithm to infer frontal facial image. They first separate the input non-frontal
face into texture vector and shape vector, and then LOC algorithm is applied
to them respectively. Finally, they utilize a basis set of 2D prototypical views to
generate a novel frontal face. Huang et al. [9] treat frontal face synthesis as a
manifold estimation problem, and the frontal face can be synthesized by subspace
reconstruction. The synthesis results of these methods are relatively smooth, but
they neglect the local texture feature of faces. Another category is based on the
local patch strategy. Chai et al. [10] propose a Locally Linear Regression (LLR)
algorithm, in which the facial image are divided into local rectangular patches,
and each patch is predicted by linear regression. Zhao et al. [11] divide the facial
image into triangle patches and utilize sparse representation to reconstruct the
frontal facial image. However, Hao et al. [2] think that the manifold assumption
could not be guaranteed well because of the self-occlusion. So they introduce a
Unified Regularization Framework (URF), which incorporate the local similarity
prior and encircling neighbor patches of the input rectangle patch as constraint.
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To some extent, the performance of the above methods is better than other
global face synthesis methods in dealing with the facial images with small pose
variations. But in practice, the facial images captured by surveillance cameras
usually have large variations, which make the self-occlusion much severer. In this
situation, the performance of the above methods is relatively poor.

To address the above problem, in this paper, we propose a stepwise frontal
face synthesis approach for large pose non-frontal facial image. When the angle
variations of different poses are small, we consider that the manifold consistency
of two different pose spaces is desirable. Based on the above consideration, we
divide frontal face synthesis into multiple stepwise synthesis, as illustrated in
Fig. 1. In each step, we utilize the intermediate pose training sets between non-
frontal and frontal training sets (such as the pose of 45◦ is the intermediate pose
between the poses of 67.5◦ and 0◦) to synthesize intermediate facial images with
different poses. Furthermore, in each step, in order to take full advantage of the
geometric structure of target face space which has few self-occlusion, we use it
as constraint to represent the input facial image with larger pose.

2 The Proposed Method

2.1 Notations

Assumed that there are non-frontal and corresponding frontal face training sets
Ipn

= {I1pn
, I2pn

, ..., IN
pn

} ∈ Rσ×N and Ip0 = {I1p0
, I2p0

, ..., IN
p0

} ∈ Rσ×N , where
every column in Ipn

and Ip0 respectively represents the vectorized facial image
of the training sets, N represents the number of all the training images in the
training set IP0 and Ipn

. Given a non-frontal input facial image xpn
, whose pose

is pn, the goal of frontal face synthesis is to reconstruct its frontal facial image by
learning the relationship of the non-frontal and frontal face training sets. As for a
local patch based method, we divide all the facial images into T triangle patches
based on Delauany triangulation [12]. Then the input face can be expressed as
xp0 = {x(1,p0), x(2,p0), ..., x(T,p0)}, and the ith patch of the training sets Ip0 and
Ipn

can be respectively described as I(i,p0) = {I1(i,p0)
, I2(i,p0)

, ..., IN
(i,p0)

}, I(i,pn) =
{I1(i,pn)

, I2(i,pn)
, ..., IN

(i,pn)
}. Later we utilize the reconstruction weights of each

input patch and frontal face training patches set to obtain the final frontal facial
image.

2.2 Multiple Stepwise Synthesis

In practice, facial images are usually have large pose variations, which make
the self-occlusion much severe and the manifold consistency between input non-
frontal and frontal face space couldn’t be held well. As Fig. 2, with the increase
of face pose variations, the neighbor preservation rates of face spaces under
different poses will decrease. So we consider that when the angle variations of
different poses are small, the manifold consistency of two different pose spaces is
desirable. And based on the above consideration, we divide frontal face synthesis
into multiple stepwise synthesis.
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Fig. 2. The neighbor preservation rates of different pose face spaces according to dif-
ferent neighbor number K.

Supposed that the intermediate pose training sets are Ipn−1 , Ipn−2 , ..., Ip1 ,
where pn−1, pn−2, ..., p1 are the intermediate poses between the poses pn and
p0. We use similar operations with frontal face training set to represent these
different pose training sets. Given an input facial image xpn

, for its ith patch
(such as the red triangle patch in Fig. 1), we can get the corresponding frontal
face patch x(i,p0) through multiple stepwise steps. In the first step, we can obtain
the intermediate pose target face patch x(i,pn−1) under the pose pn−1 through
two substeps. Firstly, we need to obtain the reconstruction weights of x(i,pn),
and the weights can be described as:

J(w(i,pn)) = argmin
w(i,pn)

‖x(i,pn) −
N∑

j=1

Ij
(i,pn)

wj
(i,pn)

‖22 1 ≤ j ≤ N (1)

where w(i,pn) = (w1
(i,pn)

, w2
(i,pn)

, ..., wN
(i,pn)

)T ∈ RN×1. Secondly, the patch
x(i,pn−1) can be obtained via:

x(i,pn−1) =
N∑

j=1

Ij
(i,pn−1)

wj
(i,pn)

(2)

In the second step, we set x(i,pn−1) as a new input patch, following the above
two substeps, target facial image patch x(i,pn−2) under the pose pn−2 can be got
easily. Through multiple stepwise iterations, we can finally obtain frontal face
patch x(i,p0). Meanwhile, in order to mitigate the line-like artifacts inherited
from the triangulation blocks, we increase overlap for each patch based on the
equidistantly similarity. When all triangle patches of the input face have been
synthesized, the corresponding frontal face image can be produced by averag-
ing the overlapping regions [13] and merging all the patches according to the
position.
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2.3 Prior Constraint Neighbors Embedding

In our approach, we utilize Neighbors Embedding (NE) based method [14] to
synthesize frontal face. For each step, each target facial image patch is recon-
structed by mapping the weights of input face patch to target face training space,
without considering the prior information of target face space which has few self-
occlusion. As Fig. 2, compared with the pose of 45◦, the correct neighbor number
of facial image patch under the pose of 22.5◦ is larger. In order to take use of
the information of target face space with smaller pose, we propose to utilize the
neighbors of target face space as constraint to represent the neighbors of input
facial image.

Algorithm 1. A stepwise frontal face synthesis approach for large pose non-
frontal facial image
Input: Suppose there are two intermediate pose training sets, so all the training

sets can be described as Ip3 , Ip2 , Ip1 , Ip0 , where I(pq) = {I1(pq), I2(pq), ..., IN(pq)|q ∈
0, 1, 2, 3}, the input facial image is xp3 . The parameters: T , K, overlap.

1: Divide all images into T small patches and update each patch through increas-
ing overlap, the image can be describes as: xp3 = {x(1,p3), x(2,p3), ..., x(T,p3)},
and the ith patch of the training set under the pose variations q are I(i,pq) =

{I1(i,pq), I2(i,pq), ..., IN(i,pq)}
2: for i = 1 : T do
3: for s = 0 : 2 do
4: Initialize the virtual target facial image patch x

′
(i,p3−s−1)

= Affine −
Transform(x(i,p3−s)).

5: for j = 1 : N do
6: distj(i,p3−s−1)

= ‖x′
(i,p3−s−1)

− Ij(i,p3−s−1)
‖2 1 ≤ j ≤ N

7: end for
8: Get CK of x

′
(i,p3−s−1)

according to the Eq. (4).

9: Establish the objective function: J(w(i,p3−s)) = argmin
w(i,p3−s)

‖x(i,p3−s) −
∑

j∈CK

Ij(i,p3−s)
wj

(i,p3−s)
‖2
2 1 ≤ j ≤ N

10: Obtain the reconstruction weights of x(i,p3−s) by applying the LcR algorithm.

11: Get the updated target face patch x(i,p3−s−1) =
∑

j∈CK

Ij(i,p3−s−1)
wj

(i,p3−s)
.

12: end for
13: end for
14: Combine all frontal face patch {x(i,p0), 1 ≤ i ≤ T} according to the position of each

patch. And the frontal facial image can be obtained by averaging the overlapping
regions.

Output: The frontal facial image xp0 .

Given an input facial image under the pose pn, we first estimate the virtual
target facial image x

′
pn−1

under the pose pn−1 via linear affine transformation.
Then, for each patch, we apply the squared Euclidean distance between the
intermediate pose facial patch and the patches of intermediate pose training
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samples to search K nearest neighbors (K-NN). Next we utilize the neighbors
to obtain the weights of input face patch. As following, for the ith patch, the
reconstruction weights can be optimized by

J(w(i,pn)) = argmin
w(i,pn)

‖x(i,pn) −
∑

j∈CK

Ij
(i,pn)

wj
(i,pn)

‖22 1 ≤ j ≤ N (3)

where CK denotes the index set of K-NN of x
′
(i,pn−1)

in the training set I(i,pn−1).
It can be computed as following,

CK = order(dist(i,pn−1)|K) (4)

dist(i,pn−1)|K refers to the smallest K indexes of dist(i,pn−1) = {distj(i,pn−1)
}N

j=1,
which can be represented as

distj(i,pn−1)
= ‖x′

(i,pn−1)
− Ij

(i,pn−1)
‖2 1 ≤ j ≤ N (5)

Generally speaking, least square representation (LSR) [10] and sparse rep-
resentation (SR) [11] are usually applied to solve Eq. (3). But LSR may suffer
from the over-fitting problem thus does not generalize well, SR overemphasizes
the sparsity of the solution without considering the local similarity prior. So in
our approach, we utilize Locality-constrained Representation (LcR) [15], which
imposes a locality constraint onto the least square inversion problem to obtain
the reconstruction weights. Through mapping the weights w(i,pn) to the train-
ing patches set I(i,pn−1), we can obtain the updated target face patch x(i,pn−1).
Then applying the prior constraint neighbor embedding method to each step of
multiple stepwise synthesis, we can get the final frontal face patch x(i,p0). The
stepwise frontal face synthesis approach for large pose non-frontal facial image
can be summarized as Algorithm 1.

3 Experiments

3.1 Dataset

To evaluate the proposed method effectively, we conduct experiments in the
CAS-PEAL-R1 database [16]. There are 30863 images of 1040 subjects with
controlled pose, expression, and lighting variations in this database. In our exper-
iments, we make use of the only 79 subjects containing 316 images which cover
the poses yawing over 0◦, 22.5◦, 45◦ and 67.5◦. 70 subjects for training and the
left for test.

3.2 Parameters Settings

Before the experiments, we manually located 60 landmark points of all the train-
ing images. We set the size of each image as 192 × 228, and the number of
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(a) 45◦

(b) 67.5◦

Fig. 3. Comparisons of frontal face synthesis results based on different methods on the
CAS-PEAL-R1 database. (a) represents the synthesis results under 45◦; (b) represents
the synthesis results under 67.5◦. In both subfigures, (i) represents the input non-
frontal facial images under different poses; (ii) shows the results of LOC [8]; (iii) shows
the results of LLR [10]; (iv) shows the results of URF [2]; (v) shows the results of the
proposed method and (vi) shows the ground truth.
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triangular patches, which is obtained by dividing each image via Delaunay tri-
angulation as 99. In our experiments, we set the images under the pose of 45◦

and 67.5◦ as inputs. Limited by the datasets, when the input face pose is 45◦,
we set the training set under the pose of 22.5◦ as the intermediate pose training
set. And when the input face pose is 67.5◦, we set the training sets under the
poses of 22.5◦ and 45◦ as the intermediate pose training sets. The number of
nearest neighbors K for NE is set to 40. Meanwhile, we increase the overlapping
regions for every patch to alleviate the blocking artifacts, and set overlap to 10.

3.3 Experimental Results

Figure 3 shows the comparison of our method with the methods of LOC [8], LLR
[10] and URF [2]. Due to space limitation, we don’t provide all the face results
here. From the Fig. 3, we can observe that the synthesis results under the pose
of 45◦ are better than the pose of 67.5◦ in the details, which can be easily under-
stood because the smaller the pose, the more the useful information. Meanwhile,
under the large pose of 67.5◦, compared with other methods, the fidelity of our
method is much higher. The main reason is that the multiple stepwise synthesis
strategy mitigates the inconsistency between non-frontal and frontal face man-
ifolds. However, compared with the ground truth, the reconstruction results of
our method are still slightly smooth, which may be caused by the fact that the
overlapping regions are too large and the number of samples is too small.

Table 1. The average PSNR (dB) and SSIM under different poses. The best results
are shown in black fronts.

Methods LOC [8] LLR [10] URF [2] Ours

45◦ PSNR (dB) 23.8841 22.9246 24.1923 24.3502

SSIM 0.8218 0.8160 0.8407 0.8464

67.5◦ PSNR (dB) 23.4420 22.4994 23.1990 23.8914

SSIM 0.8132 0.8088 0.8308 0.8458

Table 1 represents the average PSNR (dB) and SSIM of different methods
for frontal face synthesis with different poses. As can be seen from the table, the
performance of our method is better than the other three methods. When the
input face pose is 67.5◦, the average PSNR of our method is higher about 0.45 dB
than the best result of other methods. However, the average PSNR of LOC is
better than URF under 67.5◦. This is mainly because global face synthesis can
find smooth geometry for the severe self-occlusion regions of facial image.

4 Conclusion

In this paper, we propose a stepwise frontal face synthesis approach for large
pose non-frontal facial image. Based on the intermediate pose training sets with
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different poses, we divide frontal face synthesis into multiple stepwise synthesis,
which can mitigate the manifold inconsistency between non-frontal face space
and frontal face space. Meanwhile, in each step, we use the geometric structure of
target face space that has few self-occlusion as constraint to represent the input
facial image with larger pose. In the future, our work will focus on enhancing
facial details and utilizing multiple non-frontal facial images of the same person
to jointly synthesize the frontal facial image.
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Abstract. In this paper, we propose a simple nonlinear convolutional network,
named Nonlinear PCA network (NL-PCANet) for image classification. Com-
pared with previous PCA network, NL-PCANet introduces a nonlinear term in
the convolution filters, which ensures that the maps depend on not only the
direction of principal components of global distribution but also the location of
individual example. Consequently, it is suitable to the nonlinear distribution of
data and keeps more information of raw features. The main difference of our
method from the traditional nonlinear architecture is that we introduce a non-
linear term in the traditional convolution filter instead of adding the layer of
nonlinear transformation. Experiments of face recognition over Extended
Yale B, Yale, ORL datasets and object recognition over various sizes of partial
CIFAR10 dataset show the effectiveness of our approach.

Keywords: Deep learning � Nonlinear PCA network � Image classification

1 Introduction

Image understanding is a challenging problem mainly due to the gap between low-level
representation and high-level human brain’s cognition. How to represent images is a
kernel issue in this problem. Many traditional methods tend to extract the low-level
features to represent an image, including pixel-wise features, color distribution, and
scale-invariant feature transform (SIFT) [2]. Usually, low-level features are
hand-crafted and can be easily extracted, but they can hardly be extended to new
conditions from previous specific data and tasks [3, 4]. Moreover, different kinds of
tasks generally need different features. This problem limits flexible frameworks in
image representation.

Deep Learning brings an effective architecture for both image recognition and
representation tasks [3]. This architecture includes multiple similar layers. Features can
be abstracted layer by layer, and the higher-level features represent more abstract
semantics than previous. Convolutional network (ConvNet) [5, 6] is a typical model in
image classification. The model consists of multiple trainable unsupervised stages,
followed by a supervised classifier [7]. In ConvNet [8], each stage comprises three
parts, i.e. convolution filters, nonlinear processing, and feature pooling. An important
challenge is the parameter learning over a large space of parameters, which needs some
expertise tuning and ad hoc tricks. In previous work, almost deep architectures [9–11]
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apply nonlinear method in every stage. For example, every stage of Convolutional
Neural Network (CNN) [10] includes a convolution layer and a pooling layer. Different
with previous work, PCANet [1] proposes a two-stage unsupervised convolutional
network, which is comprised of cascaded principal component analysis (PCA), binary
hashing, and block-wise histograms. The model is a very simple deep learning network
and is generally considered as a baseline for image classification and recognition. In
PCANet, the first two stages are regarded as filter banks to learn, and binary hashing
and block histogram are to index and pool. Compared with some complex deep
learning models, it also gets a relative good performance in classification tasks.
However, PCANet is suited to linear distribution of data. For complex and nonlinear
distributions, the projection into the linear subspace will lost much information of raw
features.

In this work, we propose a new approach, named nonlinear PCA Network (NL-
PCANet) based on PCANet. NL-PCANet introduces a nonlinear term in the convo-
lution filters, which ensures that maps depend on not only the direction of principal
components of global distribution but also the location of examples. Consequently, it is
suitable to nonlinear distribution of data and keeps much information of raw features.
The main difference with the traditional nonlinear architectures is that we introduce a
nonlinear term in traditional convolution filter instead of adding the layer of nonlinear
transformation.

2 Brief Introduction of PCA Network

This section briefly reviews the PCA network [1]. As shown in Fig. 1, PCA network is
comprised of two stages of convolution based on principal component analysis (PCA),
binary hashing and block-size histogram.

This model works over a set of N images Iif gNi¼1, each with size of m� n. PCA
network includes only two levels of PCA filters. In the first level of PCA filters, the
patch of size k1 � k2 centered at kth pixel of the ith image is represented as a vector,
denoted by xi;k, with the concatenation of all pixels in it, and thus the image can be
represented as a matrix of form �Xi ¼ �xi;1;�xi;2; . . .;�xi;~m~n

� �
, by keeping the patches

Fig. 1. PCA network
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together, where ~m ¼ m� k1=2d e and ~n ¼ n� k2=2d e. All images in the given set are
represented by the matrix �X ¼ ½�Xi; �Xi; � � � ; �XN �. The kernel idea of PCANet is that the
ith filter is constructed by the ith basis derived by PCA over the matrix X. The ith filter is
achieved as the following form of matrix:

W1
l ¼: matk1;k2 ql XX

T
� �� � 2 R

k1�k2 ; l ¼ 1; 2; . . .; L1 ð1Þ

where matk1;k2 vð Þ maps v 2 R
k1k2 to a matrix W1

l 2 R
k1�k2 , and ql XXTð Þ is the ith

principal eigenvector of XXT . The input Ili convolves with W1
l as follows:

Ol
i ¼: Ili �W1

l

� �L1
l¼1 ð2Þ

The stage two repeats operations of stage one. The output W2
l is L1 times more than

stage one and combines L1 groups, in which each group has L2 images.
The output layer is comprised of hashing and histogram. The output of stage two is

binarized, divided into L1 groups, and transferred to binary matrix, which is viewed as
decimal numbers. After parting matrix into B blocks, the histogram of the decimal
values is computed in each block. The output vector is the feature of one input image.

3 Our Approach

3.1 Nonlinear Projection of Data

PCA Network uses a set of orthogonal basis derived from PCA to construct the filters,
which is effective for linear distributed data. In other words, it abstracts the information
through the linear dimension reduction based on PCA. However, the visual information
is located in a high dimensional feature space with extremely complicated distribution
rather than only a linear space. Thus, the linear filter is limited to the problem. As is
shown in Fig. 2, we find that the projection of data to the principal components derived

x

Linear Projection
Nonlinear Projection

W

λx
O(x)

Fig. 2. The projection of samples for a nonlinear distribution the black curve indicates the
distribution of data, and the orange line means the direction corresponding to the first principal
components achieved by PCA. (Color figure online)
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from PCA will lost very much information for nonlinear distribution. Therefore, the
linear filter used in PCA network cannot represent the data accurately and completely.

In our work, we consider that the projection result of each example depends on not
only the direction of principal components of global distribution but also the location of
individual examples. Hence, we formulate the filters in CNNs as follows:

OðxÞ ¼ ðW þ kf ðxÞÞTx ð3Þ

where f ðxÞ is a term associated with the location of example x and W denotes the
vector of principal component. Figure 2 illustrates the filtering process for a nonlinear
distribution where f ðxÞ :¼ x. We can see that our idea considers the manifold structure
of data distribution, and combines the principal direction of distribution and the
location of each sample together. Consequently, the representation after the filtering
process keeps more information, i.e., the relative position among data points, of the raw
data in the nonlinear embedded space.

There can be various definitions of f ðxÞ, such as polynomial functions and expo-
nential functions. In the practical work, 1-order or 2-order polynomial functions may
achieve efficient performance due to their simplicity.

3.2 Nonlinear Network Structure

In our work, we introduce a new method based on the analysis in Sect. 3.1. In this
work, we let f ðxÞ ¼ x for simplicity, and then obtain the final formulation for each
filter:

OðxÞ ¼ ðW þ kxÞTx ð4Þ

where k is a coefficient to control the balance between principal direction of global
distribution and location of individual examples. Equation (4) shows that we use a
quadratic function to model each filter in the network instead of the linear one used in
PCA Network.

Our nonlinear PCA network includes two stages of convolution based on Eq. (4),
binary hashing and block-size histogram for representation. Suppose given N input
images fIigNi¼1, each with size of m� n. As shown in Fig. 3, we can also get Eq. (1)
with same operations in Sect. 2. Based on Eq. (4), we obtain the nonlinear convolution
in the stage one of NL-PCANet as follows:

Ol
i ¼ Ili � W1

l þ k1l � Ili
� � ð5Þ

where Ili is the l
th patches of the ith input images, W1

l 2 Rk1�k2 is with the same meaning
with that in Eq. (1), and k1l is a coefficient added to individual patches to balance the
principal eigenvector of distribution. Our nonlinear PCA network uses a convolution
kernel, W1

l þ k1l � Ili , to replace the principal eigenvector W1
l in PCA network. The

computation process in the stage two of this network is almost the same as the stage
one except that its input is the output of the stage one, and L2 filters are used for the
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output of one filter of the stage one. In the stage two, W2
l means the lth principal

component vector that is achieved by PCA over the output of the stage one.
Like the PCANet, a Heaviside step (like) function H �ð Þ is used in the hashing

process. The output is one for positive entries and zero for others. It applies in the

output Ili � W2
l þ k2l � Ili

� �� �L2
l¼1 of the stage two, as H Ili � W2

l þ k2l � Ili
� �� �� �L2

l¼1. We
integer the L2 outputs of each input in the stage two:

Tl
i ¼

XL2

l¼1

2l�1H Ili � W2
l þ k2l � Ili

� �� � ð6Þ

There are L1 integer images Tl
i , l ¼ 1; 2; . . .; L1, and each integer is considered as a

distinct “word”. Next, we divide the integers into B blocks and compute the histogram
as Bhist Tl

i

� �
. We define the histogram with the “feature” of input images [1]:

fi ¼: Bhist T1
i

� �
; . . .;Bhist TL1

i

� �� �T2 R
2L2ð ÞL1B ð7Þ

According to the above discussion, the quadratic term in Eq. (4) describes the
degree of nonlinearity associated to a given principal direction. There are L1 filters in
stage one and L2 filters in stage two in our nonlinear PCA Network, which correspond
to L1 and L2 directions respectively. In this work, we have not learned the parameter k
with training algorithms over datasets. We introduce three strategies to set the nonlinear
terms in our network.

(1) We fix a uniform value of k for each filter of the network, which means that the
degrees of nonlinearity along all the directions are the same;

(2) A part of filters are chosen to introduce the nonlinear term with the same value of
k, and the rest keeps k = 0;

(3) Random value of k is set for each filter in a pre-defined range.

In the following section of experiments, we show some results about the strategies.

Fig. 3. Nonlinear network structure (partial)
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4 Experimental Results

This section evaluates the performance of our NL-PCANet with the tasks of face
recognition and object classification over multiple public datasets. They are imple-
mented with Matlab R2014a on a computer with 64-bits Windows 7 and 32 GB RAM.

4.1 Face Recognition on Many Datasets

The experiment of face recognition is implemented over three datasets including the
extended Yale B, Yale, and ORL. The Extended Yale B includes 2414 frontal-face
images of 38 individuals, around 64 images per individual. These images are made in
various laboratory-controlled lighting conditions, having different illumination. In our
experiments, we resize them to 32 � 32 pixels. We randomly select 190 images as
learning set, 80 images as validation and the rest as test set. The Yale dataset has 165
gray scale images from 15 individuals, with different facial expression and configu-
rations, like center-light, happy, left-light, w/n glasses, right-light, sad, normal, sur-
prise, wink, and sleepy. We use leave one out procedure to get 60 images as training
set, 20 as validation set, and others as test set. ORL dataset has 40 distinct individuals
with 10 images of each subjects. The images are taken at different times, lighting, facial
expressions and details. We randomly choose 100 images as training set, 100 as
validation set, and the rest as test set. Over each dataset, we independently implements
5 times and use the averaged results to evaluate the performance.

For Extended Yale B dataset, we set the patch size to k1 ¼ k2 ¼ 5, the number of
filters to L1 ¼ L2 ¼ 8, the block size in histogram computation to 8 � 8 and the
overlapping ratio to 0.5. For Yale and ORL, we set the patch size to k1 ¼ k2 ¼ 7, the
number offilters to L1 ¼ L2 ¼ 8, the block size to 7 � 7 and the overlapping ratio to 0.5.

To determine the degree of nonlinearity, i.e. the value of k, we search it over the
grid of {1, 1 � 10�1, 1 � 10�2, …, 1 � 10�7, …, 1 � 10�10} to choose the best one.
The experiment result is shown in Table 1. We test two strategies introduced in
Sect. 3.2, one is to fixed k as a uniform value 1� 10�7, and the other is to give k
randomly whose absolute value is in 1� 10�6; 1� 10�7

� �
. Compared to the traditional

PCANet, both strategies improve the accuracy rate, respectively by 1.54% and 1.45%
in Extended Yale B dataset, 1.34% and 2.67% in Yale dataset, 1.32% and 1.63% in
ORL dataset. It’s noted that although k ¼ 1� 10�7 seems to be a tiny value, we find
that the average jkxjj=jjWjj is about 1.14%. Therefore, the nonlinear term is necessary.

4.2 Object Recognition on CIFAR10

4.2.1 Fixed k Value for Different Filters
The experiment is implemented over CIFAR10, a set of 60000 natural RGB images of
32 � 32 pixels for 10 classes of objects. We choose four different size of training sets
including 1000, 2500, 5000 and 10000 training samples, respectively.

We extend the filter to accommodate the RGB images by changing one channel to
three. The second difference is that we connect spatial pyramid pooling to the output

454 X. Zhang and Y. Du



layer. We choose the size of filters k1 ¼ k2 ¼ 5, the number of filters L1 ¼ 40; L2 ¼ 8,
block size 8 � 8, and overlapping ratio 0.5. Table 2 shows the classification accuracy.
We can find that our NL-PCANet is superior to the PCANet, and the performance is
promoted by 0.85% to 1.9%. From the results we also find a phenomenon that the
promotion of performance decreases as the size of training set increases. We consider
that the most possible reason is that, for the large set the simple nonlinear term used in
Eq. (3) is limited to model the nonlinearity of the distribution.

4.2.2 The Analysis of k Values
In this section, we discuss how the performance changes when the nonlinear term is
used in the different combination of filters. The discussion is based on 1000 training
and 1000 test images in CIFAR10 dataset.

From Sect. 4.1, we know k ¼ 1� 10�7 is a good choice for recognition. Hence we
use the value in the discussion. First, we choose only one filter to introduce the
nonlinear term. We find that no matter which filter is chosen, the error rate is near to
42.5%, which is similar to PCANet. Second, we let k ¼ 1� 10�7 to two filters and the
others equal to zero. Similarly, we choose more filters to introduce the nonlinear term,
and obtain the recognition results, as shown in Fig. 4. Different performance is raised
when we introduce the nonlinear term into different combination of filters. We think
that the most possible reason is different directions over different degrees of nonlin-
earity. When the combination of filters is consistent to the nonlinearity over different
directions, the performance reaches the best one.

Table 1. Experiments in different dataset

Table 2. Experiments in CIFAR-10 with different size of training set
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5 Conclusion and Future Work

In this paper, we propose simple nonlinear convolutional network, named Nonlin-
ear PCA network (NL-PCANet) for image classification. We can find that the nonlinear
term in our model uses the changeable direction over which raw features are projected.
The advantage is that the projected results in the convolution layers keep more
information of the raw nonlinear-distributed features in the initial space. In the
experiments, we evaluate the performance by object classification over CIFAR10 and
face recognition over extended Yale B, Yale, and ORL datasets. The result shows that
our approach can increase the accuracy by 0.85%–2.67% compared with the PCA
network. As for computational cost, there is nearly similar to the previous PCANet.

In future work, we will explore more effective nonlinear convolution method based
on current work, such as a more reasonable nonlinear term f ðxÞ shown in Eq. (3), and
test the work over larger dataset for illustrating its effectiveness. Also, another
important issue is to study how to automatically learn parameter k from the datasets.

Acknowledgments. This work is supported in part by the National Natural Science Foundation
(61375040, 61572397, 61221063), Natural Science Basic Research Plan in Shaanxi Province
(2015JM6299, 2015JM6298), and 111 International Collaboration Program, of China.

References

1. Chan, T.-H., Jia, K., Gao, S., Lu, J., Zeng, Z., Ma, Y.: PCANet: a simple deep learning
baseline for image classification? IEEE Trans. Image Process. 24(12), 5017–5032 (2015)

2. Lowe, D.G.: Distinctive image features from scale-invariant keypoints. Int. J. Comput. Vis.
60(2), 91–110 (2004)

3. Hinton, G., Osindero, S., Teh, Y.-W.: A fast learning algorithm for deep belief nets. Neural
Comput. 18(7), 1527–1554 (2006)

4. Bengio, Y., Courville, A., Vincent, P.: Representation learning: a review and new
perspectives. IEEE TPAMI 35(8), 1798–1828 (2013)

5. Lee, H., Grosse, R., Ranganath, R., Ng, A.Y.: Convolutional deep belief networks for
scalable unsupervised learning of hierarchical representation. In: ICML (2009)

56.00%

58.00%

60.00%

1 2 3 4 5 6 7 8 9

NumFilter>=

accuracy PCANet fixed k in NL-PCANet

Fig. 4. The results for different combination filters to introduce the nonlinear term

456 X. Zhang and Y. Du



6. Krizhevsky, A., Sutskever, I., Hinton, G.: Imagenet classification with deep convolutional
neural network. In: NIPS (2012)

7. Jarrett, K., Kavukcuoglu, K., Ranzato, M., LeCun, Y.: What is the best multi-stage
architecture for object recognition. In: ICCV (2009)

8. Kavukcuoglu, K., Sermanet, P., Boureau, Y., Gregor, K., Mathieu, M., LeCun, Y.: Learning
convolutional feature hierarchies for visual recognition. In: NIPS (2010)

9. Ciresan, D., Meier, U., Schmidhuber, J.: Multi-column deep neural networks for image
classification. In: CVPR (2012)

10. Jia, Y.: Caffe: an open source convolutional architecture for fast feature embedding (2013).
http://caffe.berkeleyvision.org/

11. Mikolov, T., Karafiát, M., Burget, L., Cernocký, J., Khudanpur, S.: Recurrent neural
network based language model. In: Proceedings of Interspeech (2010)

Nonlinear PCA Network for Image Classification 457

http://caffe.berkeleyvision.org/


Salient Object Detection in Video Based
on Dynamic Attention Center

Mengling Shao1,2, Ruimin Hu1,2,3(&), Xu Wang1,2,
Zhongyuan Wang1,2,3, Jing Xiao1,2,3, and Ge Gao1,3

1 State Key Laboratory of Software Engineering,
Wuhan University, Wuhan, China

shaomengling_whu@163.com, hrm1964,wzy_hope@163.com,

wangxu9191@gmail.com
2 National Engineering Research Center for Multimedia Software,

Computer School of Wuhan University, Wuhan, China
3 Hubei Provincial Key Laboratory of Multimedia and Network
Communication Engineering, Wuhan University, Wuhan, China

{jing,gaoge}@whu.edu.cn

Abstract. Salient object detection in video has attracted enormous research
efforts for its wide applicability. But there are still some issues in restraining the
disturbance of background, which make it difficult to detect salient object in
complex scenarios. Inspired by the hypothesis of center prior in image domain,
we novelly introduced the concept of dynamic attention center in video. The
distance between specific regions and this center is used as a weighting term to
restrain the influence of background disturbance and obtain more accurate
spatial and temporal saliency maps. Besides, we develop a dynamic fusion
method to combine the temporal and spatial saliency map, leading to higher
spatiotemporal consistency. The experiments on Freiburg-Berkeley Motion
Segmentation Dataset show that our method outperforms several state-of-art
methods on subjective visual perception and objective measurements.

Keywords: Salient object detection in video � Dynamic attention center �
Center prior � Spatiotemporal consistency

1 Introduction

The human vision system has a remarkable ability to locate and focus on the object or
region of interest among massive visual information, which is called salient object
detection in computer vison. Salient object detection for images and videos plays a
crucial role in image understanding, content-based image editing, object recognition,
which facilitates great reduction in the visual information that needs to be processed.
According to early works, Treisman and Gelade [1], Itti et al. [2] suggested that, visual
attention is generally classified into two manners: a rapid, bottom-up, saliency-driven,
task-independent manner and a slower, top-down, volition-controlled, and task-
dependent manner [3]. The bottom-up manner is driven by low-level features, such as
color, gradient, edges and boundaries. While the top-down manner is driven by

© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 458–468, 2016.
DOI: 10.1007/978-3-319-48896-7_45



subjective factors such as age, culture, and experience regulate attention, which is
relatively less explored for its high complexity [4]. Here we focus on bottom-up,
features driven salient object detection in videos in our wok.

It is widely believed that human vision system always preferentially responds to
high contrast stimulus in receptive fields. In static images, contrast-based models have
been proved to be effective for salient object detection [2, 5–8]. Considering motion is
the primary influential factor in salient object detection in video [4], many researchers
have extended existing spatial salient object detection models by taking the additional
temporal dimension into account to extract spatiotemporal saliency [9–15]. Zhai and
Shah [9] proposed a spatiotemporal model which defined the pixel-level saliency based
on a pixel’s motion and color contrast to all other pixels. Fu et al. [13] devised three
visual attention cues: contrast, spatial, and global correspondence to measure the cluster
saliency. Zhou et al. [14] adopted space-time saliency to generate a low-frame-rate
video from a high-frame-rate input using region contrast of various low-level features.
In these works, spatial features are combined with motion features to measure the
saliency frame-by-frame. However, in complex scenarios, the background disturbance
becomes a major obstacle to detect accurate salient object. The background could be
detected as the target object or the detected salient object in adjacent frames may not be
consistent along the time axis, which apparently contradicts with common sense.

In image salient object detection, a hypothesis called center prior proposed by Jiang
et al. [16] provides a feasible idea to solve the problem caused by background. This
hypothesis is based on the fact that the salient object in an image always locates near
the image geometric center. In other words, the background tends to be far away from
the image geometric center. Based on this, Cheng et al. [7] introduced a weight of
average distance between pixels in specific region and the image geometric center,
which effectively restrained the influence of regions located near the boundary of
image. In terms of video, which is made up with continuous frames, this hypothesis
still make sense. The background in video frames tends to be far away from human
attention center. As for video, fixed center is inappropriate for moving salient objects
and the salient object may locate at the boundary of the frame. Thus directly adopting
the idea of center prior into the salient object detection model in video will cause
inaccurate distribution of saliency map. Some modifications should be made to fit the
case in video.

To solve this problem, we extended the hypothesis of center prior by introducing
the dynamic attention center to make it applicable for video. The distance between
specific regions and this center is used as a weighting term, which restrains the
influence of background disturbance to obtain more accurate spatial and temporal
saliency maps. The attention center is presupposed as the center of extracted salient
region in last frame. With the continually updated attention center, the extracted salient
region would converge at a more accurate location. Furthermore, we combine the
temporal and spatial saliency maps in a dynamic fusion method to obtain the accurate
salient object and achieve higher spatiotemporal consistency.

The remainder of this paper is organized as follows: we introduce the detail of
ourmodel in Sect. 2; Sect. 3 presents the experiment compared with several state-of-art
methods; Finally we conclude our major contributions in Sect. 4.
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2 Proposed Method

2.1 Framework of Proposed Model

In this paper, we propose a salient object detection model based on global contrast and
combination of spatial and temporal features. Figure 1 shows the framework of pro-
posed model. The process of our model is divided into following three steps.

Firstly, we obtain the segmented image and the optical flow information from video
frames. Then we utilize the global region contrast of motion and color to obtain the
preliminary temporal and spatial saliency maps. Secondly, we improve the preliminary
saliency maps by introducing a distance weight to emphasize the region located near
the attention center. Lastly, a dynamic fusion method is proposed to combine the
temporal and spatial saliency map together. Moreover, we extract the k-th frame’s
attention center as the presupposed attention center of the next frame.

2.2 Preliminary Salient Object Detection

Firstly, we utilize the well-known EDSION segmentation [17–19] to divide the frame
into separated objects and regions. We obtain the motion vector mi

! pið Þ ¼ x; yð Þ of each
pixel pi by utilizing the optical flow between two adjacent frames. The motion vector
~v okð Þ of the region ok is computed by (1).

~v okð Þ ¼ wv okð Þma
�! okð Þ ð1Þ

wv okð Þ ¼ exp �r

P
pi2ok mi

! pið Þ � ma
�! okð Þ�� ��2

n

 !
ð2Þ

where ma
�! okð Þ ¼ 1

n

P
pi2ok

mi
! pið Þ is the average motion vector of ok , n is the number of

pixels in ok . wv okð Þ is the normalized variance of motion vectors in ok , which measure
the consistency of motion vectors in ok. The value of ma

�! okð Þ is higher in foreground
due to its highly consistent motion vectors, which is quite obvious in Fig. 2(c).

Considering the complicated movements in background, we use a global contrast
method to obtain the temporal saliency through motion vectors. For each object or
region ok the temporal saliency is:

S
0
t okð Þ ¼

X
ok 6¼oi

exp �Dt ok; oið Þ
r2

� �
w oið Þ~v okð Þ �~v oið Þj j2 ð3Þ

where exp Dt ok ;oið Þ
�r2

� �
is the normalized distance weight to eliminate the influence of

regions located too far. And Dt ok; oið Þ is the normalized distance between the centers of
two regions. Here we use the number of pixels in region oi as the weight of region oi to
emphasize motion contrast to larger regions.
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Fig. 1. The framework of proposed model
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As for spatial saliency, we adopted the region color contrast method which is
proposed in [7] to obtain the preliminary result.

We obtained the preliminary spatial and temporal saliency maps in this section.
Figure 2 shows the result in each step.

2.3 Distance Weight of Dynamic Attention Center

The temporal correlation and consistency is an important feature of video sequence,
which means the salient regions of adjacent frames are close to each other. In the light
of the hypothesis of center prior for image salient object detection, we proposed a
weighting term based on the distance between current region and the dynamic attention
center to restrain the influence of background. We presuppose the center of the
extracted salient object o

0
k of the n� 1 th frame as the attention center of the n th

frame.

wt ok; nð Þ ¼ exp � d2k ok; o
0
k

� 	

r2

 !
ð4Þ

where dk ok; o
0
k

� 	
is the distance between the center of ok and the center of o

0
k. Thus,

wt ok; nð Þ gives a high value if ok is close to the attention center and it gives a low value
if the ok is a border region away from the attention center. We improve the temporal
saliency S

0
t okð Þ introduced in last section.

St okð Þ ¼ wt ok; nð ÞS0
t okð Þ ð5Þ

With the continually updated attention center, the extracted salient region would
converge at a more accurate location, which enhances the accuracy of extracted salient
region and weaken the disturbance from background as shown in Fig. 3. For the same
reason, we also add the distance weight in the color contrast method in spatial domain.

Ss okð Þ ¼ ws ok; nð Þ
X

ok 6¼oi
exp �Ds ok; oið Þ

r2

� �
w oið ÞDo ok; oið Þ ð6Þ

Fig. 2. Illustration of preliminary process of salient object detection: (a) original frame;
(b) result of EDISON segmentation; (c) optical flow map; (d) preliminary temporal saliency map;
(e) preliminary spatial saliency map
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Via introducing the distance weight of dynamical attention center, we obtain the
advanced saliency maps both in spatial and temporal domain.

2.4 Fusion by Dynamic Weight

When we extracting the salient region in temporal domain, the motion of the object and
the background is not always identifiable. The proposed method in temporal domain is
difficult to obtain satisfying result in this situation. So we fuse the saliency map in
spatial and temporal domain together to obtain stable result. According to [9], we
proposed an improved fusion method with dynamic weight.

The fusion method is based on the following principle: human vision system is
sensitive to the stimuli caused by motion. So if the motion contrast in temporal domain
is intense, the temporal saliency map should occupy a larger proportion in the fusion
result and vice versa. The optical flow is the direct reflection of motion information.
Through the observation of optical flow, we divide the result of the optical flow into the
following three types, which are shown in Fig. 4:

1. The optical flow of the whole frame is roughly consistent, which means the motion
contrast between the moving object and background is weak;

2. The moving object and background have different but internally consistent optical
flow, which means the motion contrast between the moving object and background
is strong;

Fig. 3. Comparison of preliminary spatial and temporal saliency maps and advanced spatial and
temporal maps: (a) original frame; (b) preliminary spatial saliency map; (c) advanced spatial
saliency map; (d) preliminary temporal saliency map; (e) advanced temporal saliency map

Fig. 4. Three different types of optical flow map
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3. The optical-flow of the whole frame is disorder and random, which means it is
difficult to distinguish the moving object and background;

Only in the type 2, the moving object is obvious and we need to increase the weight
of temporal saliency map in the fusion method.

We utilize the following method to calculate the temporal saliency weight k and the
spatial saliency weight 1−k. Firstly, we compute the gradient magnitude M of matrix
Im which is made up with the normalized motion vector modulus of each region.

M x; yð Þ ¼ mag rIm x; yð Þð Þ ð7Þ

As for three different types of optical flow map mentioned above, the first type
generate a small value of

P
Mðx; yÞ, and the third type lead to a large value ofP

Mðx; yÞ.
Only the second type achieve stable and reasonable range for value of

P
Mðx; yÞ

because only the edge of the motion changed region achieve high gradient magnitude.
Therefore, we make use of M and Gaussian method to calculate the weight of

temporal saliency map.

k ¼ exp �
P

Mðx; yÞ � lð Þ2
r2

 !
ð8Þ

where l means reasonable sum of gradient magnitude, and r is the convergence rate.
Both of them are empirical value and we make µ = 300, r = 400 in our experiment.
Finally, the temporal saliency map and the spatial saliency map is combined together to
obtain the final saliency value.

S Ið Þ ¼ k St Ið Þþ 1� kð ÞSs Ið Þ ð9Þ

where St Ið Þ and Ss Ið Þ are obtained by (5) and (6) respectively. And S Ið Þ is the final
result of our model.

3 Experimental Results

In the experiment, we evaluate our model on the well-known Freiburg-Berkeley
Motion Segmentation Dataset (FBMS) [20]. It contains 59 video sequences and a
pixel-level segmentation ground-truth for each video is available. Most of videos in
FBMS are pretty challenging for salient object detection for the large appearance
variation of foreground and background, significant shape deformation, and large
camera motion.

We compare our method with five state-of-art methods: frequency-tuned saliency
(FT) [5], region based contrast (RC) [7], luminance contrast saliency (LC) [9],
quaternion Fourier transform based saliency (QS) [21] and spatial and temporal sal-
iency integration energy minimization framework (SEG) [22]. FT, RC are static image
salient object detection models, and the rest are models for video. In order to
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comprehensively evaluate the performance of our model for salient object detection, we
performed two experiments on both subjective and objective measures.

Firstly, we present the subjective visual comparison result in Fig. 5. It shows an
intuitional comparison of our model and FT, RC, LC, QS, SEG for some representative
frames chosen from the FBMS dataset. Because of lacking inter-frame information, FT,
RC cannot identify the salient object accurately, and RC also tend to highlight the back
ground for using a distance weight based on fixed center (e.g., cats01). Although LC,
QS, SEG are methods for videos, they do not effectively suppress interference from
background. As a result, the salient value of the same region may dramatically change
in adjacent frames, which means the background may be detected as the salient object
(e.g., marple4). The comparison demonstrates that our model performs better especially
in video contains complex background (e.g., marple4, various subtle motion in its
background). The extracted salient objects have higher spatial-temporal consistency
(e.g., cats01, the cat is always highlighted in our saliency maps).

Secondly, we evaluate the objective performance of our model with three quanti-
tative measurements.

1. The first one is the precision versus recall curves (PR curves). For the saliency value
of the predicted saliency map is in the range of [0, 255], we convert the saliency

Fig. 5. Video saliency results on the FBMS dataset. From left to right columns: indicative
frames of input videos, FT, RC, LC, QS, SEG, our model and the ground truth (GT).
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map to a binary mask with a threshold from 0 to 255. For each threshold, we
compute the precision and the recall to plot a Precision-Recall (PR) curve to
describe the performance of the proposed method. The precision value represents
the ratio of the real salient pixels correctly assigned to all the pixels of extracted
regions, while the recall value represents the ratio of the detected salient pixels
correctly assigned to all the pixels of the ground truth.

2. Then we use the F-Measure combing both precision and recall. The F-Measure is
proposed as a weighted harmonic mean of precision and recall with a non-negative
weight:

Fb ¼ 1þ b2
� 	 � precision � recall

b2precisionþ recall
ð10Þ

b2 is set to 0.3 as suggested in many salient object detection works.
3. Furtherly we use the Mean Absolute Error (MAE), which is normalized to [0, 1].

MAE can visually describe the degree of approximation between the saliency map
and the ground truth.

Figure 6 shows the evaluation results on PR curves, F-measure and MAE. Our
model significantly performs better in PR curves and F-measure than other models. Our
model achieves a higher value in precision because of effective restraining the dis-
turbance of the background, no matter the background is static or contains complicated
subtle motion. Our model achieves the lowest MAE value, which reflects that the
results produced by our model are closer to ground truth.

4 Conclusion

In this paper, we proposed a novel salient object detection model for video sequence.
There are two major contributions of our paper: (1) In order to restrain the disturbance
of background, we novelly introduce the concept of dynamic attention center. And the
weighting term based on the distance between specific region and the center is used to
obtain more accurate spatial and temporal saliency maps; (2) We present a dynamic
fusion method combining the temporal and spatial saliency maps to achieve higher
spatiotemporal consistency. Experimental results on FBMS dataset show that the

Fig. 6. Comparison of PR curves (left), F-measure (middle) and MAE (right) on FBMS dataset.
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proposed model performs better than several state-of-art models especially in the video
with a complex background.

As the motion vector is obtained from optical flow which has high complexity in
computation, the time complexity of our method mainly depends on the algorithm of
optical flow. The acceleration of our method will be further explored in fast extraction
of motion information.
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Abstract. Due to the powerful feature extraction ability, deep learning has
become a new trend towards solving speech separation problems. In this paper,
we present a novel Deep Neural Network (DNN) architecture for monaural
speech separation. Taking into account the good mask property of the human
auditory system, a perceptual modified Wiener filtering masking function is
applied in the proposed DNN architecture, which is used to make the residual
noise perceptually inaudible. The proposed architecture jointly optimize the
perceptual modified Wiener filtering mask and DNN. Evaluation experiments on
TIMIT database with 20 noise types at different signal-to-noise ratio (SNR) si-
tuations demonstrate the superiority of the proposed method over the reference
DNN-based separation methods, no matter whether the noise appeared in the
training database or not.

Keywords: Speech enhancement � Deep neural networks � Audible noise
suppression � Joint optimization

1 Introduction

The objective of a speech enhancement process is to suppress the noise and improve
the perceptual quality of speech in noisy environments. Over the past decades, many
approaches have been widely used to extract the target speech from the noisy speech,
like spectral subtraction [1], Wiener filter [2], minimum mean squared error (MMSE)
estimation [3] and optimally-modified log-spectral amplitude (OM-LSA) speech esti-
mator [4]. Those methods often perform not well when noise is non-stationary and
SNR levels are low.

Another set of widely-used techniques is dictionary learning approaches such as
non-negative matrix factorization (NMF) [5, 6]. Dictionary learning approaches per-
formance better than statistical speech enhancement approaches in low SNR conditions
and non-stationary noise environment, but dictionary learning approaches are not good
at capturing the spectra patterns of noises without repeated low rank spectral structures.

Recently, deep learning has achieved state-of-the-art performance in many speech
enhancement tasks [7–12]. In general, speech enhancement can be formulated as a
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supervised learning problem. A typical supervised speech enhancement system is
proposed in [7]. In this system, DNN is developed as a nonlinear approximation
function to predict the clean speech spectra from the noisy speech spectra. Extended
from the basic DNN, some different training targets, including the ideal binary mask
(IBM), the target binary mask (TBM), the ideal ratio mask (IRM), and the Gammatone
frequency power spectrum, are evaluated and compared [8]. This study find that
masking based targets, in general, are significantly better than spectral envelope based
targets. In [9], the authors explored joint optimization of masking functions and deep
recurrent neural network (DRNN) for monaural source separation tasks. This method
use the soft time-frequency mask as an extra masking layer, which is placed on the top
of the original network output as the final output. In [10], the authors investigated a
novel method that simultaneously enhances the magnitude and phase spectra by
operating in the complex domain. The approach uses a DNN to estimate the real and
imaginary components of the IRM in the complex domain.

In general, the masking based targets are widely used in deep learning and achieve
good performance for speech enhancement tasks, but the masking properties of the
human auditory system was not consider. In this paper, we propose a new DNN
architecture for monaural speech enhancement. Firstly, a Wiener-type filtering layer is
used to mask the network original output. Then, a perceptually motivated modification
is applied to the Wiener filter masking function. Finally, the adjusted Wiener masking
function as the network final output to obtain clean speech spectra from noisy speech
spectra.

The rest of the paper is organized as follows. Section 2 gives a brief introduction of
the perceptual modified Wiener filter mask. The proposed enhancement approach is
presented in Sect. 3. The results of the experimental evaluation over the TIMIT
database are outlined in Sect. 4. Finally, Sect. 5 concludes our work.

2 A Brief Review on Perceptual Modified Wiener Filter Mask

The noisy signal y ¼ sþ n is expressed in terms of speech signal s and noise signal
n. Using discrete Fourier transform (DFT) to the observed signal gives

Yðm; kÞ ¼ Sðm; kÞþNðm; kÞ ð1Þ

where m ¼ 1; 2; . . .; M is the frame index, k ¼ 1; 2; . . .; K is the frequency bin index,
M is the total number of frames and K is the frame length, Yðm; kÞ, Sðm; kÞ and Nðm; kÞ
represent the short-time spectral components of y, s and n, respectively.

Basic speech enhancement approaches usually estimate the frequency component
of the clean speech from the noisy speech, as shown

Ŝðm; kÞ ¼ Hðm; kÞYðm; kÞ ð2Þ

where Hðm; kÞ is a gain estimator chosen according to a suitable criterion. The error
signal generated by this gain estimator is
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eðm; kÞ ¼ Ŝðm; kÞ � Sðm; kÞ
¼ ðH � IÞSðm; kÞþHNðm; kÞ ð3Þ

where ðH � IÞSðm; kÞ represents the spectrum of speech distortion and HNðm; kÞ
represents the spectrum of residual noise.

The Wiener filtering is one of the widely-used mask methods aimed at reducing
residual noise. In this case, the gain estimator is Hðm; kÞ ¼ Wðm; kÞ and Ŝðm; kÞ ¼
Wðm; kÞYðm; kÞ is the Wiener estimate of Sðm; kÞ. If clean speech signal and noise
signal are zero mean and uncorrelated, the Wiener gain function Wðm; kÞ is obtained as
follows:

Wðm; kÞ ¼ EðjSðm; kÞj2Þ
EðjSðm; kÞj2ÞþEðjNðm; kÞj2Þ ð4Þ

where EðjSðm; kÞj2Þ and EðjNðm; kÞj2Þ represents the estimated clean speech power
spectrum and noise power spectrum, respectively.

Although the Wiener filtering estimator reduces the level of residual noise, it does
not eliminate it [13]. In order to make the residual noise perceptually inaudible, many
perceptual gain estimators have been proposed which incorporates the auditory
masking properties [14–16]. In these estimators, residual noise is shaped according to
an estimate of the clean signal masking threshold. One of the famous perceptual gain
estimator Hðm; kÞ ¼ Gðm; kÞ proposed in [15] can be expressed as

Gðm; kÞ ¼ jSðm; kÞj2
jSðm; kÞj2 þmaxðjNðm; kÞj2 � Tðm; kÞ; 0Þ ð5Þ

where Tðm; kÞ is an estimate of the clean speech noise masking threshold (NMT).
In [16], the authors proposed perceptual modified Wiener filtering mask by using a

perceptual weighting factor Gðm; kÞ to control the Wiener gain function Wðm; kÞ. The
proposed perceptual modified Wiener filter mask concatenate perceptual weighting
factor Gðm; kÞ and Wiener gain function Wðm; kÞ as follows:

Hðm; kÞ ¼ Gðm; kÞWðm; kÞ

¼ j~Sðm; kÞj2
j~Sðm; kÞj2 þmaxðj~Nðm; kÞj2 � ~Tðm; kÞ; 0ÞWðm; kÞ ð6Þ

where ~Sðm; kÞ and ~Nðm; kÞ are clean speech magnitude spectrum and noise speech
magnitude spectrum which are separated from noisy spectrum Yðm; kÞ by Wiener filter
Wðm; kÞ, respectively. ~Tðm; kÞ represents the noise masking threshold which is cal-
culated by ~Sðm; kÞ.
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3 Proposed Method

3.1 Model Architecture

Joint optimization of masking functions and DNN can improve the separation per-
formance [9]. In this paper, we use this idea and propose a new DNN architecture for
speech separation, which jointly optimize DNN together with the perceptual modified
Wiener filtering. The proposed DNN architecture is shown in Fig. 1.

The proposed DNN simultaneously predict the clean speech magnitude spectrum ~S
and the noise magnitude spectrum ~N. Then, the Wiener filter mask can be calculated as
follows:

WS ¼
~S2

~S2 þ ~N2
WN ¼

~N2

~S2 þ ~N2
ð7Þ

Using the Wiener filter, we obtained the masked separation spectra ~SW and ~NW

from noisy spectra Y , as shown in Eq. (8). Subsequently, the perceptual gain estimator
is calculated by both the separation spectra, as shown in Eq. (9).

~SW ¼ WS � Y ¼
~S2

~S2 þ ~N2
� Y ~NW ¼ WN � Y ¼

~N2

~S2 þ ~N2
� Y ð8Þ

G ¼
~S2W

~S2W þmaxð~N2
W � T ; 0Þ ð9Þ

Fig. 1. The architecture of the proposed DNN

472 W. Han et al.



In order to obtain the enhanced clean speech magnitude spectrum, we jointly
optimize the DNN and the modified Wiener filtering mask in Eq. (6). The modified
Wiener filtering mask together with the noisy speech magnitude spectrum placed on the
top of the DNN as the network final output, as follows:

Ŝ ¼ G �WS � Y

¼
~S3W

~S2W þmaxð~N2
W � T ; 0Þ

ð10Þ

3.2 Training Objective and Optimization

Commonly, modeling both clean speech and noise in a model can improve separation
performance due to the complementarity between different sources in the mixture [9].
However, modeling noise source will bring more prior knowledge. In this paper, we
only predict the magnitude spectrograms of speech, the optimization training objective
as follows

JMSEðWÞ ¼ 1
2
jjŜðWÞ � Sjj22 ð11Þ

To update the network parameters W corresponding to the clean speech features,
the error back-propagation algorithm with stochastic gradient learning is subsequently
used.

We derive the derivative of J with respect to the original output-layer weights w4

which is obtained by using chain rule

@J

@wð1Þ
4

¼ @J

@Ŝ

@Ŝ

@~SW

@~SW
@~S

@~S

@wð1Þ
4

þ @J

@Ŝ

@Ŝ

@ ~NW

@ ~NW

@~S

@~S

@wð1Þ
4

ð12Þ

@J

@wð2Þ
4

¼ @J

@Ŝ

@Ŝ

@ ~NW

@ ~NW

@ ~N

@ ~N

@wð2Þ
4

þ @J

@Ŝ

@Ŝ

@~SW

@~SW
@ ~N

@ ~N

@wð2Þ
4

ð13Þ

Notably,wð1Þ
4 and wð2Þ

4 are the parameters between the two original output and the
last hidden layer. The terms in Eqs. (12) and (13) are yielded as

@Ŝ

@~SW
¼ 3~S3Wð~S2W þmaxð~N2

W � T ; 0ÞÞ � 2~S4W
ð~S2W þmaxð~N2

W � T ; 0ÞÞ2 ð14Þ

@Ŝ

@ ~NW
¼ � 2~S3W �M1;0 � ~NW

ð~S2W þmaxð~N2
W � T ; 0ÞÞ2 ð15Þ

@~SW
@~S

¼ 2~S � ~N2

ð~S2 þ ~N2Þ2
@~SW
@ ~N

¼ � 2~S2 � ~N
ð~S2 þ ~N2Þ2 ð16Þ
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@ ~NW

@~S
¼ � 2~S � ~N2

ð~S2 þ ~N2Þ2
@ ~NW

@ ~N
¼ 2~S2 � ~N

ð~S2 þ ~N2Þ2 ð17Þ

where M1;0 represents the partial derivatives of uðu ¼ ~N2
W � TÞ with respect to

maxðu; 0Þ, the value of M1;0 is a matrix consisting of 1 and 0, which depend on u is
greater than 0.

For the hidden layers, the partial derivatives can be calculated as the common
DNN. Thus, the errors are propagated backwards through all layers to adjust the
weights by using optimization methods. In this paper, we use the limited-memory
Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) algorithm to update the weights W .

3.3 Proposed Speech Enhancement System

A block diagram of the proposed speech enhancement framework is given in Fig. 2.
The proposed method contains two phases: the “training phase” and the “enhancement
phase”. In the “training phase”, the proposed DNN was trained as a mapping function
from noisy to clean speech.

In the “enhancement phase”, the trained DNN was used to obtain the enhanced
speech magnitude spectrum from the noisy speech. Then, clean speech signal is
reconstructed by using the enhanced spectrum for clean speech and the phase from the
noisy input.

Fig. 2. A block diagram of the proposed speech enhancement system
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4 Evaluation Experiments

4.1 Experiment Setting

In the experiments, we evaluated the performance of the proposed model with the
TIMIT corpus. 1200 utterances were randomly selected from 240 different male and
female speakers as the training set. All the sentences were resampled to 8 kHz. Twenty
types of noise, namely babble, car, casino, cicadas, f16, factory1, frogs, hfchannel,
jungle, restaurant, street, white, airport, pink, birds, exhibition, subway, train, mo-
torcycles and ocean were considered. The training set consists of the first 15 noise
types, the last 5 types of noise were used to test the proposed method’s generalization
ability. The 1200 sentences were added with the above-mentioned 15 types of noise
and eleven levels of SNR, at −15 dB, −12 dB, −9 dB, −6 dB, −3 dB, 0 dB, 3 dB,
6 dB, 9 dB, 12 dB, and 15 dB, to build a multi-condition training set.

For testing, we randomly chose 160 clean speech utterances from other 120 dif-
ferent male and female speakers and mixed with above 20 noise types at −5 dB, 0 dB,
5 dB, and 10 dB, respectively.

4.2 Comparison Methods and Evaluation Metrics

To evaluate the proposed method (denoted as ‘PW-DNN’), we compared with the basic
DNN (denoted as ‘DNN’) [7], and Wiener filtering masking DNN (denoted as
‘W-DNN’) [9]. All model architectures were set to 3 hidden layers of 2048 hidden units
and Rectified linear unit (ReLU) was chosen as the activation function. The magnitude
spectrograms, extracted by applying a 512-point STFT with 50% overlap to the mixture
signals, was used as the input features. To capture the context information, a window
(11 frames) of features were concatenated together to form a long feature vector. All
DNNs were trained from a random initialization, and the network weights were
updated using the L-BFGS algorithm.

Three metrics were computed to evaluate the performance of the speech
enhancement algorithms, namely the perceptual evaluation of speech quality (PESQ),
the log-spectral distortion (LSD), and the frequency-weighted segmental SNR
(fwSNRseg). For PESQ and fwSNRseg, a larger score indicates better performance.
For LSD, a small value means better enhancement quality.

4.3 Results and Discussions

The Method’s General Performance. The PESQ scores, LSD values and fwSNRseg
values of the proposed methods as well as the DNN and W-DNN baselines are given in
Tables 1, 2 and 3, respectively. From the tables, we see that both PW-DNN and
W-DNN show significant improvements over DNN, this mainly due to that the
enhancement ability of DNN is dependent on large training date [7]. The PW-DNN
performs better perceptual quality than the W-DNN at most SNR situations by
obtaining higher scores for PESQ and fwSNRseg. The LSD presented in Table 2
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illustrate the capability of PW-DNN to reduce noise without introducing too much
distortion. The significant improvements of PW-DNN over the W-DNN mainly owes
to that the modified Wiener filtering can mask more audible noise frequency
components.

The Method’s Performance per Noise Type. To better understand the methods’
performance on each noise type, Fig. 3 present the mean PESQ scores over the four
SNR levels. From Fig. 3, we can see that, for the 15 matched noise cases, PW-DNN
outperforms on most noise types, except the cicadas. Furthermore, for the 5 unmatched
noise cases, the proposed PW-DNN still performs better.

Table 1. The PESQ scores of DNN, W-DNN and PW-DNN at four different input SNR levels.
For matched noise case, the numbers are the mean values over all the 15 noise types. For
unmatched noise case, the numbers are the mean values over all the 5 noise types.

Methods Matched noise Unmatched noise
−5 dB 0 dB 5 dB 10 dB −5 dB 0 dB 5 dB 10 dB

DNN 1.621 1.850 2.067 2.282 1.650 1.913 2.148 2.358
W-DNN 1.766 2.052 2.332 2.618 1.832 2.205 2.503 2.786
PW-DNN 1.806 2.107 2.385 2.671 1.853 2.209 2.492 2.789

Table 2. The LSD values of DNN, W-DNN and PW-DNN at four different input SNR levels.
For matched noise case, the numbers are the mean values over all the 15 noise types. For
unmatched noise case, the numbers are the mean values over all the 5 noise types.

Methods Matched noise Unmatched noise
−5 dB 0 dB 5 dB 10 dB −5 dB 0 dB 5 dB 10 dB

DNN 2.094 1.885 1.715 1.512 2.104 1.896 1.664 1.450
W-DNN 1.982 1.783 1.572 1.350 1.942 1.725 1.508 1.302
PW-DNN 1.920 1.727 1.534 1.336 1.961 1.751 1.506 1.287

Table 3. The fwSNRseg values of DNN, W-DNN and PW-DNN at four different input SNR
levels. For matched noise case, the numbers are the mean values over all the 15 noise types. For
unmatched noise case, the numbers are the mean values over all the 5 noise types.

Methods Matched noise Unmatched noise
−5 dB 0 dB 5 dB 10 dB −5 dB 0 dB 5 dB 10 dB

DNN 4.843 5.844 6.914 7.891 4.742 5.914 7.076 8.074
W-DNN 5.415 6.574 7.931 8.972 5.182 7.100 8.026 9.548
PW-DNN 5.430 6.404 8.104 9.296 5.584 6.928 8.694 10.493
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5 Conclusion

The main contribution of this paper is incorporating the masking properties of the
human auditory system with deep neural networks for monaural speech separation. In
order to make the residual noise inaudible, we propose a novel DNN architecture,
which jointly train the perceptual modified Wiener filtering masking function and
DNN. Experimental evaluation on 15 types of matched noises and 5 types of unmat-
ched noises demonstrated the superiority of the proposed approach over the
DNN-based methods. In future work, we believe that combining the masking properties
of the human auditory system with DNN need more in-depth study. There will likely be
room for future improvement.
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Abstract. Aiming at the problems of the complex modeling, large amount and
variety of data in the three-dimensional (3D) modeling of overpass in digital
city, a novel approach is proposed for the fast extraction and construction of 3D
overpass based on the two-dimension grid map. First the centerlines of roads of
the three-dimensional overpass are automatically extracted from the two
dimensional grid map of local road network. Then the intersections and layers
are obtained based on it. The rapid three-dimensional solid modeling of the
overpass could be realized through the parametric modeling and texture map-
ping. The topology of the whole model is consistent with the real surface
features, so it is measurable. The experimental results show that the proposed
parametric modeling approach of the overpass could greatly reduce the mod-
eling time, and improve the design efficiency with better flexibility and
interactivity.

Keywords: Overpass � Raster map � Automatic extraction � Parametric
modeling

1 Introduction

In modern society, people have more demands on the urban spatial information. The
traditional two-dimensional digital map is hard to meet the demand of people’s life, and
the construction of three-dimensional digital city has become the goal of the city
informatization. As an indispensable part of the traffic network in the virtual 3D digital
city, elevated road and interchanges are of great significance for the 3D simulation of
the traffic, the optimization of road, vehicle tracking, traffic statistics and emergency
treatment. The interchanges consist of the main body, the crossing components and the
connection parts in space, which are of complex connection and topology. Thus
interchanges are the most complex part of the city traffic network. Researchers have
done lots of works on 3D fast modeling of interchanges. Jingjing Wang [1] developed a
virtual reality system of the urban interchange based on the graphical platform named
PKPM3D. This system could be used to accomplish the design and modeling of many
types of bridges with complex structures, while the parameters are required to be
adjusted for different components of the interchanges in the modeling process, which
makes it more complicated. Bisong Hu [2] put forward the three-dimensional data
structure and spatial topology of large interchange, and further proposed the three
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dimensional modeling method based on high-resolution aerial images and satellite
remote sensing images, but the optimization of its modeling is difficult. Jie Wang [3]
proposed an approach for the extraction of the interchange by converting the existing
GIS data of road to high-precision three-dimensional road network models. While for
the complex interchanges with multiple levels, it is still hard to determine the final
relationship of different levels. Min Deng [4] proposed a feature-based data model with
three hierarchies, which was used for the mapping and navigation in the traffic network.
This method could reflect the simple hierarchy of the interchange, while it is lack of
in-depth research on the modeling of the complex interchanges.

Based on the researches on the construction and display of interchanges in recent
years, a novel automatic extraction and fast modeling algorithm of interchange based
on two-dimensional raster map is proposed, combining with Design Specification for
Highway Alignment in China. The proposed method consists of three stages, including
the extraction of road centerline, the detection of intersection and layers, and 3D
geometric modeling. This approach could automatically detect the intersections of the
interchanges, and realize the fast parametric modeling of the key components of the
interchanges. In order to enhance the visual effect, the texture mapping technology for
3D rendering is further proposed. Finally the road editor is used to do manual cor-
rection about the layered intersection errors.

2 Parametric Description of Interchange

The important parameters of the city interchange include the bridge height, road width,
and spacing of the bridge pier. The ratio of interchange bridge height and its span is
normally 1:2.5*1:3 [5]. The widths of general lanes, car lanes and the median strip are
3.75 m, 3.5 m and 0.5 m respectively. And the width between the left and right edge of
the road is 0.5 m. Pier spacing is related to beam structure. The spacing of piers is at
above 20 m when box girders are used. In this paper, the interchange extraction
algorithm consists of three stages, including preprocessing, centerline processing and
intersection stratification, 3D geometric modeling, as shown in Fig. 1.

Fig. 1. The interchange extraction algorithm.
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The preprocessing stage is mainly the extraction of the road centerline from the
raster maps. The stage of centerline processing and intersection stratification includes
the detection of overlapping points, stratifying the intersections, the adjustment of
centerline, and segmentation, etc. The 3D geometric modeling stage includes the
modeling of the interchange and the overlapping area according to the centerline,
which uses the texture mapping technology to render the interchange for enhancing the
visual effect.

3 Preprocessing of Raster Map Data

3.1 Analysis of World Map Data

World map is an important part of “Digital China”, which is the public version of the
public information service platform on the national geography, and provides the 2–18
class map resource for public use. The street maps of the World map have different
layers. As shown in Fig. 2(left), yellow color represents for main road, white color
represents for the path, blue color represents for lakes, and green color represents for
parks. In the 14th level of the world map, roads are clear, and there are no greenbelts
and buildings. Roads in the 15th level are more refined. Buildings appear in the 16th
level. Two-way road appears in the main road in the 17th level with the crossroads
more precise. And in the 18th level of the world map, the interchanges are more clear
and easily to be distinguished. Figure 2(left) and (right) are the raster map and image
map of interchanges in Jinshui Road, Zhengzhou City, which are cut out from the 18th
level of the world map.

3.2 Extraction of the Road Centerline

The road centerline is extracted according to the following steps, which are given in
details. (1) Read the map data. (2) Convert the map data into grayscale data. (3) Divide
the data into two areas, which are road region and non-road region. (4) Due to the noise
in map data, some unexpected noise should be removed after the region segmentation.

Fig. 2. The raster map (left) and the image map (right) are cut out from the World map. (Color
figure online)
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(5) Fill the holes, nick and gap in the roads using image smoothing algorithm to avoid
the disconnection phenomenon. (6) Transform the road into the line with one pixel
wide. After the extraction process above, the centerline in target road can be extracted.
The extracted road centerlines are given in Fig. 3. You can refer to [6, 7] for the
extraction of road centerline.

4 Detection and Stratification of Road Intersection

4.1 Intersection Detection

The road centerline is composed of a series of discrete points, as shown in Fig. 4. The
three-dimensional coordinates of the discrete points on the road centerlines are stored in
the arrays according to the topological relations between points. Thus each centerline of
the road corresponds to an array. To realize the stratification of the interchanges, the
intersection point should be detected firstly. For each centerline, the intersection sets
between it with all the other centerlines should be found out. Then the newly detected
intersection could be stored in a new array.

4.2 Intersection Stratification

Since each intersection is generated because the centerlines of two roads cross with
each other, the level of intersection should be determined first. Through the following
two iteration steps, the overpass is divided into three rating levels, which are corre-
sponding to different heights.

The first iteration is executed in the following two steps.

(1) According to the order of the array subscript, the intersections on the centerlines
of each road are traversed. If the intersection has been assigned a predefined
height level, the next intersection is traversed. If not, the distance between the
current intersection and the next intersection should be computed. The neigh-
boring intersections are considered to be continuous when the distance between
them is within a certain range (it is set as 50 m in the paper). After traversing the

Fig. 3. The extracted road centerlines. Fig. 4. The discrete points on the centerlines of the
roads.
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intersections of all roads, the consecutive intersections with the maximum number
of intersections are found. Then the predefined height levels, such as the 1st and
2nd levels, are assigned, and the road centerlines with the intersections on them are
recorded.

(2) According to the order of array subscript, the intersections of other road center-
lines are traversed in orders. The intersections, which have the same coordinates
with the intersections in (1), are assigned the same height level (the 2nd level or
the 1st level).

Currently the interchanges just have two levels, and they are assigned different
heights according to the level assigned before. As shown in Fig. 5(left), the points v4,
v5, v6 are continuous intersections, and they are set as the 1st level. v2 and v4 are
correspondingly set as the 2nd level. v3 and v7 are the branch points, which could be
handled using the method introduced in Sect. 4.3. The point v corresponds to v1, thus
v is set as the 2nd level, and v1 is set as the 1st level.

The second iteration is executed as following until the intersections that belong to
the 3rd level are assigned the same heights.

(1) The intersections on each road centerline are traversed according to the order of
the array subscripts. And the intersection v whose height is non-zero value is
found. It is not branch point.

(2) The intersections on other road centerlines are traversed, and the intersection v1
that has the same x and y coordinates with point v are found. The level of v1 is
lower than v, and the road centerline L with intersection v1 on it is recorded.

(3) Traverse is executed on the left and right sides of intersection v1 on the road
centerline L. And the non-branch point v2 whose height is non-zero value is found.
Then judgement is executed between the intersections v1 and v2 to make sure if
there are branch points between them. If there are branch points existed, all the
intersections between v2 and v1 are assigned the same height as v2. v is assigned a
bigger value of height, and it is further set the 3rd level. If there is no branch point
between v1 and v2, no processing is done, and it directly goes to step (1).

For the intersections on each road centerline, if there is point with zero height
existing between two points with non-zero heights, the height of the zero height point

Fig. 5. The two-layered structure (left) and the three-layered structure (right). Here the blue
point represents for the 1st level. The red point represents for the 2nd level. And the green point
represents for the 3rd level. (Color figure online)
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should be enhanced and it should be same with the minimal non-zero height of the two
points. As shown in Fig. 5(right), it is a three-layered structure diagram. v4, v5 and v6
are set as the 1st level. v1, v2 and v3 are set as the 2nd level. v is set as the 3rd level.

4.3 The Adjustment of the Road Centerline

After assigning the height values for the intersections, the intersection array should be
inserted to the array of the original road centerline. And adjustment should be done for
the road centerline. As shown in Fig. 6(left), we can see that the endpoint v1 and the
intersection v2 were wrongly separated in the 1st iteration of Sect. 4.2. First v1 and v2
could coincide by setting v2 the same height with v1. If the height value of the v3, v4 is
the same, the overlapped intersection will have the same height value with v3, v4. If
not, the height value is dependent on the neighboring two intersections on the two sides
of v2. If the neighboring two intersections have the same height with v2, then the
overlapped point also has the same height value. Figure 6(right) is final result after
adjustment.

5 3D Geometric Modeling of Interchange

5.1 Three-Dimensional Modeling of Deck

The deck is mainly composed of motor vehicle lane, central separation belt, two-side
trip and two-side collision avoidance walls. As shown in Fig. 7, L is the road cen-
terline. By moving L left and right to L1 and L2 respectively according to the width of
the central separation belt, the rectangular central separation belt could be drawn, and
then be pasted the central strip texture map. With the half width of the central sepa-
ration belt, the width and the number of lanes, L is shifted to the left and the right at L3
and L4 respectively. Thus two rectangles could be drawn by using L1, L3, L2, L4, and
then be pasted the way texture map. Then with the lane and the collision avoidance
walls, L is shifted to the left and right at L5 and L6 respectively. Two collision
avoidance wall geometry could be drawn by using L3, L5, L4, L6, and finally be pasted
the collision avoidance wall texture map.

Fig. 6. Adjustment of the branch ports by separating the endpoints v1 and v2.
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5.2 3D Modeling of Bridge Pier

Bridge pier mainly consists of three parts. They are fundamental objects, the bridge pier
shaft and the bridge pier cap. The foundational bridge is on the bottom of the pier and
buried under the ground. The bridge pier shaft refers to the bridge pier, the cross
sections of which are generally round, rectangular or round-end shape. Pier cap, which
is composed of hat and tray, is located on the upper part of the piers. The bridge pier
structure is shown in Fig. 8.

According to the pier spacing, the length of the interchange and the
three-dimensional center coordinates of each pier could be calculated. The bottom of
single-column pier is a circular contour, so the coordinate points on the circle could be
calculated by the following formula:

a ¼ 0

b ¼ osg :: PI=18
x ¼ R � cos aþ i � bð Þ
y ¼ R � sin aþ i � bð Þ

� ð1Þ

Wherein, a is the starting angle of the arc, R is the radius of the circle. b is an angle.
Thus the 2D coordinates could be calculated using these equations. By setting their Z
coordinate be 0, the 2D coordinates are converted to 3D coordinates.

As shown in Fig. 9, v1, v2 is the two three-dimensional coordinates of the circle on
the bottom of the bridge pier. By adding them with the height of the pier, the corre-
sponding 3D coordinate point v10, v20 could be obtained. The points on the other side
could be computed, and they are put into the same array. The shape of the bridge pier is
drawn by drawing primitives QUAD_STRIP in the OSG PrimitiveSet class. Then these

Fig. 7. The schematic diagram for the translation of road centerline.

Fig. 8. The composition of bridge structure. Fig. 9. The cylindrical pier.
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points are made the texture map coordinates, and be pasted the texture map. The double
column pier is composed of two single column piers.

5.3 3D Modeling of Interchange Intersection

(1) Merging/separation intersection modeling

As shown in Fig. 10(left), L1 and L2 are the centerline of two interchanges and
they are intersected at vCenter. Taking the vCenter as the center of circle and using
certain radius to clean the intersection parts, the map cleaned is shown in Fig. 10(right).
v1 and v4 are laying on the line of L1 and L2. By shifting L1 and L2 to L10 and L20

correspondingly, and extending them to cross at the point vOut, the Bezier curve L3
(from v2 to v5) could be obtained by the interpolation method from v2, vOut and v5.
Similarly, Bezier curve L4 (from v3 to v6) could be obtained by v3, vIn and v6. The
crash barrier geometry could be drawn by discrete points from L3 and L4. In the same
way, the crash barrier geometry at the right part of L2 and the centerline of L1 could be
drawn out and be made the texture mapping. The merging and separation results are
shown in Fig. 11.

(2) Roundabout intersection modeling

As shown in Fig. 12, the intersection of two centerlines of separate interchange is
assigned as v, which is the center of intersection. The elimination is executed in the
intersection areas by setting center on v and using radius with dRadius. The two
intersection road centerlines are divided into four sections. From the distance formu-
lation of 3D coordinate shown below, the distance between two 3D coordinate points
v1 and v can be calculated as dLength.

d ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

x2 � x1ð Þ2 þ y2 � y1ð Þ2 þ z2 � z1ð Þ2
q

ð2Þ

Fig. 10. The interchange intersection processing. Fig. 11. The merging/separating
intersections.
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The distance dv1v2 between v1 and v2 is calculated as dLength� dRadius. The direction
vector from v1 to v is set as vv1v. The 3D coordination of v2 could be calculated by
normalizing vv1v, which is represented as v1þ dv1v2 � vv1v. The distance between v1 and
v3 is dLengthþ dRadius, so the coordinates of v3 is v1þ dv1v3 � vv1v. Similarly,
coordinates of v6, v7 could be calculated, and the coordinates of the v2, v3, v6, v7are
the control points of the intersection of four branch roads.

As shown in Fig. 13(left), after removing the intersection parts, d is set as the
length which is calculated by using the half length of the road minus d1, with d1 be the
width of the barrier wall. According to v2, v, the vector vv2v could be calculated. Letting
vv2v 90° counterclockwise around the Z axis and normalizing it as vNormal, these two
coordinate points could be obtained with v21 be v2� vNormal � d, and points v22 be
v2þ vNormal � d.

Similarly, v71, v72 could be calculated. v27 is the intersection between the line
whose endpoints are v21 and v07 and the line whose endpoints are v71 and v02. By
using three coordinates of points v21, v27 and v71, the Bezier curve interpolation
method could be used to compute the line L from v21to v71. As shown in Fig. 13
(right), with inner circle radius r1 and cylindrical radius r2, r1 is the half of the
minimum width of two separate interchange, and r2 is the minimum distance from
point v to Bezier curve L. All the discrete points on the inside and outside of the circle
can be calculated according to the formula (1). The annular geometry could be obtained
using these coordinates and be made lane texture. v22, v2, v21 and the discrete points
on the L form the peripheral 1/4 part. The coordinate points on other parts could be
calculated with the same method. So the areas outside the roundabouts can be drawn
from these points and the cylindrical coordinates, and finally be made the road texture
map. The 3D Roundabout intersection results are shown in Fig. 16(right).

6 Implementation of the Intersection Stratification
Correction Algorithm

After stratified the intersection of the road centerline, there may be layered error at
some intersections. In this paper, correction work is realized by using road editor to
adjust the intersections of centerline. The correction process is divided into four steps:

Fig. 12. Interchange intersection. Fig. 13. The diagram for drawing roundabouts.
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(1) For the intersections which have layered errors, or which do not conform to the
actual situation, the vertical side of the intersection should be calculated. As
shown in Fig. 14, by getting the camera’s position in the program, the vector i is
determined by the position of the camera and the selected intersection v. The
vector j is the cross product of vector i and Z axes. The plane where vector j and Z
axes exist is the vertical side of the intersection v.

(2) Move the intersection to the appropriate location along the vertical side.
(3) Repeat steps (1) and (2) until the intersection of the centerlines has adjusted to the

actual situation.
(4) Reconstruct the model of the interchange using the road centerlines.

Through the above correction steps, the interchanges that conform to the actual
situation could be generated, and could stratify the interchange with multiple levels.
The correction process is shown in Fig. 15.

7 Implementation of Urban Transportation Stereoscopic
Three-Dimensional Road Network

In this paper, VS2010 is used as the development platform, and the entire module is
dependent on the OpenCascade geometric modeling library. By further combining with
the open-source virtual reality engine OSG (OpenSceneGraph) technology, the
extraction and construction of urban interchange could be achieved. The overall and
partial rendering results of the interchange after stratification are given in Fig. 16(left)
and (middle) respectively. Figure 16(right) is the rendering result of the traffic viaduct
in three-dimensional road network.

Fig. 14. Sketch map for computing ver-
tical surface.

Fig. 15. Stratification correction process.
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8 Conclusion

After comparing the world map image with the street maps of different layers, the
method for the rapid extraction of the road centerline based on the two-dimensional
raster map, and the rapid construction of three-dimensional interchanges, are proposed.
This modeling method is not perfect enough in some details. A large amount of
collinear points were removed when obtaining the road centerline, so the constructed
interchange is straight. In addition, the stratification is limited to three layers in the
program. What we should do next is to improve the smoothing of interchange, and
make the multi-level stratification available in the program, which will provide a solid
foundation for realizing 3D intelligent traffic simulation.

Acknowledgments. This work was supported by grants U1433106, U1504606, 2016T90679
and 2015M582201.
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Abstract. Traditional Chinese Medicine diagnoses a wide range of health condi‐
tions by examining morphology features of the tongue, such as fat, thin and
normal. This paper presents an approach of classification for recognizing and
analyzing tongue morphology based on geometric features and tongue-mouth
relation feature. The geometric features are defined using various measurements
of width and length of the tongue body, and ratio between them. In addition, an
innovative and important feature is proposed based on the relationship between
the width of the tongue body and the width of the oral cavity, named as tongue-
mouth relation feature. All these features are used to train a SVM classifier.
Experimental results show that the tongue-mouth relation feature is helpful to
improve the recognition accuracy for tongue morphology, and the proposed
method, tested on a total of 200 tongue samples, achieved an accuracy of more
than 92%.

Keywords: Tongue morphology · Tongue-mouth relation feature · SVM

1 Introduction

Diagnosis based on condition of the tongue [1–3] is one of the most important and
valuable diagnostic methods in traditional Chinese medicine (TCM) and has been widely
used in clinical analysis and applications for thousands of years. According to the prin‐
ciples of TCM, analyzing the appearance of an individual’s tongue can provide a greater
understanding of his or her overall health. Whenever there is a complex disorder in vivo,
examining the tongue may instantly clarify the main pathological processes. However,
traditional tongue diagnosis has inevitable limitations that impede its medical applica‐
tions. First, the clinical competence of tongue diagnosis is determined by the experience
and knowledge of the practitioners. Second, tongue diagnosis is usually based on the
detailed visual discrimination, so it depends on the subjective analysis of the examiners
and the diagnostic results may be unreliable and inconsistent.

In recent years, some research has been done to improve computerized or automated
tongue diagnosis by applying the techniques of image analysis and pattern recognition.
Chiuet al. [4, 5] proposed a structural texture recognition algorithm which adopted the
RGB model for mapping the tongue colors to some known categories and used certain
features to verify or identify certain properties of coating on the tongue. [6] presented a
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novel computerized tongue inspection method based on two kinds of quantitative
features, chromatic and textural measure, and Bayesian networks are employed to model
the relationship between these quantitative features and diseases. [7–9] introduced three
kinds of tongue image segmentation method. [10] gave a scheme to extract tongue
cracks, one of pathological features in tongue diagnosis, which extracts the whole of the
line by employing anisotropic nonlinear filter. Base on their work, [11] proposed a new
method using statistic feature to identify if a tongue is a cracked tongue. [12] proposed
a teeth-marked tongue recognition method performing better than the work [13, 14],
which are concentrated on features of convex and the change of brightness of tongue.
An in-depth analysis on the statistical distribution characteristics of human tongue color
that aims to propose a mathematically described tongue color space for diagnostic
feature extraction is presented in [15]. [16] elaborated a research result about a nonin‐
vasive method to detect diabetes mellitus and non-proliferative diabetic retinopathy
based on three groups of features including color, texture, and geometry extracted from
tongue images.

The theory of TCM claims that tongue morphology can objectively reflect some
physiological and pathologic changes of human. For example, the fat tongue may indi‐
cate spleen-kidney yang-deficiency, gasification disorder and internal stagnation of fluid
dampness, while the thin tongue is arising from qi-blood deficiency and yin-blood
insufficiency. Recently, some research has been done for tongue morphology recogni‐
tion. Wei [17] established an automatic tongue body analysis which was based on the
curve-fitting parameters. Xu [18] studied and analyzed the tongue shape to establish a
kind of tongue diagnosis method, which measured the tongue’s length, width and height
and established an optimum formula between the body surface area and the sum of the
width and height. However, these methods neglect tongue-mouth relation feature,
according to tongue diagnosis, which is also key factor to recognize tongue as fat tongue,
thin tongue and normal tongue. In addition, machine learning method is not used in these
methods. In this paper, we propose a novel medical biometric approach that automati‐
cally classifies and recognizes tongue morphology. First, we combined geometric
features with tongue-mouth relation feature to represent the tongue morphology. Then,
a multi-class SVM is trained based on these statistic features to build a classifier for
tongue morphology.

The remainder of this paper is organized as follows. Section 2 introduces how to
extract geometric features with tongue-mouth relation feature, and train SVM classifier.
Section 3 gives the experimental results and discussion. Finally, this study is concluded
in Sect. 4.

2 Feature Extraction and SVM Classifier

This section describes the method to extract the geometry features of tongue and the
tongue-mouth relation. First, Automatic contour extraction extracts the geometric
contours of the tongue body from its surroundings by using a segmentation method based
on histogram projection and matting [9]. Image in Fig. 1 shows that the accurate and
precise tongue body in Fig. 1(b) can be segmented from original tongue image showed
in Fig. 1(a), which is captured by standard tongue image acquisition.
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(a) (b)

Fig. 1. Tongue image segmentation (a) initial tongue image includes the lips, parts of the face,
or the teeth; (b) tongue body image

2.1 Geometry Features

After extracting tongue body image, we extract the geometry features based on tongue
body region. The width and the length of a tongue were often used in researches related
to the analysis of tongue body [19]. Here, the tongue length is the distance between
tongue root and tongue tip; the tongue width refers to the distance of the leftmost and
rightmost of the different tongue position as showed in Fig. 2.

(a) (b) (c) (d) (e)

Fig. 2. Length of tongue body and width of different part of tongue body. (a) Width and Length
of tongue body. (b) Width of tongue root. (c) and (d) With of tongue middle. (e) Width of tongue
tip

Given a tongue body image, the pixels which are rendered in the RGB color space
are first converted to the grayscale value. Then, the binarization algorithm is conducted
for grayscale image, which uses one calculated threshold value to classify pixels into
object or background. The new value of each image pixel is modified as:

(1)
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in which f(x, y) is the gray value of image pixels. We selected 10 as the threshold. It is
very intuitive to get the contour of the tongue in the binary image (see Fig. 2(a)). Drawing
a minimum circumscribed rectangle for the tongue body contour, the coordinate of the
up-left point of the rectangle is set to (0, 0). The width and the length of the rectangle
are denoted as W (width) and L (length) of tongue, respectively, showed in Fig. 2(a).
The ratio of the tongue width and length is calculated as follows:

(2)

The relationship between tongue width and length is a very important feature on the
judgment of tongue morphology. For fat tongues, the width is basically equal to or more
than the length, while the length of thin tongues is much larger than the width.

Then, we extract four width of different position of tongue body based on four
different rectangles, showed as green box in Fig. 2(b)–(d), they are located at tongue
root, tongue middle and tongue tip respectively. The width of each rectangle is W and
the length is 0.1L. The x coordinate sequence of left boundary and right boundary is
denoted as

respectively. Here,  represents the x coordinate of the ith pixel on left boundary and
 represents the x coordinate of the jth pixel on right boundary. The x coordinate of a

boundary of different position is presented by the mean value of all pixels’ x coordinate
on left boundary or right boundary. The widths of four tongue body positions are defined
as:

(3)

(4)

Finally, four geometric features are defined as Eq. 4. In our research, we found that
the width of the tip and the root part of fat tongue are smaller than the tongue width, in
contrast, the width of each part of thin tongue, except the root part, will not be larger
than the tongue body width.

2.2 Tongue-Mouth Relation Feature Extraction

The objective of this subsection is to extract the tongue-mouth relation feature on the
initial image. The method used to find oral cavity is based on the rectangle drawn in
Sect. 2.1. The changes on the rectangle are moving the distance of 0.3 W to the left and
move up the distance of 0.4L, moreover the width is set to 1.6 W and the length is
unchanged. Thus we get a new rectangle that is named imgROI. The function of creating
the new rectangle is defined as follows,

Geometric and Tongue-Mouth Relation Features 493



(5)

(6)

The oral cavity is surrounded by the rectangle while applying the new rectangle on
the initial image. Then split the local image which is contained in the rectangle from the
initial image, thus we get the image of oral cavity named mouth.

The detail steps calculating the width of the oral cavity are described as follow:

1. Converting the image mouth to the red channel image.
2. Splitting the red channel image by using threshold operation of parameter inversion.

The threshold is selected according to the local area information.
3. There are several contours after image segmentation. These contours are descending

sort according to the size of areas which are surrounded by contours. Then, remove
areas which are over small or over wide or near the image edge.

4. Retaining two of the largest regions in the residual areas if the number of the rest
area is greater than 3. Otherwise, all remaining areas are retained.

5. All pixels for each region are combined together as the oral cavity region.
6. Drawing the minimum enclosing rectangle for oral cavity area.

The area surrounded by the tongue is the gap between the upper lip and the tongue
when the tongue is stretched out. Let the width of the rectangle represents the width of
the oral cavity area named as mouth.W. The ratio represented the tongue-mouth feature
is defined as follow,

(7)

For fat tongue samples (see Fig. 3(a)), the oral cavity width is less than the width of
the tongue. However, for thin tongue samples (see Fig. 3(c)), the oral cavity width is far
larger than the width of the tongue.

(a) (b) (c)

Fig. 3. The space of oral cavity (a) fat tongue; (b) normal tongue; (c) thin tongue
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2.3 SVM

Support vector machine is a supervised learning model. Originally it was worked out
for linear two-class classification with margin, where margin means the minimal
distance from the separating hyperplane to the closest data points. SVM learning
machine seeks for an optimal separating hyperplane, where the margin is maximal. The
SVM classifier supports binary classification, multiclass classification and regression,
the structured SVM allows training of a classifier for general structured output labels.
The linear SVM can extended to nonlinear one when the problem is transformed into
feature space using a set of nonlinear basis function. In the feature space – which can
be very high dimensional – the data points can be separated linearly. An important
advantage of the SVM is that it is not necessary to implement this transformation and
to determine the separating hyperplane in the possibly very-high dimensional feature
space, instead a kernel representation can be used, where the solution is written as a
weighted sum of the values of certain kernel function evaluated at the support
vectors [20].

In this study, the RBF kernel is chosen to train the SVM model because it has only
one parameter for model selection and fewer numberical difficulties. The definition of
RBF function is,

(7)

The parameter gamma(γ) which tunes the training error and the generalization capa‐
bility needs to be optimized for best performance.

3 Experimental Results and Discussion

Based on the proposed methods of the tongue morphology feature extraction, this section
describes the tongues classification using SVM.

3.1 Dataset

According to the diagnosis experience given by the experts, there are three classes of
tongue morphology: fat, normal and thin. In our experiment, the image database contains
over 200 tongue images and covers various types of tongues. Every image in the database
is independently labeled by three or more experts of TCM with opinion agreement.

The typical sample (see Fig. 3) refers to the representative tongue image in the cate‐
gory of tongue. In this study, we select 10 images from the fat tongue type, 10 images
from the normal tongue type and 10 images from the thin tongue type to form a set of
typical sample. The testing set consists of the rest images in the image database.

3.2 Experimental Results

In this section, we will verify whether the extracted features are valid. As mentioned in
Sect. 3.1, some typical samples are selected from the image database to form the SVM
training set, and the remaining images are used for testing.
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The experiment is conducted on two different feature sets. One set contains all of
the six features mentioned in Sect. 2, and another one contains five features which not
include the feature representing the relationship between the width of oral cavity and
the tongue.

True positive rate (TP) are calculated to evaluate the classification. TP measures the
proportion of positives that are correctly identified. In Table 1, we compute TP of two
different feature sets on three tongue types respectively according experimental results.
The set of five features contains the ratio between tongue width and length and the ratio
between different tongue part width and tongue width. These features are much affected
by the length of the tongue when it is stretching outside of the mouth, especially the
ratio of tongue width and length. Even though the volunteers are required to open their
mouth and stretch out their tongue when taking pictures, there are still some images are
not perfectly. The experiment shows that the correct rate of classification is greatly
improved after added new feature. And it indicates that classification based on all
features can recognize the fat tongue and thin tongue correctly, while a few of normal
tongue are always recognized as fat tongue or thin tongue, showed as Table 2. Compared
with accuracy rate 80% in [17], fat TP rate (93.4%) and thin TP rate (88.57%) [18], the
proposed method achieves better performance.

Table 1. True positive base on five features or six features

Feature set Fat TP Normal TP Thin TP
Five features 78.74% 71.67% 76.92%
Six features 98.43% 86.67% 92.31%

Table 2. Classification results of proposed method based on six features

Fat Normal Thin
Fat 125 4 0
Normal 1 52 1
Thin 1 4 12

4 Conclusion

This paper presents a classification approach for automatically recognizing and
analyzing tongue morphology based on geometric features and tongue-mouth relation
feature. First, we develop five geometric features by using various measurements of
width and length of the tongue body, and ratio between them. Then, our main contri‐
bution, an innovative tongue-mouth relation feature, the relationship between the width
of the tongue body and the width of the oral cavity is computed to add into feature vector
representing tongue morphology. Finally, a SVM classifier is trained to classify the
tongue into three categories such as fat tongue, normal tongue and thin tongue. Exper‐
imental results demonstrated that the tongue-mouth relation feature is helpful to improve
the recognition accuracy for tongue morphology, and the proposed method achieves
better accuracy.
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Abstract. In the scope of stereoscopic 3D video, asymmetric video coding is
an effective method in terms of maintaining the perceived quality while reducing
the required transmission bandwidth by exploiting the perceptual phenomenon
of binocular suppression. On the other hand, just noticeable distortion (JND) has
been applied successfully in improving the video coding efficiency by removing
human visual redundancies. However perceptual asymmetric coding combined
with JND has not been studied. In this paper, the effectiveness of using JND
aided asymmetric 3D video coding is explored for 3D-HEVC. We conducted
extensive subjective tests, which indicate that if the base view is encoded at
perceptual high quality and the dependent view is encoded at a lower perceptual
quality, then the degradation in 3D video quality is unnoticeable and asymmetric
just-noticeable distortion threshold is gained. Furthermore, we proposed a novel
perceptually asymmetric 3D video coding framework by taking full advantage
of these observations and subjective test results. Experimental results demon-
strate that, compared with HTM, the proposed asymmetric 3D-HEVC video
coding demonstrates comparable 3D perceived visual quality with about 13%
bitrates savings in the whole view and about 32% bitrates savings for dependent
view.

Keywords: Asymmetric 3D video coding � JND � 3D-HEVC

1 Introduction

Recent improvements in 3D video technology led to a growing interest in 3D video.
While an efficient compression algorithm for 3D content is vital for the adoption of 3D
technology. The state-of-the-art standard for multiview video coding (MVC) was
mainly developed for efficient compression of scenes from different viewpoints. Since
the bit rate required for MVC increases approximately linearly with the number of
coded views, Multiview Video plus Depth (MVD) could be specified as an extension of
MVC in order to support different stereoscopic as well as multi-view displays. In 2012,
the standardization projects for MVD video were developed by MPEG and by
ITU-T/ISO/IEC Joint Collaborative Team on 3D Video Coding Extension Develop-
ment (JCT-3V) with the goal of developing a new standard for future applications.
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JCT-3V drafted two test models for a 3D video coding standard including the
AVC-based (3D-AVC) and the HEVC-based (3D-HEVC) [1]. 3D-HEVC provides
coding gains better than 3D-AVC, whose reference software implementation is called
HTM [2]. Currently, 3D-HEVC is a popular choice for 3D entertainment media dis-
tribution. However, the delivery over bandwidth constrained networks exhibits chal-
lenges, which enforce the transmission system to perform perception-aware coding to
save bitrates.

Binocular suppression show that the binocular perception of stereoscopic image
pair is dominated by the high quality component [3], which is better supported with an
asymmetric quality. Binocular suppression visual characteristics have been extensively
investigated in asymmetric coding [4–10], which is a promising method for stereo
compression to reduce bandwidth by the unequal quantization of views or unequal
subsampling. In [4], a stereoscopic video coding method is proposed with asymmetric
luminance and chrominance qualities based on the suppression theory of binocular
vision. For asymmetry by spatial resolution reduction, Fehn et al. [5] have proposed an
integration method of mixed-resolution with MVC by modifying the Disparity Com-
pensated Prediction (DCP) loop across the views of different spatial resolutions and
achieved significant average bit-rate gains. The study in [6] reports little quality and
depth sensation degradations even when the spatial frequency was reduced to half of its
original bandwidth. Authors in [7] had subjectively compared the performances of
symmetric, asymmetric, and spatially mixed-resolution stereoscopic video coding. It
was concluded that the performance of spatially mixed-resolution coding, where the
auxiliary view is encoded at half resolution in both dimensions, is similar to that of the
symmetric and asymmetric quality coding at full resolution. Low-resolution video
coding has been found to be advantageous in terms of processing complexity. For
temporal asymmetry, Anil et al. [8] proposed a low-weight frame skipping method for
the secondary view to decrease the overall bitrate. Based on the subjective analysis
done in [9], the performance of asymmetric quality stereoscopic video coding against
that of the symmetric quality coding differs at different operating ranges. Asymmetric
coding provides bit-rate gains without perceptually noticeable differences, if the aux-
iliary view is encoded at a higher quality than a certain threshold, while the other view
is encoded at a lower quality but above a certain PSNR threshold.

Erhan et al. [10] proposed a visual attention aided ROI coding method in the
context of asymmetric stereoscopic 3D video compression, in terms of achievable
bit-rate gains and the dependency to the characteristics of the stereoscopic content.
A mixed resolution coding method in [11] have been developed on the presumption of
a certain visual fatigue response, which compared two methods of mixed resolution
coding, single-eye and alternating-eye blur, in terms of overall quality for short
exposures and visual fatigue level for long exposures. It is reported in [9] have con-
cluded that PSNR reduction method is more suitable for asymmetric stereo video
coding in the context of adaptive streaming at sufficiently high bitrates.

The aforementioned methods for asymmetric stereoscopic video coding have been
proven to be effective as a mean for network adaptation. But only a limited number of
works had incorporated just noticeable distortion (JND) model in the scope of asym-
metric stereoscopic video coding. In the paper, we investigated the effectiveness of
JND coding in the context of asymmetric stereoscopic 3D video compression by jointly
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considering the perceptual effect of binocular suppression and spatial-temporal JND
model. Furthermore, the effect of 3D JND threshold levels based on binocular sup-
pression within the asymmetric coding approach is tested subjectively. A large scale
subjective test is conducted and the results are analyzed. The presented scheme can be
used in a 3D-HEVC framework and achieve very high compression gains without
reducing the overall perceived 3D video quality compared with state-of-the-art
algorithm.

2 Perceptual Asymmetric Coding

2.1 Proposed Perceptual Asymmetric Coding Method

A flowchart of the proposed perceptual asymmetric coding method is shown in Fig. 1.
Suppose that the left eye is considered as the dominant eye and it is encoded in HTM
guided by JND model - Jst, which has not perceptual distortion in 2D display, and the
right view is compressed with HTM guided by the proposed JND model - J3d , which
has perceptual distortion in 2D display but has not perceptual distortion combined with
left view in 3D display. We define J3d as following

J3dði; jÞ ¼ Jstði; jÞ � Jbði; jÞ ð1Þ

where J3d denotes the 3D JND threshold of pixel ði; jÞ,
Jstði; jÞ is the threshold of spatial and temporal JND model [12]. Jbði; j; nÞ is

binocular JND threshold based on binocular suppression, which is obtained by the
experiment in Sect. 2.2.

Fig. 1. A flowchart of the proposed perceptual asymmetric coding
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The coding method guided by JND model is to pre-process residual coefficients and
the distortion coefficient between reconstructed frame and original frame. If the
residuals are less than the JND threshold, they can be discarded to save bit rate, or
directly subtract the JND threshold from residual value if JND threshold is less than
residual value, while maintains subjective quality.

R0ði; jÞ ¼
Rði; jÞ � Jði; jÞ; Rði; jÞ[ Jði; jÞ
0; Rði; jÞj j � Jði; jÞ
Rði; jÞþ Jði; jÞ; �Rði; jÞ[ Jði; jÞ

8

<

:
ð2Þ

where Rði; jÞ and R0ði; jÞ is the original residual signal and JND-processed residual
signal in pixel domain, Jði; jÞ is the JND threshold, which is Jstði; jÞ for left view and
J3dði; jÞ for right view. Besides, In order to further remove the perceptual redundancy,
the distortion coefficient Rcði; jÞ between reconstructed frame and original frame will be
pre-process. The JND processed distortion coefficient R0

cði; jÞ is denoted as follow:

R0
cði; jÞ ¼

Rcði; jÞ � Jði; jÞ; Rcði; jÞ[ Jði; jÞ
0; Rcði; jÞ

�
�

�
�� Jði; jÞ

Rcði; jÞþ Jði; jÞ; �Rcði; jÞ[ Jði; jÞ

8

<

:
ð3Þ

2.2 JND Threshold Based on Binocular Suppression

JND refers to the maximum possible distortion in the signal, which is imperceptible to
human eyes. According to the suppression theory of stereo human vision, the HVS can
tolerate absence of high frequency information in one of the views; therefore, the two
views can be represented at unequal resolutions or bitrates. This means that there exists
the unequal maximum possible distortion for two views, which is JND threshold based
on binocular suppression. One view is considered as the dominant eye and has not
perceptual distortion in 2D display by JND processing. The other view which has
perceptual distortion in 2D display but has not perceptual distortion combined with
other view in 3D display by 3D JND processing based on binocular suppression.

In order to obtain JND threshold based on binocular suppression Jbði; jÞ, our
experiment is conducted in HTM platform, a typical prediction structure of 3D video
coding is a hierarchical B picture (HBP) prediction structure. Left view is indepen-
dently encoded and right view is encoded with disparity compensated prediction
between views. For reference stereoscopic video, we encode in HTM for both left and
right views. For asymmetric stereoscopic video, suppose that the left eye is encoded in
HTM guided by JND model - Jst, and the right view is compressed with HTM guided
by the proposed JND model - JND3d . For the left video at each possible quality level
(PSNR), Jb has been adjusted from 1 to increased by 1 until the distortion was
becoming noticeable in 3D-display compared to reference stereoscopic video.

We have conducted a subjective experiment using 5 stereoscopic video sequences
[13]. The test stimuli were shown on a 50-inch Panasonic TH-P50ST30C stereoscopic
display with a 2D equivalent resolution of 1920 � 1080 using polarized glasses. The
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aspect ratio of this display is 16:9, and the contrast ratio is 2000:1, where the picture
height is 74.4 cm, the picture width is 120.4 cm. The distance of the subjects from the
3D display was 3.7 m that is approximately 5 times the picture height. The studio
illumination was set to 200 lx to mimic home viewing conditions. This is an interactive
subjective test that starts by displaying both views at reference stereoscopic video.
A total of 13 subjects were tested, ranging in age from 23 to 29 years, 9 males and 4
female.

During the test, viewers reduce the perceptual quality of right view down to about
30 dB by incrementing JND value processing. The viewers always compare the current
quality level against the reference stereoscopic video and continue to decrement the
quality until coding artifacts become noticeable. This PSNR value and Jb is recorded.
Figure 2 shows the average Jb threshold values for different quality stereoscopic video
(over all subjects). Each of the 13 tests was 30 s long, consisting of the 8-second
reference video followed by the processed test video shown twice. Preceding each
video clip was a 2-second gray screen indicating whether the reference or test video
was going to be shown. After each test, the subjects rated the overall quality of the test
clip relative to the reference clip, indicating the level of difference or degradation on the
following scale: (5) imperceptible, (4) perceptible, but not annoying, (3) slightly
annoying, (2) annoying, (1) very annoying. This test design is adapted from the
Double-Stimulus Impairment Scale (DSIS) method recommended in [14]. The scores
are averaged across subjects and both trials of each video. If the variance between trials
was large for any particular subject, that subject’s data was discarded for video.

From Fig. 2, we find when 1\Jb� 7 stereoscopic video has perceptual distortion
in 2D display but has not perceptual distortion in 3D-display compared to reference
stereoscopic videos. Therefore, Jb ¼ 7 is the maximum distortion, which is HVS can
tolerate for two views.

3 Experimental Results

To evaluate the performance of the proposed algorithm, it is implemented on HTM12.1
of 3D-HEVC standard [2]. The software first codes center view0 (lift view), then side
views1 (right view). The coding order is the following: T0, T1, T2 (in which Ti is the
texture frames in the ith view). We mainly followed the common test condition
(CTC) [13]. Most of the encoder configuration including QP setting was inherited from
the CTC. A group of pictures (GOP) of 8 was considered with an Intra period of 24.
The maximum coding unit depth was set to 4, and the maximum coding unit size was
set to 64 � 64. For side view coding, disparity compensated prediction and multiview
motion vector prediction were enabled. The following QP combinations for texture and
depth respectively were considered: (30;39), (35;42), and (40;45). We have tested our
algorithm on five sequences defined in the CTCs (1920 � 1088 and 1024 � 768)
including Balloons, Kendo, Lovebird1, Poznan-Streets and Shark. The mean opinion
score (MOS) scales for the DSIS protocol range from 1 to 5 for the quality from bad to
excellent.
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In order to objectively assess how the proposed asymmetric stereoscopic video
coding method affects bitrates saving performance, three schemes are designed as
follows:

Fig. 2. 3D perceived visual quality evaluation for different Jb threshold values
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Scheme-I: Traditional 3D-HEVC video coding method in HTM
Scheme-II: The traditional perceptual symmetric 3D-HEVC video coding method

in HTM, which is preprocessed by JND model - Jst for two views.
Scheme-III: The proposed perceptual asymmetric 3D-HEVC video coding

method, which is preprocessed by JND model - Jst for left views and preprocessed by
JND model - J3d for right views.

Tables 1 and 2 show the PSNR, Bitrates and 3D DSIS scores of three methods.
From Table 1 we can see that the proposed method present similar 3D perceived visual
quality compared to other method. Suppose Scheme-I to be a benchmark, we can
obtain the saving percentage with respect to Scheme-I. As shown in Table 3, Scheme-II
contributes to average 11% and 19% bitrates savings for the whole views and
dependent view, respectively. Scheme-III can achieve more bitrates savings ranging
from 8% to 64% compared to Scheme-II for dependent view. It is because that
Scheme-II improves coding efficiency by removing human visual spatial temporal
redundancies. While Scheme-III further considers the vision binocular suppression
masking effect. We also find that the proposed method can gain more bitrates savings
when the left view have better video quality. Besides, we suggest that the modification
of the spatial temporal JND model can slightly increase the efficiency of the asym-
metric coding.

Table 1. Results comparison of Scheme-III, Scheme-II and Scheme-I in terms of PSNR and 3D
DSIS

QP Test seq. Scheme-III Scheme-II Scheme-I

PSNR (dB) 3D
MOS

PSNR (dB) 3D
MOS

PSNR (dB) 3D
MOSL R L R L R

30 Balloons 39.60 33.97 4.8 39.59 38.14 4.9 41.14 39.91 5
Keno 39.57 33.81 5 39.57 38.42 4.7 41.77 40.66 5
Lovebird1 38.32 32.55 4.7 38.32 35.85 5 38.85 36.84 5
Poznan-Street 37.29 34.16 4.5 37.29 36.31 4.6 37.88 37.13 5
Shark 37.05 34.73 4.8 37.05 36.57 5 38.40 37.89 5

35 Balloons 37.35 32.81 4.5 37.35 36.02 4.6 38.53 37.28 5
Keno 37.55 32.86 4.6 37.55 36.49 4.8 39.25 38.17 4.5
Lovebird1 35.76 31.46 4.5 35.76 33.50 4.7 36.11 34.27 4.7
Poznan-Street 35.47 33.16 4.8 35.48 34.73 4.6 35.87 35.25 4.9
Shark 34.57 33.08 4.5 34.57 34.23 4.7 35.51 35.15 5

40 Balloons 34.88 31.26 4.6 34.87 33.61 4.4 35.70 34.51 4.5
Keno 35.31 31.59 4.8 35.31 34.27 4.5 36.55 35.54 4.6
Lovebird1 33.15 30.03 4.5 33.15 31.34 4.4 33.78 31.81 4.8
Poznan-Street 33.51 31.72 4.5 33.51 32.93 4.3 33.77 33.28 4.7
Shark 32.22 31.27 4.6 32.22 31.96 4.5 32.86 32.60 4.8
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Table 2. Results comparison of Scheme-III, Scheme-II and Scheme-I in terms of Bitrates

QP Test seq. Scheme-III Scheme-II Scheme-I

Bitrates (kbps) Bitrates (kbps) Bitrates (kbps)
L R L R L R

30 Balloons 410.78 95.63 418.78 108.84 476.71 128.95
Keno 360.70 74.87 360.70 87.08 420.79 110.88
Lovebird1 567.80 116.63 567.80 152.04 602.07 199.54
Poznan-Street 881.04 77.32 881.04 131.45 1013.2 202.64
Shark 2034.7 150.97 2034.7 209.69 2335.9 269.96

35 Balloons 250.17 56.22 250.18 61.21 275.20 68.61
Keno 217.43 44.76 217.44 49.86 245.70 59.38
Lovebird1 303.44 57.90 303.44 68.99 313.24 84.85
Poznan-Street 445.45 38.73 445.45 57.38 484.16 77.60
Shark 1064.63 78.60 1064.6 102.6 1199.99 124.32

40 Balloons 155.60 34.10 155.60 33.81 165.91 36.97
Keno 135.69 25.85 135.69 28.2 150.11 32.23
Lovebird1 163.57 27.73 163.57 31.16 97.35 27.33
Poznan-Street 238.63 20.15 238.63 27.05 252.19 34.85
Shark 537.08 42.99 537.08 48.60 595.29 56.95

Table 3. Results comparison of proposed Scheme-III, Scheme-II to HTM encoder

QP Test seq. Scheme-II and Scheme-I Scheme-III and Scheme-I
Save bitrates
(%) for the
whole views

Save bitrates
(%) for the
dependent
views

Save bitrates
(%) for the
whole views

Save bitrates
(%) for the
dependent
views

30 Balloons 13% 16% 15% 26%
Keno 16% 22% 18% 32%
Lovebird1 10% 24% 15% 42%
Poznan-Street 17% 35% 21% 62%
Shark 14% 22% 16% 43%

35 Balloons 9% 11% 11% 18%
Keno 12% 16% 14% 25%
Lovebird1 6% 19% 9% 32%
Poznan-Street 10% 26% 14% 50%
Shark 12% 17% 14% 37%

40 Balloons 7% 9% 7% 8%
Keno 10% 13% 11% 20%
Lovebird1 5% 16% 6% 25%
Poznan-Street 7% 22% 10% 42%
Shark 10% 15% 11% 25%

Ave. 11% 19% 13% 32%
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4 Conclusion

A new perceptually asymmetric 3D video coding method based 3D-JND was presented
in this paper. We first analyzed and presented the impact of utilizing JND coding within
the framework of asymmetric stereoscopic video coding. Then, extensive subjective
tests were evaluated to obtain asymmetric JND threshold considering different oper-
ating ranges and content types. Experimental results clearly demonstrated that the
proposed algorithm achieves a significant bitrates savings than the conventional per-
ceptually symmetric 3D video coding.
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Abstract. Not only can sign language recognition (SLR) enhance the commu‐
nications between the hearing-impaired and the healthy, but it facilitates the
human-machine interaction. In this paper, a novel approach of dynamic features
extraction for recognizing Chinese sign language (CSL) is proposed. At first, after
image processing, to acquire dynamic features, the track of positions, the alter‐
nation of orientations and the variation of hand shapes are viewed as discrete-
time signals to be transformed to the frequency domain through FFT. Afterwards,
Principal Components Analysis (PCA) is used to reduce dimensionality. The
above procedures yield features capable of fully describing a gesture and trans‐
form the problem concerning classification of time-series into one simple.

Random Forest (RF) is committed to recognition. The average accuracy is up
to 96.7% in the recognition experiment of 14 gestures with different patterns. Thus
this method proves to be effective and robust in SLR, especially those involving
complicated movements.

Keywords: Chinese sign language recognition · Vision-based · Fast Fourier
Transform (FFT) · Dynamic features · Feature extraction · Time series
classification · Random forest

1 Introduction

1.1 Sign Language

Sign language is a stable language system composed of manual and non-manual features.
In such a system, manual features contribute a larger number of messages while non-
manual ones are playing their complementary roles [1]. According to the morphology
of sign language, basic words fall into two categories: fingers letters and gestures. The
latter occupy around 89.1% in Chinese sign language [2], hence the focus on gesture,
benefiting people to a higher degree, is more significant, which is also why our paper
will center around such gestures. An intact gesture could be completely described in
terms of its position, orientation, shape and movement [3]. In a dynamic view, we can
describe a gesture with manual behaviors consisting of the track of positions, the alter‐
nation of orientations and the variation of hand shapes, and different behaviors lead to
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four gestures with different patterns, namely, large-scale simple gestures, small-scale
reciprocating gestures and gestures only with fingers shaking, as in Fig. 1.

Fig. 1. Four categories of gestures (a) a static gesture for “you”; (b) a large-scale simple gesture
for “body”; (c) a small-scale reciprocating gesture for “exercise”; (d) a gesture only with fingers
shaking for “can”. (Source: [4])

In the following passage, gesture is defined as one word in a sign language and it
consists of a series of manual features varying with time.

1.2 Related Work

Although sign language plays a vital role in the communications among the hearing
impaired, there exist great barriers in the interactions between them and the healthy,
who lack the related competence. Considerable efforts have been made to enable the
communications between them, and researches based on different data sources under
various models have contributed a lot, such as those based on dataglove or vision [1].
Using datagloves circumvents the difficulty in the extraction of hand shapes from video
and enjoys a higher accuracy, an easier access to data and its being highly real-time, and
no doubt it abounds, like literature [5]. However, the potential of this approach is highly
limited by the glove’s inconvenience in use and the ignorance of non-manual features.
Vision-based recognition, able to catch manual and non-manual performances, boasts
a higher degree of resemblance to the human’s way of catching sign language and so
has a brighter future [1]. Built upon the above discussions, this paper presents the
extraction of manual features through image processing, providing a future possibility
of realizing the integration of manual and non-manual information, like [6].

There are many previous works grounded on vision [7]. Yang Quan introduced a
recognition method of sign language spatiotemporal appearance model for the vision-
based multi-features classifier of Chinese sign language recognition [8]. In his model,
he utilized multiple features and adopted the SVMs with linear kernel function to classify
30 groups of the Chinese manual alphabet images. Rybach investigated appearance-
based approaches that do not rely on a segmentation of the images or on predefined
models of the image content and used the image itself as the feature [9].

To conclude, as giving a gesture is a dynamic and continuous process, if we represent
a gesture using manual feature sequences, it would be unworkable to classify them with
an ordinary classifier. Meanwhile, such approaches as HMM make it hard to cope with
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complex gestures and usually demand laborious computations. Therefore, a new method
is proposed. It can extract the dynamic features of a gesture, and a general classifier is
enough for training and recognition.

2 The Proposed Model

Different from the previous studies, where a series of manual features varying with time
was seen as features of the gesture to be recognized using HMM, ANN and SVM to
name a few, our research considers manual feature sequences as discrete-time signals.
These manual features are extracted with the help of color information from the video
where the gestures are performed with gloved hands. Therefore, those samples can be
transformed with FFT, producing the spectrum describing those variations in the
frequency domain. In the spectrum, the average manual features during a certain period
are symbolized by direct components (DC), while dynamic features are indicated by
nonzero-frequency components. Later, to increase the value of the higher frequency
components, a stepped bandpass filter bank is introduced, whose result fully describes
a gesture. Owing to the interdependency among the various dimensions of the vector,
PCA is committed to dimensionality reduction. At last, the gestures with the resultant
8-dimensional features are trained and recognized through a Random Forest classifier
[10]. The whole model could be illustrated by Fig. 2.

Fig. 2. Overview of the proposed model

2.1 Extraction of Manual Features

At this stage, the task is to acquire the manual features from each frame via image
processing. The method mentioned in literature [11] is employed and improved. Each
glove is dyed with seven colors to distinguish among the five fingers, the palm and the
hand back, as in Fig. 3(a). Then we identify different parts by different colors and revise
them with a simple morphological dilation and such information as the continuity of
movements, prior knowledge of the size and position. This is a simple and efficient
method.

Although this method is a little bit rough, hand shape extraction without many details,
hardly affecting the full expression of main messages, is acceptable, as in literature [12].
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Fig. 3. The extraction of hand shape (a) is the collected image of a gesture by a gloved hand; (b)
exhibits the hand shape extraction, with 𝜃 indicating the orientation of the hand.

In each frame, 12 features are extracted to describe the position, orientation and hand
shape of a single hand. Specifically, the position is defined as the mean of the all pixel
coordinates of a hand (x for the horizontal axis and y for the vertical); defining F as the
center of the five fingers and C as that of the palm and the back, the orientation is
expressed by the angle between CF and x, in this way the whole range of (0, 2π) can be
fully represented, as in Fig. 3(b); the hand shape, or the projection of the hand onto the
two-dimensional plane, is represented through the size (the number of pixels), the
dispersion degree of fingers (the variance of the center of five fingers) and the respective
proportions of seven parts (in terms of their covering area). In light of perspective
knowledge, size carries with it the depth information of the position. After the above
extraction, a 12-dimensional vector is constructed to represent each hand to the full.
Besides, a standardization of the position, size of the hand and the dispersion degree of
fingers are conducted to exclude the influence of individual physical distinctions, as
Eqs. 1–4.

S′ =
S

Ss
(1)

Y ′ =
Y − Ynose

Ys

(2)

X′ =
X − Xnose

Xs

(3)

V ′ =
V

Vs
(4)
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Xs is the shoulder breadth; Ys is the distance between the nose and the center of
abdomen; Xnose and Ynose are the coordinates of nose on the horizontal and vertical axes;
ss and Vs express the size and the dispersion degree of fingers when the palm is open.
The above six values are measured and configured in advance.

2.2 Extraction of Dynamic Features

In the last part, a 12× 2× 7 vector is defined in every frame for hand description, then
there comes a time series data of gesture. Each of these dimensions can be seen as a
discrete- time signal, and the task is to describe how it performs.

The Discrete Fourier transform (DFT) is a mathematical procedure used to determine
the frequency content of a discrete signal sequence. The sequence of N samples in time
domain is transformed into a sequence of complex numbers of the same length in
frequency domain, as Eq. 5. DFT is of great use in that it reveals the periodicities in
samples as well as the relative strength of any periodic component. That is always the
case when the DFT is implemented via the Fast Fourier transform (FFT) algorithm. FFT
manages to reduce the complexity of the DFT from O(N

2
) to O(N log N), where N is the

data size [13]. Therefore, it takes little time to extract the gesture features.

Xk =

N−1∑

n=0

xne
−i

2𝜋
N

kn

k = 0, … , N − 1 (5)

In this way, the frequency spectrum is obtained, as shown in Fig. 4. The DC in this
spectrum reflects the global manual features during this period, while nonzero-frequency
components express the dynamic features regarding the track of positions, the alternation
of orientations and the variation of hand shapes. We retain both amplitude spectrum and
phase spectrum because they co-determine the behaviors of a gesture.

DFT used, the sequences varying with time are transformed into those varying with
frequency, thus making it not a problem to measure distance in classifying time series
[14]. In conclusion, the complicated process of classifying time series is transformed
into a general simple classification, which stands as the key of our model. Moreover,
the negative relation between range and frequency of a person’s movement, coupled
with the statistical characteristics [15] of the speed of sign language makes it necessary
to design a filter bank for the amplification of higher frequencies and thus for the consid‐
eration of such fast manual movements like shaking hand, in this way, it becomes more
effective to discriminate among various manual behavior. Simultaneously, this filter
bank can serve as a low-pass filter. The highest frequency of a normal gesture is around
3 Hz, as in literature [16]. The components at 0–6 Hz are found to be quite functional
to reconstruct the manual feature sequence, as Fig. 4. Therefore, those above 6 Hz, noises
mainly incurred by such external factors as light, the moving shadows in the video, are
filtered. In this way, the defects resulting from the simple extraction of manual features
are repaired to a certain extent, making the model more reliable and robust. The Eq. 6
shows the devised filters bank, w is set according to the statistical
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F(i) =

⎧
⎪
⎨
⎪
⎩

X(0) i = 0∑

f

wiX(f ) i < f ≤ i + 1

0 i > 7
(6)

characteristics of gestures and human manual movements. In this experiment,
w = (1.0, 1.2, 1.4, 1.6, 1.8, 2.0).

Fig. 4. The feature extraction of three typical gestures using FFT From left to right, they are: the
horizontal coordinate of the right hand in gesture “you”; the vertical coordinate of the left hand
in gesture “body”; the coordinate of the proportion of palm’s area in gesture “can”. They
respectively stand for static gestures, large-scale simple gestures and gestures only with finger
shakings. The small-scale reciprocating gestures are not shown here due to the space limitation.
In the three figures of time-domain signals, blue is for the original signal and red is for the
reconstructed signal using frequencies under 6 Hz. In the figures of spectrum, red is for the feature
and blue is for the noises to be eliminated. (Color figure online)

2.3 Principle Components Analysis (PCA)

The filtering is followed by the production of a 12× 2× 7× 2 dimensional vector for the
depiction of every gesture. The number of dimensions makes it hard to conduct classi‐
fication. Meanwhile, certain correlation is found among different dimensions of this
vector, causing data redundancy, as in Fig. 5. To illustrate, while one is signifying
“exercise” (by clenching the hand, bending the elbow and expending the chest twice)
the positional tracks of two hands reflected on the horizontal axis are exactly the oppo‐
site, giving rise to correlation between the corresponding dimensions.
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Fig. 5. The tracks of the horizontal coordinates of the two hands in training

To solve this problem, Principal Components Analysis (PCA) comes into effect.
Based on the principle of minimizing a squared error, PCA applies an eigen-decompo‐
sition to the covariance matrix and generates eigenvalues and eigenvectors. Next, having
been ordered in decreasing eigenvalue, K largest eigenvectors are selected to form a
transformation matrix AT. At last, using Eq. 8 to convert the vector of correlated varia‐
bles, which have been standardized by Eq. 7, into a set of values of linearly uncorrelated
variables [17].

Z =
F − E(F)

𝜎(F)
(7)

X′ = ATZ (8)

3 Experiment and Analysis

3.1 Experimental Environment

Videos of fourteen representative gestures [4] are collected using ordinary webcam
(Logitech c920), with a resolution of 640× 480 and a frame rate of 30fps. Among these
gestures, four typical categories are made: static gestures including “you”, “I”, “good”
and “house”; large-scale simple gestures including “welcome”, “throw”, “gift”, “very”
and “body”; small-scale reciprocating gestures including “health”, “exercise” and
“often”; gestures only with fingers shaking including “like” and “can”.

In the experiment, we adopt the above mentioned method of hand detection, and use
seven distinguishing colors painted on each glove to mark different parts of hands: five
fingers, the palm and back, then extract the manual features in each frame. It turns out
that, limited by the performance of the camera, moving shadows would appear in some
frames, which leads to abnormal data. To settle this problem, the data of these frames
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are substituted by those of their respective front frames. Better result is produced when
K is 8 in PCA.

Accordingly, 280 video samples are obtained among which each gesture have 20
samples. Under the proposed approach, manual features of each frame and gesture
features of each sample are successfully acquired. Next come the 4-fold cross validations
for five times.

3.2 Results and Analysis

At the outset, the recognition is tried through the traditional HMM. We assume Gaussian
distribution whose parameters depend on its underlying states for defining the emission
probabilities. The number of states Q is configured as 5, the results are shown in Tables 1:

Table 1. Accuracy under the traditional HMM

Category 1 Category 2 Category 3 Category 4 Average
On training set 0.975 0.972 0.951 0.937 0.959
On test set 0.930 0.954 0.893 0.870 0.912

Category 1: static gestures; category 2: large-scale simple gestures; category 3:
small-scale reciprocating gestures; category 4: gestures only with finger shakings.

Then we choose Random Forest (RF) classifier for training and recognizing the
gesture features extracted using our model. 50 decision trees are configured, and one-
third of the training set is randomly sampled with replacement to train each decision
tree. And half of the features are selected for decision split every time. The result is as
follows (Table 2):

Table 2. Recognition of features extracted using RF

Category 1 Category 2 Category 3 Category 4 Average
On training set 0.998 0.996 1.000 0.985 0.995
On test set 0.955 0.964 0.980 0.970 0.967

Comparing the two results, it can be observed that our model outperforms the clas‐
sical HMM in the aspect of average accuracy, which indicates that the method proposed
in this paper is workable and effective. To analyze the reason, our model requires only
the configuration of several parameters during the extraction of dynamic manual features
and the recognition using RF, whereas HMM entails a large number of parameters of
the model to describe a gesture, thus the inadequate training on our small set. This
demonstrates the advantage of our model in its convenience in training. What’s more,
in each category, a higher accuracy of our model is seen in the recognition of complex
gestures (category 3 and 4) than HMM, and also what’s obvious is a lower accuracy of
HMM in recognizing complex gestures than in simple ones. This indicates the disad‐
vantage of HMM when it comes to a more complicated situation, where our model
performs quite effectively. In addition, although our model focuses on complex gestures,
the experimental results unfold its good adaptability to the recognition of simple ones.
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3.3 Discussions

As the experimental results show, for the extraction of gesture features of SL, it is
workable and effective to view manual feature sequences as discrete-time signals and
to deploy FFT in this process. Moreover, this kind of method has a good adaptability to
model for extracting simple gestures and it is indeed robust. In addition, corresponding
improvements may be made for putting it into actual use as much as possible.

In the process of standardization, to eliminate the effect of individual physical
differences, we configure the position of the nose as a base point after manual meas‐
urement. This is applicable in some circumstances such as sign language program and
sign language teaching. When it comes to actual communications, however, nose tends
to move. If we utilize the techniques in face detection to locate the nose and add to our
model the facial expressions [6], which also play a role, though secondary, in the trans‐
mission of information, it would be more accurate.

Simultaneously, as the objective of this paper is to test whether our proposed model
is feasible, only a small number of isolated gestures are recognized. Under our model,
the track of positions, alternation of orientations and the variation of hand shape are
combined to form a vector. It works well when the number of samples to be recognized
is not large, but it yields the sparsity problem in a system demanding actual realizations.
To solve this problem, we could encode all the gestures with treating the track, alterna‐
tion and variation as three independent characteristics, then recognize them and refer
them to lexicon. When recognition of continuous gestures is in question, the researches
in speech recognition may shed light: split the feature sequence into frames based on
such statistical features like the frequency and the basic behaviors of the gesture of CSL.
The above two solutions would significantly decrease the number of categories fallen
into, making it easier to train.

4 Conclusion

To conclude, this paper presents a method of extracting gesture features of CSL and
conducts a recognition with the Random Forest classifier. A signer is arranged to wear
a colored glove and to perform gestures. Then a video of this is shot with an ordinary
webcam and the manual feature sequences are extracted based on distinguishing colors
which differentiate hand from the background and mark different parts of the hand. These
manual feature sequences are considered as discrete-time signals, FFT and filters are
used to obtain the gesture features. As the results indicate, features extracted this way
work well to represent gestures. It circumvents the problem of the traditional HMM
where a large training set is entailed and parameters are hard to be trained. In addition,
it offers a thought of how to recognize and analyze the various movements and even
how to classify time series. Its applications could also concern with gait and behavior
recognitions and its values could be explored in the fields of new human-machine inter‐
face and virtual reality (VR) as well.
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Abstract. In this work, we propose a new depth image super-resolution
method. We use low resolution depth image, refined high resolution color image
and generated HR depth image to conduct iterative joint trilateral up-sampling.
During the process of up-sampling, we put forward an algorithm to smooth the
area in color image with overmuch texture to solve the texture copying problem.
Based on the assumption that LR image is a counterpart of HR image with
missing pixels, we defined an evaluation criterion to ensure the convergence of
iteration and simultaneously make the final generated image close to the true HR
depth image as far as possible. Our approach can generate HR depth image with
sharp edges, none texture copying and little noises. Experiments are conducted
on various datasets including Middlebury to demonstrate the superiority of the
proposed method and show the improvement over state-of-the-art methods.

Keywords: Super-resolution � Iterative � HR color image � Convergence
criteria

1 Introduction

Depth image is playing a more and more important role in image processing and
computer vision. Traditional depth sensing methods cannot provide enough accurate
depth information. Laser range canners are only applicable at static scenes and depth
images acquired by time-of-flight (TOF) cameras are of relatively low resolution
(LR) and always contain a lot of noises. Single depth image super-resolution (SR) is to
reconstruct a high resolution (HR) depth image based on one single LR depth image by
up-sampling and de-noising at the same time.

According to whether an associated HR color image is used or not, previous single
depth image SR methods can be divided into two categories (SR guided by depth
image and SR guided by depth and color image). The first category contains two
groups, basic interpolation methods [1–4] and learning-based methods [5–12]. Bilinear
interpolation [1] and bicubic interpolation [2] are two representatives of the first
group. They can quickly generate SR images, but produce blurry edges and low
accuracy. Learning-based methods attempt to find the mapping relation between the LR
image/block and the HR image/block through training dataset and optimization solu-
tion. Freeman et al. [5] propose the example-based algorithm using Markov random
fields (MRFs). Roweis et al. [6] put forward locally linear embedding (LLE) and
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Chang et al. [7] raise neighborhood embedding algorithm to conduct nonlinear
dimensionality reduction. J.C. Yang et al. [8] propose a sparse representation model to
reconstruct the HR image from an over-complete dictionary generated by training set,
and it is further extended by Li et al. [9] and R. Zeyde et al. [10]. Chao Dong et al. [11]
use a lightweight structured deep convolutional neural network (CNN) to learn the
mapping between low and high resolution images, and jointly optimize all layers of
CNN. Samuel Schulter et al. [12] directly map the low and high resolution patches
through random forests. Learning-based methods can improve high frequency details in
the SR image, but suffer from huge computational cost and the requirement in big
training sets. The second category takes associated HR color image as a depth cue and
assumes the discontinuities in the depth image and color image are consistent [13–17].
The most fundamental method is joint bilateral up-sampling (JBU), proposed by Kopf
et al. [13]. Yang et al. [14] aggregate each layer of the 3D cost volume with joint
bilateral filter (JBF) in his cost aggregation-based method. Lo et al. [15] use spatial and
range information in HR color image and integrate local gradient information of depth
image to conduct joint trilateral filtering. He et al. [16] propose guided image filter
based on a local linear model. Jiajun Lu et al. [17] segment the color image through the
guidance of sparse depth samples, But the aforementioned assumption is invalid when
color changes in depth consistent area or depth changes in color consistent area.
Although the associated color image help get clear and sharp edge, texture copying
problem cannot be avoided especially when there is too much change in intensity
values.

In this paper, we propose a novel SR approach named enhanced joint trilateral
up-sampling (EJTU), which can generate SR depth image with clear and sharp edge, no
texture copying problem and high accuracy. Our approach belongs to the second
category. It exploits spatial distance from input LR depth image, intensity variance
extracted from the refined HR color image and intermediate HR depth image to conduct
an iterative joint trilateral up-sampling. The redundant texture information is removed
during the process of up-sampling. The LR image is considered as a counterpart of the
HR image with pixels missing, and based on that a regularization term is added to make
the final result close to the real HR image. The iteration process can converge rapidly
with no more than 10 iterations on average.

The remainder of this paper is organized as follows. Section 2 gives a detailed
description of the proposed approach. Section 3 shows the experimental results of the
proposed approach. Section 4 concludes the paper.

2 Proposed Approach

An overall flowchart of the framework of our proposed approach is provided in Fig. 1.
And the detail of each part is introduced in the following subsections.

2.1 Enhanced Joint Trilateral Up-sampling (EJTU)

The proposed enhanced joint trilateral up-sampling method mainly consists of 3 steps:
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First, bicubic interpolation is applied to the LR input depth image d to generate the
initial depth image D0. Second, the associated HR color image C is transformed from
RGB color space to YCBCR color space and its luminance component L is refined in
each window area where the range filter kernel works and then extracted as reference
image for depth image up-sampling. Third, based on the geometric distance in d, the
intensity of surrounding depth pixels in HR depth image and luminance intensity of
reference image L, we conduct joint trilateral up-sampling to generate HR depth image.
We consider the LR image as a counterpart of HR image with pixels missing. To take
full advantage of the accurate information of LR depth image, we introduce iteration to
refine the generated result. In each iteration, the HR depth image Di is replaced by the
new generated Diþ 1. The equation of EJTU is as follows:

eSp ¼ 1
kp

X

q#2Xp# ;q2Xp

Sq# f ð p# � q#
�� ��Þgð I1p � I1q

���
���Þhð I2p � I2q

���
���Þ ð1Þ

where eSp is the intensity value at pixel p in the generated HR depth imageDiþ 1; Ip
1 and Iq

1

are the intensity value at pixel p and q in the refined window area where the range filter
kernel gð�Þ works in reference image L, respectively; Ip

2 and Iq
2 are the corresponding

intensity value of pixel p and q in Di; p# is the pixel in d corresponding to the pixel p; q#
stands for a pixel around p#; Xp# and Xp stands for the window area where filter kernels
work around pixel p# and p. Kp is the normalization factor, which is given by:

kp ¼
X

q#2Xp# ;q2Xp

f ð p# � q#
�� Þgð I1p � I1q

���
���Þhð I2p � I2q

���
���Þ ð2Þ

Fig. 1. Flowchart of the framework of our proposed approach.
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f ð�Þ is the spatial filter kernel for measuring the spatial similarities between p# and
its neighbors, which is defined as:

f ð p# � q#
�� ��Þ ¼ exp � p# � q#

�� ��2

2r2d

 !
ð3Þ

gð�Þ is the range filter kernel to measure the luminance similarities between I1p and
its neighbors, which is defined as:

gð I1p � I1q

���
���Þ ¼ expð�

I1p � I1q

���
���
2

2r2r
Þ ð4Þ

hð�Þ is the range filter kernel to measure the depth intensity similarities between I2p
and its neighbors, which is defined as:

hð I2p � I2q

���
���Þ ¼ expð�

I2p � I2q

���
���

2r2t

2

Þ ð5Þ

2.2 Removing Overmuch Texture Information in Associated HR Color
Image

Traditional color image guided SR methods assume the discontinuities in the depth
image and color image are consistent. When there exists lots of color changes in the
depth consistent area, texture copying problem cannot be avoided.

To eliminate the texture copying problem, we propose a new algorithm to remove
the complex texture in the window area Xp where the range filter kernel gð�Þ works.
During the up-sampling process, the associated color image is transformed from RGB
color space to YCBCR color space, and the luminance component is extracted and
refined in each window area where the range filter kernel works, then served as ref-
erence for depth up-sampling. Texture is considered as complex edges here, we use
Candy operator [18] to detect the edge, which generates a 0-1 matrix where 1 repre-
sents the edge. If the proportion that “1” holds exceeds a pre-defined limit, this window
area Xp is considered to contain complex texture. Then we project the window area to
LR depth image to get Xp# , for purpose of judging whether this area contains depth
change. If there is no depth change in Xp# , the matrix of filtering window Xp is filled in
with mean value of pixels which have zero value at the corresponding coordinate
position in the 0-1 matrix. If there is a depth change in Xp# , the area of Xp# is
considered to have depth boundaries, pixel value in Xp is left unchanged. If the pro-
portion that “1” holds is lower than the pre-defined limit, the window area Xp is
considered to have no complex texture or the area Xp# of contains depth boundaries, so
Xp is left unchanged. An example is demonstrated in Fig. 2 to illustrate the algorithm.
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2.3 Proposed Iterative Framework

Iterative framework is introduced to take full advantage of the geometric information
from the LR input depth image and luminance information from associated color image
to refine the generated HR depth image. Based on the assumption that LR image is a
counterpart of HR image with pixels missing, we down-sample Diþ 1 by projecting it to
a new image with the same size of LR input depth image d, then calculate the mean
squared error (MSE) between d and the projection result. MSE between two consec-
utive generated HR depth image Di and Di+1 are taken into consideration at the same
time. Two different MSEs are endowed with different weights to construct a new
evaluation criterion, which is defined as:

t ¼ k1 �MSEðDi,Diþ 1Þþ k2 �MSEðd, downsampleðDiþ 1ÞÞ ð6Þ

But for input image with noises, k2 is always set to 0, as the true value of pixels in
image with noises are corrupted.

Fig. 2. Illustration of the algorithm of removing overmuch texture. (a) is the luminance map of
associated color image. (b) is the edge map of (a). (c) LR input depth image. (d)–(f) and (h)–(j)
are the enlargement of corresponding framed area in (a)–(c), respectively. (g) and (k) are
optimized results of (d) and (h) after removing overmuch texture information. (Color figure
online)
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3 Experiments

Experiments are divided into two groups: SR to depth image without noises and SR to
depth image with noises. Datasets without noises from Middlebury [19] and datasets
with noises from Ferstl et al. [20] are tested for visual and quantitative comparison.

For datasets from Middlebury [16] without noises, parameters of the proposed
algorithm are set as rd ¼ 1:5, rr ¼ 0:09, rt ¼ 0:035, Xp ¼ 9� 9, r ¼ 0:01, k1 ¼ 0:02
and k2 ¼ 0:1 Ground truth image are down-sampled by factor 2 and 4 to generate LR
input depth image. Visual comparison based on dataset Art of [19] is shown in Fig. 3.

Mean absolute error (MAE) is used for evaluation criterion for SR effect. The
smaller the MAE is, the better the SR result is. Seven well established algorithms are
compared in Table 1, and the proposed approach outperforms all the other algorithms.

Fig. 3. Experiments on dataset of Art without noises of [19]. Depth map SR methods compared
in details (upscaled factor: 2). (a) is the HR color image. (b)–(g) are SR results of He et al. [16],
Diebel et al. [22], Park et al. [23], Yang et al. [14], Ferstl et al. [20] and ours, respectively.
(h) Ground truth. (Color figure online)

Table 1. Quantative MAE comparision on the datasets in Middlebury [19].

Algorithms Art Books Moebius Texture copying
X2 X4 X2 X4 X2 X4

Nearest 0.54 1.11 0.20 0.39 0.20 0.41 No
Bilinear 0.56 1.09 0.19 0.35 0.22 0.41 No
Yang et al. [14] 0.57 0.70 0.30 0.45 0.39 0.48 Yes
He et al. [16] 0.66 1.06 0.22 0.36 0.24 0.38 Yes
Diebel et al. [22] 0.62 1.01 0.22 0.33 0.25 0.37 Yes
Park et al. [23] 0.57 0.70 0.17 0.31 0.18 0.30 Yes
Ferstl et al. [20] 0.49 0.75 0.19 0.28 0.19 0.31 Yes
Ours 0.21 0.41 0.11 0.16 0.12 0.18 No
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For datasets from Ferstl et al. [20] with noises, parameters of the proposed algo-
rithm are set as rd ¼ 5, rr ¼ 0:2, rt ¼ 0:03, Xp ¼ 17� 17, r ¼ 0:01, k1 ¼ 1, k2 ¼ 0.
Down-scaled noisy depth images are served as LR input and the up-scaled factor is 2
and 4. Peak signal-to-noise ratio (PSNR) is adopted to evaluate the SR result. The
bigger PSNR is, the better the result is. The subjective comparison is shown in Fig. 4
and objective comparison with eight other algorithms based on PSNR is demonstrated
in Table 2. Our algorithm works best among the comparison.

Fig. 4. Experiments on dataset Moebius with noises in [20]. Depth map SR methods compared
in details (upscaled factor: 2). (a) is the HR color image. (b)–(g) are SR results of He et al. [16],
Diebel et al. [22], Park et al. [23], Yang et al. [14], Ferstl et al. [20] and ours, respectively.
(h) Ground truth. (Color figure online)

Table 2. Quantitative PSNR comparision on the datasets with noises used in [20].

Algorithms Art Books Moebius Texture copying
X2 X4 X2 X4 X2 X4

Nearest 31.80 30.65 32.34 32.13 31.75 31.51 No
Bilinear 34.91 33.13 36.20 35.44 35.67 34.95 No
Yang et al. [14] 38.57 36.04 42.69 40.60 42.46 40.45 Yes
He et al. [16] 37.13 35.24 40.64 39.38 40.24 31.90 Yes
Diebel et al. [22] 37.28 35.04 41.85 38.59 41.56 38.28 Yes
Chan et al. [21] 37.40 35.14 41.73 39.28 41.77 39.31 Yes
Park et al. [23] 36.63 34.94 42.33 39.80 42.29 40.14 Yes
Ferstl et al. [20] 38.06 35.95 44.49 41.24 44.78 41.98 Yes
Ours 47.13 43.23 48.94 45.63 48.15 44.85 No
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4 Conclusions

An enhanced joint trilateral up-sampling method is put forward in this paper. Based on
the assumption that LR depth image is a counterpart of HR depth image with pixels
missing, we exploit spatial information from the LR depth image, intensity information
from generated HR depth image and refined luminance map of associated color image for
up-sampling. During the up-sampling process, redundant texture information in the
luminance map is removed to avoid texture copying problem. MSE between two con-
secutive generated HR depth images and MSE between LR depth image and its coun-
terpart in the newly generated HR depth image are weighted to terminate the iterative
up-sampling process. Final SR result generated by the proposed approach has clear sharp
edges, little noises and none texture copying problem. Comparison experiments
demonstrate the superiority of the proposed approach over state-of-the-art SR methods.
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Key Project (U1201255) and project of NSFC 61371138, China.
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Abstract. Real-life environments are open-ended and dynamic:
unlearned information comes over time. These changes of environments
ask for the systems to have the ability of self growth. A reasonable solu-
tion is to build an intelligent human-computer interaction system to sim-
ulate the mind at birth, and then automatically teach it by human. In
this work, we present a hand-held object recognition system which could
incrementally enhance its recognition ability from beginning during the
interaction with humans. Automatically capturing the images of hand-
held objects and the voice of users, our system could refer the interacting
person as a strong teacher. This allows the system to learn from scratch
and to learn new concepts one after another like humans. Although our
system is implemented on hand-held recognition scenario, we also imple-
ment experiments on ImageNet dataset to validate the effectiveness of
our system. Experimental results illustrate its performance.

Keywords: Learn from scratch · Object recognition · SVM · Human-
computer interaction

1 Introduction

Gobet et al. [6] propose that the configuration of smaller units of information
into large coordinated units might be important in many processes of perception,
learning and cognition in humans. A human baby learns everything from scratch.
In addition, he can continuously learn new knowledge and build it on what he
knows. This leads to a growing interest in the ‘developmental’ approach, which
takes its inspiration from nature (especially the human infant) and attempts to
build a human-computer interaction system which could develop its own knowl-
edge and abilities through interaction with the world [7]. The idea of building
an artificial baby dates back at least as far as Turing’s paper on ‘Computing
Machinery and Intelligence’ [26].

For intelligent human-computer interaction (HCI) systems, it is an important
issue to learn new knowledge from scratch based on newly available data, which
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 527–539, 2016.
DOI: 10.1007/978-3-319-48896-7 52
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makes the system have the ability of self growth like a baby. Then the infant
HCI system could be teached much like a human child during interaction, until
it reaches an adult level. This kind of self-adjustment during interaction is a kind
of on-line improvement which is timely and effectively.

In this paper, we focus on the ability of learning from scratch, by which we
mean that such infant HCI systems attempt to build their own knowledge and
abilities autonomously (starting with no innate knowledge), and to develop con-
tinuously to reach increasingly higher levels of knowledge. Considering an Object
Recognition System (ORS), enhance its recognition ability can be regarded as a
kind of self-adjustment to increase its knowledge.

Object recognition [8] is a widely studied problem in computer vision. It
describes the task of finding and identifying objects in an image or video
sequence. Humans recognize a multitude of objects in images with little effort,
despite the fact that the image of the objects may vary somewhat in different
view points, in many different sizes and scales or even when they are translated
or rotated. Objects can even be recognized when they are partially obstructed
from view. But it is challenging for machines. Over multiple decades, many
approaches have been implemented for this task. In general, an ORS has sev-
eral parts. These include image sensors, image preprocessing, object detection,
object segmentation, feature extraction and object classification [23].

As manipulating objects with hands is a straight way for human-machine
interaction [14,15,19], hand-held object recognition is a special and important
case in object recognition. The hand-held object can not only help the system
obtain a better understanding of user’s intention but also a more comprehensive
perception about surrounding environment. But during interaction, the system
may encounter unknown objects, which asks for the ability of self growth. Fixed
models for HCI systems are unable to cope with the changes of the dynamic
environments. While new concept instances will be arriving all the time, it is
unrealistic and costly to retrain all previously seen images. An on-line learn-
ing HCI systems can take the advantage of incoming new concept instances to
improve the existing model during interaction.

For humans to accurately understand the world around them, multi-modal
integration is essential because it enhances perceptual precision and reduces
ambiguity. Multi-modal sensor and feature fusion may contribute to replicate
such human ability [17].

Figure 1 illustrates the procedure that our hand-held object recognition sys-
tems learn from scratch and improve its recognition ability during interaction.
During interaction, our system could learn new concepts from scratch. At first,
the system hasn’t learn any concepts before, which means no classification model
is available. It will initialize a model first, then the system can update the model
with newly available objects constantly. In the process of initializing a model,
our system would automatically capture the images of hand-held object as pos-
itive examples and prepare some negative examples which are not hand-held
objects to train a binary classification. In later processes, the system only has to
collect images of unidentified objects as positive examples. The existing model
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Fig. 1. The procedure that our self-adjustment hand-held object recognition system
learn from scratch. At first, the system hasn’t learn any concepts. It initializes a model
first, and then the system updates the model with newly available objects constantly.

could be updated only based on these new data. RGB feature and depth feature
are extracted from RGB and depth images respectively, then we fuse these two
kinds of features into one.

The contributions of our recognition system can be summarized as the fol-
lowing:

(1) Our hand-held object recognition system could learn from scratch and
update the model constantly; (2) our system could automatically improve its
recognition ability incrementally during interaction; (3) we validate the perfor-
mance of our system on HOD and ImageNet.

The rest of this paper is organized as follows: our proposed framework is
illustrated in Sect. 2. And the experimental results are showed in Sect. 3. Section 4
concludes this paper.

2 Our System

We have designed and developed a real-time self-adjustment system to learn from
scratch like a human baby. Our self-adjustment framework is under the setting
of SVM [12,27]. This framework allows our system to improve the recognition
ability during interaction over new obtained data without retrain all previously
seen data.

Object Segmentation

With the surge of RGB-D devices, they provide additional depth and skeletal
information, which is beneficial to eliminate background noise and make the
localization and segmentation of the object easier and more precise. Our system
automatically captures color and depth images using an RGB-D camera, whose
API also provides additional skeletal data. Before object segmentation, the depth
map is preprocessed to filter noise and recover part of the missing depth data.
The system interpolates depth information in pixels where more than half of
their eight neighbors have valid depth. An estimation of the location of the hand
is provided in the skeletal data. We assume that hand-held objects are connected
to the hand, so the hand position will typically fall in the object region.
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Using the hand position as reference and initial seed, we obtain the object
mask using a region-growing algorithm [15]. This algorithm examines the eight
neighbors of the points in the seed set and adds them to the seed set if they are
at a similar depth as the hand. The algorithm is simple yet robust. Compared
with vision-based segmentation methods, the proposed method locates the target
object more accurately based on the assumption.

Different from other general object or scene parsing methods, this object
segmentation approach is designed specifically for the HOR problem. It utilizes
the position of hands but focuses on the object held on the hand, rather than
the hand itself. In HOR problem, hands remain mostly static. This approach
exploits skeleton information to infer the location of the hand, and focuses on the
region of hand to segment the object of interest. By exploiting prior knowledge
about the HOR problem, this task-specific detection and segmentation method
is more robust for HOR problem than general segmentation methods. It has
three inherent advantages: background is eliminated more effectively; recognition
is more reliable (as there is only one candidate); computational complexity is
significantly reduced.

Feature Extraction and Fusion

Some hand-crafted features have been proposed to represent low-level informa-
tion, like SIFT [13], spin images [10], Fast Point Features Histogram [16] and
Ensembles of Shape Features (ESFs) [9]. They have been proved to be robust to
transformations such as rotation and scale. But the major limitation of hand-
crafted features is that they are often manually tuned for the specific conditions
encountered in datasets. In addition, they can only capture a subset of the cues
that are useful for recognition [28]. Except for hand-crafted features, there are
also machine-learned features such as deep features. Convolutional neural net-
works (CNNs) [1] can learn higher order properties leading to features that can
describe higher level properties of the images, which are more discriminatory
[15]. Therefore, we extract features by CNNs from images. The CNN architec-
ture that we used has eight layers: the first five layers are convolutional layers,
while the sixth and the seventh layers are fully connected layers and the final
layer is a softmax classifier. We use the output of the seventh layer as a feature
(4096-dimensional).

There are two main types of multi-modal systems: one is to integrate signals
at the feature level and the other at a semantic level [29]. For the first type, fea-
ture fusion may be beneficial to obtain a better representation of the image, and
feature fusion has been used in computer vision to improve recognition accuracy.
Different features often capture complementary properties of the image: RGB
feature and depth feature related with color and shape respectively. Generally,
feature fusion is considered more appropriate for closely coupled and synchro-
nized modalities, such as RGB feature and depth feature [25]. There are many
ways for feature fusion, we simply concatenate RGB feature and depth feature.
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Image Classification

Image classification is an important and challenging task in computer vision.
It includes a broad range of decision-theoretic approaches to the identification
of images, such as SVM [3,21], deep convolutional neural network [11,22] and
decision tree [5,18]. Since image labeling is time consuming and labor intensive,
image classification tasks frequently suffer from the problem of lacking sufficiency
training data. So we need methods to learn incrementally from scratch.

There are some proposed approaches that could learn new information based
on new available data. Ristin et al. [20] propose a framework named NCM For-
est. They combine Nearest Class Mean classifier and Random Forest to learn
new concepts. This algorithm uses hierarchical concepts to make the model can
be modified locally when new data comes. Kuzborskij et al. [12] propose an
algorithm that adds a new classification-plane to source model to learn a new
concept. Michael Fink [4] proposes a one-shot learning algorithm which achieves
knowledge transfer through the reuse of model parameters.

Support vector machine constructs a set of hyperplanes in feature space,
which can be used for classification. The classification-planes describe the sep-
aration in feature space and support vectors describe the classification-planes.
Because of these properties, it is easier to deal with the new available data for
SVM.

Therefore, we extend the method of [12] to our system.
Before presenting the method, we give some preliminaries. We denote low-

ercase letters as vectors and capital letters as matrices. Ak,n is corresponding
to the (k, n) entry of matrix A. (x, y) represents a pair of data. x is a feature
vector, and y is the corresponding label. α is denoted as Lagrange multiplier.
We denote (xi, yi)i∈I as new data.

This approach is under the setting of SVM [27]. SVM solves the quadratic
programming problem by minimizing an objective function, which consists of
two terms: min Jp = Riskespected + Complexity.

It utilize the multi-class LSSVM objective function [24], which turns the
quadratic programming into a problem of solving linear equations. LSSVM trans-
fers the inequality constraints to equality constraints, which greatly facilitates
the solution of Lagrange multiplier method. The objective function minimizes
the regularized risk by making prediction error and the complexity of this model
be minimal.

min
W,b,e

Jp(W, e) =
1
2
WTW +

1
2
C

∑N

k=1
e2
k (1)

such that

yk(WTϕ(xk) + b) = 1 − ek, k = 1, ......, N

e is slack variable.
In [12], it try to find a new classification-plane wn+1 for unlearned concept

data making N -class source model turn into a (N + 1)-class target model. The
method could achieve the following targets:
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(1) Finding a new group of classification-planes W t = [w1, w2, · · · , wn, wn+1]
which is close to source classification-planes making N -class source classifier
transfer to a (N + 1)-class target classifier;

(2) Modifying the source classification-planes W t−1 = [w1, w2, · · · , wn] slightly
making the performance of source concepts will not decline;

(3) Adjusting all source classification-planes making the prediction error be
smaller.

Based on the above mentioned considerations, the objective function as following:

min
W t,b,e

Jp(W t, e) =
1
2

∥∥W t − W t−1
∥∥T ∥∥W t − W t−1

∥∥ (2)

+
1
2

∥∥wn+1 − W t−1β
∥∥T ∥∥wn+1 − W t−1β

∥∥ +
C

2

∑
i∈Ik

(ei)2

such that

yi((W t)Tϕ(xi) + bi) = 1 − ei, i ∈ I

The first term in Eq. 2 controls the variety of the classification-planes of
source model and this term forces the target model to keep close to the source
model. The second term makes the new added classification-plane keep close to
the linear combination of other existed classification-planes. The linear combi-
nation is described by a vector β. This first two terms force the target model to
keep close to the source model in both situations of incremental learning, which
basically guarantees the performance of other source concepts won’t deteriorate.
The final term is used to minimize prediction error of new data.

Finally, we can get:
A = A

′ −
[
A

′′
A

′′
β
]

[
A

′

b
′T

]
= M

[
Y
0

]
,

[
A

′′

b
′′T

]
= M

[
XTW

′

0

]

M =
[

XTX + 1
C 1

1T 0

]

The solution of this objective function is determined once we set the para-
meters β, C, L. The optimal β is automatically chosen by a method based on
LOO error [12]. And we change C from 10−4 to 105 using 5-fold cross-validation
to find the best value of C.

3 Results

In this section, we show a series of experiments to evaluate our self-adjustment
system.
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Table 1.N is the number of learned concepts. “New Concept” displays the new concept
that the model learned in this step. “New Concept Accuracy” is the accuracy of “New
Concept”. And “ACC” represents the accuracy of the model. (a): incremental learning
method: each column indicates a new class is introduced. (b): retraining method.

N 0 1 2 3 4 5 6 7 8

(a)

New Concept - apple ball book bottle box calculator can cup

New Concept Accuracy - 1 0.9 0.9625 0.7525 0.6775 0.7 0.74 0.78

ACC - 1 0.95 0.9875 0.90812 0.893 0.86833 0.83143 0.84719

(b)

New Concept - apple ball book bottle box calculator can cup

New Concept Accuracy - 1 1 0.995 0.9575 0.8775 0.9825 0.8925 1

ACC - 1 1 0.99833 0.97938 0.9445 0.94208 0.88857 0.9075

Experimental Setup

We validate our system on the subset of HOD [15] and ImageNet [2]. We don’t
make any pre-selection or pre-processing on images in the dataset. Our datasset
is splitted into two parts: train (incremental learning) and test.

Experimental Results

In this section, we show the performance of our on-line learning system. Each
experiment is implemented for 5 times and we show the average results.

Learn from Scratch on HOD. HOD consists of 16 concepts and 4 different
instances for each concept. There are 200 RGB and depth image pairs for each
instance. RGB feature and depth feature are extracted from RGB image and
depth image respectively, and we fuse the two kinds of features into one. We
randomly selected 160 images for each class considered in train datasets. And
80 images are selected for each class as a test dataset. Depth information are
available in HOD, so we cascade the two kinds of features and use RBF kernel
which could perform non-linear transformations of the original input features in
SVM.

As Table 1(a) shows, our system learns from scratch and every step it learns
160 images of a new concept. Each column indicates a new class is introduced.
Previous classes are not used for training in subsequent training steps, but they
are used to evaluate the algorithm performance on previously learned classes to
make sure that previously acquired knowledge was not lost. The validation on
test dataset shows that our framework is able to learn the new classes, success-
fully. For the third columns, this step is the process of learning the first concept
from scratch. In this step, our system initialize a model. And it updates this
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Fig. 2. Accuracies of the model: the solid line and dotted line separately represent the
accuracies of incremental learning and retraining methods.

model constantly in the following steps. Because we adjust existing classification-
planes while finding the new classification-plane, it can be observed that the
accuracy of source concepts does not drop too much, even increases sometimes.

Table 1(b) shows the results of retraining. Every column means one process
of retraining. Like the last column, we retrain a 8-class model. “ACC” of this
column represents the accuracy this model, “New Concept Accuracy” is the
accuracy of concept “cup”, which is corresponding to the accuracy of new added
concept in incremental learning method.

In Fig. 2, the accuracy of incremental learning method is lower than retrain-
ing method. In retraining method, there are always maximum margins between
concepts. But in incremental learning method, the margin between new added
concept and a similar learned concept may be not maximum. There is a balance
between the variety of source classification-planes and prediction error, which
are corresponding to the first and last terms in Eq. 2. It is the reason why the
accuracy may have a slight decline after incremental learning.

Experiments in this sub section validate the ability of learning from scratch.

Statistical Result on HOD. In this part, we implemented our experiments on
a subset of HOD which inludes eleven classes: “apple”, “ball”, “book”, “bottle”,
“box”, “calculator”, “can”, “cup”, “dish”, “disk” and “glove”.

We split the eleven classes into two parts: one part (the former seven classes
(160 imageseach class)) is used for training a source model and another part
(the other four classes (160 images each class)) for incremental learning. And 80
images are selected for each class as a test dataset. We concatenate RGB feature
and depth feature and use it with RBF kernel.

The source model has learned 7 source concepts (“apple”, “ball”, “book”,
“bottle”, “box”, “calculator”, “can”) and it will learn 4 new concepts (“cup”,
“dish”, “disk”, “glove”) continuously in random sequences for 5 times. And each
sequence we implemented for 5 times. Figure 3(a) shows the accuracies of incre-
mental learning method (on-line self-adjustment system) and retraining method
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Fig. 3. Average total accuracies: the solid line and dotted line separately represent the
accuracies of incremental learning and retraining methods. (a): HOD. (b): ImageNet

(off-line adjustment system). The accuracies of our on-line self-adjustment sys-
tem are slight lower than off-line adjustment system for the reason that incre-
mental learning method learns new information upon previously model without
retraining all previously seen images. It adjusts the existing model according to
the new examples instead of learning a new model. And this means that the
training time of incremental learning method is much shorter than retraining
method. The accuracy of the model has a slight drop during the processes of
learning new concepts. This is reasonable. As the model getting complex, the
accuracy decreases. Figure 3(a) shows that the accuracy in retraining method

Table 2.N is the number of learned concepts. “New Concept” displays the new concept
that the model learned in this step. “New Concept Accuracy” is the accuracy of “New
Concept”. And “ACC” represents the accuracy of the model. (a): incremental learning
method: each column indicates a new class is introduced. (b): retraining method.

N 7 8 9 10 11

(a)

New Concept - cup dish disk glove

New Concept Accuracy - 1 0.94 0.8425 0.905

ACC 0.77875 0.90781 0.905 0.88775 0.87295

(b)

New Concept - cup dish disk glove

New Concept Accuracy - 1 0.9375 0.9 0.9275

ACC 0.77875 0.90656 0.90722 0.901 0.90227
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also decreases as learning new concepts continuously. For a N -class classifier,
the smaller the N is, the simpler it is, and the better performance it has. And as
we can see that incremental learning has smaller influence to the simpler clas-
sifier in our system. With the increasement of N , the influence of incremental
learning becomes bigger and bigger to the model.

Table 2 shows an example of one random sequence of learning the 4 new
concepts. Table 2(a) shows the results of incremental learning method. The model
learns 160 images of new concept each step. Every adjacent two column, such
as the second and third columns, they can be regarded as one process of class-
incremental learning. The second column is the source model and the third is the
target model. “New Concept” displays the new concept that the model learned in
this process. The second column is a 7-class source model with a total accuracy
of 0.7785. After learning a new concept “cup”, the source model turns into a 8-
class target model with a total accuracy of 0.90781. The accuracy of new learned
concept “cup” is 1.

Table 2(b) shows the results of retraining. Every column means one process
of retraining. Like the third column, we retrain a 8-class model. “ACC” of this
column represents the accuracy this model, “New Concept Accuracy” is the
accuracy of concept “cup”, which is corresponding to the accuracy of new added
concept in incremental learning method. The results show that “New Concept
Accuracy” of incremental learning method are not much lower than retraining
method basically.

Validations on ImageNet. We implemented our experiments on a subset of
ImageNet which inludes eleven classes: “orange”, “strawberry”, “coffee mug”,
“pitcher”, “vase”, “plate”, “trashcan”, “envelope”, “coffeepot”, “park bench”
and “lemon”.

We randomly selected 500 images each class (the former seven classes) to
train a source model. And we randomly select 500 images for each unknown
concepts (the last four classes) for incremental learning. And 200 images are
selected for each class as a test dataset. There is no depth information available
in ImageNet, so we use a single RGB feature with RBF kernel.

The source model has learned 7 source concepts (“orange”, “strawberry”,
“coffee mug”, “pitcher”, “vase”, “plate”, “ashcan”) and it will learn 4 new con-
cepts (“envelope”, “coffeepot”, “park bench”, “lemon”) continuously in random
sequences. Each sequence we implemented for 5 times. Figure 3(b) shows the
accuracies of incremental learning method (on-line self-adjustment system) and
retraining method (off-line adjustment system). The accuracies of our on-line
self-adjustment system are slight lower than off-line adjustment system.

Table 3 shows an example of one random sequence of learning the 4 new
concepts. Table 3(a) shows the results of incremental learning method. The model
learns 500 images of a new concept each step. Table 3(b) shows the results of
retraining. Every column means one process of retraining. The results show that
“New Concept Accuracy” of incremental learning method are not much lower
than retraining method basically.
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Table 3.N is the number of learned concepts. “New Concept” displays the new concept
that the model learned in this step. “New Concept Accuracy” is the accuracy of “New
Concept”. And “ACC” represents the accuracy of the model. (a): incremental learning
method: each column indicates a new class is introduced. (b): retraining method.

N 7 8 9 10 11

(a)

New Concept - park bench coffee pot lemon envelope

New Concept Accuracy - 0.99 0.902 0.743 0.993

ACC 0.80963 0.92025 0.88144 0.8627 0.84291

(b)

New Concept - park bench coffee pot lemon envelope

New Concept Accuracy - 0.99 0.902 0.873 0.98

ACC 0.80963 0.92138 0.89956 0.8861 0.89618

4 Conclusion

In this work, we introduce a new on-line self-adjustment system for hand-held
object recognition. The system could learn new information constantly from
scratch like a human baby, which reflects the ability improve its interaction
experience during interaction. It adds new classification-planes to learn unknown
concepts. In the future, our on-line self-adjustment system will be extended to
more recognition tasks. Besides, we will include hierarchical concepts and their
relations into this framework to make human-computer interaction systems more
intelligent.
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Abstract. Audio bandwidth extension (BWE) has emerged as an important tool
for the satisfactory performance of low bitrate audio and speech codecs. In the
existing BWE method, the high frequency (HF) excitation signals are generated
by replicating the low frequency (LF) band directly. However, the coding percep‐
tion quality will degrade if the correlation between LF and HF bands becoming
weak. In this paper, we proposed a new algorithm to restore the HF excitation
signals using audio super-resolution. The experiments shown the new algorithm
have an outstanding performance for rebuilding HF excitation signals compare
with the conventional replication method. In addition, we also provided a new
BWE scheme based on audio super-resolution. According to our experimental
results, in compare with LPC-based BWE, the subjective listening quality
increased by 13% under the same bitrates; in compare with eSBR, the bitrates
drop by 63.7% and have the approximate subjective listening quality.

Keywords: Audio bandwidth extension · Audio super resolution · Sparse
representation

1 Introduction

Audio bandwidth extension (BWE) is a standard technique within contemporary audio
codecs to efficiently code audio signals at low bitrates. A BWE method uses the received
audio signal and a model for extending the frequency bandwidth. The model can include
knowledge of how audio is produced and how audio is perceived by the human hearing
system. From the point of view of whether transmitting parameters, the BWE methods
have two categories: blind BWE and non-blind BWE. In non-blind BWE, a few param‐
eters of high frequency band are transmitted to decode side for reconstructing the high
frequency signals. In this paper, we only discuss about non-blind BWE.

In existing non-BWE techniques, the original audio signals are divided into low
frequency (LF) and high frequency (HF) band. On encode side, The LF signals are
encoded by selected audio coder, and the HF signals don’t be encoded but extract a few
HF parameters. On decode side, the HF excitation signals are achieved by replicating
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the LF band directly, and then the final HF signals are reconstructed by adjusting the
envelope using the transmissive HF parameters. The basic ideal of BWE is shown in
Fig. 1.
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ec

tr
um

(d
B

)

(a)Divide original spectrum
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(b)Replicate the LF to HF (c) Adjust HF envelope

Fig. 1. How BWE works

The approach was again based on the physical properties of the audio signals. There
is a correlation between LF and HF bands. Therefore, in the conventional BWE methods,
the LF bands are replicated as the HF excitation signals. Previously developed BWE
technologies include Linear Predictive Coding (LPC)-based BWE technology in AMR-
WB+ audio codec standard [1], Spectral Band Replication (SBR) technology in MPEG
Audio coding standard [2], and prediction-based technologies that use codebook
mapping methods to predict a HF envelope from a LF band [3, 4]. The LPC-based BWE
provided a good sound quality for speech-like signal at very bitrates (about 0.8 kbps),
but for the music-like signal, the coding quality is decreased. The SBR technology is an
outstanding scheme at low bitrates, this scheme provides high sound quality for music-
like signals, but not well for speech-like signals. In addition, Yuki Yamamoto et al.
provided a new BWE method which was used to MPEG USAC codec [5]. In USAC,
predictive vector coding (PVC) is added to SBR formed enhance spectral band replica‐
tion (eSBR), which improved the subjective quality. The eSBR technology provides an
excellent perception quality, but its bitrates reaches about 2.2 kbps, and the calculation
complexity is expensive.

In fact, the correlation between LF and HF band is a vital factor for the reconstruction
quality of HF bands. In the existing BWE technologies, the HF excitation signals derived
from the LF bands by replication method. However, the coding sound quality will
degrade obviously if the correlation becoming weak. In addition, even the correlation
is high between LF and HF bands, the method of replicating directly also will lead to
the coding artifacts, because the difference of excitation signals between LF and HF
bands cannot be eliminated completely.

In this paper, our main goal is to restore the HF excitation signals for reducing the
coding artifacts. For the correlation between the low and high bands, we have an
assumption, if there is a tool with powerful modeling capability, the HF excitation
signals could be predict from LF bands. The assumption has been confirmed by our
previous work [6]. Different with the provided deep neural network in [6], we used a
recent proposed audio super-resolution [7–9] to predict the HF excitation signals. In
addition, we also proposed a low bitrate BWE scheme which is similarity with in [6].
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In our BWE scheme, we used audio super-resolution to restore HF excitation signals on
FFT domain, and extracted the HF subband energies for adjusting the HF envelope.

2 The Prediction of Excitation Signals of HF Using
Super-Resolution

2.1 Audio Super-Resolution

Super-resolution (SR) is the problem of creating a high-resolution (HR) output signal
from a low-resolution (LR) input. In order to achieve this goal, SR techniques often
make use of certain assumptions or outside knowledge about the original signal to
achieve their goal. Use of super-resolution for images is one of the most active research
areas [10, 11] in image processing. In the field of audio signal processing, the super-
resolution problem can be cast as the problem of reconstructing high-frequency portions
of audio signals [7]. In the existing audio super-resolution methods, the original signals
are transformed into time-frequency domain, the LR spectrogram Yl ∈ ℝ

L×N can be
regarded as the remaining part of the HR spectrogram Yh ∈ ℝ

H×N after the removal of
the top H − L high-frequency bins of Yh. The known, HR dictionary matrix is
Dh ∈ ℝ

H×K. By truncating the columns of matrix Dh in frequency, we create a LF
dictionary matrix Dl ∈ ℝ

L×K.
The central problem is to generate a sparse matrix of coefficients 𝛼 ∈ ℝ

K×N, such
that we minimize the difference between the input Yl, and Dl𝛼, i.e.:

min
𝛼

‖
‖Yl − Dl𝛼

‖
‖F

, (1)

where ‖∙‖F denotes the Frobenius norm. In this expression, matrix 𝛼 contains coefficients
that represent the relative weighting of the dictionary atoms in Dl necessary to approx‐
imate Yl.

One key assumption made in audio super resolution is that for audio spectra, there
is high correlation between LF and HF band. In a practical sense, this means that the
spectrum structure played on any audio signals shares great similarity with other audio
signals not only in its lower frequencies, but also in its high frequencies as well. Of
cause, the similarity of spectrum structure become worse, the reconstructed quality of
excitation signals also will become degraded. From a technical perspective, this assump‐
tion means that, given the HR spectrogram Yh, we assume that finding 𝛼 such that
Eq. (1) is satisfied and will also satisfy the expression

min
𝛼

‖
‖Yh − Dh𝛼

‖
‖F

. (2)

2.2 The Prediction of Excitation Signals of HF

The previously proposed audio super-resolution methods focus on rebuild the HF spec‐
trogram and shown the outstanding performance. As known, the spectrogram is impos‐
sible to inverse transform into the original audio signals. In BWE, we need to restore
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the HF excitation signals, which are represented as frequency spectral coefficients on
the time-frequency domain. The prediction process is similarity with in [7].

Our prediction model, shown in Fig. 2, begins with the LF band frequency coeffi‐
cients SLF. SLF are transformed from the decoded LF signals by time-frequency trans‐
formation. DLF and DHF is an analysis dictionary of LF and HF bands, respectively. The
dictionary is different with the pre-defined in [7]. Since the analysis dictionary learned
from some related data usually has the potential to adapt to a signal better as compared
with a pre-defined dictionary. The dictionary is trained by the proposed method in [8].
The technical details of training are omitted due to the limited space. The proposed
matching pursuit algorithm in [7], AMP, takes in SLF and DLF, and returns the sparse
coefficient matrix 𝛼, which is constructed to minimize min‖‖SLF − DLF𝛼

‖
‖F

. On a smaller

scale, AMP takes in SLF(i), the ith column of SLF, and generates a sparse column matrix

𝛼i such that min‖‖SLF(i) − DLF𝛼i
‖
‖2 is minimized. 𝛼i then becomes the ith column in coef‐

ficients matrix 𝛼. Lastly, the HF dictionary DHF and the output coefficients matrix 𝛼 are
multiplied to create the HF output excitation signals SHF = 𝛼DHF. The prediction of the
excitation signals of HF is presented in Algorithm 1.

Fig. 2. The prediction block diagram of HF excitation signal
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Fig. 3. The proposed BWE scheme
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3 The Proposed BWE Scheme

In order to improve the perception quality of AVS-M coding standard [12, 13], we
proposed a new BWE scheme based on audio super-resolution. The AVS-M is a speech
and audio coding standard in China with independent intellectual property. In AVS-M,
the BWE system (similarly in [1], called as LPC-based BWE) extracted the LPC coef‐
ficients and subband energy ratios of LF and HF bands to reconstruct the HF signals on
FFT domain [14]. The new BWE scheme is shown in Fig. 3. The input signal sampled
at 25.6 kHz is processed in 20 ms per frame. The pre-processed signal is divided into
two 6.4 kHz sampled LF and HF band using an analysis filterbank.

On encoder side (Fig. 3(a)), the LF is coded using ACELP/TVC hybrid codec. The
HF band first is transform into FFT domain, and then extract HF subband energies as
envelope parameters, the energy parameters is quantized by vector quantization. We
extract the HF subband energy by Eq. 3:

Energy(i) =

M∑

j=1

(SigHF(i − 1)M + j)2, (3)

where Energy(i) denotes the energy of ith subband in current frame and M is the subband
length.

On decoder side (Fig. 3(b)), the HF signals are synthesized with decoded energy
parameters and the HF excitation signals by Eq. 4:
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Sig′

HF
(i, j) = Energy(i)′ ∗ SigHF_exci(i, j),

1 ≤ i ≤ N, 1 ≤ j ≤ M
(4)

where Sig′

HF
(i, j) denotes generated HF signal the jth point of ith suband in current frame,

SigHF_exci(i, j) is the corresponding excitation signal, Energy(i)ʹ is the decoded energy of

ith subband, and N is the number of subband. The Sig′

HF
 is calculated by Algorithm 1.

Sig′

HF
 and SigHF_exci is corresponding SLF and SHF in Algorithm 1, respectively. The anal‐

ysis dictionary DLF and DHF is stored beforehand in decode side, which are trained by
the analysis dictionary learning algorithm in [8]. The technique details are omitted due
to the limit space.

4 Experiments and Evaluation

We used 3 baselines in our experiments: LPC-based BWE [14], eSBR [5], DAE-based
BWE [6]. LPC-based BWE was developed at low bitrate for speech communication,
eSBR faces with all kind type audio signals, DAE-based BWE used deep auto-encoder
to predict the fine structure of HF. The selected 3 baselines BWE methods represent the
different types the state of the art BWE technology. The selected dictionary training
dataset including TIMIT speech, natural sounds and music, which in totals about 1
million frames, 20 ms per frame. For each audio signal, a Hamming window of length
256 with 25% overlap was applied to generate the HF excitation signals using the short-
time Fourier transform (STFT). In subjective and objective testing, the MPEG standard
test audio file (12 test items, including 3 speech, 9 music and mixed signal) is selected.
In order to take evaluation completely, two type experiments are implemented.

4.1 The Performance of Generated the HF Excitation Signals

The first experiment, in order to evaluate the performance of generated the HF excitation
signals, we used the audio super-resolution algorithm to instead of the corresponding
replication module in LPC-based BWE and eSBR, instead of the deep auto-encoder
prediction module in DAE-based BWE.

The spectrum comparison of the rebuilding HF signal is shown in Fig. 4. In LPC-
based BWE (Fig. 4(a)), the spectrum shape is rebuild well (red rectangle); in eSBR
(Fig. 4(b)), the harmonic structure is retained partly (black rectangle); in DAE-based
BWE (Fig. 4(c)), the spectral flatness is more close the original signal (blue rectangle).
From the spectrum comparison, the spectral envelope of reconstructed HF is more close
to the original signal. As known, the spectral envelope is vital to perception quality. So
this experiment illustrates the validity of audio super-resolution algorithm for restoring
the HF excitation signals.

In order to evaluate the listening perception quality, the subjective quality test was
performed by A/B listening test. 12 listeners participate in the A/B listening test. The
subjective test results are listed in Table 1. The subjective listening test results indicate
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that the audio super-resolution outperforms the 3 baselines system on the restoration of
HF excitation signals.

Table 1. A/B listening test comparison between audio super resolution and 3 baselines

BWE method Prefer audio-super
resolution

Prefer baselines No preference

LPC-based 50.0% 41.7% 8.3%
eSBR 58.3% 33.3% 16.7%
DAE-based 41.7% 33.3% 25.0%

4.2 The Test Results of the Proposed BWE Scheme

In order to improve the listening perception quality of AVS-M codec [12, 13], we
proposed a new BWE scheme using audio super-resolution (see Sect. 3, abbreviate as
SR-based BWE). In the above first experiment, we have verified the audio super-reso‐
lution has an outstanding restoration performance for HF excitation signals. In the
second experiments, we will evaluate the overall performance of SR-based BWE. We
performed the subjective listening test, objective test, simple runtimes test and bitrates
comparison with LPC-based BWE, eSBR and DAE-based BWE.

Fig. 5. The ODG under different number of subband

In this experiments, the LPC-based BWE, eSBR, DAE-based BWE, the HF excita‐
tion signals are generated by them own way. In our SR-based BWE, the time-frequency
transform is STFT, and the sample frequency is 25.6 kHz, means the frequency
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Fig. 4. The spectrum comparison of generated HF signal. (Color figure online)
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bandwidth of LF is 0–6.4 kHz, and the HF is 6.4–12.8 kHz, the frame length is 20 ms
(256 samples). The suband number N (in Eq. 4) is set 8 according to our test. In our test,
we set N = 4, 8, 16, 32 respectively, then test the average objective difference grades
(ODG, 0–5, from annoying to very imperceptible) by ITU-R BS.1387 PEAQ test method
[15]. From the test results (Fig. 5), N = 8 is the best trade off selection. In SR-based
BWE, therefore, the only spectral parameters (HF subband energies) are send to decoder
side with 16 bits (vector quantization) per frame (20 ms per frame), so the bitrates only
0.8 kbps (16 bit * 1000 ms/20 ms). The bitrates comparison is shown in Table 2.

Table 2. The bitrates comparison

BWE method Bitrates (kbps)
LPC-based BWE 0.8
eSBRa 2.2
DAE-based BWE 0.8
SR-based BWE 0.8

aThe bitrate of eSBR is 2.2 kbps, the envelope and control parameters are
extracted, and then the parameters are quantized by Huffman coding, its
bitrate is flexible, about 2.2 kbps in our experiments.

Table 3. The objective testing results (ODG)

BWE method Speech Music/mixed Average
LPC 3.72 3.64 3.68
eSBR 4.41 4.69 4.55
DAE 4.32 4.46 4.39
SR 4.38 4.56 4.47

Fig. 6. Subjective listen test results.

We carry out subjective listening test to assess the perception quality of the proposed
BWE system using MUSHRA method [16]. 15 expert listeners participate in the test,
which is performed for two categories signal, that is, speech and music/mixed contents,
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and test materials derived from MEPG standard (the same as the first experiment). The
subjective listening test results are shown in Fig. 6. In addition, we also use ITU-R BS.
1387 PEAQ [16] test method to evaluate the objective performance, the average objec‐
tive difference grades (ODG) is listed in Table 3.

In order to assess the calculation complexity, a simple codec runtime is executed. A
368 s wave file is selected as test item, and the run environment of test is also same
among different codec. The runtimes of each codec are listed Table 4.

Table 4. The runtimes comparison (unit: second)

BWE method Encode Decode Total
LPC 42.45 14.12 56.57
eSBR 54.67 19.34 74.01
DAE 34.89 18.02 52.91
SR 32.08 28.45 60.53

4.3 Discussion of Results

The performance of codec should be comprehensive evaluation from bitrate, calculation
complexity and sound quality. From subjective listening test results (Fig. 6), the
proposed method is better than the LPC-based BWE (increased by 13%), is slightly
better than DAE-based BWE (increased by 5%), and is comparable with eSBR. The
objective testing results (Table 3) also are consistent with the subjective listening testing
results. The perception quality further illustrates the super-resolution have an excellent
performance for restoring the HF excitation signals. The bitrates comparison (Table 2)
show the SR-based BWE drop 63.7% ((2.2–0.8)/2.2 * 100%) compare with eSBR,
because only HF subband energy parameters are send to decoder side. The runtimes
comparison shows (Table 4) the total runtimes of SR-based BWE have competition than
other methods. However, the decoded runtimes are expensive than other methods. This
is because an AMP algorithm is used on decoder side. The following study will focus
on the fast algorithm to resolve sparse coefficients. From the above test results, the SR-
based BWE outperforms LPC-based BWE, is better than DAE-based BWE, and is
comparable to eSBR.

5 Conclusions

This paper proposed a new BWE method using audio super resolution. This method
provides a new generation algorithm of HF excitation signals on BWE, which is helpful
to improving coding sound quality. Our experiments demonstrated the advantage of
proposed BWE. However, the decoded calculation complexity is expensive due to solve
sparse coefficients by AMP algorithm. The further study will find a fast algorithm for
solving sparse coefficients.
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Abstract. Discriminative dictionary learning (DDL) provides an
appealing paradigm for appearance modeling in visual tracking due to its
superior discrimination power. However, most existing DDL based track-
ers usually cannot handle the drastic appearance changes, especially for
scenarios with background cluster and/or similar object interference. One
reason is that they often encounter loss of subtle visual information that
is critical to distinguish the object from the distracters. In this paper,
we propose a robust tracker via jointly learning a multi-class discrimi-
native dictionary. Our DDL method exploits concurrently the intra-class
visual information and inter-class visual correlations to learn the shared
dictionary and the class-specific dictionaries. By imposing several dis-
crimination constraints into the objective function, the learnt dictionary
is reconstructive, compressive and discriminative, thus can achieve bet-
ter discriminate the object from the background. Tracking is carried out
within a Bayesian inference framework where the joint decision measure
is used to construct the observation model. Evaluations on the bench-
mark dataset demonstrate that the proposed algorithm achieves substan-
tially better overall performance against the state-of-the-art trackers.

1 Introduction

An appearance model is one of the most critical prerequisites for successful
visual tracking. Designing an effective appearance model is still a challenging task
due to appearance variations caused by background clutter, object deformation,
partial occlusions, and illumination changes, etc. Efforts dedicated to this issue
have leaded to numerous tracking algorithms [8,14,15,19,24,25,27,28,30]. In
this paper, we focus on the discriminative tracker using the novel discriminative
dictionary learning (DDL) method. The learned dictionary is reconstructive,
compressive and discriminative, which can better distinguish the object from
the complex background.

Considering visual tracking as a binary classification problem, most DDL
based trackers [20,26] have difficulties in discriminating the similar visual pat-
terns, especially for the object sharing similar shape and/or visual appearances
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 550–560, 2016.
DOI: 10.1007/978-3-319-48896-7 54
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with the background. For example, the differences between the object and back-
ground are very minute and subtle, as shown in the left column of Fig. 1. Many
DDL based trackers often fail to distinguish the differences successfully, and
thus the most likely object location is incorrectly determined. The reason can
be explained as follows. Since the object and the background are visually sim-
ilar, the learnt dictionary is likely to be governed by the common patterns.
Since candidates from different classes may be encoded by the same atoms, the
representations could share many similar code and the proportion of discrim-
inative codes may be very small. Such a property results in the loss of subtle
image information that is critical to differentiate the object from the similar
background. Therefore, for a robust tracker, what is desired is a new dictionary
learning method which can encode subtle visual differences between the object
and the background, especially for the cluttered environments or similar object
interference scenarios.

Fig. 1. Left: Most DDL based trackers are likely to encode subtly discriminative objects
into the same atoms, resulting in the object drift. Right: Our method can jointly learn
the compact shared dictionary and the non-redundant class-specific dictionaries. Red
solid rectangles denote the true object and blue dashed rectangles are candidates.
(Color figure online)

The above observations inspire us to design a new tracker via jointly learn-
ing the multi-class discriminative dictionary. Our DDL method exploits concur-
rently the intra-class visual information and inter-class visual correlations. To
enhance the discrimination of the dictionaries, the classification error and the
different constraints are incorporated into the objective function. The proposed
DDL method can learn the compact shared dictionary and the non-redundant
class-specific dictionaries. The class-specific dictionaries are able to capture the
most discriminative feature between the object and the background. The shared
dictionary can reconstruct the common patterns among all samples. In this way,
the learnt dictionary is more compact and more discriminative, thus can achieve
better discriminate the object from the background, as shown in the right col-
umn of Fig. 1. Tracking is carried out within a Bayesian inference framework
where the joint decision measure is used to construct the observation model.
The quality of each candidate is measured by the global coding classifier and
the learnt linear classifier instead of relying on only one of them. A candidate
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with the highest measure score is considered as the tracking result. To alleviate
the drift problem, both the ground truth information of the first frame and the
reliable tracking results obtained online are accumulated to update the dictio-
naries. The proposed tracker is able to adapt to drastic appearance variations,
as validated in our experiments.

2 Related Work

Sparse representation has been shown to give promising results against the object
appearance variations for visual tracking. The pioneer work introduced by Mei
and Ling [15] models the object appearance as a sparse linear combination of
both object templates and trivial templates via �1 minimization. However, the
computational cost of [15] grows linearly with the number of candidates, result-
ing in quite time consuming. To obtain more efficient solutions, many acceler-
ated algorithms have been employed under the framework of �1 tracker [3,16].
Although these methods [3,16] are effective in modeling the object, the observa-
tion likelihood measured by the reconstruction error under the generative frame-
work is neither efficient nor robust [24]. Therefore, several sparse trackers [9,31]
not only propose new sparse models but also introduce construction schemes of
the observation likelihood. In comparisons, we propose a joint decision measure
to determine the most likely object location. The quality of each candidate is
measured by both the global coding classifier and the learnt linear classifier.
More details are discussed in Sect. 4.

The aforementioned methods achieve noticeable tracking results. However,
since most formulations do not take the background into account, they are less
effective for tracking in cluttered environments due to the lack of discrimination.
Although [13,23] consider background information during dictionary construc-
tion, the fixed dictionary makes them lacks the ability to adapt to appearance
changes. [20,21] introduced online tracking algorithms based on dictionary learn-
ing. Nevertheless, the dictionary and classifier are learned separately rather than
jointly. Different from the method in [21,22], in our tracker, the classification
error is incorporated the objective function, thus allowing a linear classifier and
the good dictionary being considered simultaneously.

Our tracker also differs from the closely related works [20,26] in terms of both
formulation and motivation. Yang et al. [26] presented an online discriminative
dictionary learning algorithm for visual tracking, which learns a sparse dictio-
nary and a linear classifier simultaneously. Compared with [26], our dictionary
learning method can jointly learn the shared dictionary and the class-specific dic-
tionaries by imposing the inter-incoherence constraint and the intra-incoherence
constraint on the objective function. Such dictionary can characterize the dis-
criminative information between the object and the background, especially when
the object appearance bears some similarity with the background objects.
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3 Joint Multi-class Discriminative Dictionary Learning

In this paper, we use x and X to denote a vector and a matrix, respectively.
Given C classes of individual samples, let X = [X1, · · · ,Xc, · · · ,XC ] ∈ R

d×N be
a training set with N samples. Here Xc ∈ R

d×Nc contains samples of each class
and Nc is the number of samples from the c-th class. The class-specific dictionary
is denoted by Bc ∈ R

d×Kc with c = 1, 2, · · · , C, and the shared dictionary is
denoted by B0 ∈ R

d×K0 , respectively. K0 and Kc are the number of atoms
from the shared dictionary and c-th class-specific dictionary, respectively. Bc is
responsible for describing the class-specific visual properties of each class. B0 is
used to describe the commonly shared visual patterns for all classes. Thus the
complete learned dictionary is B = [B0,B1, · · · ,Bc, · · · ,BC ] ∈ R

d×K , where
K is the number of the atoms with K =

∑C
c=0 Kc. Denote by A the sparse

coefficient matrix of X over B, i.e., X ≈ BA. Here, A can be expressed as
A = [A1, · · · ,Ac, · · · ,AC ] ∈ R

K×N , where Ac ∈ R
K×Nc is the coefficients

matrix of Xi over B.
In this paper, our consideration is that the learned dictionary B should well

represent Xc, i.e., Xc ≈ BAc. For each class samples, the representation Ac can
be rewritten as Ac =

[
A0

c ;A
1
c ; · · · ;Ac

c; · · · ;AC
c

] ∈ R
K×Nc , where A0

c ∈ R
K0×Nc

is the coding coefficients of Xc over the shared dictionary B0, and Ac
c ∈ R

Kc×Nc

is the coding coefficient of Xc over the sub-dictionary Bc. So there exists Xc ≈
BAc =

∑C
i=0 BiAi

c. In addition, ideally each class sample Xc should be well
represented by B0 and Bc. That is, only the coefficients associated with B0 and
Bc can be non-zero, such that Xc ≈ B0A0

c +BcAc
c. Therefore, the discriminative

dictionary learning model can be described as

〈B∗,A∗,W∗〉 = arg min
B,A,W

{
C∑

c=1

(∥∥Xc − BAc

∥∥2
F

+
∥∥Xc − [B0,Bc][A

0
c ;A

c
c]
∥∥2

F

)

+
∥∥H − WA

∥∥2
F

+ β1

∥∥W
∥∥2

F
+ η||A||�1

}

s.t.

⎧
⎪⎨

⎪⎩

∑C
j=1,j �=c

∥∥BjA
j
c

∥∥2
F

= 0∑C
j=0,j �=c

∥∥B�
c Bj

∥∥2
F

= 0∥∥B�
c Bc

∥∥2
F

= IKc

(1)

where ‖·‖F is the Frobenius norm; IKc
is a Kc×Kc identity matrix. The first term

is able to guarantee the good representation power of the overall dictionary, and
the second term ensures that samples of each class can be favorably reconstructed
by B0 and Bc. Obviously, only using the first term is impractical to learn the
discriminative class-specific dictionaries. While only adopting the second term
is impossible to obtain an optimal shared dictionary B0, as there exist some
commonly shared visual atoms between B0 and Bc.

∥∥H − WA
∥∥2

F
represents

the classification error. W ∈ R
C×K denotes the classifier parameters. H =

{h1,h2, · · · ,hN} ∈ R
C×N is the class labels of X, where class label vector

hi = [0, 0, · · · , 1, · · · , 0, 0]� ∈ R
C . For each sample xi ∈ R

d, if xi belongs to the
c-th class (1 ≤ c ≤ C), the c-th entry in hi is 1 and all the other entries are 0’s.
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∥∥H −WA
∥∥2

F
+ β1

∥∥W∥∥2

F
not only couples the process of learning classifier, but

also generates discriminative sparse coefficients. The discriminative property of
A is very important for the performance of the linear classifier [10].

The constraint
∑C

j �=c,j=1

∥∥BjAj
c

∥∥2

F
= 0 requires that each class-specific

dictionary has poor representation ability for other classes, i.e., Aj
c should

have nearly zero coefficients such that
∥∥BjAj

c

∥∥2

F
is as small as possible for

j = 1, 2, · · · , C and j �= c. For samples of the c-th class,
∑C

j �=c,j=1

∥∥BjAj
c

∥∥2

F
= 0

amounts to forcing the coefficients to be zero except the ones corresponding to
both the c-th class-specific dictionary and the shared dictionary. Clearly, the sub-
dictionaries among the class-specific dictionaries and the shared dictionary are
orthogonal, and in this case we regard the learnt dictionary B as most incoherent.
However, it does not mean that the learnt individual dictionaries only contain the
visual properties of its corresponding class. The commonly shared visual atoms
may appear in the different individual dictionaries, which makes the individual
dictionaries redundant and thereby resulting in poor performance [1,4]. Based
on the theoretical analysis in [5], the mutual coherence among all class-specific
dictionaries and the shared dictionary should be as small as possible. Thus we
impose the inter-orthogonality constraint

∥∥B�
c Bj

∥∥2

F
for j �= c on the objective

function. In addition, the intra-orthogonality constraint
∥∥B�

c Bc

∥∥2

F
= IKc

makes
the learnt class-specific dictionary more stable. Without this constraint, many
atoms in the class-specific dictionary will be zeros.

For simplicity, we replace
∑C

j �=c,j=1

∥∥BjAj
c

∥∥2

F
= 0 with

∑C
c=1 A

/0,c
c = 0

which indicates the submatrix by removing A0
c and Ac

c from Ac, i.e., A/0,c
c =[

A1
c ; · · · ;Ac−1

c ;Ac+1
c · · · ;AC

c

] ∈ R
(K−K0−Kc)×Nc . Similarly, B/c is the subma-

trix by removing Bc from B, i.e., B/c = [B0,B1, · · · ,Bc−1,Bc+1, · · · ,BC ]
∈ R

d×(K−Kc). Therefore,
∑C

j=0,j �=c

∥∥B�
c Bj

∥∥2

F
= 0 is converted to

∑C
c=1∥∥B�

c B/c

∥∥2

F
= 0. The objective function in Eq. (1) is not jointly convex in all

variables Ac,B0,Bc,W, however, it is convex with respect to each variable when
others are fixed. Therefore, the optimization procedure of the our model can be
divided into four sub-procedures by solving Ac,B0,Bc, and W alternatively.
The alternative procedure is iteratively implemented to find the local optimum
of each variable.

4 Our Tracker

In this section, with the joint discriminative dictionary learning method intro-
duced in Sect. 3, we propose a robust tracker based on Bayesian inference where
the joint decision measure is used to construct the observation model. In our
tracker, a candidate with the highest measure score is considered as the tracking
result. The detailed description of the proposed tracking method is summarized
in Algorithm 1.
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4.1 Bayesian State Inference

Object tracking can be considered as a Bayesian inference task in a Markov
model with hidden state variables. Given the observation set of the object
O1:t = {o1,o2, · · · ,ot}, the optimal state st of the tracked object is obtained
by the maximum a posteriori estimation p

(
si

t

∣∣O1:t

)
, where si

t indicates the state
of the i-th sample. The posterior probability p

(
st

∣∣O1:t

)
is formulated by Bayes

theorem as p
(
st

∣∣O1:t

) ∝ p(ot|st)
∫

p
(
st|st−1

)
p
(
st−1

∣∣O1:t−1

)
dst−1. This infer-

ence is governed by the dynamic model p
(
st|st−1

)
and the observation model

p(ot|st).
With particle filtering, the posterior p

(
st

∣∣O1:t

)
is approximated by a finite set

of Ns samples or particles
{
si

t

}Ns

i=1
with importance weights

{
ωi

t

}Ns

i=1
. We apply

an affine image warp to model the object motion between two consecutive frames
[17]. The dynamic model p

(
st|st−1

)
is modeled by Gaussian distribution, i.e.,

p
(
st|st−1

)
= N (st; st−1,

∑
), where

∑
is a diagonal covariance matrix whose

diagonal elements are the corresponding variances of respective parameters. The
observation model p(ot|st) is defined as

p(ot|st) ∝ SCt, (2)

where SCt = κ
(
x(t)

)
is the classification decision score at time t which will be

explained in the next section.

Algorithm 1. The proposed tracking algorithm

Input: Image frames F1, F2, · · · , Fn; Object state s1.
Output: Tracking results ŝt at time t.

1 for t = 1 → n do
2 if t == 1 then
3 Obtain labeled samples set X1 = XNp

⋃
XNn ;

4 Initialize the sample pool XP = X1;

5 Initialize the sample buffer pool X′ = [];

6 Initialize B(0) and W(0) with XP .

7 end

8 Sample the object candidates X̂ according to the motion model p
(
st|st−1

)
;

9 Compute the classification score of each candidate using Eq. (3) and get the best
candidate based on Eq. (2);

10 Collect training samples set X̃ in the current frame and let X′ = [X′; X̃];
11 if t%T == 0 then
12 Update XP with X′;
13 if length(XP ) > Θ(XP ) then
14 randomly remove some samples from XP .
15 end
16 Update dictionaries B;

17 X′ = [].

18 end

19 X̂ = [].

20 end
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4.2 Classification Decision

Given a candidate x ∈ R
d×1, we encode it over the learnt dictionary B =

[B0,B1, · · · ,Bc, · · · ,BC ], and obtain the spare code ν = arg minν ‖x−Bν‖2
2 +

η‖ν‖1, where ν ∈ R
K×1. A candidate can be better represented by its corre-

sponding dictionary Bc and the shared dictionary B0, then its reconstruction
error is εf = ‖x − B0ν0 − Bcνc‖2

2, where ν0 =
[
ν1
0 , ν2

0 , · · · , νK0
0

]� ∈ R
K0×1

and νc =
[
ν1

c , ν2
c , · · · , νKc

c

]� ∈ R
Kc×1 are the sparse coefficients over B0

and Bc, respectively. Meanwhile, a candidate should be poor represented by
other class-specific dictionaries and the corresponding reconstruction error is
εb = ‖x − ∑

j=1,j≤c Bjνj‖2
2. For instance, in the case of the single object track-

ing, a candidate with a smaller foreground error and larger background error
is more likely to be the target object, and vice versa. Thus, the golbal coding
classifier is formulated as fg = exp

( − (εf − εb)/σ
)
, where σ is a constant. To

enhance the classification accuracy, the linear predictive classifier fc = Wcν is
jointly used to evaluate how a candidate is resembling the target object. Thus,
the joint decision measure is defiend as

κ(x) = Wcν + exp
( − (εf − εb)/σ

)
. (3)

For each class candidates, the index corresponding to the largest element of κ(x)
is considered as the tracking result. Using the measure Eq. (3), we have a more
reliable decision score for the candidate x.

4.3 Updating the Dictionary

In the first frame, we draw positive and negative samples around the object
location to initialize the dictionaries. Suppose the object is labeled manually,
perturbation (e.g., shifting 1 or 2 pixels) around the object is performed for
collecting Np positive samples XNp

. Similarly, Nn negative samples XNn
are

collected far away from the located object (e.g., within an annular region a few
pixels away from the object). X1 = XNp

⋃
XNn

is the initialized labeled sample
set. Using labeled samples, we can obtain the initialized dictionaries via the
proposed DDL method.

For each new frame, candidates predicted by the particle filter are denoted
by X̂. According to Eq. (3), we can get the classification score of each candidate.
A candidate with higher classification score indicates that it is more likely to be
generated from the target class. The most likely candidate is considered as the
tracking result for this frame. Then, perturbation (i.e., the same scheme in the
first frame) around the tracking result is performed for collecting sample set X̃.

To make our tracker more adaptive to appearance changes, we construct a
sample pool XP and a sample buffer pool X′ to update the samples and dictio-
naries. We only keep T collected sample set X̃ to constitute the sample buffer
pool. Every T frames, X′ is utilized to update XP . After updating the sample
pool, we will empty X′ and then reconfigure it. In our experiment, we set the
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sample pool capacity Θ(XP )1. If the total number of samples in the sample pool
is larger than Θ(XP ), some samples in XP will be randomly replaced with sam-
ples in X′. To reduce the risk of visual drift, we always retain the samples X1

obtained from the first frame in the sample pool. That is, XP = [X1;X′], which
is able to better characterize the samples distribution. Then the updated sample
pool Θ(XP ) is utilized to update the dictionries with our DDL method described
in Sect. 3. Similarly, we also retain the dictionary obtained in the first frame for
constructing the joint dictionaries to compute the classification decision. Thus
the stability and adaptivity in tracking objects of changing appearance are pre-
served.

5 Experiments

We evaluate the proposed tracker against 14 state-of-the-art tracking algorithms
including ONNDL [20], RET [2], CT [29], MLSAM [24], ODDL [26], CN [6],
VTD [12], SCM [31], Struck [7], TLD [11], ASLA [9], LSST [18], LSK [13], and
LSPT [28] on the benchmark dataset [24]. Note that we fix the parameters of our
tracker for all sequences to demonstrate its robustness and stability. The number
of particles is 600 and the state transition matrix is [8, 8, 0.015, 0, 0.005, 0] in
the particle filter. We resize the object image to 16 × 16 pixels. 64 dimensional
gray scale feature using subsampling with a step size of 4 and 288 dimensional
HOG feature are extracted from each candidate, and they are concatenated into
a single feature vector of 352 dimensions. In the first frame, Np = 50 positive
samples and Nn = 200 negative samples are used to initialize the dictionaries.
Once the tracked object is located, 10 positive samples and 80 negative samples
are used for dictionaries updating. The sample pool capacity Θ(XP ) is set to
1200, in which the number of positive, negative are 200 and 1000, respectively.
The size of each class-specific dictionary and the shared dictionary are 15 and
5, respectively.

Followed by [24], one pass evaluation (OPE) is adopted to measure the overall
tracking performance for 14 trackers on 51 sequence. The OPE curve of both the
precision plot and success rate are shown in Fig. 2. Only the top 10 trackers are
displayed for clarity. For precision plots, we use the results at error threshold of 20
pixels for ranking these 10 trackers. The AUC score for each tracker is shown in
the legend. Our tracker is 4.1% above the SCM in success rate, and outperforms
the Struck by 10.6% in precision plot. Overall, our tracker outperforms other 14
trackers both in precision plot and success rate.

Apart from summarizing the performance on the whole sequences, we also
construct 11 subsets corresponding to different attributes to test the tracking
performance under specific challenging conditions. Because the AUC score of
success plot is more accurate than the score at one threshold (e.g., 20 pixels)
of the precision plot, Fig. 3 only shows the attribute-based performance analysis
in success rate. Only the top 10 trackers are displayed for clarity. Our approach

1 The cardinality Θ(XP ) denotes the number of samples in the sample pool.
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Fig. 2. Overall performance comparisons of precision plot and success rate. The per-
formance score for each tracker is shown in the legend (best viewed on high-resolution
display).

performs favorably on 8 out of 11 attributes: background clutter (BC), illumi-
nation variation (IV), motion blur (MB), deformation (DEF), out-of-view (OV),
in-plane rotation (IPR), out-of-plane rotation (OPR) and occlusions (OCC). In
this section, we only illustrate and analyze four attributes which occur more
frequently in the benchmark. On the BC subset, our method get better results
than others. The results suggest that the learnt dictionaries can characterize the
discriminative information between the object and the distracters. On the SV
subset, we see that trackers with affine motion models (e.g., our method, SCM,
MLSAM, and ASLA) are able to cope with scale variation better than others
that only consider translational motion (e.g., Struck and MIL). Similarly, on the
OPR and IPR subsets, besides our tracker, the SCM tracker is also able to obtain
the satisfactory results. The performance of SCM tracker can be attributed to
the efficient spare representations of local image patches.
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Fig. 3. Attribute-based performance analysis in success rate. The performance score
of each tracker is shown in the legend (best viewed on high-resolution display).

It is known that visual trackers can be sensitive to initialization. Followed by
[24], temporal robustness evaluation (TRE) and spatial robustness evaluation
(SRE) are used to evaluate the initialization robustness. TRE randomly initial-
izes the starting frame and runs a tracker through the rest of the sequences, and
SRE randomizes the initial bounding boxes by shifting and scaling the ground
truth. 12 different initializations and 20 different segments are evaluated for
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Fig. 4. Success plots and precision plots for TRE and SRE. The performance score of
each tracker is shown in the legend (best viewed on high-resolution display).

SRE and STE, respectively. Figure 4 shows the top 10 trackers in the precision
plot and success plot for TRE and SRE experiments. In both evaluations, our
tracker obtains the best overall performance. For example, in the precision plots,
the ranking score of our tracker outperforms the second best score by over 1.0%
and 0.9% in TRE and SRE, respectively.

6 Conclusion

In this paper, we have presented a joint discriminative dictionary learning
method for visual tracking. Our DDL method can learn the shared dictionary
and the class-specific dictionaries, and effectively separate the commonly shared
visual patterns from the class-specific ones. The learnt dictionary is more com-
pact and more discriminative, which makes our tracker have better discriminat-
ing power to be more adaptive to handle appearance changes. During tracking,
the quality of each candidate is measured by the global coding classifier and the
learnt linear classifier instead of relying on only one of them. Comparison with 14
state-of-the-art tracking methods on the benchmark dataset have demonstrated
that our tracker resists distracters excellently and generally outperforms existing
methods.
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Abstract. With the high-growing of e-commerce, more and more users have
changed to buy from websites rather than in stores. To deal with mass products,
the traditional text-based product search has become incompetent to meet use’s
requirement. In this paper, we explore deep learning with convolutional neural
networks (CNN) to resolve query’s classification, and propose an efficient
approach for product image search. For a query image, we first train a CNN model
of a large database containing various product images to discriminate the query’s
category. Then we search similar products from the established category and
utilize these visual results to parse the query with attribute. Finally we use the
extracted attribute tags to finish the textual re-ranking and obtain the most relevant
retrieved product list. Experimental evaluation shows that our approach signifi‐
cantly outperforms state of art in product image search.

Keywords: Product image search · Visual results · Attribute tags · Textual
re-ranking

1 Introduction

With the rapid development of the internet technology, e-commerce websites are
becoming increasingly popular as the convenient shopping experience they provide for
users. Many shopping search engines are designed to have numerous personalized serv‐
ices to meet user’s various demands, like Google, Amazon, and Taobao. For a query,
the item retrieval list can be located by category, price, brand and etc.

Nowadays, the shopping search engines are mainly based on textual query. Users
can search the item they desired to by inputting several key words, such as “black, tight,
dress”. However, it is difficult to clearly describe an item by only several brief and rough
keywords to query about. Meanwhile, facing a great deal of diverse items, users usually
spend a lot of time to select one by one in the tediously item retrieval list. Furthermore,
consider such a scene: when reading a magazine or viewing an album, users may find
some items they are interested in and take photos intending to have a similar one. In
traditional textual search [16], there is no problem if the interested item is a book, elec‐
tron, or other item with a concrete name. But it turns out to be troublesome when the
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items are clothing, bag, or shoes. It is difficult for us to give a clear description from the
photo with concrete style details to find out their real needs. Once reaching the wrong
text label, the retrieval list may become terrible and useless.

Obviously the traditional textual search is not adequate to deal with the above situa‐
tion while pictures often provide more important cues for product search. Content-based
image retrieval (CBIR) techniques [11–13] have become classical as they provide an
effective way to mine semantic information from images. But CBIR was mainly applied
to search rigid images (such as building and landscapes). These algorithms are unable
to deal with most of product images as they are non-rigid. Especially for clothing, it is
apt to folding and geometric deformations. In addition, the style detail of a product often
plays an important role in searching, while the traditional algorithms may omit it. SIFT
(scare-invariant feature transform) is one of the most robust registration method of
correspondence matching [11–15]. And it performs well in our experiment on most
categories.

As the query’s category is unknown, the search will surely take a long time and make
an inaccurate result within multiple categories products. So, we employ CNN to infer
query’s category. As we all know, recently deep learning has been proposed to solve
data learning and analysis problem well for the Big Data.

In this work, we first collect a large dataset of a variety of categories products from
the famous e-commerce websites, such as Amazon. Our dataset combines product
images and detailed description texts. And we utilize the description information to
automatically label each product images with their style attributes. Beyond colors and
patterns, users mainly care the styles of the products.

For a query image, we first use the CNN model trained offline to determine the
query’s category, and consider the visual similarity to retrieve the similar product images
in the determined category. Then we use the top examples of initial product list to orderly
predict style attributes of the query. Finally we compute the similarity between the
predicted tags and each product tags in visual retrieved results to re-rank the initial
product list, providing the most similar products to query for users. The main contribu‐
tions of our work are as follows:

(1) We propose an effective product search with attribute re-ranking approach. This
approach uses the visual search results and the textual descriptions for results re-
ranking.

(2) We propose an effective approach to estimate the category of the input product
image by deep neural networks. This approach makes full use of the excellent
discrimination characters of deep learning tools, such as convolution networks, to
predict the category of the query.

(3) We propose category constrained search by utilizing visual words of SIFT feature
to represent the local feature of the query image, to get the visual similar images.
The category refined images is far less than the original product dataset, which can
not only guarantee the search performances but also speed up the searching process.
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2 Related Works

Product Search Based on Attributes: Nowadays, many e-commerce searching
engines mainly depend on textual retrieval and design a fine-grained and all-sided
description system for products. The product searching platforms, such as Amazon,
Taobao, and 360buy, have defined various attributes (style, color, pattern, etc.) for users
to search. With the rapid increase of the product database scale, more refined descriptions
for product were created, especially in garment domain. Some work [4, 5] has primarily
focused on analyzing the relationships between general clothing attributes, with respect
to human activeness and occasion. Bossard et al. [6] presented a classification pipeline
for classifying upper-body clothing by visual attributes and related them to occasion,
season and lifestyle. In [7], a style-related vocabulary presenting clothing compositions
was built for a new garment dataset to improve the search performance. Note that the
current work is almost only for clothing, we expand the attributes to wider domains, not
only for clothing, but also for shoes, bag, accessory and other product categories.

Product Image Search: Although there are some achievements on general image
retrieval, researches on product image search are still limited. Recently some search
engines for product image search have been developed. Google Googles and Amazon
Flow are well-known commercial mobile product image search engines, but working
robustly only for a few near-planar, textual object categories. And the search results are
always inaccurate to meet users’ real needs. Recently, researchers have devoted some
efforts to product image retrieval. Tseng et al. [8] proposed an efficient garment visual
search based on shape categories and styles, which did well in solving garment matching
on non-rigid geometric deformations. In [9], Mizuochi et al. focused on local similarity
of clothing retrieval with multiple images, which allowed user to circle one part of
clothing they require while inputting the query image and provide a comprehensive
result. Consider that query image always contains body part, Yamaguchi et al. [10]
utilized pose estimation to analyze the clothing components in a fashion photograph,
and use the analysis results to search similar clothing. As we can see, research on product
image search has always been a challenge to cover a wide range of product categories
while providing accurate results. In this paper, we consider a simple but efficient
approach to make some efforts in this domain.

Deep Learning: Deep learning is a hierarchical model designed to emulate the learning
process of the sensorial areas of the neocortex in the human brain. The algorithm can
learn low-level features to obtain complex data representations through a hierarchical
learning. Moreover, some companies like Google, Microsoft, and IBM have used Deep
learning for the project of analyzing the big data of users. To handle the high-dimensional
data with Deep learning, CNN are proposed. CNN have achieved impressive accuracy
improvements in many areas of computer vision, especially in image parsing. In [1],
Huang et al. proposed a Dual Attribute-aware Ranking Network (DARN) for cross-
domain clothing image retrieval, which used CNN to recognize the semantic attributes
of input clothing. Chen et al. [2] used CNN to resolve clothing style classification and
retrieval task. Lin et al. [3] designed a clothing image retrieval framework by combining
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deep learning with Hash codes. In our work, we use the collected multiple categories
product images, not only one clothing category, to train a CNN model for query’s cate‐
gory recognition, so that we can finish the subsequent work better.

3 Approach Overview

For a query image, our approach consists of three steps: (1) Recognize query’s category
through the pre-trained CNN model. (2) Retrieve similar products by visual-based
retrieval from the established category. (3) Use the visual results to parse the query’s
attributes and measure the similarity to re-rank the initial results.

Figure 1 depicts the overall retrieval pipeline. We firstly input the query to the pre-
trained CNN model to determine which category the query belongs to. Then we apply
the image retrieval approach based on hierarchical vocabulary tree [11] to obtain the
initial visual retrieved results from the established category. Note that the visual
retrieved results might contain a lot of noise, then we use some textual methods to
improve the initial results. The process can be divided into the following steps: (1)
K-NN tag prediction to parse query’s attributes, (2) Attribute similarity to re-rank the
visual results. The detail was discussed in Sects. 3 and 4. For a query image, we recognize
its category and compare its visual feature and textual feature to other products in the
established category. Therefore, we retrieve an image list ranked by style similarity to
the query image.

Fig. 1. The retrieval pipeline of our product searching approach

3.1 CNN Based Recognition

We use the CNN method to solve the problem of query’s category recognition. We use
the collected product images to train and fine-tune the pre-trained network with latent
layers. In the training process, we first select multiple categories product images as
training set containing 123700 images, and they are fed into the pre-trained network
with the initial training parameters we give. Then we use another test set as input to
measure and supervise the accuracy of the classified results. Meanwhile, we fine-tune
the training parameters and compare the test results and finally choose the best. After
obtaining the best fine-tune network, the query is fed into the network and the outputs
of the last layer become the classification results.
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Note that the feature vectors generated from the latent layers contains the classifi‐
cation information. Each element value in the vector is the probability of which category
the query is determined to. Experiment demonstrates that our trained network works
well in classification. The detail of experiment result was discussed in Sect. 4.

3.2 Visual Retrieval

We utilize the image retrieval approach based on BoW [11] to preliminarily obtain a
ranking result based on visual similarity, which can be helpful for parsing query item
subsequently.

(1) Visual feature descriptor
We consider SIFT feature as visual feature descriptor for style retrieval which is useful
for finding styles with similar appearance. SIFT was developed for image feature
generation in object recognition applications. The invariant features extracted from
images can be used to perform reliable matching between different views of an object
or scene. So that we extract the 128-D SIFT feature to describe each image in our
database, and carry our hierarchical quantization to obtain the visual word represen‐
tation [12–16]. In this paper, we experimentally choose depth = 7 and breadth = 10
for hierarchical clustering, and experiment result show that the final number of visual
word is 590518.

(2) BoW based retrieval
After the hierarchical clustering and quantization, we utilize the BoW (bag-of-word)
model [11] to present an image. The BoW model is built as a visual word histogram
by statistics of the number of features of different visual words in an image. By this
time, in the established category, we present an image i as a N dimensional BoW
histogram named h(k), k = 1, 2,… N. To consider a query image q, we present it as
the corresponding dimensional BoW histogram named q(k) in the same way. We use
the Euclidean distance to measure the similarity between a pair of tags.

D(i, q) =

N∑

k=1

(h(k) − q(k))2 (1)

where D(i, q) is the similarity score between two images. We rank the results by the
score in descending order. Now we obtain a ranked item list with similar appearance.

3.3 Textual Re-ranking

Following the visual retrieval, we start to re-rank the visual results using the textual
approach we proposed.

(1) Attribute prediction
Since the visual retrieval returns a result with visual similarity, we then aim to find the
most similar items in details in the visual result. It is widely accepted that style may
be the most representative attribute for an item. To analyze our dataset, we extract the
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useful description information as style tags for each item. Then we use K-NN to predict
the query’s attributes. For a Top K prediction, we record the times each tag appeared
in the K re-ranked samples and compute its frequency. In a K samples statistic, the
frequency is defined as follow:

f = T∕K (2)

where T is the appearance times of the corresponding tag in K samples. In this paper,
we experimentally selected K = 6. We also define Nf as the number of the tags whose
frequency is f. Then we experimentally make a rule to select the most relevant tags for
query:

a. If f > 0.5 and Nf > 5, the 5 nearest item tags are selected; otherwise Nf ≤ 5, all the
tags that satisfies f > 0.5 are selected.
b. If all f = 0.5, the nearest sample’s tags are selected.

(2) Attribute similarity to re-rank
After finishing parsing the query image in details, we represent a query with several
attribute tags. We compute the similarity between tags using Normalized Google
Distance (NGD). The Normalized Google Distance is a semantic similarity measure
derived from the number of hits returned by the Google search engine for a given set of
keywords. Keywords with the same or similar meanings in a natural language sense
tend to be “close” in units of NGD, while words with dissimilar meanings tend to be
farther apart. Experiments demonstrate it works well in our paper. For a pair of tags,
the similarity score can be compute as follow:

ui,j = exp

{

−
max

[
log n(ti), log n(tj)

]
− log n(ti, tj)

N − min
[
log n(ti), log n(tj)

]

}

(3)

where n(ti) is the number of images which contain ti, n(tj) is the number of images
which contain tj, n(ti, tj) is the number of images which contain both ti and tj.

We compute the score of each sample tag with all the query tags using NGD, and
select the highest score as final score of the sample tag. Then we can compute average
NGD score of an sample item:

ScoreNGD(n, q) =

Ntags∑

k=1

ui,j∕Ntags (4)

where Ntags is the number of tags of the sample item.
Consider that the visual similarity plays an important role in the retrieval, we add

the exponentiate visual score D(n, q) to the final relevance score. We also define a weight
λ of the textual score, so that the weight of visual score is 1 − λ. The whole score between
a query image q and a sample image n is defined as follow:

Score(n) = 𝜆ScoreNGD(n, q) + (1 − 𝜆) exp(−D(n, q)) (5)
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In this paper, the value of λ is experimentally discussed to be 0.5. We re-rank the
results above according to the score(n) in descending order so as to get the final retrieved
item list.

4 Experiment

4.1 Dataset Construction

We collect the product dataset from the famous online shopping website,
Amazon.com. In order to enrich the diversity of products, we totally harvested 123700
products with 20 categories. The dataset mainly contains three fields: product images
with different visual angles, detailed description information, and the whole users’
reviews from the corresponding product.

We note that the product description statements always contain the key words to well
present style of the product. So that we consider an automatically tag labeled method to
create style tags for each product. For a category (such as skirt), we firstly compute the
word frequency from the description statements of all products and sort the words
according to the frequency. Then we manually select the most critical descriptive words
with high frequency as a benchmark (e.g. pencil, mini, knee-length, etc.) for the category.
For a product, we extract the words appearing in the benchmark from the description
statements as style tags (e.g. pencil, knee-length). Particularly, different benchmarks
were assigned to different labeling tasks so as to reflect the unique characteristics of
different category. Table 1 shows some benchmarks of different categories. As thus, we
complete the whole dataset labeling (see examples of the labeling interface in Table 2).

Table 1. Benchmark examples of different categories

Category Attribute benchmarks
Skirt pencil, maxi, mini&short, A-line, printed, denim, midi, striped,…
Coat pocket, hood, zip, double-breasted, leather, denim, vest, peacoat,..
Shoes slippers, sports, boots, canvas, slingback, ballet, martens, leather…

Table 2. Attribute label examples of different categories
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4.2 CNN Recognition Precision

CNN recognition plays a very important role in our approach as it firstly constraint the
category of query to search so as to guarantee our search performance and also speed
up the searching process. Figure 2 shows the test results. We can see that the total
classification accuracy of the top 1 category achieves 91.3%, and the top 2 categories
achieve 96.4%, and the top 3 categories achieve 97.7%. In addition, most categories
achieved more than 95%. As for the wrong results, their probabilities of top1 category
are less than 0.9, but the right category appears at top2 or top3. So we make a rule for
the subsequent search. For a query’s classification result:

a. If the top1 category accuracy > 0.9, the subsequent search will be done only in the
category.
b. If the top1 category accuracy < 0.9, the subsequent search will be done in the top
three categories.

Fig. 2. Category classification accuracy of different categories

4.3 Product Image Search Precision

In order to evaluate search performance, we selected some product images as queries
and manually labeled the ground-truth of them in advance. We measure the performance
of our approach by computing the Precision (PR) of Top N retrieved product datum and
the total Average Precision (AP) [13–16]. The PR calculation is extended to multiple
categories products. We select 600 products from 20 different typical categories as
queries to experiment. The whole process of search is based on the whole dataset which
contains 123700 products with 20 categories.

To analyze the search performance of our approach, the two methods that SIFT
feature and the low-level feature: color and texture (CT), based visual search without
textual re-ranking (TR) are selected as traditional baselines. In addition, we compare
the low-level feature combined with textual re-ranking (CT+TR) method, and the
subsequent textual re-ranking is same to our approach. Figure 3 shows the AP of the
above methods. We can observe that our approach is demonstrated obviously superior
than others. CT achieves the lowest AP, which may be due to less discriminative to deal
with clothing with transformation. The top1–top20 retrieval accuracy of CT+TR
improves about 5% AP when compared with CT, demonstrating the contribution of
textual re-ranking method we proposed. By comparing SIFT and our approach SIFT
+TR, our approach achieves it is clearly that the results turned to be improved a lot after
we add to the TR method.
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Fig. 3. Average precision on different methods Fig. 4. Precision on different categories

Figure 4 shows the PR of different categories on our approach. We can observe that
the PR relatively achieves high score on most categories, and even over 80% on some
categories, such as skirt, furniture and shoes. As for other categories, the minimum is
higher than 50%, and the Top1 and Top5 perform better than others. The different
performance between different categories may be due to the irregularity recognition on
categories. For example, the skirt is easier to recognize than lady bag, as bags usually
contain more details.

4.4 Examples of Search Results

Figure 5 provides six examples search results. Overall, our approach performs well in
the most experimental category. No matter product image is only about the entity or
contains human model, there are few influences on the search results. Different from
retrieving the same products to query, our approach provide more choices not only based
on the same colors. As we can see, our approach is also sensitive to the figure and pattern
of products showing the efficient consideration of product details.

Fig. 5. Top 5 retrieved examples.

5 Conclusion

We have proposed an efficient product image search with deep attribute mining and re-
ranking. Different from previous approaches, we concentrate on multiple various cate‐
gories to search. Meanwhile, we constrain category search by CNN classification to
guarantee the search performance and speed up the searching process. We innovatively

Product Image Search with Deep Attribute Mining and Re-ranking 569



consider the semantic features to refine the search results by using the attribute tags we
mined textually. Experimental evaluation shows successful results on most categories,
demonstrating a significant boost over previous work.
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Abstract. Although the existing rate control algorithm in HEVC (High Effi‐
ciency Video Coding) has achieved relatively high coding efficiency, it is not
efficient in ensuring a higher quality for the visually important parts than others
in a frame. In this paper, we propose a new rate control algorithm for HEVC based
on ROI (Region of Interest), aiming at improving the visual quality while still
maintaining the accuracy of rate control. Firstly, a novel method is developed for
saliency estimation of the current frame based on spatial and temporal saliency
estimation. Then the saliency map is utilized to determine ROI and guide the bits
allocation process at the frame level and LCU (Largest Coding Unit) level. Finally
the Lagrange multiplier and the quantization parameter will be clipped in a narrow
range for smooth visual quality. Experimental results show that the proposed
algorithm can make the output bit rate meet the target number and effectively
raise the PSNR of ROI. As a result, the overall visual quality of the encoded
sequence is highly improved compared to the original HEVC encoder.

Keywords: HEVC · Rate control · ROI · Saliency map · Visual quality

1 Introduction

The High Efficiency Video Coding (HEVC) standard is the most recent joint video
project of the ITU-T Video Coding Experts Group (VCEG) and the ISO/IEC Moving
Picture Experts Group (MPEG) standardization organizations, working together in a
partnership known as the Joint Collaborative Team on Video Coding (JCT-VC) [1].
HEVC represents a number of advances in video coding technology. Its video coding
layer design is based on conventional block-based motion compensated hybrid video
coding concepts, but with some important differences relative to prior standards, such
as the quad-tree structured coding unit (CU), which allows recursive splitting into four
equally sized blocks [2]. HEVC significantly improves the coding efficiency over the
preceding coding standards.

Rate control is a crucial module in high quality video services which adjusts the
encoder’s output bit-rate to a specific requirement of target bitrate and avoids over- and
under-flow of the buffers in video decoders. In [3], a linear R-λ model based rate control
algorithm is proposed for HEVC. Different from traditional models, it controls output
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bits by adjusting the value of λ, which is the Lagrange multiplier in the RDO (Rate
Distortion Optimization) process. The R-λ model is expressed as

λ = α × Rβ (1)

where α and β are parameters related to the video source. R is the target bits. QP is
determined according to λ value as the following equation

QP = 4.2005 × lnλ + 13.7122 (2)

The rate control algorithm based on R-λ model is the recommended rate control
algorithm in the present HEVC reference software because of its outstanding coding
performance. However, it does not take visual perception of human eyes into consider‐
ation, leading to an inefficient bit allocation. Its LCU level bits allocation is based on
MAD (Mean Absolute Difference). Nevertheless, such measures could not match the
characteristics of the human visual system since an area with high MAD value may not
certainly catch much human attention. To fix this problem, the main idea of our proposed
algorithm is: how to allocate the limited bit resource on one frame in order to provide a
higher quality for the parts that attract the human attention, i.e. the Region-of-Interest
(ROI), so that the subjective quality can be improved.

Rate control algorithms for ROI-based video coding have gained much attention
from researchers. In [4], an ROI-based bit allocation technique is proposed with consid‐
eration of the human faces in conversational video communications. A modified rate
control algorithm for H.264/AVC in [5] can accommodate multiple priority levels given
a ROI, which allows a better control of the quality of ROIs and gradual variation of the
quality in the rest of the frame through a bit redistribution process. In [6], a rate control
scheme based on ROI is proposed for H.264/AVC, aiming at allocating more bit resource
for ROI and still maintaining the accuracy of the output bit rate. A perceptual rate control
algorithm that takes into account visual attention is proposed in our previous work [7],
where bits allocated to each frame in a group of pictures (GOP) are related to the local
motion attention in it, and more bits are allocated to the frames with strong local motion
attention. Similarly, in each frame, more bits are assigned to visually significant macro‐
blocks (MBs), and fewer to visually insignificant MBs.

However, these algorithms are all designed on H.264/AVC platform, which could
not be directly applied to HEVC because of different coding structure and technologies.
A rate control algorithm for lossless ROI coding in HEVC intra-coding is proposed in
[8], which is developed for digital pathology images and allows for random access to
the data. Based on an input ROI mask, the algorithm first encodes the ROI losslessly.
According to the bit rate spent on the ROI, it then encodes the background by using rate
control in order to meet an overall target bit rate.

In this paper, we propose a new ROI-based rate control algorithm for HEVC. First,
a novel method considering both spatial and temporal saliency is introduced to generate
a saliency map for each frame. Second, ROI and non-ROI (abbreviated as NROI after‐
wards) in one frame are separately rate-controlled. Third, some constraints are used to
adjust λ and QP values for smooth visual quality. In addition to make the actually
encoding bit rate meet the target bit rate, the proposed rate control method is better in
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preserving information contained in ROI, leading to a better subjective quality,
compared with the existing rate control algorithms in HEVC.

2 Saliency Map Generation and ROI Determination

2.1 Saliency Map Generation

In our rate control algorithm, saliency map for one frame is generated by the combination
of its spatial saliency and temporal saliency. To generate the spatial component of our
saliency map Sp, we borrow the well-known Graph-Based saliency model [9]. It consists
of two steps: first forming activation maps on certain feature channels, and then normal‐
izing them in a way which highlights conspicuity and admits combination with other
maps. The model is simple and biologically plausible insofar as it is naturally parallel‐
ized. For more detailed information about generating saliency map by this method,
please refer to [9].

Usually, moving objects are of great interest to viewers. Since motion vectors (MVs)
can indicate the motion intensity, it is the main feature we adopted here for the saliency
estimation in temporal domain. Note that in our algorithm, saliency map for each frame
is generated before encoding the video sequence. The MVs are therefore extracted from
the previous coded frame. The block size is set to 16 × 16 and the search range is set to
7. Mean Absolute Difference (MAD) is utilized as the cost function in our algorithm
and Adaptive Rood Pattern Search (ARPS) [10] as the searching algorithm because of
its relatively low computational complexity. The obtained MV statics cannot be directly
used to estimate saliency map because of camera movement, which leads to the compe‐
tition between apparent motion of the background and fore-ground object motion. To
solve this problem, we adopt the iterative least square method [11] to estimate the global
motion. Followed by global motion compensation, i.e. subtraction of global motion from
the motion field, we obtain one global motion-compensated MV (GMC-MV) per block.
By this way, the camera movement is removed. For each block, the magnitude of its
GMC-MV is taken as its temporal saliency St.

In [12], Mcleod et al. suggest the movement filter hypothesis of visual system and
the mixed effect of moving and stationary stimuli. According to their research, we
combine the spatial and temporal saliency to obtain the spatiotemporal saliency SF as
follows:

SF = θ1St + θ2Sp + θ3StSp (3)

where θ1, θ2, θ3 are weighting factors set to 0.5, 0.3, 0.5, respectively in our experiment.
The first two terms in (3) allow the spatial and temporal saliency to promote a pixel
independently. The third term weighs the spatial saliency value by the temporal saliency
value and vice versa. We choose a larger weight for temporal saliency as moving objects
are always more attractive to human eyes.
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2.2 ROI Determination

ROI can be determined based on the obtained spatiotemporal saliency map. The saliency
value of each largest CU (LCU) in a frame is measured as follows:

ws(i) =
∑M

m=1

∑N

n=1
SF(i, m, n) (4)

where ws(i) can be regarded as the weight in terms of saliency assigned to the ith LCU,
SF(i, m, n) is the saliency value at the coordinate (m, n) within the ith LCU. M and N are
the width and height, respectively, of this block. After calculating all the LCU-level
weights in a frame, they are ordered from large to small. The weight value at the
quarter of this order is chosen as the threshold T, which means the ROI area occupies a
quarter of the frame area. LCU with a weight value larger than T will be classified into
ROI and the one with a weight value smaller than T will be classified into NROI. The
whole process of generating saliency map and ROI determination is illustrated in Fig. 1.

Fig. 1. Generation of saliency map and ROI determination

3 Target Bits Assignment Based on Saliency

Bit allocation for ROI and NROI are separately determined in our algorithm, i.e. ROI
and NROI have their own target bits, preventing bits over-occupation by either of them
and ensuring sufficient quality improvement for ROI. Note that the bits allocation
process of a group of pictures (GOP) is the same as [3]. The frame-level target bits is
divided into two portions based on a quality factor K, which is the ratio of the desired
bits between ROI and NROI. A larger K leads to a better image quality in ROI. The
target bits for ROI and NROI are determined according to the following equations:
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T = TROI + TNROI (5)

TROI = K × TNROI (6)

where T, TROI, and TNROI denote the target bits allocated to the current frame, ROI and
NROI, respectively. In the LCU-level rate control, the target bits for each LCU should
be proportional to its saliency value, which is expressed as

R(p) = T̂ROI ×
ws(p)

∑Mleft

i=1 ws(i) (7)

R(q) = T̂NROI ×
ws(q)

∑Nleft

i=1 ws(i) (8)

where T̂ROI and T̂NROI denote the remaining bits for ROI and NROI, respectively. R(p)
and Mleft are the estimated bits for the p-th LCU in ROI and the number of uncoded
LCUs in ROI. R(q) and Nleft are the estimated bit count for the q-th LCUs in NROI and
the number of uncoded LCUs in NROI. After setting target bits, the corresponding λ
and QP can be determined by (1) and (2).

4 λ and QP Adjustment

To keep the quality consistency spatially and temporally, the preliminary λ and QP will
be clipped in a narrow range according to the coding parameters of previously encoded
LCUs. We define R and ∆QP as the adjusting factor that guarantee

λpLCU ⋅ R−1 ≤ λcurrLCU ≤ λpLCU ⋅ R (9)

QPpLCU − ΔQP ≤ QPcurrLCU ≤ QPpLCU + ΔQP (10)

λpsamelevel ⋅ R−1 ≤ λcurrLCU ≤ λpsamelevel ⋅ R (11)

QPpsamelevel − ΔQP ≤ QPcurrLCU ≤ QPpsamelevel + ΔQP (12)

where λcurrLCU, λpLCU, λpsamelevel, QPcurrLCU, QPpLCU, QPpsamelevel are respectively the λ and
QP of the current LCU, the previously encoded LCU and the LCU at the same location
on the previously coding frame (with the same temporal level of the hierarchical B
prediction structure). R and ΔQP are determined by the rule of thumb and we set them
to (2) and (3), respectively.

5 Experimental Results

To evaluate the performance of the proposed algorithm, we implemented the proposed
rate control algorithm on HM16.0. The proposed algorithm is evaluated with ten video
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sequences recommended by JCT-VC. All the sequences are coded in the “Random
Access (RA)” case of main profile. The rate control algorithm already included in
HM16.0, which is described in [3]. The target bit ratio K in our algorithm is set to 3.
The accuracy of bit mismatch is investigated in terms of mismatch error:

M =

|
|
|
Rtarget − Ractual

|
|
|

Rtarget
× 100% (13)

where Rtarget and Ractual are the number of target bitrate and the actual output bitrate for
a coding sequence.

Table 1 shows the experimental results of different sequences with different target
bit rates. It can be seen that the proposed algorithm achieves significant bit-rate accuracy
with a negligible mismatch, from 0.02% to 1.65% for different cases. The proposed
algorithm gains an improvement of 1.02–2.30 dB on ROI at the cost of 1.30–3.39 dB
loss on NROI in PSNR compared to the rate control in HM 16.0.

Table 1. Bit-rate, PSNR and ROI PSNR of HM16.0 with RC and the proposed algorithm

Sequence Rtarget

(kbps)
HM16.0 with RC
[3]

Proposed algorithm ROI
PSNR
Change
(dB)

NROI
PSNR
Change
(dB)

ROI
PSNR
(dB)

NROI
PSNR
(dB)

Ractual

(kbps)
ROI
PSNR
(dB)

NROI
PSNR
(dB)

M

BQMall 500 31.12 32.74 500.37 32.25 30.38 0.12% 1.13 −2.36
PartyScene 1200 30.03 30.38 1200.64 32.33 28.19 0.08% 2.30 −2.19
RaceHorses 1000 32.40 33.28 1000.28 34.28 31.31 0.06% 1.88 −1.97
BQTerrace 2000 32.95 32.97 2000.21 34.19 30.65 0.02% 1.24 −2.30
Cactus 1000 31.09 31.48 1002.52 32.11 30.32 0.25% 1.02 −1.16
Kimono 600 35.31 35.26 600.35 37.52 32.83 0.12% 2.21 −2.43
ParkScene 1000 34.20 33.34 1000.14 36.31 31.25 0.03% 2.11 −2.09
Tennis 1000 33.80 35.64 1003.21 35.15 34.34 0.64% 1.35 −1.30
PeopleOnStreet 8000 32.55 34.15 7917.80 34.53 31.74 1.65% 1.98 −2.41
Traffic 3500 36.86 38.01 3501.64 38.63 34.62 0.07% 1.77 −3.39
Average 0.30% 1.70 −2.16

ROIs in two algorithms are both detected by the method described in Sect. 2.

In the following, we show results of subjective visual quality tests. The test sequences
are presented on a Panasonic TH-P50ST30C plasma display panel TV with a resolution
of 1920 1080. The test procedure follows the double stimulus continuous quality scale
(DSCQS) method [13]. The score range is from 0 to 100. The proposed algorithm is
compared with the rate control algorithm in [3], which is implemented in HM16.0
without consideration of ROI, and the method in [6]. For a fair comparison, both the bit
ratio index in [6] and the target bit ratio K in the proposed algorithm are set to 3.
Figures 2 and 3 show the comparisons of subjective visual test (for “PartyScene” and
“Kimono” video sequence) with different target bitrates. DMOS (Difference Mean
Opinion Score) denotes the mean of different opinion score gathered from observers.
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Lower number represents the better visual quality. It can be seen from Figs. 2 and 3 that
both the proposed algorithm and [6] produce the better visual quality than [3]. This can
be inferred by the fact that more bits in more attended regions and less bits in less
attended regions lead to the overall visual enhancement. The proposed algorithm
performs better than [6] since it has considered the influence of global motion in temporal
saliency detection process and allocates bits according to the saliency of each unit.
Besides, R-λ model is more efficient than the classical quadratic R-Q model in the HM
platform.

Fig. 3. Subjective visual tests for Kimono (1920 × 1080)

An example of subjective visual quality comparison is shown in Fig. 4. It could be
seen that the detected ROI correctly catches the region in the frame that human eyes
want to focus on. Although the PSNR value of the reconstructed frame with our algo‐
rithm is lower than that resulted by the original rate control algorithm in HM 16.0, the
subjective quality is obviously improved. Some distortion may be observed within NROI
if we check it very carefully. However, such quality degradation is not sensitive to human
eyes and would not annoy the observer.

Fig. 2. Subjective visual tests for PartyScene (832 × 480)
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Fig. 4. Analysis of the 137th frame of Kimono (1920 × 1080). (a) Original frame. (b) Detected
ROI. (c) Reconstructed frame via rate control in HM16.0 with PSNR = 32.05 dB.
(d) Reconstructed frame via the proposed algorithm with PSNR = 30.27 dB. (e) Details of the
most sensitive region in (c). (f) Details of the most sensitive region in (d).

6 Conclusion

In this paper, we propose a new HEVC rate control algorithm based on region of interest.
We firstly generate a saliency map based on both the spatial and temporal cues for each
frame. Then the ROI and NROI are determined so that we can separately allocate bits
for ROI and NROI. After λ and QP calculation and adjustment for each LCU, the
encoding process can be carried out finally. Experimental results show that the proposed
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algorithm successfully improved the subjective quality of each sequence while main‐
taining the accuracy of rate control.
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Abstract. Saliency detection of 3D images is important for many 3D applica‐
tions, such as bit allocation in 3D video coding, spatial pooling in stereoscopic
image quality assessment and feature extraction in 3D object retrieval. However,
traditional saliency detection approaches only target for the 2D images. Mean‐
while, the traditional hand-crafted low-level feature extraction process may be
not suitable for the 3D images. In this paper, we propose a deep learning feature
based 3D visual saliency detection model. The pre-trained CNN model is
employed to extract the feature vectors for both color and depth images after
multi-level image segmentation. Then, we train a neutral network based classifier
to generate the color and depth saliency maps from the feature vectors. Final, the
linear fusion method is adopted to obtain the final saliency map for 3D image.
Experimental results demonstrate that our proposed model can achieve appealing
performance improvement over two public benchmark datasets.

Keywords: Index terms—3D image · Visual saliency · Conventional neural
network · Deep learning feature and depth saliency

1 Introduction

With the development of consumer electronic industry, three dimensional (3D) appli‐
cations become more and more popular in our daily life. Comparing to the traditional
2D viewing experience, 3D applications can offer users with depth perception and
immersive viewing experience. However, there are still many open issues that need to
be well addressed in 3D processing chain. Saliency detection of stereoscopic images is
one of the most fundamental problems in 3D research, which aims to find regions of
interest that standout from their neighbors in natural images. It can be applied to optimize
the bit allocation in 3D video coding [1], spatial pooling in stereoscopic image quality
assessment [2, 3] and compressed domain for image and video [4, 5].

Existing visual saliency detection methods are mostly related to 2D image. These
models estimate saliency from color images via hand-crafted low-level features (such
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as luminance, color, contrast and texture) [6–8], which did not exploited the depth cues.
Thus, traditional 2D saliency detection models are unable to accurately predict where
people look in a 3D scene. To improve the prediction accuracy, some researcher modeled
the visual saliency of stereoscopic images by considering the depth information. For
example, Fang et al. designed a framework that applied the feature contrast of color,
luminance, texture, and depth to estimate saliency of a stereoscopic image [9], in which
adopted a traditional hand-crafted method to extract low-level features and depth
features in computing the stereoscopic saliency. Qi et al. proposed a 3D visual saliency
detection model with generated disparity by using low-level features and depth features
[10]. For these approaches, the hand-crafted feature extraction stages cannot effectively
and accurately extract feature hierarchically from raw pixel [11]. Thus, the performances
are limited.

In this paper, we propose a visual saliency detection model for 3D image based on
deep learning features. The contributions of our proposed model can be summarized as
follows.

• For each stereoscopic image pair, the features map of depth image and color image
are extracted by a pre-trained convolution neural network (CNN), respectively.

• The saliency map of a depth image (or color image) is estimated by a fine-tuned deep
neural network which is used to infer the saliency value of every image region from
the deep learning features maps.

• The final visual saliency map of 3D image is obtained by a linear fusion approach
which combines the color saliency map and depth saliency map.

The remaining of this paper is organized as follows. Section 2 surveys the related
work in the literature. Section 3 describes the proposed computation model in detail.
Section 4 shows the experiment results. Final, Sect. 5 concludes this paper.

2 Background and Motivation

Classical visual saliency model can be classified into two categories, one is bottom-up
methods and the other is top-down methods. Bottom-up approaches are low-level
features driven which aims to distinguish regions of interest stand out from their back‐
ground. For example, Itti et al. proposed a model of saliency for rapid scene analysis
combined the multi-scale image features into a saliency map [6]. Bruce et al. introduced
a saliency measure based on information maximization, in which Shannon’s self-infor‐
mation method was applied to the saliency operation [12]. Hou et al. designed a visual
saliency detection model based on spectral residual which constructed the saliency map
via the log-spectrum of an image [13].

Top-down approaches are specific-task driven to process information of image. For
example, Goferman et al. designed an especially context-aware saliency detection model
has been proposed to detect the image regions which can present the scene [14]. Yang
et al. proposed a visual saliency model based on top–down approach via joint a Condi‐
tional Random Field and a discriminative dictionary [15]. Kanan et al. introduced a top-
down saliency based on natural image statistics, in which many forms of top-down
knowledge was incorporated into saliency detection model [16].

Deep Learning Features Inspired Saliency Detection of 3D Images 581



Currently, to further improve the prediction accuracy, combining the bottom-up and
top-down approaches together becomes the hot research topic. Itti et al. proposed an
overt and covert shifts of visual attention model based on a saliency search mechanism,
in which focused on how to combine the information including orientation, intensity,
and color information in a specific visual attention task [17]. Cheng et al. put forward a
salient object detection algorithm based on a regional contrast. Meanwhile the global
contrast and spatial coherence were both applied to detect the salient object [18]. Zhao
et al. designed multi-context deep learning framework for salient object detection [19],
in which the global context and local context are both considered into saliency detection.

Apart from 2D visual saliency models, a few studies investigated the computation
model of 3D visual saliency. Wang et al. added a depth to visual dimension, and utilized
the 2D visual features to detect the salient areas in a computation model of 3D visual
saliency [20]. The depth saliency map is generated by a Bayesian approach. Fang et al.
obtained the feature contrast based saliency map by measuring the spatial distance
between image patches [9]. Qi et al. proposed a band-pass filtering based 3D visual
saliency detection model [10]. Kim et al. described a saliency prediction model on ster‐
eoscopic videos which accounts for diverse low-level features, depth attributes and high-
level classifications of scenes [21].

Based on above-mentioned discussions, the performance of computation visual sali‐
ency map is significantly influenced by the visual feature representation. Thus, finding
the representative visual features is quite important to the 3D visual saliency research.
Existing saliency detection model of stereoscopic images are based on hand-crafted
features [9, 10, 20]. However, these approaches are difficult to achieve high degree of
distinction among saliency region and their neighbors. Besides, due to the lack of
knowledge on 3D visual perception, how depth information can contribute to the final
visual saliency is still not clear.

Deep convolution neural network (CNN) has already been widely applied in hier‐
archical feature learning and extraction [22], and achieves significantly success on
performance improvement of visual saliency models for 2D images [11]. However,
existing works mainly focus on the feature learning for color image but not for depth
image. Thus, it is necessary to learn the depth feature representative through the CNN
tools.

3 Proposed Visual Saliency Model for 3D Images

The framework of proposed deep learning features based visual saliency model contains
three basic stages, including deep features extraction, saliency map generation and sali‐
ency map fusion as shown in Fig. 1. First, the deep feature vectors for the color and
depth image are extracted by employing the CNN model, respectively. Then, the sali‐
ency maps for color and depth image are generated from the feature vector through a
three-layer neural network. Final, the saliency map of 3D image is fused by the saliency
maps of color and depth image.
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Fig. 1. Framework of proposed visual saliency detection model of 3D image

3.1 Deep Learning Features Extraction

Based the theory of human visual system, the visual attention mechanism contains a
hierarchical selection process from the coarsest to finest [23]. Thus, the multi-level
image segmentation is employed before feature extraction. Then, the feature extraction
is implemented for each region with in the same level. Detailed descriptions are provided
as follows.

A. Multi-level Image Segmentation
In this paper, we focus on the depth based 3D image format where each color image
is associated with a depth image. For each 3D image, the color image and its associated
depth image are decomposed into multi-level non-overlapping regions, respectively.
For convenience, we assume the total number of level is L. For each level j, the non-
overlapping region sets of color image Ic and depth image Id are denoted as
Aj

c
= {Rj,i

c
|i = 1,… , mj} and Aj

d
= {R

j,i
d
|i = 1,… , nj}, respectively. Detailed descrip‐

tion of multi-level image segmentation algorithm can be referred in [23].
B. CNN based Feature Extraction
Due to the lack of depth image capturing technology, the amount of ground truth data
public available in the 3D saliency detection domain is not very large. Thus, it is hard
to training an accuracy CNN model rely on these available datasets. In this stage, the
pre-trained AlexNet model is employed to extract the features for both color and depth
images. The AlexNet model is trained over the ImageNet dataset [24], which has five
convolutional layers and three full-connected layers.

As we know, the saliency of each local region is not only relying on its own char‐
acteristics, but also influenced by the content of its neighborhood and background (the
rest part of the region). Thus, for each level j of depth image, we extract the CNN feature
vectors of local region Rj,k

d
, its neighborhood region Hj,k

d
 and background region Bj,k

d
.

Detailed description of region segmentation and bounding box determination can be
referred in [11, 23]. Each region is resized into a 227 × 227 square and fed into the
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CNN model. The output for each region is with a 12288-dimensional feature vector
denoted as f

j,k
d

. For color image, the feature vector of region Rj,k
c

 of color image is
denoted as f j,s

c
.

3.2 Saliency Map Generation

The output feature vector is just a sparse representation of the local region. To determine
whether the current region is salient or not, we need to build a mapping function from
the feature vector to the saliency label. In this stage, we trained a neural network (NN)
with two fully connected hidden layers. The feature vector is the input and the output is
the saliency labels of current region. The NN models are trained for color image and
depth image, respectively. The mapping function between the saliency label and the
feature vector for color and depth image is denoted as Pc(f

j,i
c
) and Pd(f

j,i
d
), respectively.

All the pixels belong to the same region share the same saliency labels. Final, the saliency
maps of depth image is generated as

Sd(x) =

L∑

j=1,x∈R
j.i
d

w
j

d
Pd(f

j,i
d
). (1)

The saliency maps of color image is generated as

Sc(x) =

L∑

j=1,x∈R
j.i
c

wj

c
Pc(f

j,i
c
). (2)

x is the pixel belongs to the region f
j,i
d

 of depth image and f j,i
c

 of color image. wj

d
 and wj

c

are the weighting factors of depth image and color image, respectively.

3.3 Saliency Map Fusion and Enhancement

Fusing depth saliency map and color saliency map is important for obtaining a accuracy
saliency map. After obtaining the saliency maps Sd and Sc, the saliency map of 3D image
is generated by a linear fusion approach. The formula is provided as follows.

S = w ⋅ Sc + (1 − w) ⋅ Sd, (3)

where w is the parameter to adjust the two components. To further improve the perform‐
ance, the widely used centre-bias mechanism is also employed to enhance the final sali‐
ency map.
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4 Experimental Results

4.1 Simulation Setup

To make a fair performance comparison, the computational models including Li’s multi-
scale features based model [11] (denoted as VSMD), İmamoğlu’s wavelet domain based
model [25] (denoted as SDLL), Fang’s 2D saliency model [9] (denoted as SSDF2D)
and 3D saliency model [9] (denoted as SSDF3D) are implemented as benchmark. The
VSMD, SDLL and SSDF2D are computation models targeted for 2D images. The
SSDF3D model is targeted for 3D images. In our experiment, the number of segmen‐
tation level N of our proposed model is set as 15. The parameter w is set as 0.5.

To demonstrate the performance of our proposed 3D visual saliency detection model,
we evaluate all the saliency detection models with various datasets. Currently, there are
few public available eye-tracking datasets for 3D saliency research. In this paper, we
evaluate the saliency detection methods on the two representative datasets, name as
NUS3D-Saliency [26] and NCTU-3DFixation [27]. Detailed descriptions of these data‐
sets are provided as follows.

• NUS3D-Saliency dataset (denoted as NUS) has 600 images collected from 80 partic‐
ipants. It involves several 2D and 3D scenes. This dataset provides color stimuli,
depth maps, smooth depth maps, 2D and 3D fixation maps.

• NCTU-3DFixation dataset (denoted as NCTU) is consisting of 475 3D images as
well as their depth maps. The contents of this dataset are various scenes and mainly
came from the existing 3D movies or videos.

4.2 Performance Comparison

To evaluate the performance of the 3D visual saliency detection models, the following
three criterions [28] are employed in our experiments for fair comparison.

• Pearson Correlation Coefficient (CC) measures the strength of a linear association
between two variables. And it can be used to measure the linear correlation coefficient
between the saliency map of an image and the eye-fixation map of the image.

• Earth Mover’s Distance (EMD) measures the distance between two probability
distributions over a region. Informally, if the distributions are interpreted as two
different ways of piling up a certain amount of dirt over the region, the EMD is the
minimum cost of turning one pile into the other; where the cost is assumed to be
amount of dirt moved times the distance by which it is moved.

• Similarity score (SIM) measures the similarity of the two distributions. A high simi‐
larity score indicates the distributions of two maps are quite similar.

These metrics can evaluate the performance of the proposed model. A good saliency
model would have a high CC and SIM score, but a low EMD score. Detailed experi‐
mental results are provided in Table 1. Our proposed model can achieve better perform‐
ance than all the 2D saliency models for both the NCTU and NUS datasets as shown in
Table 1. For example, the CC, EMD and SIM scores of our proposed 3D model are
0.5225, 2.1547 and 0.4985, respectively. The CC, EMD and SIM scores of VSMD are
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only 0.3783, 2.8419 and 0.3812. The experimental results show that the performance of
saliency prediction model can benefit from fusing color saliency map with depth saliency
map.

Fig. 2. From left to right are four images from NUS dataset. From the second row to the last row,
the order of the model is SSDF2D model, SDLL model, VSMD model, SSDF3D model, and our
proposed model.

Table 1. Performance of the models for the two datasets in terms of CC, EMD and SIM

Model NUS NCTU
CC EMD SIM CC EMD SIM

VSMD 0.3783 2.8419 0.3812 0.3121 9.106 0.3198
SDLL 0.3397 3.1359 0.3893 0.2678 11.1806 0.321
SSDF2D 0.4430 2.6513 0.4321 0.4531 9.184 0.3951
SSDF3D 0.5033 2.3965 0.4589 0.5601 8.3874 0.4356
Proposed 0.5225 2.1547 0.4985 0.4761 7.2313 0.4445
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The performance comparison between our proposed 3D model and the SSDF3D
model on both the NCTU and NUS datasets are also provide in Table 1. It is observed
that the CC, EMD, SIM scores of our proposed 3D model is better than those of the
SSDF3D model on the NUS dataset. For the NCTU dataset, the CC score of proposed
3D model is less than the SSDF3D model, but the EMD, SIM scores of proposed 3D
model are larger than those of SSDF3D model. Experiment results demonstrate that our
proposed 3D model have a significantly performance improvement on 3D visual sali‐
ency detection. For further illustration, some 3D saliency detection examples among the
models are shown in Figs. 2 and 3, where it can be seen that our proposed model can
achieve the best performance.

Fig. 3. From left to right are four images from NCTU dataset. From the second row to the last
row, the order of the model is SSDF2D model, SDLL model, VSMD model, SSDF3D model, and
our proposed model.
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5 Conclusion

In this paper, we propose a computation model of 3D image visual saliency based on
deep learning features. There are three key factors in our approach. First, we extract
deep learning features of color and depth image using multi-scale regions by a CNN
model. Second, the saliency map from depth image (or color image) is generated based
on deep feature vectors and the saliency labels of regions by a NN model which plays
the role as a classifier. Final, we adopt a linear fusion method to combine the color and
depth saliency map to generate the final 3D image saliency. The centre bias mechanism
is also implemented to enhance the saliency map. The proposed model can achieve the
remarkable performance on two public available datasets.
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Abstract. In this paper we address the problem of quality assessment of camera
images using three types of features. The first type of features measures the
naturalness of an image, inspired by a recent finding that there exists high cor-
relation between structural degradation and free energy entropy on natural scene
images and this regulation will be gradually devastated as more distortions are
introduced. The second type of features comes from an observation that a broad
spectrum of statistics of distorted images can be caught by the generalized
Gaussian distribution (GGD) according to natural scene statistics (NSS). These
two groups of features are both based on NSS regulations, but they come from the
considerations of local auto-regression and global histogram, respectively. The
third type of features estimates the local sharpness by computing log-energies in
the discrete wavelet transform domain. Finally our quality metric is achieved via
an SVR-based machine learning tool and its performance is proved to be sta-
tistically better than state-of-the-art competitors on the CID2013 database, which
is dedicated to the quality assessment of camera-captured images.

Keywords: Quality assessment � Camera images � No-reference � Natural
scene statistics � Local sharpness � Free energy theory � Structural degradation
model

1 Introduction

With the soaring development of mobile devices and network, an enormous amount of
images are being presented to users every moment. It is challenging to evaluate and
control the quality of digital photographs. At the same time, a supreme effort is still
made by camera manufacturers to improve the quality of photography. As thus, it is in
an urgent pursuit of finding ways to automatically predict the perceptual quality of
camera images.

In the past few years, as for the issue of image quality assessment (IQA), many
objective metrics of the ability to faithfully evaluate the quality of distorted images
have been developed. If the distortion-free reference image that a distorted image can
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be compared with is available, the metric is called full-reference (FR) IQA [1]. But in
most cases only the distorted image is available, this type of IQA models are called
no-reference (NR) IQA. Furthermore, according to the requirement of prior knowledge
of the images or their distortions, current NR-IQA algorithms can also be further
classified into two categories, namely general-purpose metrics and distortion-specific
metrics. Typical distortion-specific blind quality measures are devoted to blockiness
[2], noise [3], tone mapping [4], retargeting [5], enhancement [6–8], sharpness/
blurriness [9–15], etc. In recent years, general-purpose NR-IQA metrics have been an
active research field [16–24].

Although the aforementioned metrics perform well on the popular databases such
as the LIVE [25], they do not perform as well on real photographs which are subjected
to many different distortion sources and types, because these image quality metrics
have been based on the assumption that an image contains single or simulated dis-
tortions which are not representative of what one encounters in practical real scenarios
[26]. Unlike most distortions present in the popular databases, camera images contain
more practical distortions. The proposed blind quality index for camera images (BQIC)
has acquired substantially high performance. It is the only metric with the correlation
coefficient beyond 80% in both linear and monotonic performance indices.

The paper is structured as follows. In Sect. 2, we present the details of the BQIC
algorithm. Section 3 compares performance measures of our BQIC with state-of-the-art
blind quality metrics on the CID2013 database [27], which is dedicated to the IQA of
camera images. Conclusions and future work are provided in Sect. 4.

2 No-Reference Quality Metric of Camera-Captured
Distortion Images

Selecting appropriate features plays an important part in IQA problems. The features of
the proposed metric consist of three parts. The flowchart of the proposed NR-IQA
metric is shown in Fig. 1.

The first type of features is extracted based on the free-energy principle, which is
recently found in brain theory and neuroscience [21], and structural degradation
measurement via simple convolutions and nonlinear regression [28]. The free-energy
principle operates under the assumption that there always exists a difference between an
input genuine visual signal and its processed one by human brain. Human perceptual
process is manipulated by an internal generative model, which can infer predictions of
the input visual signal and avoid the residual uncertainty information. On this basis, the
psychovisual quality of a scene is defined by both the scene itself and the output of the
internal generative model. It differs from most traditional signal decomposition based
methods.

To facilitate operation, we assume that the internal generative model for visual
perception is parametric, which infers perceived scenes by adjusting the parameter
vector. In this paper we choose the linear auto-regression (AR) model as the internal
generative model, for its ability to approximate a wide range of natural scenes by
varying its parameters and describe the local self-similarity of the image [15, 22, 24].
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The AR model is defined as:

yn ¼ uk ynð Þhþ �n ð1Þ

where yn is a pixel of the distorted image, uk ynð Þ is a row-vector consisting of k nearest
neighbors of yn ; h ¼ h1; h2; . . .; hkð ÞT is a vector of AR coefficients, and �n is the error
term. Then, the predicted version of the input distorted visual signal I can be estimated
by uk ynð Þ hopt, where hopt is the optimal estimate of AR parameters for yn based on the
least square method.

It was found that low-pass filtered versions of the distorted images have different
degrees of spatial frequency decrease, which inspires the design of the reduced-
reference structural degradation model (SDM) [28]. We modify the classical SSIM
[30], and define the structural degradation information to be:

S Ið Þ ¼ E
r lIlIð Þ þC

r lIð Þr lIð Þ þC

� �

ð2Þ

where lI represents the mean intensity, r lIlIð Þ denotes the local covariance as the
definition in SSIM [30]; E ð�Þ is a direct average pooling; C is a small constant to avoid
instability when denominator is very close to zero. Since different sizes of Gaussian
weighting functions introduce different amounts of information, this paper picks three
pairs of (K, L) as (1, 1), (3, 3) and (5, 5). An approximate linear relationship between
the structural degradation information and the free energy feature of original image can
be seen from the scatter plots in Fig. 2, which are obtained based on thirty images
randomly selected from Berkeley database [31]. The linear dependence feature pro-
vides possibility to describe distorted image without primitive image.

Fig. 1. The framework of the proposed NR-IQA metric.
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We define the linear regression model as follows:

F Irð Þ ¼ a � S Irð Þþ b ð3Þ

where Ir is the original image, a and b are gained by the least square algorithm. We
then reduce the dependence of original references by using FSI ¼ F Idð Þ � fa �
S Idð Þþ bÞg and use it as the feature, where Id denotes the distorted image.

Note that FSI values of high-quality images are quite near to zero, and conversely
they will be far from zero when distortions are progressively intensive. Finally, we
supplement the free energy entropy as the final feature of group one.

The second type of features comes from a classical NSS based model [18, 20].
Runderman observed that the normalized luminance value of natural images without
distortions appears Gaussian characteristic [32], and the distribution is broken when the
images suffer distortions. However, a wider spectrum of statistics of distorted images
can be effectively caught by the generalized Gaussian distribution (GGD). The prob-
ability density function of GGD defined as following:

f x; l; a; bð Þ ¼ a

2bc 1
a

� � exp � x� lj j
b

� �a� �

a[ 0 ð4Þ

where l is the mean, a is the shape parameter that controls the ‘shape’ of the
distribution:

b ¼ r

ffiffiffiffiffiffiffiffiffi

c 1
a

� �

c 3
a

� �

s

ð5Þ

and the gamma function cð�Þ is given by:

c zð Þ ¼ Z
1

0

tz�1e�tdt ð6Þ

Fig. 2. Scatter plots of the structural degradation information Ss Irð Þ (s = {1, 3, 5}) vs. the free
energy feature F Irð Þ on thirty images in the Berkeley database [31]. The straight lines are fitted
with the least square method.
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where r is the standard deviation. In this paper, we utilize the mean subtracted contrast
normalized (MSCN) coefficients by computing locally normalized luminance via local
mean subtraction and divisive normalization [18], for it has a decorrelating effect. And
we employ the GGD with zero mean to fit the MSCN, because MSCN is global-based
NSS and MSCN coefficients distributions are symmetric [16]. The GGD with zero
mean is defined as following:

f x; a; bð Þ ¼ a

2bc 1
a

� � exp � xj j
b

� �a� �

ð7Þ

For each image, two pairs of parameters (a; r2) are computed from a GGD fit of the
MSCN coefficients. One pair is from the original scale, and another is at the reduced
resolution via a low-pass filtering by a down sampling with the factor of 2. These form
the second group of four features.

Sharpness plays an important role in image quality assessment. The third type of
features is the modified patch-based image sharpness measure [10]. First, using
Cohen-Daubechies-Feauveau filters [33] to decompose the input image signal into
discrete wavelet transform (DWT) subbands only with one level. Then computing the
Log-energy of each subband of discrete wavelet transform (DWT) as follows [10]:

Exy ¼ log10ð1þ 1
M

X

i;j
S2XY ði; jÞÞ ð8Þ

where SXY is either SHH , SHL or SLH , and SLL is not used, and M is the number of DWT
coefficients in the subband. The addition of one is used to avoid negative values of EXY .
In [6], the authors measured the total log-energy at each level via

En ¼ 1� að ÞELHn þEHLn

2
þ aEHHn ð9Þ

where the parameter a is 0.8. But according to [34], the authors used predictable
sinusoidal, triangular target motions and randomized step-ramp stimuli to compare
smooth pursuit in the horizontal and vertical planes, and confirmed that most normal
subjects show higher gain values during horizontal than during vertical tracking.
Grönqvist [35] also observed that vertical tracking was inferior to horizontal tracking
and the proportion of smooth pursuit increased with age. So horizontal tracking and
vertical tracking are asymmetry. Thorough experiments are performed to give the result
that LH, HL and HH appears auto-adaptive non-linear relationship. Hence we sepa-
rately use ELHn, EHLn and EHHn as features, instead of directly combining them via
Eq. (9). Finally, we use the above algorithm in a block-based way to obtain the
sharpness index across the entire image. The block-based procedure is similar to that in
[10]. A collection of local sharpness values are computed using the DWT coefficients
associated to each 16 × 16 block of the image, and the index is computed by taking the
root mean square of the 1% largest values of the block sharpness indices.

All these extracted features are effective to describe the naturalness and sharpness
of real photographs which are subjected to many different distortion sources and types.
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After feature extraction, we need to find a proper way that can map the feature space to
subjective MOS, and utilize it to produce objective quality scores. In order to make a
fair comparison with other NR-IQA methods, we use a support vector regression
(SVR) [36] to generate a proper mapping that is learnt from the feature score to human
visual system. SVR has been widely used in the IQA field [18]. Here the SVR with a
radial basis function (RBF) is adopted by using the LIBSVM package [36].

3 Experimental Results

In this section, the CID2013 database [27] is used as testing bed for performance
evaluation and comparison. The CID2013 database consists of 6 image sets with 36
scenarios and the associated 474 distorted images captured by 79 distinct digital
cameras. The images in CID2013 do not have reference images because they were
captured by real cameras, which make FR- and RR-IQA methods not workable. As for
our training-based BQIC algorithm, we use a similar method to what is used in [37]. To
be specific, we divide 474 images into 36 subsets based on the scenario of the image.
The predicted rating for each image is determined by training an SVR on the other 35
subsets via a leave-one-out cross-validation methodology [37]. We will test the per-
formance of the proposed blind BQIC metric from two aspects. The first is to
demonstrate the effectiveness of our BQIC method compared to state-of-the-art
general-purpose NR-IQA metrics. The second is to analyze and compare the effec-
tiveness of our BQIC method compared to state-of-the-art distortion-specific NR-IQA
metrics. In this paper we follow the video quality experts group (VQEG)’s suggestion
and employ a five-parameter nonlinear fitting function to map objective quality scores
to subjective human ratings [38]. Then, four performance measures, including SRCC,
KRCC, PLCC and RMSE, are exploited.

Recently, extensive general-purpose NR-IQA metrics have been proposed to eval-
uate the quality of distorted images without knowing the distortion types. Later we will
demonstrate and compare the performance of the proposed model with the top
general-purpose NR-IQA approaches, including BLIINDS-II [17], BRISQUE [18],
SISBLIM [19], NFERM [22], and IL-NIQE [29]. A logistic nonlinear function is used
before calculating PLCC, KRCC, PLCC and RMSE. Table 1 summarizes the perfor-
mance results on the CID2013 database. One can see from Table 1 that the proposed
BQIC metric has achieved the highest PLCC, SRCC and KRCC values as well as the
smallest RMSE value. The proposed BQIC model correlates highly with human visual
perception to image distortions. We also show the scatter plots of the subjective scores
versus the predicted scores using different metrics in Fig. 3. A good metric is expected to
produce scatter points that are closed to the fitted curve. It can be easily found from
Fig. 3 that the proposed metric produces the best fitting results on the CID2013 database.

Sharpness is one of the most important factors in the problem of quality assessment
of camera images. In this section, we will demonstrate and compare the performance of
the proposed model with 5 popular blind sharpness algorithms BIBLE [11], S3 [14],
FISH [10], FISHbb [10], and ARISM [15]. To estimate the performance of the proposed

BQIC metric and aforementioned distortion-specific blind algorithms, experiments
are conducted on the CID2013 database. Table 2 lists the performance of the
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comparison methods and Fig. 4 shows the scatter plots between the predicted scores
and the corresponding MOSs on the CID2013 database, where a point denotes one
image. It can be found that the proposed algorithm not only competes with these
specific-distortion metrics, but also outperforms it.

Table 1. Comparison of our BQIC metric and state-of-the-art general-purpose NR-IQA
methods on CID2013. We bold the best performed NR IQA algorithm.

CID2013 PLCC SRCC KRCC RMSE

BLIINDS-II 0.6393 0.6346 0.4539 17.4088
BRISQUE 0.7810 0.7844 0.5902 14.1402
SISBLIM 0.7010 0.6533 0.4762 16.0947
NFERM 0.7933 0.7880 0.5943 13.7833
IL-NIQE 0.4274 0.3065 0.2101 20.4687
BQIC 0.8285 0.8207 0.6291 12.6759

Fig. 3. Scatter plots of objective scores generated by BLIINDS-II, BRISQUE, SISBLIM,
NFERM, IL-NIQE and our proposed BQIC metric versus subjective scores reported by CID2013
databases after nonlinear mapping.

Table 2. Comparison of our BQIC metric and state-of-the-art distortion-specific blind
algorithms on CID2013. We bold the best performed NR IQA model.

CID2013 PLCC SRCC KRCC RMSE

BIBLE 0.6335 0.6309 0.4447 17.4616
S3 0.3277 0.2936 0.2019 21.3902
FISH 0.7038 0.6822 0.4956 16.0827
FISHbb 0.7553 0.7383 0.5461 14.8375
ARISM 0.4877 0.4408 0.3090 19.7651
BQIC 0.8285 0.8207 0.6291 12.6795
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4 Conclusion

With the development of networked hand-held devices, a large amount of visual data is
presented to users. Many efforts have been made to ensure the end consumers are
presented with a satisfactory quality of experience (QoE). Therefore, assessment of
camera-captured images is a significant and meaningful topic in scientific research and
application development of digital image processing. However, it is struggle to handle
the images with many concurrent distortion types for current blind quality metrics.
Effective objective quality metrics are expected.

In this paper we have put forward a blind quality index for camera images with
natural scene statistics and patch-based sharpness assessment. A comparison of our
BQIC with state-of-the-art general-purpose NR-IQA methods and popular blind
distortion-specific measures is conducted on CID2013 database. The experiment results
have proved the superior performance of the proposed blind quality measure on the
CID2013 database. Besides the substantially high prediction accuracy, it is worthy to
emphasize two points below. First, experimental results prove the superiority of our
proposed method on CID2013 over popular NR-IQA models and blind sharpness
measures. Second, the proposed BQIC needs merely 11 features, far less than the
majority of general-purpose train-based NR-IQA metrics.
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(61379143), the Fundamental Research Funds for the Central Universities (2015QNA66,
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Fig. 4. Scatter plots of objective scores generated by BIBLE, S3, FISH and FISHbb, ARISM and
our proposed metric BQIC versus subjective scores reported by CID2013 databases after
nonlinear mapping.
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Abstract. No reference image quality assessment (NR-IQA) has
attracted great attention due to the increasing demand in developing
perceptually friendly applications. The crucial challenge of this task is
how to accurately measure the naturalness of an image. In this paper, we
propose a novel parametric image representation which is derived from
the generic image prior (GIP). More specifically, we utilize the classic
fields of experts model to capture the prior distribution of an image
with respect to a random field, which is learned from a great deal of nat-
ural images. Then, the parameters in modeling this prior distribution are
used as the quality-relevant image feature, which is represented by a sim-
ple two-dimension vector. Experimental results show that the proposed
method achieves competitive quality prediction accuracy in comparison
with the state-of-the-art NR-IQA algorithms at the expense of much less
memory usage and computational complexity.

Keywords: Generic image prior · No reference image quality assess-
ment · Human perception

1 Introduction

No reference image quality assessment (NR-IQA) aims to estimate the perceptual
quality of a test image without accessing to its reference version. Due to the high
demand in evaluating and improving the experience of user experience, NR-IQA
has attracted a great deal of attentions in the past few years [18]. To adapt
to various real-world applications under different platforms, a NR-IQA metric is
expected to accurately estimate the image quality at the lowest overhead in terms
of memory and computations. Therefore, it is highly desired to develop compact
image representation for balancing the quality prediction accuracy against the
computational cost.

Recently, the research on NR-IQA has made significant process [4,5,9,11,
12,15,23,24]. By incorporating the quality-aware features into a machine learn-
ing framework, many existing algorithms are reported to deliver state-of-the-art
performance. An interesting development in this process is the ever-growing
dimension of the image feature, where a higher dimensional feature space is
usually believed to be beneficial for achieving good classification or regression
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 600–608, 2016.
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performance [1,2,6]. In [9,11,12,15], only tens of statistical indexes are extracted
from the transform coefficients on wavelet, DCT and normalized spatial domains.
Then, the image feature dimension increases to thousands in [10,21]. By means of
unsupervised learning, Ye et al. [24] proposed a state-of-the-art NR-IQA method,
whose feature dimension is up to twenty thousand. Although a better prediction
performance is achieved by extracting richer image information, the extremely
increased memorial and computational cost impede their application in many
platforms with limited computation resources.

In this paper, we aim to propose a compact image representation which
could deliver good prediction performance with limited storage and computa-
tion resources. Unlike conventional natural scene statistics [9,11,12,15] which are
derived from handcrafted transform basis, we utilize the unsupervised learning
method in [14] to train a set of filters whose responses on the natural images
present regular student t-distribution [19]. Then, two parameters in modeling the
raw distribution of the responses on these learned filters are used as the natural
scene statistics. Except for the statistics on the real-value filter response, a sta-
tistical index derived from the response on specific local binary pattern [22] is
also included in our image representation, which builds a three dimension feature
referred to as generic image prior (GIP). Finally, by means of the support vector
regression (SVR) [16], we can map the GIP feature to a quantitative image quality
score. Experimental results on the popular IQA database – LIVE II [17] demon-
strate the effectiveness and high-efficiency of the proposed NR-IQA method.

2 Proposed Method

Accurately measuring the naturalness of an image is crucial for the NR-IQA
task. Inspired by the natural scene statistics study in [14], we employ the unsu-
pervised learning method to train a set of filters from a large number of natural
images, which contain inherent prior information in measuring the naturalness.
Let x denote the whole input image and x(k) denote the kth cropped patches
from x. Let Ji and αi denote the ith linear filter and model parameter to be
learned. Then, the natural image prior p(·) can be presented as the full product of
t-distribution model [20], i.e.,

p(x;Θ) =
1

Z(Θ)

K∏
k=1

N∏
i=1

φi(JT
i x(k);αi) (1)

where Θ = {θ1, · · · , θN} and θi = {αi, Ji}. The experts φi can be given by

φi(JT
i x(k);αi) =

(
1 +

1
2
(JT

i x)2
)−αi

(2)

where the linear filters Ji and parameters αi are learned from a set of generic
natural images by maximizing its likelihood. It should be noted that there is
no any annotation information needed in this training process. Following the
configurations in [14], we train the image filers in two sizes, i.e., 3 × 3 and 5 × 5.
All training images are collected from the Berkeley database [8].
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(a) Pristine image (DMOS=0) (b) Distorted image (DMOS=52.62)
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Fig. 1. The comparison of distributions between the pristine image and its JP2K ver-
sion.

After training the linear filters and parameters set, we can analyze the statis-
tical property of an image from its response on the learned filters. More specifi-
cally, the image response is derived from the gradient of the log-prior, i.e.,

∇x log p(x) =
N∑

i=1

J−
i ∗ ψi(Ji ∗ x) (3)

where ∗ denotes the convolution operation and J−
i denotes the mirror filter of

Ji. The function ψi represents the partial differential operator, i.e.,

ψi(y) =
∂ log φi(y;αi)

∂y
(4)

To highlight the discriminating power of the learned naturalness-aware filters,
the filter responses comparison between a pristine image and its distorted version
is illustrated in Fig. 1. From the observation in Figs. 1 (c) and (d), it can be seen
that the filter response of a natural image exhibits clear non-gaussian and heavy
tailed distribution under different filter sizes. When the distortion is present, the
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distribution of the filter response would become more dispersed and deviate from
the image with pristine quality. In order to quantify this variation, we model the
filter response of an image with a standard t-distribution, whose probability
density function (PDF) is given by,

f(t|n) = c(1 +
t2

n
)−(n+1)/2 (5)

where c is a constant and t = ∇x log p(x). n is the degree of freedom of a standard
t-distribution.

In this paper, the maximum likelihood estimation (MLE) [13] is utilized to
solve the parameter n, whose PDF is most likely to approximate the raw density
of t. Let L(n|t) denote the likelihood function, which is defined by reversing the
roles of the observed data t and the parameter n in f(t|n), i.e.,

L(n|t) = f(t|n) (6)

For computational convenience, the likelihood function is usually converted
to its logarithm version, i.e., lnL(n|t). Then, the MLE is formulated as

n̂ = arg max
n∈Ω

lnL(n|t) (7)

where Ω is the parameter set. The Quasi-Newton algorithm [3] is employed to
solve the optimization problem in (7).

Since two sizes of filters (i.e., 3× 3 and 5× 5) are learned in our simulation,
we compute two distribution parameters n̂3×3 and n̂5×5 to capture the multi-
scale natural scene statistics. Besides the real-value filter responses derived from
the original image intensities, we also compute a local pattern statistical index
(LPSI ) [22] which captures the response on specific local binary pattern. By
combing these three statistical indexes, we can obtain our GIP feature s, i.e.,

s = [n̂3×3, n̂5×5, LPSI] (8)

In order to map the proposed GIP feature s to a perceptual quality score Q,
the SVR is used to train the image quality regression function R(s), i.e.,

R(s) =
K∑

k=1

αkK(s, ŝk) + β (9)

where αk and β denote the SVR parameters to be learned from the training
samples. ŝk is the GIP feature of the kth support vector. K(·, ·) is the kernel
function, which is used to measure the similarity of two samples. Similar with
previous works [9,11,12], the radial basis function kernel is used here, i.e.,

K(s, ŝk) = exp(−γ‖s − ŝk‖2) (10)

where γ is the custom parameter which is determined by cross validation.
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3 Experimental Results

To verify the performance of the proposed NR-IQA method, we implement the
image quality estimation on the LIVE II database [17], which is consist of 29
pristine images and 779 distorted images across 5 distortion types (i.e., JP2K,
JPEG, WN, Blur and FF). In our simulation, two metrics are employed to
evaluate the performance of the proposed method, which include the Pearson’s
linear correlation coefficient (LCC) and Spearman’s rank ordered correlation
coefficient (SROCC). For both metrics, a value which is more close to 1 indicates
a better performance in predicting the human perception.

Following the criterion in [9,11,15], we randomly divide the LIVE II database
into two non-overlap subsets, where the 80% reference images and their associ-
ated distorted versions are used to construct the training set, and the left 20%
images are used for testing. The splitting procedure is repeated 1000 times and
the median LCC and SROCC are reported for evaluating the final performance.
Seven state-of-the-art NR-IQA algorithms are included in this comparison, i.e.,
BIQI [12], DIIVINE [11], BLIINDS-II [15], BRISQUE [9], NIQE [10], CORNIA
[25] and TCLT [21].

Figure 2 first shows the scatter plot of predicted image quality via our GIP
method against the DMOS on LIVE II database. It is clear that the predicted
image quality presents nearly linear relationship with DMOS, which indicates
that the proposed objective metric is highly consistent with the subjective per-
ception in terms of the image quality. The median LCC and SROCC results are
listed in Tables 1 and 2, respectively. For clarity, the best metric in each col-
umn is highlighted by boldface. Although a very compact image representation,
which only includes three indexes, is used to capture the perceptual quality, the
proposed GIP method delivers highly competitive performance in comparison
with the state-of-the-art NR-IQA algorithms.

Q
0 10 20 30 40 50 60 70 80

D
M
O
S

0

10

20

30

40

50

60

70

80

Fig. 2. The scatter plot of the predicted image quality Q versus the ground-truth
human opinion scores DMOS on LIVE II database.
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Table 1. The median LCC performance on the LIVE II database

Method JP2K JPEG WN Blur FF All

BIQI 0.750 0.630 0.968 0.800 0.722 0.740

DIIVINE 0.922 0.921 0.988 0.923 0.888 0.917

BLIINDS-II 0.963 0.979 0.985 0.948 0.944 0.923

BRISQUE 0.923 0.974 0.985 0.951 0.903 0.942

CORNIA 0.951 0.965 0.987 0.968 0.917 0.935

NIQE 0.937 0.956 0.977 0.953 0.913 0.915

TCLT 0.902 0.946 0.989 0.954 0.923 0.935

GIP 0.977 0.958 0.883 0.931 0.920 0.923

Table 2. The median SROCC performance on the LIVE II database

Method JP2K JPEG WN Blur FF All

BIQI 0.736 0.591 0.958 0.778 0.700 0.726

DIIVINE 0.913 0.910 0.984 0.921 0.863 0.916

BLIINDS-II 0.951 0.942 0.978 0.944 0.927 0.920

BRISQUE 0.914 0.965 0.979 0.951 0.877 0.940

CORNIA 0.943 0.955 0.976 0.969 0.906 0.942

NIQE 0.917 0.938 0.966 0.934 0.859 0.914

TCLT 0.898 0.923 0.979 0.940 0.903 0.934

GIP 0.978 0.935 0.897 0.965 0.929 0.936

To measure the memory overhead of different NR-IQA algorithms, we sum-
marize their feature dimensions and the corresponding memory usage of storing
the feature of an image in Table 3, where the smallest value in each column is
highlighted by boldface. It is seen that the proposed GIP method spends smallest
memory for sorting the image feature, which is beneficial for saving the storage
space and bandwidth in many real-world applications.

To analyze the computational complexity of different NR-IQA algorithms,
we compute their running time of training a support vector regressor using all
images in the LIVE II database. It is noted that the parameter tuning procedure
is included in this evaluation, where two parameters (C, γ) are determined by
grid search [7]. The candidate parameter space is 2S , where S ranges from 0 to 5
with the interval 0.5. The system platform is Intel Core 2 Duo processor of speed
2.0 GHz, 6 GB RAM and Windows 7 64-bit version. All methods are tested using
the MATLAB2015a software. Table 4 reports the detailed running time in terms
of seconds, where the smallest value is highlighted by boldface. It is seen that
the proposed GIP method spends much less running time in comparison with
other algorithms, which is highly desired for many low power devices.
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Table 3. The memory usage for storing the feature of an image in terms of Kilobyte
(KB)

Method Feature dimension Memory usage

BIQI 18 0.325

DIIVINE 88 0.880

BLIINDS-II 24 0.368

BRISQUE 36 0.466

CORNIA 20000 149.591

NIQE 1332 8.162

TCLT 4413 9.172

GIP 3 0.198

Table 4. Running time of different NR-IQA algorithms for training SVR (seconds)

Method Running time

BIQI 87.821

DIIVINE 214.956

BLIINDS-II 94.121

BRISQUE 117.997

CORNIA 5.243× 104

NIQE 3.492× 103

TCLT 1.094× 104

GIP 45.716

4 Conclusion

In this paper, we proposed a GIP based no reference image quality assessment
method. Specifically, a set of naturalness-aware filters are learned from large
number of pristine images. The distribution of filter responses is used to measure
the perceptual quality variation. Meanwhile, the LPSI is used to compensate the
image information derived from these real-value filter responses. Finally, a com-
pact image representation, which only computes three statistical indexes, is used
as the quality-aware feature. Experimental results demonstrate its effectiveness
and high-efficiency in evaluating the image quality.
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Abstract. In this paper, we propose a novel full-reference objective
quality assessment metric of screen content images by structure infor-
mation. The input screen content image is first divided into textual and
pictorial regions. The visual quality of textual regions is predicted based
on perceptual structural similarity, where the gradient information is
used as the feature. To estimate the visual quality of pictorial regions,
we extract the luminance and structure features as feature representa-
tion. The overall quality of the screen content image is measured by fus-
ing those of textual and pictorial parts. Experimental results show that
the proposed method can obtain better performance of visual quality
prediction of SCIs than other existing ones.

Keywords: Visual quality assessment · Screen content image ·
Full-reference quality assessment

1 Introduction

Recently, there is one type of images emerging over Internet, which is called screen
content images (SCIs). Generally, the SCI includes different forms of visual con-
tent, such as texts, pictures, and graphics. It has been emerging and widely used
in various multimedia applications, including information sharing system between
computer and smart devices [1], cloud computing systems [2,3], remote confer-
ence, product advertising, etc. With the popularity of smart phones, more and
more users would like to share different information with each other by rendering
various visual content as the form of SCIs, where various multimedia processing
methods might be involved, such as coding [7–9], transmission [3], etc. There are
a large number of image processing algorithms proposed for SCIs, including SCI
compression [4], SCI quality assessment [5], SCI segmentation [6], etc.
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During SCI processing such as acquisition, processing and transmission, there
might be various visual distortions generated. When SCIs are created by the
camera from smart phones, the noise and blurring distortions might be involved
due to the camera motion. For the transmission of SCIs over Internet, the com-
pression distortion might be generated. To evaluate the visual quality of these
distorted SCIs, it is highly desired to design effective objective visual quality
assessment metrics for various multimedia processing applications.

In the past decades, there have been various quality assessment methods
designed for visual content. Traditional signal fidelity methods such as PSNR
(Peak Signal-to-Noise Ratio), MSE (Mean Square Error) and MAE (Mean
Absolute Error) predict visual quality of images by simply computing pixel dif-
ferences between the reference and distorted images. These signal fidelity meth-
ods are widely used for visual quality assessment (VQA) in both industry and
academia due to their simple and efficient implementation. However, they do
not consider the properties of the Human Visual System (HVS), and thus, they
might not obtain accurate quality prediction results as human beings perceive
[14,15]. To overcome the drawbacks of these existing metrics, many advanced
perceptual IQA metrics have been proposed during the past decade [14].

Wang et al. proposed the well-known SSIM (structural similarity) by consid-
ering the characteristics of human beings’ perception on image structure [16].
Following this perceptual VQA metric, there are various types of full-reference
VQA metrics proposed in recent ten years [14]: VIF (visual information fidelity)
[17], IGM (internal generative mechanism) [18], GSM (gradient similarity met-
ric) [19], etc. Also, many reduced-reference metrics [10] and no-reference metrics
[11–13] have been designed in the past decades. These IQA metrics are mainly
designed for VQA of general images and they are not effective in VQA of SCIs.
Recently, Yang et al. conducted an user study for VQA of SCIs [5]. Based on
the detailed analysis of the subjective data on the constructed SCI database, the
authors proposed an objective VQA metric to predict visual quality of SCIs [5].
However, the performance of that metric in [5] can be further improved. Thus,
it is highly desired to design VQA metrics for SCIs for various potential SCI
processing applications.

In this study, we propose a full-reference (FR) VQA metric for SCIs based
on structure features. We first divide the SCI into textual and pitorial parts
by the text segmentation method. The visual distortion of textual regions is
predicted by structural similarity, where gradient information is used to extract
the structure feature. For the pictorial regions, we calculate the luminance and
structure features to estimate the visual quality. The overall quality of the SCIs
can be predicted by fusing those of pictorial and textual regions. Experimental
results show that the proposed method can obtain good performance in visual
quality prediction of SCIs.

2 The Proposed Method

Our previous study [5] has shown that the statistical features of natural and
textual images are totally different. The detailed analysis of subjective data
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Fig. 1. The proposed framework.

demonstrate that human perception on pictorial and textual regions is differ-
ent with each other. Specifically, the distortion in textual regions are perceived
differently from that of the overall SCI. Observers would be sensitive to the lumi-
nance and contrast change in pictorial regions, while for textual regions, they are
more sensitive to blurring distortion than other types of distortion. Thus, it is
reasonable to design different methods for visual quality assessment of pictorial
and textual regions.

The framework of the proposed method is shown in Fig. 1. We first use the
texture segmentation method in [20] to segment the SCI into pictorial and textual
regions. Then the image is divided into two types of image patches: pictorial and
textual patches. For textual patches, we extract the gradient to represent the
feature for similarity computation. The luminance and texture features are used
for similarity calculation of pictorial patches. The final quality of SCIs is obtained
by fusing the visual quality of textual and pictorial patches. We will introduce
the proposed method in detail in the following.

The content in the textual region of SCIs mainly includes various charac-
ters. Since characters are composed of various edges, we use the gradient to
represent the structure feature of textual regions in SCIs. The following fil-
ters with two directions are adopted to compute the gradient of textual region:
hx = [−1/2 0 1/2] and hy = [−1/2 0 1/2]′. With these two filters, we can
compute the structure feature for reference and distorted SCIs as follows.

grx = hx

⊗
Tr, (1)

gry = hy

⊗
Tr, (2)

gdx = hx

⊗
Td, (3)

gdy = hy

⊗
Td, (4)

where Tr and Td represent textual patches in the reference and distorted images,
respectively. (grx, gry) and (gdx, gdy) denote the gradient features with two direc-
tions for the textual patches in the reference and distorted images, respectively.
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With the computed structure features in Eqs. (1)–(4), we calculate the sim-
ilarity between the textual patches from the reference and distorted images as
follows [16]:

Si(grk, gdk) =
2μgrkμgdk + C1

μ2
grk

+ μ2
gdk

+ C1

2σgrkgdk + C2

σ2
grk

+ σ2
gdk

+ C2
(5)

where k ∈ {x, y}; Si(grk, gdk) denotes the similarity between gradient features
grk and gdk for image patch i ; μrk and μdk are mean values of the gradient grk
and gdk, respectively; σrk and σdk denote the standard variance values of the
gradient grk and gdk, respectively; σgrkgdk is the covariance of the gradient grk
and gdk; C1 and C2 are two constant values.

After we calculate the similarity between gradient features with two direc-
tions for textual patches, we estimate the visual score of textual regions St in
SCI as follows:

St =
1
N

N∑
i=1

(αSi(grx, gdx) + (1 − α)Si(gry, gdy)) (6)

where N is the number of textual patches in the SCI; α is a weighting parameter.
For pictorial patches, we use the structure and luminance features to predict

the visual quality. First, the local contrast normalization is applied to the pic-
torial regions of SCIs to mimic early visual system and remove the redundancy
information in the visual scene. The normalization operation can be implemented
as [21].

P ′(i, j) =
P (i, j) − μp

σp + C
(7)

where P ′(i, j) and P (i, j) represent the normalized and original values at location
(i, j) in pictorial regions; μp and σp denote the mean and standard variance
values of pictorial regions; C is a constant parameter.

With the local normalized P ′(x, y), we can extract the structure feature of
pictorial regions by using the rotation invariant uniform LBP descriptor [22].
The general LBP representation can be formulated as follows.

LBPK,R =
K−1∑
i=0

t(pi − pc)2i, (8)

t(pi − pc) =
{

1, (pi − pc) ≥ 0
0, (pi − pc) < 0 (9)

where K and R denote the number of neighbors and the radius of the neigh-
borhood; pc is the normalized luminance value of the center pixel in the local
patch; (p0, p1, ..., pK−1) represent the normalized luminance values of K circu-
larly symmetric neighborhood. Based on the study [22], we can define the local
rotation invariant uniform LBP operator as:

LBP ′
K,R =

{∑K−1
i=0 t(pi − pc), U(LBPK,R) ≤ 2

K + 1, Otherwise
(10)
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U(LBPK,R) = ‖t(pK−1 − pc) − t(p0 − pc)‖

+
K−1∑
i=0

‖t(pi − pc) − t(pi−1 − pc)‖ (11)

where U is computed as the number of bitwise transitions.
After extracting the LBP features by using the LBP descriptor in Eq. (10), we

further calculate the histogram of LBP features in each pictorial patch. Here, we
set the bin of the histogram as 10 and thus obtain the structure feature with 10
elements {f1, f2, ..., f10}. Meanwhile, we also calculate the normalized luminance
histogram as the luminance feature in the proposed method. Similarly, we set the
bin of the histogram as 10, and thus, there are 10 elements {f11, f12, ..., f20} in
the luminance feature. In total, there is one feature vector with 20 elements for
structure and luminance features for each pictorial patch i: fi = {f1, f2, ..., f20}.
We predict the visual quality of pictorial regions in the SCI by the difference
between pictorial patches from the reference and distorted SCIs.

Sp =
1
N

N∑
i

e(−qi) (12)

qi =

√√√√ 20∑
j=1

(fi − f ′
i)2 (13)

where fi and f ′
i denote the used luminance and structure features from the

reference and distorted SCIs.
After computing the visual quality of textual and pictorial regions in SCIs,

we predict the final visual quality of each input SCI by combing them as follows.

S = βSt + (1 − β)Sp (14)

where β is a weighting parameter with the range [0, 1].

3 Experimental Results

To demonstrate the advantages of the proposed method, we use the image data-
base in [5] to conduct the comparison experiments. This database includes 20
reference SCIs in total. For each SCI in this database, there are seven distortion
types (Gaussian Noise, Gaussian Blur, Motion Blur, Contrast Change, JPEG,
JPEG2000, and Layer Segmentation Based Coding) with seven degradation lev-
els and thus there are 980 distorted SCIs. These reference images obtained from
webpages, slides, PDF files and digital magazines are diverse with the visual
content.

The 11-category Absolute Category Rating (ACR) is used in the subjec-
tive experiment. In total, there were 96 subjects involved in the test and each
image was rated by at least 30 subjects. The participants’ ages range from
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Table 1. Experimental results of the proposed method and other existing methods.

Components PSNR SSIM VIF IFC MAD GMSD SPQA Proposed

PLCC 0.5869 0.5912 0.8206 0.6395 0.6191 0.7259 0.8584 0.8656

SRCC 0.5608 0.5836 0.8069 0.6011 0.6067 0.7305 0.8416 0.8642

19 to 38 years. After the raw subjective scores were obtained, outliers were
removed to obtain the DMOS.

Here, we adopt two commonly used methods to compute the correlation
between the subjective and objective scores: SRCC (Spearman Rank-order Cor-
relation Coefficient), and PLCC (Pearson Linear Correlation Coefficient). SRCC
can be used to evaluate the prediction monotonicity, while PLCC can be adopted
to assess the prediction accuracy. Generally, a better visual quality assessment
method has higher SRCC and PLCC values. Given the ith image in the database
(with N images in total), its objective and subjective scores are oi and si. We
can estimate the PLCC as follows.

PLCC =
∑N

i=1(oi − o)(si − s)√∑N
i=1(oi − o) ∗ ∑N

i=1(si − s)
(15)

where o and s denote the mean values of oi and si, respectively.
SRCC can be computed as follows.

SRCC = 1 − 6
∑N

i=1 e2i
N(N2 − 1)

(16)

where ei is the difference between the ith image’s ranks in subjective and objec-
tive results.

In this experiment, we perform the comparison experiments by using the
proposed method and the following existing visual quality metrics: PSNR, SSIM
[16], VIF [17], IFC [23], MAD [25], GMSD [24], SPQA [5]. We compute the cor-
relations in terms of PLCC and SRCC values between the subjective scores and
the predicted objective scores from the used compared metrics. The experimental
results are shown in Table 1.

From Table 1, we can observe that GMSD can obtain better performance
than PSNR, SSIM, IFC and MAD in visual quality prediction of SCIs. Obvi-
ously, SPQA an VIF can obtain much better performance than other existing
studies. Among all the compared metrics, the proposed method can obtain best
performance on visual quality prediction of SCIs, which can be demonstrated by
the highest PLCC and SRCC values in Table 1.

4 Conclusion

In this study, we have proposed a new full-reference VQA metric for SCIs based
on structural information. For textual regions in SCIs, we extract the structure
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features by using the gradient information for visual quality prediction of tex-
tual regions. For pictorial regions in SCIs, the luminance and structure features
are computed by intensity and LBP information, respectively, for visual quality
prediction of pictorial regions. The final visual quality of SCIs is estimated by
fusing these of textual and pictorial parts. In the future, we will further inves-
tigate how to fuse the visual quality scores of textual and pictorial regions to
obtain more reasonable quality scores of SCIs.
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Abstract. With the prosperity of mobile social networks, more and more people
are willing to share their travel experiences and feelings on the Web, which
provides abundant knowledge for people who are going to make travel plans.
Travel reviews and travelogues are two major ways of social travel sharing. They
are complementary in terms of structure, content, and interaction, forming a sort
of fragmented travel knowledge. Moreover, the ever-increasing reviews and
travelogues may impose the burden on gaining and reorganizing knowledge
while making travel plans. Over these issues, this paper proposes CrowdTravel, a
multi-source social media data fusion approach for multi-aspect tourism infor-
mation perception and intelligent recommendation, which can provide travelling
assistance for users by crowd intelligence mining. First, we propose a
cross-media multi-aspect correlation method to connect fragmented travel
information. Second, we mine popular and personalized travel routes from
travelogues and make intelligent recommendation based on sequential pattern
mining. Finally, we achieve cross-media relevance information based on the
similarity between the reviews and image contexts. We conduct experiments over
a dataset of eight domestic popular scenic spots, which is collected from two
popular social websites about travel, namely Dazhongdianping and Mafengwo.
The results indicate that our approach attains fine-grained characterization for the
scenic spots and the extracted travel routes can meet different users’ needs.

Keywords: Crowd intelligence � Scenic spot profiling � Intelligent
recommendation � Social media data fusion � Multi-aspect characterization

1 Introduction

Crowd intelligence [1, 2] refers to implementing multifaceted perception and under-
standing of the target objects by mining and associating crowd contributed data. Social
media shows a diversified development trend in recent years, which forms a variety of
online social communities for crowd data and knowledge sharing.

Social tourism is one of the popular social communities, where people often share
their opinions and knowledge on scenic spots online after a fantastic journey. This,
however, has become an important information source for people to make their travel
plans. Travel reviews and travelogues are two major ways of social travel sharing, which
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can serve as a reliable knowledge source for tourism information extraction. Although
the information in a single review or travelogue may be noisy or biased, the content
contributed by numerous travelers as a whole could characterize the essence of scenic
spots. Considering sustained increasing massive travel-related information, an automatic
tourism information perception and intelligence recommendation method is highly
desired to facilitate people to obtain accurate information and prepare for their journeys.

To some extent, the tourism information summarization for travel can be formu-
lated as a multi-document summarization (MDS) problem [3]. During the past decade,
a variety of methods have been proposed for MDS. Notable approaches include
frequency-based methods [12, 14], semantic-based methods such as probabilistic latent
semantic analysis (PLSA) [5] and latent Dirichlet allocation (LDA) [7]. Graph and
machine learning-based methods [11] have also been proposed. However, previous
MDS methods are mainly designed for well-organized texts, e.g., news articles.

Different from traditional text mining, tourism social information comprises of
multiple media types, such as image and text. Besides, tourism information summa-
rization is even more challenging than its usage in other domains. Scenic spots usually
contain dozens of distinguished natural, cultural scenes (e.g., the Kunming Lake and
the Long Corridor in the Summer Palace). Each tourist is more likely to visit part of
them each time, and thus individual reviews cover very different combinations of
scenes. Moreover, there is usually only one overall evaluation score on the experience
of the scenic spot each time in most cases, making it difficult to gain accurate
understanding to each of the scenes. On the other hand, potential tourists need more
information than simple statistics on the overall quality of the scenic spot with all sorts
of different scenes. They are not only interested in choosing best scenic spots but also
keen to know the details of various scenes in a scenic spot, based on previous expe-
riences of other tourists. Therefore, we consider a distinguished natural or cultural
scene as one tag of a scenic spot. And people’s opinions or descriptions (beautiful,
magnificent, interesting, etc.) towards a certain scene of the scenic spot are jointly
called the ‘scene-feature’ characterization, which can help people explicitly understand
the scenic spot from different views.

Recently, several attempts [10, 12] have been made to mine tourism knowledge
through different perspectives. For example, Rattenbury et al. [10] extracted place
semantics from Flickr tags. Hao et al. [12] investigated the mining of location-
representative knowledge from travelogues to recommend travel routes. Nonetheless,
the performance of these methods are still far from satisfactory because they only
depict the scenic spots from a single perspective. The benefits of multi-source social
media data fusion are two-folds: (1) Images can supplement the textual content with
additional information, especially in the tourism domain, where the text lacks sufficient
expressive power; (2) Incorporating concrete multimedia exemplars into summarization
can assist users to gain a more visualized understanding of interesting scenes. More
recently, Wang et al. [16] proposed a method to generate visualized summarization for
scenic spots by mining representative aspects from text reviews and combining it with
images from travelogues. However, it did not make full use of the aforementioned
travelogues to support further intelligent travel route recommendation.

In this work, we propose a multi-source social media data fusion approach for
multi-aspect tourism information perception and intelligent recommendation. First, we
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propose a cross-media multi-aspect correlation method to connect fragmented travel
information. Second, we mine typical travel route from travelogues and make intelli-
gent recommendation based on the sequential pattern mining. Finally, we implement
cross-media relevance information based on the similarity between the reviews and the
image contexts. We conduct experiments over a dataset of eight domestic popular
scenic spots, which is collected from Dazhongdianping1 and Mafengwo2. The results
indicate that our approach makes a fine-grained characterization for the scenic spots
and the extracted travel routes can meet different users’ needs.

2 Related Work

Recently, the application of crowd intelligence has become more and more widely,
including event discovery and characterization, business intelligence, activity recom-
mendation, and so on. Especially in the domain of tourism, a large number of users
contribute rich information via social media, which has become one of the issues of
concern to researchers.

In general, tourism knowledge mining can be divided into two aspects, mining rich
tourism knowledge from the massive social network and travel recommendation.
Currently, the research about the rich tourism knowledge mining is mostly based on the
traditional MDS theory. Lin et al. [17] leveraged position, term frequency and scheme
to extract summarization. Wan et al. [18] improved the graph-ranking algorithm by
different intra-document and inter-document links between sentences. The clustering
approach has been incorporated in the graph model to better evaluate sentences [19]. Li
et al. [9] used a structural SVM to learn for sentences selection. However, they just give
some general descriptions as a whole while not from different aspects. For travel
recommendation, feature mining has recently attracted increasing attention. These
approaches [15] normally apply some constraints on high-frequency noun phrases to
identify product aspects. As a result, they usually produce too many non-aspects and
miss low-frequency aspects [6]. In addition, feature-based approaches require the
manual tuning of various parameters which makes them hard to port to other datasets.
Besides, probabilistic topic models, e.g., PLSA and LDA, which have been success-
fully applied to a variety of text mining tasks, owing to their powerful capability of
discovering topics from texts and representative documents in a low-dimensional space
spanned by the topics. However, to the best of our knowledge, existing models do not
consider or address the limitation of short reviews and travelogue data.

In order to better meet the needs of different users, the method we propose supports
both rich tourism knowledge mining and intelligent travel recommendation from
complementary social networks.

1 http://www.dianping.com/.
2 http://www.mafengwo.cn/.
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3 Problem Formulation

The aim of CrowdTravel is to attain fine-grained characterization for the scenic spots
and make intelligent recommendation. The input of it (see Fig. 1) is a collection of
reviews, travelogues and scene words P ¼ fR; T ;Ng related to the same scenic spot. R
means pieces of reviews. T ¼ fC; Ig represents the travelogues uploaded by the
travelers, where I denotes the images and C means the contexts location adjacent to the
images in the travelogues. Besides, N denotes the name of all the main scenes of the
scenic spot. The output is informative scene-feature characterizations and representa-
tive images regarding the scenes of each scenic spot, which is in the order of the
recommended popular travel route.

4 The System Framework

Our system contains the following four components: (1) Text pre-processing proce-
dure. We select sentences with at least one scene word and high entropy, which can
obtain the important and significant sentences. (2) Multi-aspect tourism information
perception. We discover multiple textual features for each scene of the scenic spot from
the informative review sentences and the collection of scene words. (3) Intelligent
travel route recommendation. We extract a travel route from each travelogue, and
finally get the most popular one. (4) Cross-media information association. Through the
contexts nearest the images and the similarity between the scene sentences and con-
texts, we vote to select the representative images associated to the corresponding
scene-feature characterization.

Fig. 1. The CrowdTravel system framework
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4.1 Text Pre-processing Procedure

For the text pre-processing procedure, we firstly build individual vocabulary dictionary
V for each scenic spot by segmenting Chinese words using FudanNLP3 package from
all reviews R. We filter stop words, meaningless words, time and numeric words. We
give a premise that the information about the scenic spot is uniformly distributed over
the review dataset. Besides, it is well-known that the information entropy can reflect
that the average amount of information it brings when you know the result of a
stochastic event. So we calculate the entropy for each word w as formulated in Eq. (1):

HðwÞ ¼ �pðwÞ log pðwÞ ð1Þ

Where pðwÞ ¼ tf ðw;RÞP
w0

tf ðw0;RÞ denotes the probability of word w in review sentence set R

and tf denotes the term frequency for word w. The entropy of each sentence s with at
least one scene word in R can be calculated as summation of entropy for each word wk

in s as Eq. (2):

HðsÞ ¼
X

k

HðwkÞ ð2Þ

Therefore, we select the significant sentences with high entropy as Eq. (3):

S ¼ fs jHðsÞ[ eg ð3Þ

where e is the threshold value for sentences selection and S is the selected informative
sentence set from reviews R.

4.2 Multi-aspect Tourism Information Perception

Feature characterization mining suffers from large valiance of noisy sentences and
various expressions. To deal with these difficulties, we propose a novel incremental
learning method.

Given all sentences S, the set of all the main scenes in a scenic spot P and a couple
of sentences Sn ¼ fsigNi¼1 2 S of one scene n, we aim to extract feature words for this
scene. These feature words including nouns and adjectives should be able to well
describe the scene.

We resort to two assumptions [10] and propose a greedy strategy which is simple
but effective to solve the problem. In reality, for each scene in a scenic spot, only a
small set of words are salient and valuable. Therefore, we perform a pre-filtering step to
obtain the words WF with large values of Fðwi; SnÞ, where Fðwi; SnÞ is the constraint
between pðwi j SnÞ and pðwi j SÞ, as formulated in Eq. (4).

3 http://nlp.fudan.edu.cn/.
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Fðwi; SnÞ ¼ f ðxÞ; x ¼ pðwi j SnÞ � pðwi j SÞ[ 0 ð4Þ

Where we introduce the increasing logistic function f ðxÞ ¼ 1
1þ e�x. This can reduce

the computational cost to favor the feature words extraction. For feature word
extraction, we first select the word w 2 WF with largest value of Fðw; SnÞ and then
choose the next word wi from WFnW� by solving argmax

wi
uðwiÞ. The feature words set

is updated by W� ¼ W� [ wif g and obtained until WF ¼ £. The whole procedure for
feature words extraction is summarized in Algorithm 1. In the incremental learning
procedure, when a feature is augmented by adding a new sentence it is not necessary to
process all the words of the scene. Instead, we only need to update the feature words set
based on the previous one, which can largely reduce the computational complexity of
feature mining.

4.3 Intelligent Travel Route Recommendation

The travel route is the route that tourists followed in the scenic spot. If a large number
of tourists choose the same travel route, this route can be regarded as recommending
information for users. The contexts and images are organized in travelogues as the
user’s writing order, which can also be considered as the user’s travel route in most
cases.

Different from association rule mining, which can mine frequent item sets. The
inputs and outputs for this step are orderly, and sequential pattern mining can get
frequent sequences or sub sequences from the discrete data sets. Therefore, this paper
improves the traditional sequential pattern mining algorithm according to the real
needs, and the procedure is shown in Algorithm 2:
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Where FMðN; aÞ discovers a travel route from travelogue a by using fuzzy
matching algorithm according to the collection of scene words set N. And JudgeðcÞ
return True if there is no duplicate scenes and the number of scenes is greater than or
equal to the one third of the total number of scenes. This is to ensure that the route
extracted from travelogues is completely enough. supportðnÞ denotes the degree of
support and min sup indicates the minimum support threshold. GCðLk�1Þ generates
new candidates by using the pruning and connection operation according to the Lk�1.

4.4 Cross-Media Information Relevance

According to our observation, people usually give some simple textual description C
location adjacent to the uploaded image I in the travelogue. Therefore, we can build the
text to image association through the extracted scene-feature characterization sentences
and the textual description about the image in travelogue. We use a majority voting
scheme to select the correlated images to the scene n. The detail process is as follows:

Image Clustering. We first extract image I which contains some description context
cI in the travelogue to formulate the image set IP and context CP about the scenic spot
P. Then we apply spectral clustering to group IP into visually diverse clusters LP ¼
fl1; l2; . . .; l lj jg based on the visual content feature vector. Hence we labeled the cor-
responding li to each context cI whose adjacent image I is clustered to li.

Image Cluster Voting. For each sentence s in Sn, we look for the most similar context
sentences CI from CP according to the cosines theory. Then we vote to decide the
potentially associated image cluster La based on the similar context label. The algo-
rithm is shown in Algorithm 3.
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Until now, we get the associated scene-feature characterization image cluster label
La for each scene. Then we select the representative images for each scene-feature
characterization via the affinity propagation method [8] from image cluster La.

5 Experiments

We conduct extensive experiments to evaluate the effectiveness and usefulness of the
proposed methods.

5.1 The Dataset and Experimental Settings

We construct the dataset by choosing 8 domestic well-known scenic spots. Our dataset
was collected by crawling reviews from Dazhongdianping and travelogues from
Mafengwo. We use each scenic spot’s name as the search word and all queried reviews
and travelogues are collected together with their associated information. The statistics
information are shown in Table 1.

The character of reviews from Dazhongdianping is that each piece of review is
short and may include only 2 or 3 sentences which depict some scene-feature char-
acterizations about the scenic spot and lacks visual images. Comparatively, the trav-
elogues from Mafengwo are less informative and noisy in opinions but more abundant
in high-quality images and corresponding contexts. For each scenic spot, we initially
get an average of 2100 reviews and 3100 travelogues. A pre-filtering process is per-
formed on the dataset to remove duplicate reviews, images and travelogues which are
not related to the scenic spot, etc. We also restrict to images that they should have
completely associated textual contexts. After pre-processing, the dataset for each scenic
spot contains around 1800 reviews and 2000 images with the surrounding contexts.

To represent the image content, we extract five types of visual features to form an
809-dimension vector for each image, including 81-dimension color moment,
37-dimension edge histogram, 120-dimension wavelet texture feature, 59-dimension
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LBP feature and 512-dimension GIST feature [14]. Based on experiment, the tradeoff
parameter k in Algorithm 2 is empirically set to 0.6. We extract the top 6 feature words
to represent each scene.

5.2 Performance Evaluation

Figure 2 shows the official travel routes of The Summer Palace on Mafengwo, which
are simply based on the location information and it is hard for users to make the best
decision. In reality, the route that most people choose is the most popular and most
reasonable, which can be the reference information for users. In this paper, we mine
popular travel route from travelogues and make an intelligent recommendation based
on the sequential pattern mining.

In addition, compared with the traditional research of single data source, the
method proposed in this paper depicts the scenes from multiple aspects. Our approach
makes good use of multi-source data fusion to visualize the combination of
scene-feature characterization. The accuracy rate of scenes and images correlation is
shown in Table 2, and the average accuracy rate reached 87.5 %.

Table 1. The experimental dataset

Scenic spot The
Summer
Palace

The
Forbidden
City

Lijiang Zhangjiajie Jiuzhai
Valley

Tang
Paradise

Lushan
Mountain

Mount
Huangshan

Scenes 20 10 15 15 12 15 10 12

Reviews 6415 5256 1543 1116 1102 1023 588 443
Travelogues 2504 1775 4511 3024 4021 412 2018 2860

Fig. 2. Official travel routes to the Summer Palace

Table 2. The accuracy rate of scenes and images correlation

Scenic
spot

The
Summer
Palace

The
Forbidden
City

Lijiang Zhangjiajie Jiuzhai
Valley

Tang
Paradise

Lushan
Mountain

Mount
Huangshan

Accuracy 85.0 % 84.4 % 90.0 % 92.5 % 91.7 % 82.5 % 81.3 % 91.7 %
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Figure 3 shows the scenes with feature words and exemplary images of The
Forbidden City in Beijing and Tang Paradise in Xi’an detected by our approach. The
Forbidden City with a large number of crowdsourced data is one of the most popular
scenic spot in China, and it can be used to verify the correctness of our method. Tang
Paradise is a relatively niche scenic spot, which is poor in official information, and we
can leverage the rich crowdsourced data to demonstrate the practical effect of
CrowdTravel.

We conduct a small-scale user study to evaluate the effectiveness of the proposed
method and user experience of the novel visualization form. Three criteria are con-
sidered:(1) consistency, the level of consistency between the visual content and
scene-feature characterization (0: Not consistent, 5: Very consistent); (2) relatedness,
the extent that the mined features related to the scene (0: Not related, 5: Very related);
and (3) satisfaction, how satisfactory are our framework (0: Not satisfied, 5: Very
satisfied) We recruited 25 participants for the user study. The results are averaged over
all participants for each scene-feature characterization, as shown in Fig. 4. It is obvious
that the participants have given positive feedback to the novel visual scene-feature
characterization scheme, which further validates the potential of our framework in
advanced travel exploration and related applications.

Fig. 3. Scenic spot profiling and recommendation
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6 Conclusion

In this paper, we present a system of multi-aspect information perception and intelli-
gent recommendation for travel by leveraging the multi-source social media data.
A cross-media multi-aspect correlation method is introduced to connect fragmented
travel information and sequential pattern mining method for popular travel route
mining. The mined feature words and corresponding images formulate the scene-
feature characterization to generate travel information perception and intelligent rec-
ommendation, which help understand the scenic spot better from various perspectives.
Based on a large collection of reviews and travelogues, experimental results show the
effectiveness of the proposed methods.

As for the future work, we plan to take full advantage of the content of images to
improve the performance of image selection and user experience. Besides, it is an
interesting direction to take various granularity levels of locations into consideration, so
as to better meet application needs.
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of China (No. 2015CB352400), the National Natural Science Foundation of China (No. 6133
2005, 61373119).
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Abstract. Automatically linking faces in Web videos with their names scattered
in the surrounding text (e.g., the user generated title and tags) is an important task
for many applications. Traditionally, this task is accomplished either by jointly
exploring visual-textual consistency under constraints, or by leveraging external
resources, e.g., public facial images. This paper follows the second paradigm and
implements the name-face association by matching faces appearing in Web
videos with carefully collected Web facial images. Specially, given a Web video,
we first identify the relevant and discriminative tags from its surrounding text.
The tags are defined as Contextual Tags (CTags) as they roughly give the semantic
context of the video (e.g., who are doing what at when and where). Then, facial
images are retrieved by issuing a commercial search engine using the assembled
text queries, where each query contains a detected name and one of the top CTags.
By doing this, we crawl facial images that are highly relevant to the person in the
video context, and thus the task of name-face association can be simply imple‐
mented by matching faces. Compared with traditional methods, our novelty lies
in the exploration of both visual content of the video and crowdsourced text of
the context that aims to find more specific facial images from the Web to facilitate
the association. Experimental results on real-world Web videos containing faces
and celebrity names show that the proposed method outperforms several existing
methods in performance.

Keywords: Web video · Name-face association · Celebrity image · Contextual
tag · Image matching

1 Introduction

Face recognition has received considerable attention from both industry and academia
over the past several decades. Despite numerous progresses made, automatically recog‐
nizing faces under unconstrained capturing conditions nevertheless remains a highly
challenging problem, as the faces often appear with large variations in pose, illumina‐
tion, facial expression, etc. However, with the explosive growth of people-related video
services and activities on the Web nowadays, it becomes an urgent demand to develop
techniques that could distinguish people in Web videos, at least for those famous ones,
i.e., celebrities.
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Name-face association is generally regarded as a feasible methodology towards
recognizing faces appearing in Web videos. It utilizes surrounding text (e.g., the user
generated title and tags) of a video to assist the recognition and can be viewed as the
following challenge [1, 2]: given a video with face (track) and name responses, auto‐
matically establish the one-to-one alignment between the face and name, where a face
can associate with at most one name, or none if no corresponding name is found (i.e.,
null assignment), and a name can be assigned to at most one face in a frame.

In the literature, the name-face association is mostly investigated using a two-step
pipeline. First, every face detected from a video is weakly associated with every name
found in its surrounding text. Then, a refinement is conducted to remove false matches.
Several refinements are proposed for images or videos from different domains with
various available clues [3–8]. For example, in Graph-based Association (GA) intro‐
duced by Guillaumin et al. [5], all faces detected from a News image collection are
modeled as a graph and the refinement is determined based upon the jointly visual-
textual consistency between faces and names under constraints like the one-to-one
assignment. Another idea is utilizing external resources such as online facial images for
disambiguation. In [3], celebrity images freely available online are crawled from the
Web for automatically face model learning. Then the refinement is carried out in a kNN
manner. While in [7], the authors proposed the Image Matching (IM) method that
performs name-face association by matching a face detected from a video to a celebrity
whose facial images are most similar to it, and the facial images are obtained by using
celebrity names as queries to issue Google Image Search. Experimental results show
that for faces detected from Web videos which often suffer from low-resolution and even
larger visual variations, IM performs better than the well-established GA method in
general.

The IM method, despite straightforward, has a disadvantage that it heavily depends
on the quality of top searched Web images. In other words, it performs well if there are
faces in the top ranked images quite similar to faces detected from the Web video being
associated, otherwise it may perform poorly. In [7], the authors use celebrity names
purely as queries to retrieve images, which does not sound to be an ideal strategy for
two reasons. First, top ranked images retrieved by a celebrity name are representative
images of the celebrity covering a wide range of his/her activities. They are relevant to
the celebrity rather than his/her appearance in a video. There is no guarantee that the
face of a celebrity from a specific video would be well modeled by his/her top ranked
facial images. Figure 1 (a) shows an example, where the top ranked images retrieved by
“Lady Gaga” are presented. It is seen that their faces are diverse. Second, there are
celebrities sharing the same name. For example, Jana Krause is the name of both a Czech
TV host1 and a Germany handball player. Figure 1 (b) gives the top ranked images
searched by “Jana Krause”, which is ambiguous. However, in case that given a video
about “Lady Gaga Poker face”, if we could derive that the video is related to Lady Gaga
(name) and Poker Face (context) in advance by visual and textual analysis, we thus
could generate a query composed of the two terms to issue Google. The returned images

1 In fact, his true name is Jan Kraus. He is recognized as Jana Krause since he is known as the
host of a famous TV show named Jana Krause.
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are given in Fig. 1 (c), which are obviously more focused and relevant compared with
Fig. 1 (a). Similarly, Fig. 1 (d) shows the images retrieved using “Jana Krause Show”,
which are clearly pointed to the Czech TV host. Consequently, if context of the video
could obtain to some extent, we could generate carefully-assembled text queries instead
of celebrity names solely. Thus more relevant facial images are likely to be retrieved
from the huge Web resources.

Fig. 1. Top ranked facial images returned from Google Image Search using different queries. (a)
Lady Gaga. (b) Jana Krause. (c) Lady Gaga Poker Face. (d) Jana Krause show.

Motivated by this observation, we propose the Context-Oriented Image Matching
(COIM) method to implement the task of name-face association. Given a Web video
containing face and name responses, the COIM method can be viewed as a three-step
pipeline. First, Contextual Tags (CTags) that roughly depict who are doing what at where
and when for the video is identified, where tag relevance with respect to the video, tag
clarity and tag correlation are jointly evaluated. Then, several relevant and discrimina‐
tive queries in the form of <CTag, celebrity name> are picked out and are used to retrieve
facial images, which are expected to be highly similar to the celebrities’ appearance in
the video. Thirdly, with the facial images, the task of name-face association is carried
out in an image matching manner, i.e., a face from the video is matched with the sets of
celebrities’ Web facial image one-by-one, and roughly classified as the celebrity whose
facial image set are most similar to it. The AT pipeline proposed in [7] is also applied
to make sure the name-face assignment is one-to-one, and set the low confident assign‐
ments to null assignments. Compared with existing studies such as GA and IM, our
novelty is the use of social tag analysis to assist the association, which is an active field
with plentiful research output [9–14] but rare connection with the task of name-face
association. We carry out experiments on ten people-related topics with hundreds of
real-world Web videos containing faces and celebrity names. It is shown that the
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proposed COIM method outperforms several existing methods, where 4.8%~12.9% and
11.2%~13.9% performance gains in terms of FA and FP are observed when compared
with the baselines.

2 Context-Oriented Name-Face Association

In this section, we elaborate the proposed COIM method in detail. It consists of three
modules: CTag determination, query construction, and image matching based name-
face association. Given a web video, the first module is employed to identify the CTags
that roughly describe the video. Then, queries in the form of <CTag, celebrity name>
are generated based on tag relevance and their co-occurrence characteristics. In the last
module, top ranked facial images are retrieved using these queries and the task of name-
face association is carried out in an image matching manner.

2.1 CTag Determination

Given a Web video vq with faces  q =
{

f
q

0 , f
q

1 ,… , f q
n

}
 and tags  q =

{
t
q

0, t
q

1,… , tq
m

}
,

where the faces are detected from keyframes by commercial software developed by the
IS’vision company2, and the tags are found in surrounding text and are resolved by
employing the Wiki-based tag identification method [15]. Using this method, an iden‐
tified tag is composed of one to several successive words forming a definite meaning,
e.g., Britain’s Got Talent. Besides, name tags are also recognized in this process by
checking the tags’ Wikipedia pages.

With the tags, the CTag determination aims at picking out the informative and rele‐
vant ones with respect to vq. We thus adopt the multiple tag property exploration
(mTagPE) method [16] to implement the task. In mTagPE, the visual duplicate analysis
is performed firstly. It utilizes content redundancy in social video platforms to collect a
set of videos duplicated with vq, as well as their associated tags [9, 10]. These videos
and tags, defined as #

q
 and  #

q
 respectively, construct a neighborhood for vq. Then for

each tag ti ∈  #
q

, tag relevance, tag clarity and tag correlation, which describe tag prop‐
erties from different but complementary aspects, are separately formulated and meas‐
ured. In the following, a tag relation graph is built with tag relevance and clarity as the
node intensity and tag correlation as the edge weight. A random walk process is thus
applied to fuse the properties and produce a final relevance score representing how good
the tag serves as a contextual tag. Readers are referred to [16] for more details about the
mTagPE method. The final relevance score of tag ti outputted from the method is denoted
as Srd

(
ti, vq

)
 in this paper.

2 http://www.isvision.com/cn/index.
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2.2 Query Construction

Generally, tags with the highest Srd

(
ti, vq

)
 are the most informative tags with respect to

a video vq. They are usually names, locations, and other kinds of name entities. With
several of them, context of the video could be largely determined. Assuming there are
t name tags found by the mTagPE method. Thus, a straightforward strategy for query
construction is building a text query for each name, where the query is formed by the
name and other top scored contextual tags (name tags are excluded in advance). This
kind of queries describes the video well. However, it is practically not a wise choice for
Web facial image crawling, as the query is usually too concrete and strict. Using it in
Google Image Search or other commercial search engines, the returned images are
mostly duplicate images, or some of them are faces of other people related to the context.
This is because the query consists of several tags thus the name tag is not a dominating
factor. The search engine tends to misunderstand the intention behind query and return
faces related to the context mainly.

To address this problem, we propose to construct the query using two tags, i.e., one
name tag and one contextual tag that best fits the name. We believe this kind of combi‐
nation could pick out a reasonable number of different facial images not only belonging
to the name searched but also related to the video. Thus, an issue arises naturally: How
to select a contextual tag that best fits a given name? Intuitively, the tag should be
discriminative and highly relevant to the video, and it together with the name should
eliminate the uncertainty of the images to be searched as much as possible. We thus
propose to identify the appropriate tag according to two properties, i.e., tag relevance
that has been well modeled by the Srd

(
ti, vq

)
 previously, and tag co-occurrence charac‐

teristics. More specifically, the tag should be strongly related to the name within the
context, but is loosely related to the name beyond the context. This property, denoted
as Stc

(
ti, nj, vq

)
, is thus modeled as

Stc

(
ti, nj, vq

)
=

|
|
|


q

ti

⋂


q

nj

|
|
|

|
|
|


q

ti

|
|
|

+ 1 −

|
|
|
ti

⋂
nj

|
|
|

|
|
|
ti

|
|
|

(1)

where 
q

ti

⊆ #
q
 is the set of videos in the neighborhood of vq that simultaneously

contain tag ti. || is the cardinality of set . ti
 is the set of videos with tag ti found in

surrounding text in corpus , which is a large and independent video repository for stable
tag occurrence calculation. Here we use the MCG-WEBV [17] as the corpus. A tag with
large co-occurrence in the neighborhood and small co-occurrence in corpus  with name
nj will have a large Stc

(
ti, nj, vq

)
 score. Note that we do not calculate the Stc

(
ti, nj, vq

)

scores for all tags in  #
q

. In practice only top T tags with the highest Srd

(
ti, vq

)
 (name tags

are excluded) are calculated, where T is empirically set as 3.
Based on the two measurements above, the recommendation score of a tag ti with

respect to name nj and video vq, denoted as Sr

(
ti, nj, vq

)
, is given by
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Sr

(
ti, nj, vq

)
= α ⋅ S̄rd

(
ti, vq

)
+ (1 − α) ⋅ S̄tc

(
ti, nj, vq

)
(2)

where S̄rd, S̄tc ∈ [0, 1] are the normalized Srd and Stc, respectively. 𝛼∈[0, 1] is a weight
that linearly fuses the two terms. For each name nj, the tag ti with the highest Sr

(
ti, nj, vq

)

is selected to formulate the query for name nj, i.e.,<ti, nj>.

2.3 Image Matching Based Name-Face Association

With the determined queries  =
{
< t1, n1 >,⋯ ,< t

𝜏
, n

𝜏
>

}
, where 𝜏 is the number of

names found in  #
q

, 𝜏 sets of facial images, each corresponds to a name, can be retrieved
by issuing Google Image Search using the queries. Faces detected from the sets of Web
images, denoted as   =

{
  i,… ,  𝜏

}
, can be viewed as the gallery sets of the

names. Therefore, for each face f
q

i
 detected from vq, it could be classified as one of the

names in  #
q

, or none of them, according to the similarity between the video face and
the image faces belonging to the names, in which the similarity between face f

q

i
 and

name nj is computed by

simiij = min1≤t≤Ke
−

d2(f
q

i
, f

j

t
)

𝜎
(3)

where f
q

i
 is the feature vector of the i-th face in video vq, and f

j

t
 is the feature vector for

of the t-th face in   j. d(⋅, ⋅) calculates the Euclidean distance between vectors. σ is the
heat kernel parameter.

With the similarities computed by Eq. (3), face f q

i
 could not be simply named as the

name with the highest simiij currently, as two situations have not taken into accounts:
(1) null assignments correspond to faces not belonging to any of the names, which is
common for Web videos; and (2) the constraint of one-to-one assignment that prohibits
the possibility of assigning multiple faces in a frame to the same name, which is not in
accordance with the common sense.

To avoid the two cases, the AT pipeline proposed in [7] is employed. The pipeline
first employs an Assigning step that constructs a bipartite graph with names and faces
as nodes on two sides, and applies the Hungarian algorithm to make sure the name-face
correspondences are one-to-one. Then, a Thresholding step, which introduces a prede‐
fined threshold, is applied to remove the low confident matched name-face pairs, i.e.,
force them null assigned. More details of the AT pipeline are given in [7]. After the AT
pipeline, the obtained name-face pairs (including null assigned faces) constitute the
results of name-face association.
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3 Experiments

3.1 Dataset and Experimental Setup

To evaluate our COIM method, we construct a dataset of celebrity faces and names as
follows. First, the WebV-Cele dataset [2] are employed as the repository, which consists
of 75,073 hot YouTube videos crawled from Dec. 2008 to Feb. 2009, covering 2,427
celebrities and 649,001 faces. As we would like to collect videos containing multiple
celebrities, ten topics occurring at this period are selected in terms of their popularity,
facial appearance and the number of involved celebrities. Moreover, in order to verify
the pros and cons of our method, there are topics about the same celebrity in different
activities.

Descriptions of the topics, which are listed in Table 1, are used as queries to issue
the index file built on top of surrounding text of the 75,073 videos. As a result, ten result
lists are generated, each corresponding to a topic. We pick out the top 100 videos from
each list. The videos are labeled as “relevant” or “irrelevant” one-by-one by an experi‐
enced assessor, where “relevant” means the video having at least one clip visually
described the actual topic and also having face responses in WebV-Cele. The number
of relevant videos, as well as the average number of faces and names found in the relevant
videos of the ten topics is also listed in Table 1. The dataset finally consists of 351 videos.
There are 13.3 faces and 2.2 names per video on average.

Table 1. Statistics on the selected ten topics

TID Topic description Time #Video #Face #Name
1 Bush was attacked by shoes in Iraq 200811 56 11.5 2.2
2 Barack Obama’s inauguration speech 200901 23 10.8 1.8
3 Amada Holden in Britain’s Got Talent 200904 50 15.7 2.3
4 Susan Boyle’s show in Britain’s Got Talent 200904 73 14.7 2.7
5 Jim Carrey & Jenny McCarthy on Larry King Live 200908 14 27.7 3.0
6 Jonas Brothers on Larry King Live 200906 21 29.3 2.7
7 Lady Gaga Poker Face 200902 49 5.2 1.7
8 Lady Gaga on the Ellen DeGeneres Show 200905 22 14.8 2.6
9 Miley Cyrus’s MTV – Fly on the Wall 200812 26 6.8 1.7

10 Kristen Stewart & Robert Pattinson on Movie
Awards

200906 17 9.1 2.9

Total 351 13.3 2.2

In the experiments, we run the 351 videos one-by-one, using our method and
compared baseline methods. Each face appearing in these videos is assigned with a name
presented in its neighborhood (e.g.,  #

q
), or none of them. Three metrics measured the

performance of name-face association at the face level, namely Face Accuracy (FA),
Face Precision (FP) and Face Recall (FR) are adopted for evaluation, where FA calcu‐
lates the fraction of correctly associated faces (including null assigned faces) over all
the detected faces. FP is the same as FA, except that null assignments are not included
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for evaluation. FR is the fraction of correctly associated faces over all the labeled celeb‐
rity faces. As for the facial feature, we use the 1937-dimensional feature vector extracted
from 13 facial regions [18].

3.2 Evaluations

In this section, sensibility analysis of the parameters is performed first to determine the
optimal configuration of both COIM and IM methods. Then, the COIM method is
compared with two baselines, i.e., the IM method and the GA method.

Parameter Sensibility Analysis. There are two types of parameters that affect the
performance of the image matching based methods, i.e., the parameter K in Eq. (3), and
the parameters 𝛼 in Eq. (2).

We first fix the 𝛼 = 0.5 and analyze the influence of parameter K, which quantifies
how many faces in top searched celebrity images are involved for evaluation. For both
COIM and IM methods, the parameter is set to different numbers (maximal 64) and
results are listed in Table 2. To make a fair comparison, we adjust thresholds such that
the methods all have an FR around 0.5.

Table 2. FPs and FAs of COIM and IM for different K at an FR around 0.5

K = 10 K = 20 K = 30 K = 64
FA IM 0.5911 0.609 0.6134 0.6157

COIM 0.6603 0.6937 0.6792 0.6595
FP IM 0.6475 0.6786 0.6946 0.7004

COIM 0.7155 0.7754 0.7587 0.7380

As can be seen, the performance steadily improves with the increase of K for IM,
showing that IM benefits from more Web image faces. In contrast, the performance
experiences a first growth and then a decline for COIM. It implies that the tailored
designed queries indeed collect facial images that are highly relevant to the celebrities’
appearance in the video, especially for the top searched ones. On the other hand, the
decline process can be explained as that there are only a reasonable number of relevant
facial images. Expanding the query words is likely to confuse the query intention to
some extent and results in noisy images, which also explains the reasonable of using
two rather than more tags to construct the queries.

We then investigate parameter 𝛼 that balances the contribution of tag relevance and
tag co-occurrence. For simplicity, we range 𝛼 from 0 to 1.0 with an increasing step of
0.1. Table 3 gives the results. It is seen that the optimal performance is achieved when
setting α = 0.6, showing that the tag relevance plays a more important role in the query
construction. Moreover, it is also show that the combination of the two properties can
generate better performance when compared with the results of considering the two
properties individually (i.e., 𝛼 = 0 or 𝛼 = 1.0), indicating the merit of multiple tag prop‐
erty fusion. Drawing from the observations, we set K = 64 for IM, and fix K = 20 and
𝛼 = 0.6 for our COIM method in the following evaluations.
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Table 3. Performance of the COIM method w.r.t parameter 𝛼 at an FR around 0.5

𝛼 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
FA 0.605 0.641 0.665 0.679 0.686 0.694 0.701 0.695 0.682 0.663 0.648
FP 0.688 0.703 0.734 0.749 0.765 0.775 0.785 0.780 0.760 0.742 0.732

Name-Face Association. To evaluate the performance in name-face association, our
COIM method and two baselines, i.e., the IM method [7] and the GA method [5], are
tested against the 351 videos. The performance is listed in Table 4, where the results
with FRs around 0.2, 0.5 and 0.8 are given, representing typical applications of high,
middle and low FAs, respectively. The main observations are:

Table 4. The overall performance of different methods on the 351 videos

FA FP
FR = 0.2 FR = 0.5 FR = 0.8 FR = 0.2 FR = 0.5 FR = 0.8

GA 0.5814 0.6204 0.5660 0.8325 0.6895 0.4986
IM 0.5828 0.6224 0.5749 0.8578 0.7087 0.5195
COIM 0.6106 0.7006 0.6324 0.9283 0.7850 0.5542

• IM performs slightly better than GA, which again demonstrates that leveraging
external resources is a promising direction for improving the performance of name-
face association. Moreover, the IM based methods have the merit that it does not rely
on large number of faces and names to model the visual-textual consistency.

• COIM performs better than IM across different FRs, where 4.8%~12.6% improve‐
ment gains in terms of FA, and 6.7%~10.8% improvement gains in terms of FP are
obtained compared with IM, showing that COIM is indeed beneficial from the facial
images crawled by tailored designed queries with contextual information.

• As FR increases, FA experiences a growth and followed by a decline process. This
is attributed to the influence of null assignments. When FR is low, a majority of
celebrity faces are wrongly null assigned because of the rigorous set threshold. The
error is gradually rectified with the growth of FR. However, when FR is high, it raises
another problem that many unknown faces are also assigned with names.

We further present the FAs and FPs of our COIM method at an FR around 0.5 on
the ten topics in Table 5. As can be seen, the performance varies greatly among different
topics. For example, topic 5 and 8 are mainly about interviews. The detected faces are
usually large and clear. Matching between images is thus easy to implement. In contrast,
COIM performs poorly for topic 7 and 9, whose faces are captured from MTV with
motion blur, occlusions, heavily makeup, etc, making the extracted facial feature rela‐
tively noisy. Interestingly, topic 6 is also about an interview but their performance is not
as good as topic 5 and 8. This is because on one hand, Jonas Brothers is a group of three
persons looked similar. On the other hand, the searched facial images of one of them
often mix with the others, making the association unreliable.
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Table 5. Performance of the COIM method on the ten topics at an FR around 0.5

TID FA FP TID FA FP TID FA FP
1 0.7214 0.8255 5 0.7599 0.8604 9 0.6637 0.7096
2 0.6865 0.8102 6 0.6178 0.6570 10 0.6773 0.7324
3 0.7360 0.8434 7 0.6243 0.7074
4 0.7262 0.8368 8 0.7926 0.8673 mean 0.7006 0.7850

4 Conclusion

In this paper we have proposed the COIM method for automatically associating faces
detected from Web videos with their names. Our novelty lies in the use of highly similar
Web facial images to implement the association, where queries concisely describing
celebrities in a specific video are derived and used to crawl the face images. Conse‐
quently, the task of name-face association is better implemented within the image
matching framework. The experiments conducted on ten people-related topics basically
validate our proposal, from which remarkable performance improvement are observed
when compared with the GA and IM methods. While the overall performance of the
COIM is promising, we observe that advanced facial feature representations such as
DeepFace [18] are proposed recently. Thus, we are also interested in investigating the
effectiveness of applying such representations to the COIM method in the near future.
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Abstract. In this paper, we introduce an interesting but challenging problem:
how to infer social media personality from portrait. To address this problem, we
jointly consider social media content and behavior information. Specifically,
first, we represent social media personality as a reflection in accordance with
user behaviors in social media. Second, by means of clustering, people are
divided into eight groups and labeled with different personality types. Upon
regression analysis, discriminative visual attributes for personality classification
are determined. Third, low-level features of selected visual attributes are trained
to predict personality from given portrait. To evaluate the proposed method, we
collect images of people from the internet and the behaviors of these people
from their micro-blog. Comprehensive experiments demonstrate that the pro-
posed method can achieve significant performance gain over the existing
method.

Keywords: Social media � Personality � Visual attribute � Portrait

1 Introduction

With rapid increasing of social media, we expose ourselves more and more by means of
multimedia. By examining these data, psychologists could infer personality and deduce
appearance, age, education, occupation, and even living habits of people. This judg-
ment is based on the fact that our behaviors are decided by personality, which also
impacts on our life, career and appearance. For example, people who smile more have
deep nasolabial folds, and serious people prefer sagging their mouth. Therefore, con-
nections exist between social media activities and appearance. To evident, in social
media, people who always post selfies are usually dressed up and fancy wearing. As a
contrast, people with frequent posts of technical news, almost fixed their appearance by
a simple figure, e.g., Jobs. What’s more, in case of data mining, it is difficult to
determine initial values in the absence of empirical or historical information. By
connecting behavior information with appearance, people could estimate it properly if
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E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 640–649, 2016.
DOI: 10.1007/978-3-319-48896-7_63



given a photo. Thus, learning how to predict human personalities from portraits is
important.

More recently, some works investigated connections between multimedia and
personality from psychological perspective [1–4]. Machajdik et al. [1] studied inferring
affections from multimedia and exploited theoretical and empirical concepts from
psychology and art theory to extract and combine low-level features that represent the
emotional content of an image. [2–4] extended potential information embedded in
multimedia to excavate out human personality. As a result, Cristani et al. [2] inferred
one’s personality traits from photo corpus amount of 300 posts as his/her favorite on
Flickr, and Nie’s work [3] studied the perception of profile pictures and visual elements
that can appear in a profile, However, the existing works only considered content
information without behavior information, which contains useful clews correlative to
human personality. While our work considers behavior information in addition to
content information and achieves significant better performance. Moreover, the above
existing methods set the ground truth of personality by introducing psychology
questionnaires participated by human, which leads to a subjective estimation. While in
this work, we define our personality as “social media personality” which is reflected
accordance with human’s social media behaviors. By being given quantitative repre-
sentation of personality, our method become more reasonable and convincible.

Through the above analysis, we propose an interesting problem of how to infer
social media personality from portrait image. To address this problem, we jointly
consider behavior information together with content information. More specifically, we
first incorporate social media content and social media behavior from microblog for
grouping people by social media personality types. Then, visual attributes selection
scheme is performed by using the social media personality types as ground truth.
Finally, prediction model of social media personality for portrait is built by exploring
low-level representation for visual attributes. Experiments are carried out on a chal-
lenging dataset containing microblog information of 1000 public people from 2009 to
2014 and 5000 corresponding portraits from “Google images”. This paper reveals the
existence of connection between visual attributes in human portrait and social media
behaviors. What’s more, it demonstrates it is possible to predict social media behaviors
from portraits.

2 The Method

Our proposed method consists of three key technical components: social media per-
sonality representation by incorporating content and behavior from microblog, visual
attributes selection scheme towards social media personality, and feature extraction for
visual attributes. Next we will present them in details.

2.1 Social Media Personality Representation

In this paper, we define social media personality as the personality reflected accordance
with human’s social media content and behavior. For social media content, we applied
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concepts [5] and emotions detectors [6] on images posted by one user during a rela-
tively long period in social media, and then represented by concepts and emotions
histograms. For social media behavior, we utilized statistical data related to user’s
active period, level of attention (interests), and frequency of posts and forwards.
Table 1 lists detailed description of factors we introduced to represent human’s social
media personality. With these representation, one user is described as a vector with 54
dimensions. Then we use the clustering algorithm to process these data. The clustering
algorithm can divide the people into different groups. Each group of people have
similar behaviors in social media. We use these groups as personality types.

2.2 Visual Attribute Selection

During the process of finding connections between social media personality and portrait
visual attributes, it is important to select proper visual attributes, which are correlative
towards social media personality. Therefore, we explore visual attributes within
human’s portrait as much as possible first, and then by regression analysis, we choose
discriminative attributes on the fact that how it affects the result of distinguishing users
by social media personality.

Figure 1 shows visual attributes concerned in our work. All visual attributes are
labeled manually on 200 portraits, which are downloaded from “Google image” by
using people’s names as search queries. Here we choose public people since it is easy
to obtain his/her representative portrait, what is convincible to express personality.

Table 1. Factors of social media personality representation. Concepts include: animal, baby,
building, commercial advertisement, crowd, dress, entertainment, face, flowers, food, greeting,
handshaking, head and shoulder, maps, mountain, nighttime, oceans, office, old people, outdoor,
person, rainy, river, road, shopping mall, sky, sports, sunny, traffic, and weather. Emotions
include: joy, anticipation, anger, disgust, sadness, surprise, fear, and trust.

Category No. Name Length Short description

Social
media
content

1 Concepts 30 Normalized histogram of concepts. Posted
images are applied through concept detectors,
and 30 concept detectors are adopted in our
paper

2 Emotions 8 Normalized histogram of emotions. Posted
images are applied through emotion
detectors. Eight emotion detectors are
adopted in our paper

Social
media
behavior

3 Active
period

12 Posts (including forwards) are summed on the
fact that they were released during the same
time period, where the whole day is divided
evenly into 12 periods. Values are normalized

4 Level of
attention

2 The mean and standard deviation of attention
numbers on each post. Values are normalized
by fans number

5 Frequency
of posts

2 The mean posts number and forwards number
per day
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Multinomial logistic regression model is introduced for unveiling the correlation
between visual attributes and personality types. Here we simply represent the model as
M_L(V, P), where V is the set containing all visual attributes, and P indicates per-
sonality types as discussed in Sect. 2.1. For each visual attribute vi, we calculate its
contribution value as follows.

Con:ðviÞ ¼ 1� ProbabilityðLikelihood Ratio TestðviÞÞ

¼ 1� Probabilityð�2lnðLikelihoodðM LðV � fvig;PÞÞ
LikelihoodðM LðV ;PÞÞ ÞÞ

where Likelihood Ratio TestðviÞ� v2. The larger contribution value is, the more
important role vi plays. If value larger than 0.995, the corresponding visual attribute is
very relevant to the social media personality. Table 2 shows the results for contribution
value test of each visual attribute. From Table 2, we can find that nine visual attributes
are very relevant to the social media personality, i.e., Hair style, Brow, Eye, Lips, Nose,
Nose mouth lines, Garment, Lips corners and Hue.

Fig. 1. Visual attribute descriptions of portrait.

Table 2. Contribution value test

Visual attribute Contribution value Visual attribute Contribution value

v1: Hair style 1 v7: Accessary 0.938
v2: Brow 0.996 v8: Nose mouth lines 1
v3: Eye 1 v9: Garment 1
v4: Bags under eyes 0.813 v10: Lips corners 0.999
v5: Lips 0.997 v11: Hue 0.999
v6: Nose 0.998 v12: Attraction 0.966
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2.3 Descriptor of Features Towards Social Media Personality

Leading by regression analysis, we design a descriptor considering visual attributes that
affect social media personality. We firstly locate human face using face detection [7]
and then extract the facial part by applying bonding boxes following methods in [8].
All facial regions are normalized into 100 * 80 pixels. We extend the facial region to
both left and right sides by 16 pixels, and upper side by 40 pixels to locate the hair
parts, results in three bounding box regions. Then, we locate the region of apparel 10
pixels below face with size of 200 * 180 pixels. Results are illustrated in Fig. 2(a).

We detect functional regions of face, such as eyebrows, eyes, nose and mouth
manually, only once, and applying to all face images by an automatic labeling system.
However, not all features are helpful to distinguish different personalities. Eye brows,
eyes, nose-mouth regions are selected on the fact that these factors affect personality
classification referring to Sect. 2.2. as shown in Fig. 2(b). And we unified these regions
to 15 * 30 pixels, 20 * 30 pixels and 40 * 80 pixels. Table 3 enumerates features we
extract from each region. Features are aggregated by concatenating together.

Fig. 2. Human regions location. (a) Face, hair and torso region location. (b) Eye brows, eyes,
nose-mouth region location.
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3 Experiments

3.1 Experiment Setup

Experiments are performed in two phases: firstly, people are represented by social
media data and clustered into groups. In this phase, we download social media images
and data referring to user’s behavior of 1000 public people from microblog in the year
from 2009 to 2014. Then, with “social media personality” presentation, people are
clustered by K-means algorithm. Here, K is 8 referring to the selection method in
reference [10]. People and their personality types composed our ground truth listing in
Table 4 with detailed numbers. Secondly, we download portrait images of these people
using “Google image” by searching their names. Usually, we selected images ranked
top five since these are more representative for public people. Thus, there are 5000
portraits labeled with personality types.

For each personality type, we trained a classifier by using portrait images. Our
classifiers are Support Vector Machines with RBF kernels, which been trained using
LibSVM [11]. For each classifier, the sample number we use are between 50 to 250 for
positive samples and 1000 for negative samples.

Table 3. Description of features extracted from human regions.

Category No. Length Short description

Facial
regions

Eye brows 1 19 Mean of image intensity; normalized histogram
of edge orientation; normalized histogram of
edge magnitude

Eyes 2 19 Mean of image intensity; normalized histogram
of edge orientation; normalized histogram of
edge magnitude

Nose-mouth 3 28 Histogram of Gradients (HOG) and Local
Binary Pattern Descriptors (LBP)

Hair regions 4 13 Mean of image intensity; normalized histogram
of edge orientation

Apparel regions 5 22 LBP and Vision based garment descriptor [9]
Background 6 32 HSV Color space

Table 4. Personality types

Type no. A B C D E F G H

People number 257 189 147 113 98 82 70 44
Portrait number 1285 945 735 565 490 410 350 220
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3.2 Results and Analysis

3.2.1 Performance Comparison
We trained a total of eight classifiers to predict social media personality from human
portraits. To compare our features, we adopted the same feature types applied in the
whole image other than in specific regions as the baseline. We use precision/recall and
F1-measure as the evaluation metric. Since the number of negative samples are over 10
times of positive samples, we also give the performance under accuracy metric. Results
are shown in Table 5. From Table 5, we can see that the accuracy of our feature, which
achieves an average accuracy 80.38% on inferring personality type from portraits
images, gain an improvement by 9.36% to the base line method. As shown from the
recall values, our method achieves an average value 81.67%, gain an improvement by
23.26% to the base line method. This demonstrates that our features are definitely
discriminative since our features are extracted from portrait regions correlated to social
media personality while base line features are extracted from the whole image that may
con tains a plenty of noises.

Table 5. Comparison of our method with other method.

Classifier Precision Recall
Our method Baseline Our method Baseline

Type A 71.57% 60.24% 84.44% 75.10%
Type B 68.06% 42.08% 94.50% 56.51%
Type C 53.62% 21.32% 82.59% 78.64%
Type D 35.00% 16.45% 69.38% 53.63%
Type E 14.59% 10.72% 57.76% 21.02%
Type F 25.23% 25.66% 98.29% 85.37%
Type G 45.94% 11.28% 79.14% 28.86%
Type H 20.19% 7.16% 87.27% 68.18%
Average value 41.78% 24.36% 81.67% 58.41%

Classifier F1-measure Accuracy
Our method Baseline Our method Baseline

Type A 77.39% 66.85% 87.38% 80.85%
Type B 79.13% 48.24% 90.58% 77.08%
Type C 65.02% 33.55% 76.14% 54.20%
Type D 46.53% 25.18% 81.98% 63.98%
Type E 23.30% 13.25% 62.72% 75.10%
Type F 40.15% 39.46% 67.92% 78.52%
Type G 58.13% 16.22% 92.02% 79.14%
Type H 32.79% 12.96% 84.26% 59.27%
Average value 52.81% 31.96% 80.38% 71.02%
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3.2.2 Personality Collages
Beyond the quantitative comparisons, we highlight the qualitative performance of our
method in Fig. 3. Figure 3 lists a random selection of portrait images labeled with
personality types a to h corresponding to personality types A to H in Table 4. From
Fig. 3, we can find that people with same personality type usually have similar property
in portraits, e.g., for personality type A, people are always with short hair (83.27%) and
fancy wear (75.09%). While on the other hand, for social media personalities, their
active periods occurred at nighttime (89.49%) and most of them are interested in sports
(67.32%). For personality type B, people are always in formal wear (55.55%) and with
tightened lips (67.20%).

Further, we also have made comprehensive comparison between the behavior data
in microblog and visual attributes in portrait. We find that long term behavior data in
microblog is superior to visual attribute in portrait for social media personality infer-
ring. For example, people in personality D are always detected as A, since both of them
are fancy dressed (87.61%). However, personality D posts more selfies than personality
A. People in personality E and H are falsely classified as B since their visual attributes
are similar but they have big difference in social behaviors.

Fig. 3. Performance demonstration of personality types.
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4 Conclusions and Future Works

In this paper, we address the problem of how to infer social media personality from
portrait image by jointly considering content and behavior information. We firstly
represent social media personality as a reflection in accordance with user behaviors in
social media. Then, people are divided into groups and labeled with different per-
sonality types by clustering. Discriminative visual attributes for personality classifi-
cation are determined. Finally, low-level features of selected visual attributes are
trained to predict personality from given portrait. Comprehensive experiments strongly
demonstrate the effectiveness of our method. Future work will concentrate on features
refine and design [12, 13]. It is also necessary to enlarge dataset by bringing in
information of common people. As a result, more and more valuable information could
be reflected through the lens of multimedia.
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Abstract. With the development of the crowdsourcing technology, it is
introduced to collect fingerprints including images and other sensory data
for constructing location recognition database. However, when abundant
crowdsourced fingerprints with diversified quality evolve, it is necessary
to select high quality fingerprints to decrease the burden of storage
for performing offline location recognition directly on mobile devices.
To address this problem, we propose a fingerprint selection framework,
i.e., Space- Saliency Fingerprint Selection (SSFS), considering both the
space distribution and image quality of the fingerprints. First, for all
the fingerprints corresponding to the same object, we propose the Self-
adaptive Space Clustering (SSC) algorithm to group them into several
clusters for maintaining high diversity of the fingerprint database. Sec-
ond, for every cluster, we propose the Salient Part Feature Detection
(SPFD) algorithm to detect salient parts of images with various dis-
turbances for evaluating the quality of images. Extensive experiments
demonstrate that SSFS is effective and efficient for fingerprint selection
requirement.

Keywords: Mobile location recognition · Crowdsourcing · Fingerprint
selection · Salient part feature

1 Introduction

The proliferation of smartphones equipped with cameras and various sensors
provides a great potential for implementing location-based services. Although
the GPS can perform the physical localization with good accuracy in many
scenarios, it is still powerless when the users tend to launch a logical location
query. In contrast, the Mobile Visual Location Recognition (MVLR) [1] system
utilizes the image and various sensory data captured from smartphones as a
location query, and matches it to a location fingerprint database which is built
in advance for providing logical location information to users.

How to construct the location fingerprint database is still an important issue
for MVLR systems. One of the most popular ways is to collect images from
c© Springer International Publishing AG 2016
E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 650–659, 2016.
DOI: 10.1007/978-3-319-48896-7 64
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social networking websites, e.g., Flickr and Panoramio [2]. However, the images
obtained in this way may miss important details such as shooting angle and
GPS information, and tend to be poorly organized. Another widely-used way is
to drive surveying vehicles with digital camera system and other mounted sens-
ing equipments, e.g., Inertial Measurement Unit(IMU) [3], to collect rich location
fingerprints. However, this way is time-consuming and labor-intensive, and may
not be effective wherever the surveying vehicles cannot reach, e.g., restricted
zones of campuses or streets. In order to address this issue, Wang et al. [1]
introduce the crowdsourcing technology [5,6] to a location fingerprint collec-
tion framework, and construct a crowdsourced fingerprint database composed of
thousands of images and various sensory data, including shooting angle, GPS,
tilt, etc. Nevertheless, with the long-term running of the system, the amount of
fingerprints increases rapidly, which will decrease the fingerprint searching effi-
ciency. Moreover, in order to save users’ mobile traffic, it is a popular way to
realize an offline mobile location recognition system [4] directly on mobile devices
by downloading the fingerprint database in advance. This way always prefers a
smaller fingerprint database to decrease the burden of storage for smartphones.
Thus, it is important to design a fingerprint selection framework to eliminate
redundancy but without obvious loss of location recognition accuracy.

To address the fingerprint selection problem, we propose Space-Saliency
Fingerprint Selection (SSFS), considering both the spatial distribution and
image quality. For one thing, the framework should be capable of filtering out the
redundant spatial fingerprints and maintaining the high diversity in the spatial
distribution. For this purpose, we propose the Self-adaptive Space Clustering
(SSC) algorithm to partition the fingerprints corresponding to the same object
into several clusters. For another, we pay attention to image quality which is also
an important issue. When constructing the fingerprint database, it is inevitable
to take various disturbances caused by moving pedestrians or vehicles in the
background. Whereas, salient parts of images may not be missed. Yang et al.
[7] propose Identical Salient Point (ISP) to extract salient visual words from
multiple images captured by smartphones, using which some disturbances are
excluded for improving searching precision. Inspired by ISP, we propose Salient
Part Features (SPF) to evaluate the image quality of crowdsourced database
within the spacial clusters. Then, we propose Salient Part Feature Detection
(SPFD) algorithm to distinguish the features corresponding to salient part from
others. In the previous work, Chen et al. [8] propose a generic task-driven data
collection framework (CrowdPic) for mobile crowd photographing. However, in
addition to utilize sensory data for fingerprint selection, we focus on evaluating
the image quality using Visual Hashing Bit (VHB) [9] with respect to distur-
bance caused by moving pedestrians or vehicles.

To testify the effectiveness of the SSFS, we compare the searching precision
of the SSPF with other schemes (randomly selection, only considering the spatial
distribution, and only considering the image quality), by performing experiments
on 8,062 fingerprints crowdsourced from BUPT campus. By selecting 90% of
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fingerprints from the database, SSPF achieves around 5% precision superior to
other schemes and maintains nearly the same precision as 100% of fingerprints.

The rest of the paper is organized as follows. Section 2 provides an overview
of the SSFS framework. Sections 3 and 4 present the SSC algorithm and SPFD
algorithm in detail, respectively. In Sect. 5, extensive experiments are conducted
to demonstrate the effectiveness of the framework. At last, this paper is con-
cluded in Sect. 6.

2 SSFS Framework

As mentioned above, SSFS framework aims at satisfying two requirements: spa-
tial diversity distribution and high-quality image selection. Figure 1 presents the
modules of the framework. The framework is mainly composed of four com-
ponents: Initiation, Self-adaptive space clustering, Salient part detection, and
Fingerprint filtering out.

Fig. 1. Framework of Space Salient Fingerprint Selection (SSFS)

Initiation. We launch the initiation of the fingerprint grouping and prepare
for fingerprint selection. Although abundant fingerprints are obtained by crowd-
sourcing technology, the disordered original fingerprints should be sorted out.
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The original fingerprints are grouped into dozens of objects, each of which is
composed of different numbers of fingerprints.

Self-adaptive Space Clustering. For all the fingerprints corresponding to the
same object, it is necessary to divide them into several clusters. However, since
each fingerprint is captured from distinct angles and locations, the clustering
number should be adaptive for the characteristics of the fingerprints. The goal
of SSC algorithm is to assign every fingerprint a cluster ID for selecting high-
quality images.

Salient Part Detection. After obtaining the cluster ID of every fingerprint
from the previous module, how to select high-quality subset from fingerprints
with the same cluster ID is still not-trivial. Considering various disturbances of
the images, we propose SPFD detection algorithm to evaluate them with respect
to the salient features they contain. Then, this part can provide a sequence of
queues, each of which is filled with fingerprints with the same object. Moreover,
the descending queues are sorted with respect to the amount of salient part
features.

Fingerprint Filtering Out. The last module of the framework is Fingerprint
Filtering Out. After obtaining the queues from previous part, the system sets the
proportion of the fingerprints to be selected and reserves the deleted fingerprints
into backup database.

3 Self-adaptive Space Clustering

As illustrated in Fig. 2, the fingerprints which are shooting toward the object
show the characteristics of spatial distribution in the scenario. When capturing
the objects, sensors (accelerometer & magnetometer) which are embedded in the
smartphones record the contextual distribution, e.g., shooting angles.

Then, we propose spatial grouping to separate these fingerprints into sev-
eral clusters. The main goal of spatial grouping is to maintain the diversity of
the selected fingerprints which should have multiple shooting angle groups. If
fingerprints with similar shooting angles predominate in the selected fingerprint
database, it is hard to cover the various aspects of the object, which may be
inevitable to decrease the searching precision.

However, how many clusters should be designed is still a significant prob-
lem. Considering that different objects have different fingerprint distribution
characteristics, we argue that the clustering number should adapt to the spatial
distribution. Specifically, if the fingerprints’ shooting angles vary in a large scope,
the clustering number should be designed larger; whereas, if the shooting angles
vary in a small scope, the clustering number should be designed smaller. Inspired
by setting the azimuth value to be 20◦ as angular threshold parameter in Crowd-
pan-360 [10], we also set each cluster’s shooting angle scope to be 20◦. Moreover,
from the experimental results in CrowdLR [1], it is also inferred that 20◦ is also
an appropriate threshold parameter. With the fingerprints corresponding to the
same object, we denote the maximum shooting angle as Angmax, and denote the
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Fig. 2. Spatial grouping of the fingerprints. Fingerprints corresponding to the same
object are grouped into K clusters. Then, high-quality fingerprints will be selected in
each cluster.

minimum shooting angle as Angmin. Then, the self-adaptive cluster number K
should satisfy the Eq. (1).

K =
⌈ |Angmax − Angmin|

20

⌉
(1)

After determining the clustering number of the fingerprints, we utilize the
K-means algorithm to group the fingerprints into K clusters. At last, every fin-
gerprint is assigned a cluster ID. Then, we summarize the SSC algorithm as
Algorithm 1.

Algorithm 1. Self-adaptive Space Clustering (SSC) Algorithm
Input: fingerprints set F : F1, F2, ..., FM

Output: assigned clusterID for each fingerprint
CluID : CluID1, CluID2, ..., CluIDM

1 foreach i ← 1 to N do
2 calculate Angmax and Angmin;
3 determine K by Eq. (1);
4 clustering fingerprints with K clusters;
5 foreach j ← 1 to |Oi| do
6 calculate the cluster ID CluID : CluID1, CluID2, ..., CluIDM ;
7 assign each fingerprint the cluster ID;

8 end

9 end
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4 Salient Part Detection

For the crowdsourced fingerprints composed of sensory data and images, we
focus on selecting high-quality images in this section. It is observed that when
capturing the objects, various disturbances appear on these images. These dis-
turbances may be moving pedestrians, vehicles and their shadows; or may be
trivial objects and advertisements; or may be changing backgrounds caused by
changing azimuths. How to select high-quality images with less disturbance is
our goal. As shown in Fig. 3, the features corresponding to the landmark in the
two images are shared commonly; whereas, the features corresponding to the
background, sky and moving students in one image are not shared in the other
image. Salient parts are shared by the two images; whereas, the non-salient parts
are not commonly shared. Moreover, from the crowdsourced databases, we find
that the non-salient parts are more likely to be missed. For example, in Fig. 3,
the landmark is not missed while the moving students and trees are missed in
other images. Along this line, we propose SPF to evaluate the image quality.

Fig. 3. Examples of disturbances in the crowdsourced images. Disturbance parts are
presented by blue triangles while the salient features are presented by red points and
linked by red lines. From the images, we can find that salient part features are more
robust, compared with other features. (Color figure online)

We perform salient part features detection as follows. First, we extract all
the SURF [11] features of all the images, because of the good balance between
the efficiency and searching accuracy in the mobile visual search. Second, the
features, each of which is saved as 64 dimensional float data, are utilized to train
the hash function. The hash function is used for converting the SURF features
to binary hash codes. Third, the SPFD algorithm distinguishes the SPF from
other features and evaluates the images by the amount of SPF they contain.
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4.1 Training the Hash Function

Inspired by VHB in mobile visual searching, we utilize hash method to translate
the SURF features into a sequence of binary hash codes. The approach can
decrease the searching cost on mobile location system [9]. The training stage is
composed of the following steps: First, we train the spectral hash unsupervisely
and obtain the hash function (i.e., hv) shown in Eq. (2).

hv = sign(cos(Wφ)) (2)

Second, using the learned transition parameter matrix W obtained by Eq. (2),
we transform the 64-dimension float features into 80 bits binary hash codes.

4.2 SPFD Algorithm

Recently, ISP is proposed to explore contextual saliency by performing optimal
matching pair determination between the images. ISP aims at improving search-
ing precision by extracting identical visual words. However, we propose SPF to
capture the salient parts and evaluate the quality of crowdsourced images. More-
over, we propose the SPFD algorithm which is based on the idea that salient
parts appear more frequently than non-salient parts.

In the previous section, we group the fingerprints into several clusters and
obtain their cluster ID. For fingerprints within the same cluster, we construct
an image set I = {I1, I2, ..., Il, ...}. Every element Il in I is composed of features
set F which is donated as [F1, F2, ...]. Every feature is presented with 80 bits
[b1, b2, ..., b80]. Inspired by ISP, we design best matching pair to recognise the
identical features between two images. Specifically, suppose IA has features set
F : [f1, f2, ...], and IB has features set F

′
: [f

′
1, f

′
2, ...]. We determine the best

matching pair as follows: for each feature f in the F , we compare the hamming
distance between f and every feature in F

′
. Suppose the distance between f

′

in F
′

and f is the minimum hamming distance. Whereas, for f
′
, we compare

the distances between f
′

and every feature in F . If the distance between f in
F and f

′
is also the minimum hamming distance, we regard (f, f

′
) as the best

matching pair. The distance between f and f
′
is calculated by Eq. (3).

Dis(f, f
′
) =

k=80∑
1

bkf
⊕

bkf′ (3)

At last, how may best matching pairs every fingerprint has will be determined.
Then, we can obtain the queue which is filled of sorted fingerprints with respect
to the amount of best matching pairs. We summarise the SPFD algorithm as
Algorithm 2.

5 Experiments

In this section, we describe the crowdsourced fingerprint database and evalu-
ate the performances of our method. We compare SSFS fingerprint selection
approach with several baselines.
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Algorithm 2. Salient Part Feature Detection (SPFD) Algorithm
Input: an image set I = {I1, I2, ..., Il, ...}
Output: Number of best matching pairs the images have:[N1, N2, ..., Nl, ...]

1 foreach i ← 1 to |I| − 1 do
2 foreach j ← i + 1 to |I| do
3 foreach f ∈ Fi do

4 foreach f
′ ∈ F

′
j do

5 calculate the minimum distance by Eq. (3) ;
6 end

7 end

8 foreach f
′ ∈ F

′
j do

9 foreach f ∈ Fi do
10 calculate the minimum distance by Eq. (3) ;
11 end

12 end

13 if (f, f
′
) is a best matching pair then

14 Ni++; Nj++;

15 end

16 end

5.1 Database and Implementation

Our fingerprint database is consisted of 8,062 fingerprints crowdsourced from
162 objects. The objects contain typical areas, e.g., campus landmarks, library,
teaching buildings and dormitories on the BUPT campus. In total, 1,620 finger-
prints are randomly selected as testing set, the rest 6,442 fingerprints are saved
as training set. We implement VHB searching scheme, adopting OpenCV library
to extract 661,522 SURF features from the training set. These features are used
to train spectral hash function by Matlab 2011 and obtain the parameter matrix.

5.2 Experimental Results

We adopt Precision@N and MAP@N to evaluate the performances of SSFS.
The two metrics are widely utilized in the state-of-the-art location recognition
systems [2,7]. Based on the aforementioned SSFS, we provide three optional
fingerprint selection strategies. No Spatial diversity considering (NSD): When
performing fingerprint selection, we only consider the image quality without
considering the spatial diversity. No Salinecy Part detecting (NSPF): When
performing fingerprint selection, we only consider the spatial diversity without
considering the image quality. Randomly Selection: We randomly select the
fingerprints. For fair comparison, we select 90% fingerprints for all the strate-
gies1. Precision@N considers the top 1 image candidate with the top N most

1 Adopting 90% fingerprints from the database, SSFS approach maintains approxi-
mately high precisions with 100% fingerprints.
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matching features as Eq. (4).

Precision@N =
1

Nq

Nq∑
i=1

Pi(N) (4)

Nq is the number of query fingerprints; Pi(N) presents whether the ith finger-
print query is the correct matching with top N best matching features. From
Fig. 4, we can find that SSFS outperforms other three fingerprint selection
approaches. It is concluded that SSFS effectively improve the searching precision
compared with other strategies. It also confirmed the effectiveness of consider-
ing both spatial distribution and image quality when selecting fingerprints from
crowdsourced fingerprint database.

Fig. 4. Precision @N returns the best
matching image with the top N features
which vary from 1 to 10.

Fig. 5. MAP@N return the top N
images which vary from 1 to 10.

Mean average precision at N (MAP@N) [2] is used to evaluate correct match-
ing proportion in the returning results (i.e., top N candidates), revealing the
position-sensitive ranking precision of the queries as Eq. (5).

MAP@N =
1

Nq

Nq∑
i=1

(
∑N

r=1 P (r)rel(r)
N

) (5)

In this experiment, N also varies from 1 to 10; P(r) is the precision at the cut-off
rank of r; rel(r) represents whether r is a correct match.

The results in Fig. 5 show SSFS also outperforms other approaches in the
metric considering position-sensitive rank. It is worth mentioning that in this
experiment, the number of top matching features is assigned as 4. However,
when we adjust it, similar results can also be obtained. It is also confirmed
that it is an useful scheme to maintain high diversity in spatial distribution and
high-quality images when selecting fingerprints in the crowdsourced database.
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6 Conclusion and Future Work

In this paper, we propose the SSFS framework to perform the fingerprint selec-
tion in the crowdsourced fingerprint database. Moreover, we propose the SSC
algorithm to group the fingerprints into several clusters and select high-quality
images using SPFD algorithm. In the future work, we will consider more sensory
data to select excellent fingerprints.
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Abstract. We present a novel global graph matching framework based on
virtual nodes for multi-object tracking in multiple views. Contrary to recent
approaches, we incorporate a global graph matching structure (GGMS),
allowing the tracker to better cope with long-term occlusions and tracking
failure caused by interaction of targets. In our approach, the matching problem is
solved as follows: Virtual detections are introduced by mapping the nodes
among views, to ensure that the amount of detections in each view is the same,
and then realize the whole graph matching. In addition, appropriate optimization
is performed to convert this mapping problem to the Assignment Problem,
which could be efficiently addressed by the Hungarian Algorithm. Finally, we
demonstrate the validity of our approach on the publicly available datasets, and
achieve very competitive results by quantitative evaluation.

Keywords: Multi-object tracking � Multi-view � Graph matching

1 Introduction

With the fast development of smart devices, numerous cameras lead to ubiquitous
video sources. Crowd-sourced video retrieval systems [1] based on video content
comparison has emerged. Multi-object tracking is a key problem for many computer
vision tasks, such as surveillance [2], animation or activity recognition. The tracking in
video consists of detecting all subjects in every frame, and following their complete
trajectory over time. Successful research on a new generation of reliable pedestrian
detectors [3, 4] has prompted the use of the tracking-by-detection paradigm [5], even
for crowded or semi-crowded scenarios. Under this paradigm, the problem is often
divided in two steps: detection and data association [6, 7]. The tracker first acquires a
set of detections using a pedestrian detector. The individual detections are then
assigned to tracks, where each track is composed of all the detections from a single
individual. If all persons were to be correctly observed at every timestamp this task
would be trivial, however, due to false positive detections, occlusions and missed
detections, this association problem becomes very challenging.

Usually, the problem of tracking is divided into two directions: monocular tracking
and multi-view tracking. In recent research, the minimum-cost network flow tracking
approach [8, 9] is more popular in monocular tracking. This method can effectively
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E. Chen et al. (Eds.): PCM 2016, Part II, LNCS 9917, pp. 660–669, 2016.
DOI: 10.1007/978-3-319-48896-7_65



cope well with short-term occlusion, however, it tends to become unreliable when the
long-term occlusion occurs.

Unlike monocular tracking, in multiple views, the information from other per-
spective can complement better the detection errors in the main view, which may be
caused by occlusions or detection failures. While considering multi-view tracking, the
additional problem of data association between views arises. Reconstruction and
tracking are two main problems. Wu et al. [10] handled these works as separate stages.
Leal et al. [11] attempted to jointly solve these two problems for multi-view
multi-object tracking. Although excellent results have been achieved in this method,
there still exists potentiality in dealing with the occlusion and missing detections.

To achieve this promotion, we continue the work of [11] which has discussed
above. In our approach, we propose a method to solve the problem iteratively. Firstly,
the output of [11], such as the world coordination of detections, is our input. Virtual
nodes which are obtained by mapping each of the detections in each view to another are
introduced to ensure that the amount of detections in each of the two views is same.
Then a weight defined as the distance between different nodes and some constraints for
the graph are introduced, in order to further realize the matching of the two graphs.

The rest of the paper is organized as follows. Section 2 presents related work. The
formulation of our proposed method is described in Sect. 3. Section 4 describes an
optimization approach to solve the problem. Next, experiments are presented in Sect. 5
and, finally, the paper is concluded in Sect. 6.

(a) view1 (b) view2

Fig. 1. These two graphs represent the 3D detections in view 1 and view 2 corresponding to the
F frame. We assume that A1, A2, A3 and B1, B2, B3 are matched well with each other respectively,
and A4 can’t match with B4.
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2 Related Work

Object tracking has been studied extensively. For example, Kang et al. [12] proposed to
take the multi-camera tracking as a problem of maximum joint probability model based
on color. By estimating the object model through Kalman filtering, it used the joint
probabilistic data filtering and multi-camera homography to multi-target tracking. Lien
et al. [13] presented a tracking method for multi-view object based on the cooperation
of hidden Markov process and particle filtering. Nummiaro et al. [14] put forword a
tracking algorithm for multi-view object based on particle filtering, but unlike the idea
of information fusion, this algorithm selected the best point of view for object tracking
among the different perspectives.

Many global approaches that use more information have been explored to over-
come occlusion and detector failure. Leal et al. [11] attempted to jointly solve these two
problems for multi-view multi-object tracking. In this work, a separate tracking graph is
constructed for each view. In addition, for each pair of views, an additional tracking
graph is constructed, providing the coupling constraints for the involved views. In [15],
it presents a solution which only requires a single tracking graph. Multi view coupling
constraints are incorporated into the reconstruction nodes within the tracking graph.
Tracking therefore only needs to be done once in the world coordinate space.

3 The Formulation of the Global Graph Matching Structure
(GGMS)

In this section, the problem in [11] and the methods proposed in this paper is described.
As stated earlier, we continue the work of [11] which has proven to be a mathe-

matically reliable framework for multi-object tracking. In [11], one tracking graph(2D
layer) is constructed for each view and the multi-camera couplings(3D layer) are
incorporated by an additional tracking graph for each possible camera pair in the world
coordinate space. Ideally, an object which is seen by all available cameras generates a
2D detection in each view and the corresponding projections to the common world
coordinates should all come to the same location. However, due to projection errors
and imprecise detections, the resulting 3D positions are unlikely to match up exactly. In
3D layer, three types of edges, reconstruction edges, camera coherency edges and
temporal 3D edges are introduced. Instead, these edges act as prizes for the graph,
when the reconstruction, camera coherence and temporal 3D edges are sufficiently
negative, it assigns the same identity to the objects seen by all available cameras. The
problem lies in that when occlusion occurs, the 3D reconstruction will be based on only
one visual angle. At this time, the occlusion could not be effectively resolved.

In this paper, we introduce a graph structure, and then solve the occlusion problem
demonstrated above by the matching of the graph. As shown in Fig. 1, each graph has
four 3D detections corresponding to the F frame. Each 3D detection is defined by a
tuple Ai = (idi, xi, yi zi), where idi and (xi, yi, zi) are the object identity and the location
in world coordinates. It is assumed that detections A1, A2, A3 shown in Fig. 1(a) are
matched with detections B1, B2, B3 shown in Fig. 1(b) respectively. The detection A4
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from view 1 cannot find corresponding matching point in view 2, and so is the
detection B4 from view 2. Our purpose is to find an algorithm to achieve the matching
of the two graphs. Due to the existence of special circumstances: the amount of the
detections in two views may be not same, so virtual nodes are introduced to ensure that
the number of the detections is the same in each view as shown in Fig. 2. W represents
the weight of detections respectively, which can be expressed as

Wij ¼ edist�@ � 1 ð1Þ

dist ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðxi � xjÞ2 þðyi � yjÞ2 þðzi � zjÞ2
q

ð2Þ

where dist is the Euclidean distance between detections in world coordinates and d
reflects the reasonable threshold which represents the maximum distance between two
detections when they are correctly matched. We introduce an exponential function of
the (dist − d) which guarantees the Wij is negative when matching and positive when
not matching. The matching of two graphs indicates that the graph has the smallest
weight (Fig. 3).

To get the smallest weight, we can convert it into a Linear Program (LP), its
objective function is linearized with a set flags Xij = {0, 1} which indicate if an edge
i ! j is in the solution or not. We define a number of variables in advance, as follows:
(i) Detections in view 1 are represented by i, among which, No. 1 to No. m are inherent,
while the rest are virtual detections transformed from view 2. (ii) Detections in view 2

Fig. 2. This illustration shows how the detections and the virtual detections between two views
matched with each other. The matching cost is expressed as Wij, where Wij = M means these two
detections can’t be matched. And M is an infinite constant defined.
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are represented by j, among which, No. 1 to No. m are virtual nodes mapped from view
1, while the rest are inherent. The proposed graph-matching structure can be expressed
as a LP with the following objective function:

F ¼ min
Xcount

i¼1

Xcount

j¼1
XijWij ð3Þ

where count = m + n is the total amount of detections in view 1 and view 2. M is
defined to represent the quantity of detection in view 1 and so as n in view 2. The
problem is subject to the following constraints:

Xcount

j¼mþ 1
Xij ¼ 1; i ¼ 1; 2; . . .;m ð4Þ

The constraint ensures that each detection in view 1 has one (also the only one)
corresponding detection in view 2 whether it is a detection or a virtual node mapped
from view 1.

Xm

i¼1
Xij ¼ 1; j ¼ mþ 1; mþ 2; . . .; count ð5Þ

Fig. 3. This illustration shows that how the detections and the virtual detections between two
views are matched with each other. The matching cost is expressed as Wij, where Wij = M means
these two detections can’t be matched. And M is an infinite constant defined.
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The constraint ensures that each detection in view 2 has one (also the only one)
corresponding detection in view 1 whether it is a detection or a virtual node mapped
from view 2.

Xm

i¼1
Xij � 1; j ¼ 1; 2; . . .;m ð6Þ

This guarantees that each virtual detection (mapped from view 2) in view 1 has at
most one matching detection in view 2.

Xcount

j¼mþ 1
Xij � 1; i ¼ mþ 1; mþ 2; . . .; count ð7Þ

This assures that each virtual detection (mapped from view 1) in view 2 has at most
one matching detection in view 1.

Xm

i¼1
Xij ¼ 1; j ¼ 1; 2; . . .;m ð8Þ

Xcount

j¼mþ 1
Xij ¼ 1; i ¼ mþ 1; mþ 2; . . .; count ð9Þ

In order to solve the Linear Programming problem more conveniently, we convert
the constraint conditions of the inequalities (6) and (7) depicted above to the equalities
(8) and (9) expressed below.

4 Optimization Approach

In this section, we mainly talk about how to make further optimization of the above
problem, as well as how to solve this problem. Firstly, it is converted into the
Assignment Problem. Then we solve it efficiently with the Hungarian Algorithm.

4.1 How to Convert the Problem

From the notations in Sect. 3, the constraints of (4), (5), (8) and (9) can be optimized as
the following equalities which can be expressed as:

Xcount

j¼1
Wij ¼ 1; i ¼ 1; 2; . . .; count ð10Þ

Xcount

i¼1
Xij ¼ 1; j ¼ 1; 2; . . .; count ð11Þ

where (10) denotes each detection (including the virtual detections mapped from view
2) in view 1 has one corresponding detection in view 2. And (11) represents each
detection (contain the virtual detections mapped from view 1) in view 2 can only be
arranged to one detection from view 1. The Xij is re-expressed as below:
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Xij ¼ 0 or 1; i; j ¼ 1; 2; . . .; count; ð12Þ

The equalities (10), (11) and (12) constitute the new and optimal constraint of the
problem. Then the objective function (3) with the optimal constraints has become as an
Assignment Problem. The solution will be demonstrated in the next subsection.

4.2 The Solution Strategy

In order to solve this problem, we introduce a weight matrix, as shown in Fig. 4. The
row vector of the matrix represents the detection in view 1, where the former m line
represents the point view 1, and the remainder denotes the virtual point mapped from
view 2. And meanwhile, the column vector of the matrix represents the detection in
view 2, where the former m column represents the virtual point mapped from view 1,
and the remainder denotes the point in view 2.

Because the detection in the same view could not be matched with each other, we
define Xij = M (i, j = 1, 2, .., m and i, j = m + 1, m + 2, .., count and i 6¼ j), which
represents an infinite constant and is not likely to be contained in the solution. The
weight matrix could be solved with the Hungarian Algorithm, and then a solution
matrix (as in Fig. 5) consists of 0 and 1 is obtained. In the solution matrix, 0 represents
unselected edge of Xij and 1 represents the matching edge.

Since we evaluate on view 1, and the second view we use does not show all the
pedestrians. Therefore, we consider the detections of view 1 as the main detections and

Fig. 4. This picture is a solution matrix, which is corresponded to the front of the weight matrix.
In this matrix, element 1 means Xij = 1. In other words, the two detections i and j are matched
with each other. And all the elements of Xij = 1 are in the final solution.
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only use the second view to further improve the 3D position. In other words, if
detections in view 2 are matching with the virtual points mapped from view 2, then we
add the detections (corresponding to Xii = 1, i = m + 1, m + 2, .., count in the solution
matrix) to the final results of view 1.

5 Experiment

In this section, we show the tracking results of the proposed method on the key
problem in computer vision, namely occlusion usually exists in multi-object tracking.
Evaluating results of multi-object tracking is non-trivial because errors might be pre-
sent in various forms including ID switches, broken tracks, imprecisely localized tracks
and false tracks. Measures such as MOTA [16, 17] combine different errors into a
single score and enable the global ranking of tracking methods.

We show the tracking results (shown in Fig. 5) of our approaches on the publicly
available PETS2009 dataset [18], a scene with several interacting targets, based on
MOTA metrics depicted above. We compare our results to some other multi-camera
tracking methods [19, 20]. As shown in Table 1, our method generally has comparable
MOTA, MOTP and recall scores with [11]. The result indicates that the occlusion could
be addressed in this method more effectively and our objective function is easy to
construct and solve.

(a) view 1 (b) view 2 (c) mapped result 

Fig. 5. Tracking results on PETS 2009 for two cameras. (a) result of single view 1— a
pedestrian is occluded, (b) result of single view 2 (corresponding to view 6 in PETS 2009 S2L1),
(c) our result by mapping detections between view 1 and view 2 to solve the occlusion existed in
view 1.

Table 1. Table summarizing results over PETS 2009 S2.L1 sequence. Abbreviations are as
follows GT - ground truth tracks. MT - Mostly tracked. PT - partially tracked. ML - mostly lost.
Comparison of several methods tracking on a variable number of cameras.

Method Camera numbers GT MT PT ML MOTA MOTP Prcn Rcll

Berclaz [19] 5 – – – – 75 62 – –

Berclaz [20] 5 – – – – 82 56 – –

Leal [10] 3 – – – – 71.4 53.4 – –

Leal [10] 2 – – – – 76.0 60.0 – –

Ours 2 19 19 0 0 93.2 79.9 93.4 96.8
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6 Conclusion

In this paper, we present a novel method for multi-object tracking in overlapping views.
This new approach achieves the matching of two graphs, by introducing virtual nodes
mapped from other corresponding view. An optimal solution is provided based on the
Hungarian Algorithm. The result shows that this method can be used to complete large
tracking gaps caused by occlusion or detector failure. The proposed method has shown
good performance on the publicly available PETS 2009 S2.L1 sequence, solving the
problem of occlusion and matching state of the art performance.
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Abstract. In this paper, a large-scale human action recognition sys-
tem is proposed which is built upon the combination of the rising big
data processing technology Spark and the powerful Graphics Processing
Unit (GPU) in order to fully utilize the efficient in-memory computing
ability of Spark and the fine-grained parallel computing capacity of GPU
for visual data processing. A number of key algorithms for human action
recognition including trajectory based feature extraction, Gaussian Mix-
ture Model (GMM) generation and Fisher Vector (FV) encoding are
performed with the proposed GPU-based Spark framework. The exper-
imental results on the benchmark human action dataset Hollywood-2
demonstrate that the proposed GPU-based Spark framework is able to
dramatically accelerate the process of human action recognition.

Keywords: Human action recognition · Spark · GPU · MapReduce ·
Heterogeneous computing

1 Introduction

The past decade has witnessed a great success of social networks and multime-
dia technologies, leading to an explosive growth of videos. It is highly desired
to effectively query, analyze, and utilize these immense video data for a number
of multimedia applications, among which human action recognition has actively
attracted researchers’ attentions such as [1–3] to name a few. However, with mul-
timedia big data explosion, in order to deal with large-scale video data required
by human action recognition, it is necessary to exploit powerful computing tech-
niques and systems to address the tremendous computational demands.
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To meet this end, several parallel computing frameworks are designed in
recent years which permit the horizontal scaling of large-scale workloads using
High-Performance Computing (HPC) systems such as the representative MapRe-
duce [4] and Spark [5]. Proposed by Google, MapReduce [4] is a popular parallel
programming paradigm deployed on computer clusters, which applies the intu-
ition that large-scale workloads can be processed with map and reduce opera-
tions. As one of the most successful implementations of MapReduce, Hadoop [6]
offers locality-aware scheduling, fault-tolerance as well as load balancing. How-
ever, Hadoop is not suitable for iterative tasks which are common for multimedia
data processing due to its acyclic data flow. As a solution, Spark [5] is designed
which is a fast and general engine for large-scale data processing that supports
cyclic data flow as well as in-memory distributed computing.

On the other hand, there is a new trend about HPC toward heterogeneity
and hierarchy. Such heterogeneous systems are usually equipped with Graphic
Processing Unit (GPU) and are more powerful than traditional HPC systems.
Since the popularity of CUDA architecture [7], GPU has been widely studied
and applied which is suitable for data-intensive tasks at fine-grained parallel
level because it is equipped with thousands of stream processors and is able to
run massive amount of threads simultaneously. Along this research line, a num-
ber of frameworks or paradigms have been recently designed. In [8], StarPU is
introduced for numerical kernel design to perform parallel tasks on a shared-
memory machine with heterogeneous hardwares. A high-level model for parallel
programming, called merge, is proposed in [9], which runs on shared-memory
machines with heterogeneous hardwares and employs the MapReduce program-
ming paradigm to simplify the interface for users. In [10], an elastic computing
framework is proposed, which uses an adapter to hide the difference of various
kinds of processors, such as GPU and Field-Programmable Gate Array (FPGA).
He et al. [11] propose a GPU-based MapReduce framework on a number of appli-
cations such as string matching and matrix multiplication. In [12], a cloud-based
heterogeneous computing framework is designed for large-scale image retrieval.

Regarding large-scale human action recognition, we have performed a pre-
liminary study [13] to employ Spark to speed up several key processes such as
trajectory based feature extraction, Gaussian Mixture Model (GMM) genera-
tion and Fisher Vector (FV) encoding [14]. In this work, we further extend our
previous work [13] to design a GPU-based Spark framework implemented on an
8-node heterogeneous computer cluster, which provides a promising solution to
large-scale human action recognition and exploits jointly the computing power
of CPUs and GPUs to accelerate the related high-throughput computing tasks.
Experimental results on the benchmark Hollywood-2 dataset [15] demonstrate
that the proposed GPU-based Spark framework is able to achieve a wonderful
speedup in processing large amount of video data required by human action
recognition, and more powerful than the CPU-only Spark framework (i.e., GPU
disabled). The rest of this paper is structured as follows. Section 2 details the
proposed GPU-based Spark framework for human action recognition. The exper-
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imental results are given in Sect. 3 to demonstrate the performance of the pro-
posed framework. At last, this work is concluded in Sect. 4.

2 Proposed GPU-Based Spark Framework for Human
Action Recognition

The details of the proposed GPU-based Spark Framework to accelerate sev-
eral typical key algorithms involved by FV-oriented human action recognition
are introduced in this section, mainly including trajectory based feature extrac-
tion (Sect. 2.2), GMM generation (Sect. 2.3) and FV encoding (Sect. 2.4).

2.1 System Overview

An overview of the proposed GPU-based Spark framework is illustrated in Fig. 1.
First, according to the pre-designed InputFormat, the proposed GPU-based
Spark cluster reads data splits from the Hadoop Distributed File System (HDFS)
and caches these input data for subsequent distributed processing. Within each
Spark worker, high-efficiency native programs are implemented with C++ pro-
gramming and the GPU parallel processing is fulfilled with CUDA C program-
ming. The Java Native Interface (JNI) is employed to connect Spark workers
and native functions. Moreover, the technique of Protocol Buffers (PB) [16] is
utilized to guarantee the efficiency of data transmission between Spark workers
and native functions since PB provides an excellent serialization/deserialization
mechanism.

Fig. 1. Overview of the proposed GPU-based Spark framework.
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2.2 Distributed Trajectory Based Feature Extraction

In the current work, the approach of FV-oriented human action recognition
such as [17] is chosen as the testbed to deploy the proposed GPU-based Spark
framework, since the FV model [14] is an improved version of the traditional Bag-
of-Words model [18] and widely applied for human action recognition. Moreover,
in order to extract features for FV encoding, the improved dense trajectory
based approach [2] is employed for feature extraction and representation, because
trajectory based approaches are shown to be very efficient in representing video
features and thus boost the performance of human action recognition.

In our framework, we distribute the workloads of video feature extraction
across the underlying computer cluster by utilizing the scalability and the fault
tolerance ability of Spark, which is similar to the implementation as discussed
in [13]. Specifically speaking, each Spark worker extracts the input video path
to native programs which are responsible to read actual video data and write
extracted features to HDFS. This kind of design is able to eliminate redundant
data transmission between workers and native programs. As Spark has no knowl-
edge about which extraction task runs faster because the running time counts on
the content and length of the input video, it is easily to result in load unbalance.
In order to solve this problem, the technique of priority order [13] is employed
so that we reschedule the execution order by which long task is put ahead to be
carried out to achieve a better workload balance.

2.3 Distributed Gaussian Mixture Model Generation

The distributed implementation of GMM generation is designed based on the
EM algorithm [19] with an illustration shown in Fig. 2. Initially, the input feature
data splits are cached and serialized in PB format for usage by EM algorithm
which can be expressed as iterative training by Expectation Step (E-Step) and
Maximization Step (M-Step). In our design, the E-Step is parallelized by parti-
tioning the dataset and performing the relevant intermediate value calculation
across the cluster.

Assume the dataset is denoted as X = {x1, . . . , xn} and the partition set
is P = {p1, . . . , pZ}, for a specific data partition pt = {xt

1, . . . , x
t
m}, the log-

likelihood llt(θ;X) is calculated as

llt(θ;X) =
∑m

i=1
log

∑K

k=1
πkNk(xt

i|μk, Σk), (1)

where θ is the parameter set as θ = {πk, μk, Σk; k = 1, · · · ,K} for a
K-component GMM model in which μk and Σk are the mean and covariance
of the kth component, and πk is the weight of the kth component which can
be regarded as the prior probability and should satisfy the conditions that
0 ≤ πk ≤ 1 and

∑K
k=1 πk = 1; Nk (x|μk,Σk) is the kth Gaussian distribution.

In order to compute Eq. (1), a posterior probability qk(x) is employed as

qk(xt
i) =

πkNk(xt
i|μk, Σk)∑K

l=1 πlNl(xt
i|μl, Σl)

. (2)
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Fig. 2. Distributed GMM generation with GPU-based Spark.

And three intermediate parameters including the sum of posterior probability qt
k,

weighted mean q xt
k and weighted covariance q dt

k are computed in the E-Step
to support the next M-Step as

qt
k =

∑m

i=1
qk(xt

i), (3)

q xt
k =

∑m

i=1
qk(xt

i)x
t
i, (4)

q dt
k =

∑m

i=1
qk(xt

i)(x
t
i − μk)(xt

i − μk)T
. (5)

The above parameters can be calculated by GPUs at the E-Step with the GPU
kernels invoked and the relevant results copied back to the host for subsequent
computing. Regarding the M-Step, it fuses the aforementioned intermediate val-
ues with the Spark reduce operation and then updates the GMM parameter set
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θ with the following operations.

πnew
k =

∑Z
t=1 qt

k∑K
l=1

∑Z
t=1 qt

l

, (6)

μnew
k =

∑Z
t=1 q xt

k∑Z
t=1 qt

k

, (7)

Σnew
k =

∑Z
t=1 q dt

k∑Z
t=1 qt

k

− (μnew
k − μk)2. (8)

2.4 Distributed Fisher Vector Encoding

FV encoding works with GMM and employs both the first and second order
statistics to represent visual information. For a given GMM model with the
parameter set θ = {πk, μk, Σk; k = 1, · · · ,K} and the dataset X = {x1, . . . , xn},
FV is calculated by

uk =
1

n
√

πk

∑n

i=1
qk(xi)

xi − μk

σk
, (9)

vk =
1

n
√

2πk

∑n

i=1
qk(xi)

[(
xi − μk

σk

)2

− 1

]
, (10)

where qk(x) is the posterior probability in Eq. (2), uk and vk stand for the mean
derivation vector and covariance derivation vector related to the kth Gaussian
component, and σk is the diagonal vector of Σk with the division being element-
wise. By concatenating uk and vk, the final FV can be generated as

ψ(X) = [· · · , uk, · · · , vk, · · · ]T . (11)

Then, the power normalization operation is usually applied on each dimension
of FV as f(z) = sign(z)|z|α to further improve the performance of FV encoding
where α is a regulation parameter.

The flowchart of the proposed distributed FV encoding is shown in Fig. 3.
Similar to feature extraction, the proposed distributed FV encoding takes each
video feature file as a sub-task which is assigned to a certain Spark worker. Then,
GPU kernels work to calculate Eqs. (9)–(10) since they account for the primary
calculations. As discussed in [13], the technique of ‘Direct-pipe’ (as marked by
the green solid line in Fig. 3) is used to transfer the feature data directly from the
extraction process to FV encoding, which is more efficient than the traditional
‘Save-then-pipe’ method (as illustrated by the black dashed line in Fig. 3).
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3 Experimental Results

An 8-node computer cluster is used to verify the performance of the proposed
GPU-base Spark framework with the hardware configuration shown in Table 1.
As observed in Table 1, a middle-level configured computer node (marked as
‘single*’) is chosen to perform a single CPU thread version of all the following
evaluations to demonstrate the speedup achieved by the proposed GPU-based
Spark framework. Each node is installed with GNU/Linux Ubuntu 12.04, Java
1.7, gcc/g++ 4.6.4, CUDA 5.5, Spark 1.4.1 and Hadoop 1.2.1. The human action
dataset Hollywood-2 [15] is used in our experiments, which provides 12 action
categories collected from 69 Hollywood movies and includes 1,707 videos (823
for training and 884 for testing).

Currently, both the CPU and GPU versions of implementation are performed
for GMM generation and FV encoding, while only the CPU version of implemen-
tation is provided for trajectory based feature extraction. Therefore, the reader
can refer to our previous work [13] for the Speedup Ratio (SR) achieved by
the proposed Spark framework against the single CPU thread implementation
for trajectory based feature extraction. In the following, the SR performances
obtained by the proposed GPU-based Spark framework are presented on GMM
generation and FV encoding.

Fig. 3. Flowchart of distributed FV encoding. (Color figure online)

Table 1. Hardware configuration of the proposed GPU-based Spark framework.

Hardware Amount

1 5 + 1 (single*) 2

CPU Intel Core i5-3450 Intel Core i5-3470 Intel Core i5-4430

CPU Cores 4 4 4

Memory 32 GB DDR3 32 GB DDR3 32GB DDR3

GPU GeForce GTX 760 × 2 GeForce GTX 660 × 2 GeForce GTX 760 × 2

CUDA Cores 1152 × 2 960 × 2 1152 × 2

Network 1 Gbps LAN
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Table 2. Comparison of running time and SR on GMM generation.

K 128 256

Size 2GB 10 GB 2 GB 10GB

Dim 30 96 108 30 96 108 30 96 108 30 96 108

TS 186 184 179 913 907 910 291 285 289 1495 1475 1380

TC 56 53 54 245 276 237 103 101 98 493 492 457

TG 2.3 2.0 2.1 8.9 9.0 8.7 3.0 3.3 3.1 11.0 10.3 10.1

SRC/S 3.3 3.5 3.3 3.7 3.3 3.8 2.8 2.8 2.9 3.0 3.0 3.0

SRG/S 81.0 92.0 85.2 102.6 100.8 104.6 97.0 86.4 93.2 135.9 143.2 136.6

SRG/C 24.3 26.5 25.7 27.5 30.7 27.2 34.3 30.6 31.6 44.8 47.8 45.2

Firstly, the summary of the SR performances on GMM generation is shown
in Table 2 by varying the number of GMMs (K), the video data size (Size) and
the dimension of features (Dim). The performances of running time in units of
seconds are presented as TS , TC and TG for the single CPU thread implementa-
tion, the Spark framework without enabling GPU (i.e., the framework in [13])
and the proposed GPU-based Spark framework, respectively. From the running
time performance, the speedup performances can be concluded as denoted as
SRC/S , SRG/S and SRG/C which indicate the SR performance of the work
in [13] over the single CPU thread implementation, the SR performance of the
proposed GPU-based Spark framework over the single CPU thread implemen-
tation and the SR performance of the proposed GPU-based Spark framework
between enabling and disabling GPUs.

From the results, it can be easily seen that the proposed GPU-based Spark
framework is able to dramatically accelerate the GMM generation process as
compared to the single CPU thread implementation with the speedup from 81×
to 143×. As compared with the CPU-only Spark framework [13], an acceleration
of 24×−48× can be achieved when GPUs are enabled for fine-grained computing.
Moreover, along with the increment of data to be processed (such as the number
of GMMs and data size), the speedup is further improved for different features,
e.g., when Dim = 96 and K = 128, the SRG/S performance has been boosted
from 92.0 to 100.8 when the data size is increased from 2 GB to 10 GB. This
reveals that the proposed framework becomes more efficient when processing
larger amount of data because more computational resources will be spent on the
real calculations instead of the overheads for data partitioning and transferring
during the task execution required by Spark.

Similar to GMM generation, the running time and SR performances achieved
on FV encoding are shown in Table 3, where we use ‘Input’ (which is equal to
the product of a single mapper data file size and the number of data files)
to show the processing ability of the proposed framework in handling different
sets of input data scales. As observed from the results in Table 3, although the
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Table 3. Comparison of running time and SR on FV encoding.

K 128 256

Input 64MB × 32 128 MB × 16 64MB × 32 128MB × 16

Dim 30 96 108 30 96 108 30 96 108 30 96 108

TS 607 611 603 574 566 570 814 821 810 788 791 783

TC 41 41 42 39 37 38 66 65 63 60 56 59

TG 15 13 14 14 14 13 15 16 16 12 13 14

SRC/S 14.8 14.9 14.4 14.7 15.3 15.0 12.3 12.6 12.9 13.1 14.1 13.3

SRG/S 40.5 47.0 43.1 41.0 40.4 43.8 54.3 51.3 50.6 65.7 60.8 55.9

SRG/C 2.7 3.2 3.0 2.8 2.6 2.9 4.4 4.1 3.9 5.0 4.3 4.2

proposed GPU-based Spark framework is able to greatly speed up FV encoding
as compared with both the single CPU thread version and CPU-only Spark
framework, the SRG/C performance is not very significant as compared to that
on GMM generation. This is mainly because the amount of computations to be
carried out on GPUs is less for FV encoding than that for GMM generation.

4 Conclusion

In this work, a GPU-based Spark framework is proposed for large-scale
human action recognition. The proposed framework fully utilizes the computing
resources of CPUs and GPUs of the underlying heterogeneous system. The FV-
oriented human action recognition approach is employed as a representative to
evaluate the proposed framework. The comparative experimental results demon-
strate that the proposed GPU-based Spark framework is able to dramatically
improve the real-time performance for human action recognition. In the future,
we will further enrich the utilities of the proposed framework to other kinds of
human action recognition approaches.
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Abstract. Correlation filters have attracted growing attention due to
their high efficiency, which have been well studied for binary classifi-
cation. However, by setting the desired output to be a fixed Gaussian
function, the conventional multi-class classification based on correlation
filters becomes problematic due to the under-fitting in many real-world
applications. In this paper, we propose an adaptive multi-class correla-
tion filters (AMCF) method based on an alternating direction method of
multipliers (ADMM) framework. Within this framework, we introduce
an adaptive output to alleviate the under-fitting problem in the ADMM
iterations. By doing so, a closed-form sub-solution is obtained and further
used to constrain the optimization objective, simplifying the entire infer-
ence mechanism. The proposed approach is successfully combined with
the Histograms of Oriented Gradients (HOG) features, multi-channel fea-
tures and convolution features, and achieves superior performances over
state-of-the-arts in two multi-class classification tasks including hand-
written digits recognition and RGBD-based action recognition.

Keywords: Multi-class correlation filters · ADMM · Adaptive output

1 Introduction

In the application of object detection and localization, correlation filters have
shown to be competitive with far more complicated approaches, but using only
a fraction of the computational power. Correlation filters take advantage of the
fact that the convolution of two image patches is equivalent to an element-wise
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product in the fast Fourier transform (FFT) domain. Thus, by formulating the
objective in the FFT domain, they can specify the desired output of a linear
classifier for several translations or image shifts [7]. Bolme [1] proposed to learn
a minimum output sum of squared error (MOSSE) filter for visual tracking on
gray-scale images. Heriques et al. utilized correlation filters in a kernel space
based on circulant structure (CSK) [7], which achieved very fast speed in track-
ing. By using HOG features, kernelized correlation filter (KCF) [7] was developed
to improve the performance of CSK. Multi-channel correlation filters (MCCF)
were developed to localize eye positions [5]. In [12], hierarchical convolutional
features were combined with KCF to achieve robust tracking. Furthermore, max-
imum margin correlation filters (MMCF) [16], constraining the output at the
target location, show better robustness to outliers. We can also find some works
on correlation filters for multi-class tasks, such as the Distance Classifier Corre-
lation Filter (DCCF) [13]. Although much success has been demonstrated, the
existing works do not principally exploit adaptive output in the procedure of
solving the optimized variable.

Problem and motivation: The multi-class output is a useful constraint and
has been widely investigated in the state-of-the-art classifiers, i.e., support vec-
tor machine (SVM) [18] and Adaboost [17]. Many new applications have been
developed [6]. However, to the best of our knowledge, the structured output con-
straint is neglected in correlation filters calculation. Since each class has its own
correlation filter, each correlation filter finds the largest correlation response on
its own sample set to discriminate among different classes. In traditional corre-
lation filter methods, a fixed desired output setting could cause an under-fitting
problem since the learning process cannot converge when all samples are equally
treated. As another intuition, the correlation filter of each class is iteratively
computed, which can actually be considered as a prior to constrain the solu-
tion [26]. Different from existing works, this paper provides new insights into
correlation filters from the following aspects:

• Based on an adaptive output, we propose an iterative procedure to calculate
correlation filters and obtain a closed-form solution in each iteration.

• We use sub-filters derived from the previous steps to constrain the solution in
the ADMM framework for an efficient correlation filter calculation.

For easy of explanation, expressions are given for 1-dimensional (1-D) sig-
nals and can be extended to 2-D. φ is a kernel function and XH is the Her-
mitian transpose of X. We define correlation operation as ∗, dot product as ·
and element-wise product as �. ∧ denotes the Fourier transform and F−1 its
inverse. Moreover, we define x⊗y = max(x∗y) and Gauss(x) denotes Gaussian
distribution response with peak value x.

The rest of the paper is organized as follows. Section 2 describes the details
of the proposed method, while the algorithm and discussion are stated in Sect. 3.
Experiments and results are presented in Sect. 4. Finally, Sect. 5 concludes the
paper.
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2 Proposed AMCF Algorithm

We first revisit the one-vs-all (OVA) framework, based on which a new adaptive
correlation filters scheme is proposed by considering a multi-class constraint in
the optimization process. A closed-form sub-solution is obtained in each iteration
using the ADMM technique. The sub-solutions derived from ADMM iterations
are used to constrain the problem in our framework.

Let (x1, y1), ..., (xm, ym) be a set of training examples and assume that each
example xi is from a domain X � Rn and each label yi is an integer from the
set Y = 1, ..., k. A multi-class classifier can be seen as a mapping H : X → Y.
Based on the OVA framework for multi-class classification, we can compute the
result according to

H(xi) =
k

argmax
r=1

(Wr ⊗ φ(xi)), (1)

where W is a matrix of size k × n over R and Wr is the tth row of W indicating
the correlation filter of the rth class.

The objective is defined as the minimum squared-error between Gauss(Yi,j)
(the ith training sample’s gaussian desired output in jth class) and the correlation
response Wj ∗ φ(xi). Y is a matrix consists of the maximum value of response.
Moreover, the iterative process results in a subset of solutions, which can be used
in a ADMM framework [26]. In the ADMM optimization, the variable could be
considered from a subspace, which is also used here to constrain our problem.
The optimization problem is then defined as follows:

min
W,ε

1
2

m∑
i=1

k∑
j=1

‖Gauss(Yi,j) − Wj ∗ φ(xi)‖2 +
β

2

m∑
i=1

ε2i +
λ

2
‖W‖2

subject to ∀ i Wyi
⊗ φ(xi) + δyi,qi − Wqi ⊗ φ(xi) = 1 − εi

W ∼ G

,

(2)

where qi = argmax
j

(Wj ⊗ φ(xi)) and δi,j =

{
0 i 	= j

1 i = j
, λ > 0 is a regularization

constant and εi ≥ 0 are soft constraints. G denotes a subspace, which is generated
based on sub-solutions calculated in an iterative process. β is empirically given.
To incorporate subspace prior G into our model, we propose to perform variable
cloning W → N ∼ G. This constraint is included in the ADMM framework
to solve the optimization problem with high practicability [26]. The subspace
constraint can be added to our approach to simplify the inference mechanism of
our algorithm. Now the constrains W ∼ G can be written as W − N = 0 and
N ∈ G.
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Based on the Lagrangian method, we have:

L =
1
2

m∑
i=1

k∑
j=1

‖Gauss(Yi,j) − Wj ∗ φ(xi)‖2 +
β

2

m∑
i=1

ε2i +
λ

2
‖W‖2

+
m∑

i=1

αi(Wyi
⊗ φ(xi) + δyi,qi − Wqi ⊗ φ(xi) − 1 + εi)

+ M · (W − N) +
η

2
‖W − N‖2

, (3)

where M is the Lagrangian multiplier. After transferring the constraint, we sim-
plify the algorithm by means of ADMM [2]. Specifically, at each iterative step,
we compute the pth hyperplane of the tth iteration using the result of the previ-
ous iteration (i.e., the (t − 1)th iteration). We assume that there are s positive
samples and m − s negative samples in the pth class. Similar to [5,7], we pose
this problem equivalently in the frequency domain based on Parseval’s Theorem
[14] to derive a closed-form and efficient solution:

Ŵ t
p = [(λ + η)I + 2Φ(X̃)HΦ(X̃)]−1[Φ(X̃)H Ỹ t

p + ηN̂ t−1
p + M̂ t−1

p ]

N̂ t
p = mean(Ŵ [1:t]

p )

M̂ t
p = M̂ t−1

p + η(Ŵ t
p − N̂ t

p)

, (4)

and

X̃t
p =

⎛
⎝ diag(x̂1)

· · ·
diag(x̂m)

⎞
⎠ ; Ỹ t

p =

⎛
⎜⎝

ˆGauss(Y t
p,1)

· · ·
ˆGauss(Y t

p,m)

⎞
⎟⎠ ;Y t

p = Y t−1
p + β

(
a1
a2

)
;

a1 =

⎛
⎝1 + max(F−1(Ŵ t−1

q1 � ˆφ(x1))) − δp,q1

· · ·
1 + max(F−1(Ŵ t−1

qs � ˆφ(xs))) − δp,qs

⎞
⎠

a2 =

⎛
⎜⎝

max(F−1(Ŵ t−1
ys+1

� ˆφ(xs+1))) − 1 + ϑp,qs+1

· · ·
max(F−1(Ŵ t−1

ym
� ˆφ(xm))) − 1 + ϑp,qm

⎞
⎟⎠

qi = argmax
j

(max(F−1(Ŵj � ˆφ(xi))))

ϑp,qi =

⎧⎪⎨
⎪⎩

0 qi = p

1 − max(F−1(Ŵ t−1
yi

� ˆφ(xi)))
+ max(F−1(Ŵ t−1

p � ˆφ(xi))) qi 	= p

.

Here mean(·) denotes the mean of sub-filters and diag(·) is an operator that
transforms a D dimensional vector into a D × D dimensional diagonal matrix.
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Algorithm 1. Adaptive multi-class correlation filters with subspace constraints
1: Set Y t

p based on label, η0
p = 0.25, εp,best = +∞, β = 1, iteration number t = 1

2: Initialize Ŵ[0],N̂[0] and M̂[0]based on correlation filters
3: repeat
4: for i = 1 : label do

5: Yt
p = Yt−1

p + β

(
a1

a2

)

6: Ỹt
p =

⎛

⎜⎝
ˆGauss(Yt

p,1)
· · ·
ˆGauss(Yt

p,m)

⎞

⎟⎠

7: Ŵt
p = [(λ + ηt−1

p )I + 2Φ(X̃)HΦ(X̃)]−1[Φ(X̃)HỸt
p + ηt−1

p N̂t−1
p + M̂t−1

p ]

8: εp = ‖Ŵ[k+1] − Ŵ[k]‖2

9: if εp < εp,best then
10: ηt

p = ηt−1
p

11: εp,best = εp
12: else
13: ηt

p = tηt−1
p

14: end if
15: N̂t

p = [(λ + ηt
p)I + 2Φ(X̃)HΦ(X̃)]−1[Φ(X̃)HỸt

p + ηt
pŴ

t
p + M̂t−1

p ]

16: M̂t
p = M̂t−1

p + ηt
p(M̂

t
p − N̂t

p)
17: t = t + 1
18: end for
19: until some stopping criterion

3 Summary of the AMCF Algorithm and Discussion

The details of the proposed AMCF algorithm is shown in Algorithm1. To demon-
strate the advantages of AMCF, we focus on y (the maximum of response), which
is the key component in the final classification. The value of y can be regarded as
the weight of the training samples. When a sample is misclassified, ‖y‖ increases,
which means the weight decreases. It is known that under-fitting occurs in the
setting of a fixed output since all the samples are treated equally. As evident
from Fig. 1, both training and test errors are large without using adaptive y.

As far as computational complexity is considered, AMCF is very fast in the
testing process given that there are only one element-wise product operation and
one inverse transform operation in the FFT domain. When training K classes
of D-dimensional feature vectors with T iterations, AMCF has a memory cost
of O(KD) and a time cost of O(TKDlogD).

4 Experiments

To verify the effectiveness of the proposed AMCF algorithm in classification
applications, we carry out experiments on a large-scale dataset, MNIST [10]
dataset, for handwritten digits recognition and a challenging depth-based action
datasets, MSRAction3D [11], for human action recognition.
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Fig. 1. Convergence comparison between
the correlation filters without adaptive y
and the proposed AMCF method on the
MNIST dataset using hierarchical features.

Fig. 2. Three DMMs of a depth action
sequence “high throw”.

For the MNIST dataset, we use features based on convolutional neural net-
works (CNNs) which exploit rich hierarchical features [12] in images. Hierarchical
convolutional features are able to preserve the neighborhood relations and spatial
locality of images in their latent higher-level feature representations.

For action recognition on the MSRAction3D, we use multi-channel HOG
features computed from the Depth Motion Maps (DMMs) [24] due to their com-
putational efficiency. According to [24], each depth action sequence generates
three DMMs corresponding to three projection views, i.e., front view (f), side
view (s) and top view (t), denoted by DMMf , DMMs and DMMt, respectively
(see Fig. 2). We concatenate the HOG features extracted from the three DMMs
to form the multi-channel HOG features as the final feature representation.

4.1 MNIST Dataset

We perform handwritten digits recognition on the widely used MNIST [10]
dataset. It has a training set of 60,000 examples, and a test set of 10,000 exam-
ples. We use the convolutional features extracted by LeNet [9] to encode the
original MNIST digits. The same experimental setup in [8] is followed. The pro-
posed method achieves the best performance as shown in Table 1.

4.2 MSRAction3D Dataset

The MSRAction3D dataset consists of depth sequences captured by a Kinect
device. It includes 20 actions performed by 10 subjects. Each subject performed
each action 2 or 3 times. The size of each depth image is 240 × 320 pixels. The
same experimental setup in [4,20,25] is adopted. The same parameters reported
in [3] were used here for the sizes of DMMs and block. A total of 20 actions are
employed and one half of the subjects (1, 3, 5, 7 and 9) are used for training and
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Table 1. Recognition results compar-
ison on the MNIST dataset.

Method Accuracy (%)

LeNet [9] 98.9

MCCF [5] 93.5

SVM poly 4 [9] 98.9

K-NN Euclidean [9] 97.6

PCA+quadratic [9] 96.7

Ours 98.9

Table 2. Recognition results comparison
on the MSRAction3D dataset.

Method Accuracy (%)

DMM-HOG [24] 85.5

Random Occupancy [21] 86.5

HON4D [15] 88.9

Actionlet Ensemble [22] 88.2

Depth Cuboid [23] 89.3

Vemulapalli et al. [19] 89.5

Ours 92.3

the remaining subjects are used for testing. The recognition rates of our method
and existing approaches are listed in Table 2. It is clear that our method achieves
better performance than other competing methods.

5 Conclusions

In this paper, we propose an efficient framework for the multi-class correlation
filters classification with subspace constraints in the ADMM framework. The
new insight focuses on an adaptive output and also subspace constraints on the
solution. The experimental results on handwritten digits recognition and MSR
action recognition show that the proposed algorithm performs favorably against
the state-of-the-art methods. Future work will focus on improving the kernel
method and accelerating the convergence speed.
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Abstract. The paper presents a deep Convolutional Neural Network
(CNN) framework for free-hand sketch recognition. One of the main challenges
in free-hand sketch recognition is to increase the recognition accuracy on
sketches drawn by different people. To overcome this problem, we use deep
Convolutional Neural Networks (CNNs) that have dominated top results in the
field of image recognition. And we use the contours of natural images for
training, because sketches drawn by different people may be very different and
databases of the sketch images for training are very limited. We propose a CNN
training on contours that performs well on sketch recognition over different
databases of the sketch images. And we make some adjustments to the contours
for training and reach higher recognition accuracy. Experimental results show
the effectiveness of the proposed approach.

Keywords: Deep convolutional neural networks � Contour � Sketch
recognition

1 Introduction

Through the process of human civilization, sketch has been used as a basic and
powerful communication tool. Sketches can effectively describe the aim of a recog-
nition or search, when it is hard to get natural images sometimes. With the popularity of
touchscreens, we can sketch on computers, phones and tablets and sketches have
become much easier to obtain. Research on sketches has attracted more interest in the
computer vision community in recent years, with the advance in technology and people
needs, such as sketch classification [7, 8], sketch recognition [9–13], sketch-based
image retrieval [14–16, 21] and sketch-based 3D model retrieval [18–20].

Prior work on sketch recognition generally extracts hand crafted features from
sketch images followed by feeding them to a classifier. Deep Neural Networks (DNNs)
have recently achieved impressive performance in the field of image recognition. But in
the field of free-hand sketch recognition, there are three important questions need to
solve with DNNs. The first one is that DNNs trained on natural images are not
applicable to the sketches, because sketches do not contain texture and color
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information. The second one is the fact that databases of the sketch images for training
are very limited. And the third one is that the sketches of each person may be very
different.

In this work, we propose a deep Convolutional Neural Network (CNN) training on
the contours of natural images for free-hand sketch recognition. Our contributions are
summarized as follows: (1) For the first time, we train on the contours of natural images
for free-hand sketch recognition to increase scalability and robustness. (2) We propose
a CNN architecture to make it more suitable for sketch recognition and it performs well
for training the network on contours or sketches. (3) The proposed method can not only
improve the recognition accuracy but also has robustness over the variations of drawing
sketch. With training on large contours, the proposed method can make sketch
recognition on sketches drawn by users without requiring any priori knowledge.

2 Related Work

In this section, firstly, we introduce the early studies on sketch recognition. Secondly,
we present some recent researches where deep Convolutional Neural Networks (CNNs)
were used for sketch recognition.

Hammond et al. [11] proposed a language to describe how sketches are drawn and
edited in an area and creating a sketch recognition system. [7, 10] extract hand crafted
features from sketch images and feed them to SVM (support vector machine). Li et al. [9]
used a star graph and ensemble matching to exploited local features and global structures
of sketches to overcome the feature sparsity problem. Their unified sketch recognition
framework addressed both local and global variations.

In recent years, Deep neural networks have improved performance in the field of
image recognition. In the area of natural image recognition, CNNs have achieved very
satisfied results [3–5]. DNNs, especially CNNs, can automatically learn features
instead of manually extracting features and its multi layers learning can get more
effective expression. Yu et al. [1] proposed a novel Convolutional Neural Networks
(CNN), Sketch-a-Net, for free-hand sketch recognition rather than natural photo
statistics. They also suggested the effectiveness of sequential ordering information in
sketches to improve sketch recognition performance. Seddati et al. [2] proposed a CNN
that is both more accurate and faster for sketch recognition. [1, 2] both carried out
experiments on the largest free-hand sketch benchmark dataset, the TU-Berlin sketch
dataset [6].

3 Approach

The framework of the proposed method is shown in Fig. 1. At first, we extract contours
from natural images by Berkeley detector [14, 15, 17, 21]. They learn to detect natural
image boundaries using local brightness, color and texture cues. The extracted contours
look like sketches but have more complicated lines and details. Some of them are
shown in Fig. 2. Next, we train on these contours with our network. We remove the
global mean for training contours and train on GPU. Finally, we use the model which
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was trained successfully to make recognition on testing sketches. All these sketches
pass through the network that will estimate for each sketch the probabilities of
belonging to each class. The output of nodes in the last layer from the network is a
vector with 31 probabilities on each category and the category that has the highest
probability is the winner.

Most deep Convolutional Neural Networks (CNNs) [3–5] for image recognition
follows a typical structure of multiple convolutional layers followed by fully connected
layers. Following previous work, our network architecture is described below: The size
of input image is 229 � 229 � 3. Every multiple convolutional layer is followed by a
rectifier layer (ReLU). We place six multiple convolutional layers when the first,
second, fourth and sixth are followed by a maximum pooling layer (Maxpool). Then
three fully-connected layers follow these layers. The output of the last fully-connected

Fig. 1. System framework

Fig. 2. Examples of the extracted contours
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layer is fed to a 31-way softmax. The details of our network architecture are shown in
Table 1.

There are a few differences between our network and previous CNNs such as
AlexNet [3]. At first, we use fewer and small kernels and small stride in the first
convolutional layer. Our consideration is as follows: contours contain less information
than the natural images and the categories we used are relatively small, so we used
fewer kernels. Small kernels and small stride may be able to reduce the loss of
information. Next, we place more multiple convolutional layers and more pooling
layers. We find that deeper networks might get more effective expression. Next, we
remove Local Response Normalization (LRN). [1, 2] both reported that LRN has no
effect on training on sketches, and our experiments also show that LRN has no effect on
training on contours. Then the number of kernels we use increases with the in-depth of
our network and reach the maximum before the last layer. At last, we used fewer
kernels in the last layer and the number of kernels is the same as the number of
categories.

Table 1. Details of our network architecture

Ind Type Filter size Filter num Stride Pad

1 Conv 9 � 9 64 2 0
2 ReLU – – – –

3 Maxpool 3 � 3 – 2 0
4 Conv 5 � 5 128 1 0
5 ReLU – – – –

6 Maxpool 3 � 3 – 2 0
7 Conv 3 � 3 256 1 1
8 ReLU – – – –

9 Conv 3 � 3 256 1 1
10 ReLU – – – –

11 Maxpool 3 � 3 – 2 1
12 Conv 3 � 3 512 1 1
13 ReLU – – – –

14 Conv 3 � 3 512 1 1
15 ReLU – – – –

16 Maxpool 3 � 3 – 2 0
17 FC 6 � 6 1024 1 0
18 ReLU – – – –

19 Dropout Rate : 0.5 – – –

20 FC 1 � 1 1024 1 0
21 ReLU – – – –

22 Dropout Rate : 0.5 – – –

23 FC 1 � 1 31 1 0
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4 Experiments

4.1 Dataset

TU-Berlin Sketch Dataset. This dataset was used in [6] and it contains 250 categories
with 80 sketches per category. We use 31 sketch categories and the selected categories
are the same with our natural images categories. Then we randomly select 70 sketches
per category for training and 10 sketches per category for testing. For training sketches,
we do mirroring, rotation and shift.

Our Dataset. We collect a total of 43200 natural images gathered from Google using
keywords to search for relevant images and it contains 31 categories with about 1400
images per category. Examples of categories are hat, ship, bike, computer, airplane, car,
bed, panda and watch. We extract contours from all images for training. Then we
perform mirroring, shift and expanding for all contours.

We draw 310 sketches with 10 sketches per category as our sketch dataset for
testing. Some of them are shown in Fig. 3. 10 students in our lab participate in this
work.

4.2 Results and Discussion

AlexNet [3] and our network were trained separately on sketches and contours.
AlexNet-sketch: we re-trained AlexNet with 31 categories sketches from TU-Berlin
sketch dataset. AlexNet-contour: we re-trained AlexNet with 31 categories contours
extracted from natural images. Our-sketch: we trained our network with 31 categories
sketches from TU-Berlin sketch dataset. Our-contour: we trained our network with 31
categories contours extracted from natural images. The classification results on
TU-Berlin sketch dataset and our sketch dataset are shown in Table 2. The following
observations can be made: (1) Training on contours improves the sketch recognition
accuracy by an average of 3.4% over all testing sketches. It is probably because the
sketches drawn by each person are different but are the same as contours of natural
images. The other reason may be that the sketch images for training are very limited
and natural images are easy to gain. (2) Training on sketches shows a great difference

Fig. 3. Examples of our sketches
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of accuracy on the two datasets from 37.9% to 75.2% averagely, and training on
contours shows a roughly consistent performance on the two datasets from 54.5% to
65.45% averagely. This is, perhaps, because we used TU-Berlin sketch dataset for
training and it is overfitting. Training on contours does not suffer from this question.
(3) Our network improves the sketch recognition accuracy from 54.6% to 58.6%
training on sketches and from 58.5% to 61.5% training on contours. The design of our
network such as more multiple convolutional layers can achieve more effective
expression for sketch recognition.

Table 3 compares results with our network training on contours and adjusted
contours. Contour: we used the original contours for training. Contour + expanding:
we used the original contours and the expanded contours for training. Contour + other:
we did mirroring and shift for the original contours and train on them. Contour + all:
we used the original contours and all adjusted contours for training. In this experiment,
we show that adding the expanded contours improves the recognition accuracy from
56.3% to 61.9% and adding the other adjusted contours improves the recognition
accuracy from 56.3% to 61.5% over all testing sketches. It is probably because the
expanded contours are able to express better line and shape information and the other
adjusted contours can reduce overfitting. When we used the original contours and all
adjusted contours for training, we get a relatively best result that is 64.7%. And the
rising trend of the recognition results is consistent with the two datasets.

In Fig. 4, the recognition results of each class on two datasets are shown. The
horizontal axis is the category number and the vertical axis is the accuracy. The
proposed method further shows a roughly consistent performance on different datasets
with training on contours. Some results of several categories such as bed and flower are
not good. The average recognition accuracy of bed and flower are 10% and 20%
respectively. This is, perhaps, because contours of beds and flowers have a lot of
complex lines and details, then they can’t fully reflect the shape information.

Table 2. Results comparison over different testing datasets

Model TU-Berlin sketch dataset Our sketch dataset Both datasets

AlexNet-sketch [3] 73.9% 35.2% 54.6%
AlexNet-contour [3] 53.5% 63.5% 58.5%
Our-sketch 76.5% 40.6% 58.6%
Our-contour 55.5% 67.4% 61.5%

Table 3. Results comparison using different training datasets

Model TU-Berlin sketch dataset Our sketch dataset Both datasets

Contour 49.7% 62.9% 56.3%
Contour + expanding 56.1% 67.7% 61.9%
Contour + other 55.5% 67.4% 61.5%
Contour + all 59.0% 70.3% 64.7%

694 Y. Zhang et al.



Table 4 provides four examples of recognition results. The black words are correct
recognition results and the red words are wrong recognition results. Overall, the pro-
posed method performs well in the most experimental category and is more robust for a
variety of sketches drawn by different people. As we can see, the proposed method also
performs well for sketches that have more complicated lines and details such as the first
three sketches in Table 4.

5 Conclusion

We first trained on the contours of natural images for sketch recognition to increase
scalability and robustness. And we proposed a deep Convolutional Neural Network
(CNN) training on contours that performs well over different databases of the sketch
images. Finally, we discussed the adjustment of contours for training to increase
recognition accuracy.

Fig. 4. Recognition results of each class

Table 4. Examples of recognition results

Model

AlexNet-sketch chair bed butterfly chair

AlexNet-contour penguin chair computer chair

Our-sketch chair guitar butterfly chair

Our-contour bag guitar computer chair
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Abstract. In this paper, we present an efficient approach to detect and track
salient objects from videos. In general, colored visible image in red-green-blue
(RGB) has better distinguishability in human visual perception, yet it suffers from
the effect of illumination noise and shadows. On the contrary, thermal image is
less sensitive to these noise effects though its distinguishability varies according
to environmental settings. To this end, fusion of these two modalities provides an
effective solution to tackle this problem. First, a background model is extracted
followed by background-subtraction for foreground detection in visible images.
Meanwhile, adaptively thresholding is applied for foreground detection in
thermal domain as human objects tend to be of higher temperature thus brighter
than the background. To deal with cases of occlusion, prediction based forward
tracking and backward tracking are employed to identify separate objects even
the foreground detection fails. The proposed method is evaluated on OTCBVS,
a publicly available color-thermal benchmark dataset. Promising results have
shown that the proposed fusion based approach can successfully detect and track
multiple human objects.

Keywords: Video salient objects · Pedestrian detection/tracking · Image fusion ·
Visible image · Thermal image

1 Introduction

In the past decades, detection and tracking of video objects has always been a major task
in the computer vision field [1, 2]. As one subset of video object tracking, pedestrian
detection and tracking has drawn massive research attention and been applied on many
applications such as visual surveillance [3, 4], driver-assistance systems [5, 6], human
activity recognition [7, 8], etc. For pedestrian detection and tracking, visible camera and
thermal imagery are two popularly used sources of image modalities, though not neces‐
sarily in a combined solution [9–11]. However, either visible image or thermal image
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has their advantages and disadvantages. Visible image can show detailed color infor‐
mation, however it really suffer from lighting variations, cluttered backgrounds, artificial
appearances i.e. shadows and etc. Since the object is detected by its temperature and
radiated heat, thermal image can eliminate the influence of color and illumination
changes on the objects’ appearance [12] in any weather conditions and at both day and
night time. However, in some cases e.g. occlusions, thermal camera may fail to detect
the object properly. In Fig. 1, there are three pedestrian templates, for the one with yellow
rectangle; both visible and thermal image can detect it very well since it has high contrast
to the background in visible and human temperature in thermal domain. For the template
in red rectangle, it has a compact shape in the thermal image; however in visible image,
we can just identify it coarsely due to similar appearance in color of the background and
the person’s cloth. The one in green rectangle can be seen in visible image but hardly
observed in the corresponding thermal image. This is because thermography is only able
to directly detect surface temperatures, and it can’t work well when the object is (parti‐
ally) occluded. Moreover, it will detect any objects (e.g. windows and car in Fig. 1) with
surface temperature.

Fig. 1. Visible image of a scene (left) and thermal image of the same scene (right). (Color figure
online)

In this paper, we present a pedestrian detection and tracking algorithm that fuse the
information from both visible and thermal images. To detect the region of pedestrian in
visible domain, we firstly apply a statistical method to model the background before
applying background subtraction to extract the foreground regions. In thermal domain,
we apply a histogram-based adaptive threshold method to detect all the objects with
temperature. Then, the salient pedestrian regions can be obtained by the fusion of both
visible and thermal binary maps. In addition, we also proposed a backward tracking
method to automatically identify the individual pedestrian template from pedestrian
group (detailed in Sect. 3).

The rest of the paper is organized as follows: Sect. 2 describes the foreground detec‐
tion approach. Section 3 elaborates the backward tracking method. Experimental results
are presented and discussed in Sect. 4. Finally, some concluding remarks and future
work are summarized in Sect. 5.
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2 Foreground Detection

To capture the region of pedestrians in visible image, we first estimate the back‐
ground image by computing a median map (Fig. 2(a)) of N frames randomly selected
from the video sequence. And background subtraction (Fig. 2(b)) for each visible
frame is defined as:

BSvis(x, y) = |
|I(x, y) − Imed(x, y)||

Fig. 2. (a) Median map from N frames, (b) grayscale background subtraction result, (c) binary
visible image from Fig. 1, (d) filtered mask, (e) binary thermal image from Fig. 1, (f) intersection
of (c) and (d), (g) intersection of (d) and (e), (h) fusion of binary visible and thermal image.
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After that, we binarize the BSvis with an empirical threshold (Fig. 2(c)) to get a binary
image Ivis with coarse human body region. Then a binary mask Imask with compact ROI is
generated by applying morphology and filtering the insignificant region (Fig. 2(d)) on.

For thermal image, we introduce a histogram based threshold selection method
inspired by [13] to segment the objects with salient temperature and get a binary image
Ithm (Fig. 2(e)). Given a thermal map with L grey levels, the probability of each grey
level is denoted by:

Pi =
ni

N
, and Pi ≥ 0,

L∑

i=1

Pi = 1

Furthermore, the probability distribution Pi is normalized within [0, 1] and regarded
as probability occurrence λ(k) at each gray level.

λ(k) = 1 −

L∑

i=1

Pi(k)

Let 𝜇, 𝛾 , 𝜎 be the mean, median and variance of the probability occurrence value in
λ, and let the threshold T be defined as a weighted combination of these parameters.

T = 𝜔
𝜇
𝜇 + 𝜔

𝛾
𝛾 + 𝜎

where 𝜔
𝜇
,𝜔

𝛾
> 0and𝜔

𝜇
+ 𝜔

𝛾
= 1.

Then we can calculate the intersection of the binary visible image and filtered mask
(Fig. 2(f)), and intersection of the binary thermal image and mask (Fig. 2(g)), respec‐
tively. Finally, the salient pedestrian segmentation (Fig. 2(h)) can be done by the fusion
of visible and thermal binary results as follows:

Ifinal =
(
Imask ∩ Ivis

)
∪
(
Imask ∩ Ithm

)

3 Object Tracking

After object detection, we can identify most individual objects very well. However, in
some frames, the occlusion problem is inevitable. Figure 3 (right and middle) shows the
detection detail of two adjacent frames where there should be three pedestrian patterns
detected in both frames, but for the frame in the middle, the object detection method
considers the left two patterns as one object because they are close to each other. There‐
fore, we use mean-shift method [14] to detect the individual objects from the objects
group. As can be seen from the right image in Fig. 3, the identification result for second
frame is updated.
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Fig. 3. Initial detection result of frame 1 (left) and frame 2 (middle), and updated detection result
of frame 2 after mean-shift tracking progress.

4 Experimental Results

To evaluate the performance of our method, we present our method on sequence 4, 03
OSU Color-Thermal Database from the popular benchmark database OTCBVS.
Thermal sequences are captured by Raytheon PalmIR 250D thermal sensor and color
sequence are captured by Sony TRV87 Handycam color sensor. All the frames in both
sequences have a spatial resolution of 320 * 240 pixels.

To validate the performance of the proposed approach, three different sequences are
used in our experiments. In Figs. 4, 5 and 6, detection and tracking results from these
sequences are given to illustrate the extracted/tracked objects using their bounding
boxes. As can be seen, the proposed method can give reliable pedestrian detection and
tracking results under various conditions, including occlusion and changes in terms of
illumination and scale. When the pedestrians are independent, we can detect them very
well with proper scale bounding box. We can also identify the people even they are
overlapped e.g. the images in first row in Fig. 4. In addition, when there is some occlusion
appears like tree or wall, or the object is getting out of the screen (e.g. the image in
Figs. 5 and 6), we can still locate the objects and track their motion.

Fig. 4. Detection and tracking results for sequence 4.
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Fig. 5. Detection and tracking results for sequence 5.

Fig. 6. Detection and tracking results for sequence 6.

5 Conclusion

In this paper, we proposed an efficient approach to fuse visible and thermal images for
salient object detection and tracking in videos. By estimating the background model
followed by background subtraction, foreground objects can be successfully detected
with adaptive thresholding applied to the salient temperature maps of the thermal image.
Prediction based forward and backward tracking is found particularly useful to separate
overlapped or occluded objects. In future work, we will further improve the method and
test the performance on other more challenging datasets, including those with human
shadow and large scale illumination changes. Future work will be feature fusion
[15, 16] for improved detection and tracking [17–19].
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Abstract. Human action recognition is an important topic and it has
been widely applied in human-computer interaction. This work aims
at human pose recognition based on RGB-D camera data streams for
patients in a supine position (for example, with limb movement disor-
ders), where bed backgrounds are misinterpreted as part of the human
body. The target human limb poses include both upper and lower limbs’
movements. A novel framework for human limb movement recognition in
a supine position is investigated and developed. The main steps include
human region locating, limb detection and segmentation, limb label-
ing and limb movement tracking. Based on the tracking information on
human bones by the RGB-D camera, human body region detection is
executed according to the depth information. Further, this system is
able to solve the problem of the human limb label confusions for left and
right limbs due to their occlusion cases. Our proposed tracking algorithm
achieves accurate positioning of the human body, and it provides reliable
mid-level data for tracking human limbs. Experiment results show that
four human limbs in supine positions are able to be located successfully.
It is valuable and promising in the field of medical rehabilitation.

Keywords: Human pose recognition · Supine position · Human limbs
labeling · Depth tracking · RGB-D camera
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1 Introduction

Automatic recognition and tracking of the 3D human body poses and gestures
has become an interesting and emerging topics in the field of computer vision.
In medical applications, human motion detection and tracking allow doctors and
family members to monitor and predict the behaviors of the elderly people, such
as falling down accidently, or to monitor the continuous states of the patients
for further analysis of disease diagnosis.

In a traditional system of patient motion capturing, a number of special cam-
eras in a studio needs to be setup beforehand, and one or more tags need to wear
on the human body. In recent years, the human pose estimation based on no-
tagging image sequence has been widely concerned because of its convenience.
Especially after the RGB-D cameras come into being, it has been widely used
in extensive applications, such as human posture recognition, medical rehabili-
tation, entertainment domain, and so on. In the field of medical rehabilitation,
current somatosensory technology by the Kinect is mainly used for patients with
active exercise training and rehabilitation treatment, especially suitable for com-
munity and family rehabilitation. The rehabilitation training system developed
based on the Kinect is able to replace lots of traditional complicated equipments.

Yao et al. [1] propose a hand gesture recognition method, which is integrated
into a vision-based hand gesture recognition framework for developing desktop
applications. A hand contour model is proposed to simplify the gesture matching
process, which can reduce the computational complexity of gesture matching.
Shi et al. [2] present a real-time vision-based bimanual 3D gesture interaction
technique that is capable of tracking both bare-hands, that is without markers
nor gloves. By only recovering features calculated from images, the depth channel
is not utilized. Kyriazis et al. [3] present an algorithm to recover and track the
3D position, orientation and full articulation of a human hand from markerless
visual observations obtained by a Kinect sensor. Wu et al. [5] propose a 3D
finger detection and tracking algorithm based on a sliding window for RGB-D
sequences. It tracks the up and down movements of the fingertips in order to
apply in some real-world applications.

In order to guide exercise rehabilitation of the youth movement disorder
treatment, Chang et al. [6] develops a Kinect-based Kinerehab system, which
automatically detect motion information of patients with movement disorder.
This system matches joint point positions of a patient captured from the Kinect
sensors with the existing database for movement pattern, then calculates the
accuracy of the motions to its suitable expected positions. Combined with virtual
reality and video game technologies, Belinda [7] applies 3D scene models based
on the Unity3D engine into development platform, and develops a training game
which is suitable for balance rehabilitation of patients in spinal cord injury and
traumatic brain injury. Alana et al. [8] designs a Kinect-based rehabilitation
training system for shoulders and elbows.

In the medical rehabilitation, to carry out rehabilitation training with the
help of the Kinect, for the case that patients stand in the center of a room
the Kinect has good capacity to track most of the bone structure information.
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Fig. 1. An real-world example of the tracking results of human bone information by
the Kinect in a supine position.

However, due to physical reasons, some patients are only able to lie on the bed to
carry out certain rehabilitation training, which is very common to those seniors
suffered from stroke and hemiplegia. In this case, patients are lying on a flat bed
to keep a supine position. In clinical medicine, the supine positions are the most
common state.

When patients lie on a soft bed, the Kinect is basically able to catch the main
body parts, but there are interferences for depth information due to the depth
of the bed is similar to that of the human body. Especially when parts of human
body is possible to be embedded into a soft bed, their depth values are almost
the same values, and the bed is might recognized as parts of human body. This
results in failure cases to track the bone information of human limbs.

As shown in Fig. 1, it can be seen that, the skeleton points tracked are gath-
ered in the middle of the human body, and the skeleton points for human limbs
are not successful. It is a typical issue of human pose recognition and tracking
for patients in a supine position in the field of medical rehabilitation. This paper
mainly deal with this issue and investigate a human limb pose tracking algorithm
in a supine position based on a RGB-D camera, such as the Kinect.

2 Human Limb Movement Recognition Algorithm
in a Supine Position

The main steps of our proposed Human Limb Movement Recognition Algorithm
in the supine positions includes: human region detection, human limb detection
and locating, human limb labeling, and human limb movement tracking based
on integration of RGB and depth information. The flowchart of the proposed
system is illustrated in Fig. 2.

2.1 Human Body Detection

After the alignment of the RGB and depth data, the human body as a foreground
can be segmented from the background based on the temporal differences with
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Fig. 2. The flowchart of the proposed system.

Fig. 3. Left: an example of human boy region segmentation with certain interferes and
defects. Right: an example of refined results of human boy region.

the combination of RGB and depth information, as shown in Fig. 3 (left). Unfor-
tunately, there are many interferes (scatted tiny regions) and defects (small holes
within the contour) in the results of the human body segmentation. And these
results will affect the following steps as human limb detection and tracking.

To get the relatively refined human body region, we apply multi-level math-
ematical morphological operations to eliminate defects, and utilize the connec-
tivity property to remove interferes. The theory of mathematical morphology is
based on set theory. There are four basic operations: corrosion, expansion, open
operation and close operation. Open and close operations can be deduced by
corrosion and expansion operations. The essence of the corrosion operation is to
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make the image shrink. The expansion operation is the dual form of the corrosion
operation, and its essence is make image pixels be expanded. Furthermore, the
open operation is defined as corrosion operation followed by expansion operation
on an image. The open operation is able to eliminate the interference of isolated
points, and can smooth the contour’s boundary. The close operation is defined
as expansion operation followed by corrosion operation on an image. The close
operation is able to heal the fracture of the target region, fill small holes inside,
and leads to a smooth boundary. After both the open and close operations are
applied to the target image plan, the connected component of human body is
formed, as in Fig. 3 (right).

2.2 Human Limb Detection

For medical rehabilitation in supine positions, when a patient is lying on the soft
bed, due to similar depth information of a bed and human body from a RGB-D
camera, the bed is likely to be identified as part of human body. This results
in false judgment of human skeletal location information due to unavoidable
interferences. Figure 1 give an example of human skeleton structure in a supine
position by the Kinect. We can see that the key points of the human skeleton
are gathered in the middle of human body, where the human limb detection
fails. In this case, when a patient is lying on the bed, the detection and tracking
of skeletal information will lead to missed information, tracking errors, or even
totally failure sometimes. Based on our evaluation, the standard Kinect SDK
is not able to determine the correct key points of human skeleton. To simplify
this problem, considering the real requirements of rehabilitation training in the
supine position, in our system we mainly detect and track the movements of
human limbs, including left and right hand, left and right foot.

(1) The Left and Right Hand Detection: The human left and right hand
detection is employed mainly using elliptical color models for skin detection.
After the candidate hand regions are obtained, there are possibly pseudo hand
areas. The hand region refinement is executed to remove these pseudo regions.
Further, the center of inscribed circle of the refined hand region, to obtain the
central location of a human hand. At this time, two hands are located in two
separate regions, and at the same time, human head is also detected.

(2) The Left and Right Leg Detection: The human left and right leg
detection is executed using the Hilditch algorithm [9] by thinning the corre-
sponding human body region. According to the structure of human body, the
human body’s feet are located at the far end of the human body. Therefore, the
skeleton of the human body is obtained by thinning algorithm. And then the
two farthest ends of the human skeleton (to the human head) is detected, which
is judged as human left and right legs. In general, image thinning algorithm is
mainly used for binary images. And the image thinning process is actually the
process of seeking the skeleton of an image. The key region of skeleton can be
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Fig. 4. Results of an example using Hilditch thinning algorithm.

Fig. 5. Left: an example of human limb detection. Right: an example of the actual
labels of the human body skeleton.

understood as the middle axis of the image. The Hilditch algorithm is a clas-
sical skeleton extraction algorithm. The binary image using the Hilditch algo-
rithm has two values (0/1), the Hilditch algorithm only thinning 1-value pixels,
0-value pixels are considered as the background area. The results of the Hilditch
algorithm is shown in Fig. 4.

Finally, we can locate the human limbs, as in Fig. 5, which gives a result of
human limb detection (left/right hand, left/right leg).

2.3 Human Limb Labeling

According to the structure characteristics of the human body skeleton, we are
able to label the human limbs and the head. In the previous section, the human
body limbs and the head has been detected, respectively. Compared with the
human body’s center, if its deviation angle to the body center is the smallest,
and it is the closest point, the part of human body will be identified as the
head. For the detection of human hands, in the left side of the body center, it is
defined as the left hand; in the right hand side of the body center, it is defined
as the right hand. For the detection of the human foot, in the left side of the
body center, it is defined as the left foot; in the right side of the body center,
it is defined as the right foot. Figure 5 illustrates the actual labels of the human
body skeleton, where, the annotation labels of human limbs include four cases:
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head (HEAD), left hand (HAND LEFT), right hand (HAND RIGHT), left foot
(FOOT LEFT), right foot (FOOT RIGHT).

2.4 Human Limb Movement Tracking

In this paper, human hand detection and foot detection are processed individu-
ally. Hand detection mainly utilizes the elliptical models of skin region [4] based
on the color information of RGB-D cameras. Then the hand depth tracking is
executed after mapping hands in color image space to the depth image space.
As mentioned above, foot detection is obtained by refining the human body con-
tour using thinning algorithm. And foot movement tracking is processed using
the depth information of the foot ends. To achieve stable results of the hand and
foot tracking, when calculating the depth of the human limb ends in a image
frame, we use neighborhood pixels to compute the depth information of the hand
end and the foot end, as well as the head. While, to remove noises of depth in the
time domain, a sliding window strategy is applied to smooth the depth values
of the human limb end and the head.

D(i, t) =

{
D(i, t),|D(i, t) − D̃(i, t)| < ε

D̃(i, t), otherwise.
(1)

where, D(i, t) is the depth values within a convex hull in a center point of hand
or foot ends, and i belong to a label set for left/right hand/foot, ε is a predefined
threshold.

D̃(i, t) = α1D(i, t−1) + α2D(i, t−2), s.t.α1+α2 = 1. (2)

When the left foot and the right foot have a case with occlusion, especially
they are in one straight line in certain direction, it is very likely to assign wrong
LEFT/RIGHT labels for both foots due to the occlusion issue. We name this
case as wrongly-exchanging labels. To solve this problem, we utilize and combine
the depth information and the continuous movement to avoid these wrongly-
exchanging labels. As the patients do certain exercises on the bed, the speed is
relatively slow enough, the RGB-D camera is able to capture the trajectory of
the limbs movements.

2.5 Human Pose Recognition in a Supine Position

Based on the labels of the human limbs, the movement patterns of the limbs
ends, and the corresponding smoothed depth information, the types of human
poses can be recognized. The patterns of human limb movements include: the
left hand up (LHandUP), the left hand down (LHandDown), the right hand up
(RHandUp), the right hand down (RHandDown), the left foot up (LFootUp),
the left foot down (LFootDown), the right foot up (RFootUp), the right foot
down (RFootDown). The depth information of recent five continuous frames
are collected to judge the body pose types. In order to reduce the influences of
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fluctuation of depth information in time domain, if the pattern of four frames as
a time sequence meet the case of up movement or down movement, we are able
to give a judgement using the majority rule.

3 Experiment Results

In this section, we first introduce the basic setup of our experiments, and give
the results for human limb labeling, human limb depth tracking, human limb
movements recognition, respectively. Finally, we give out a short summary.

3.1 Experiment Setup

The Kinect for Xbox 360 is used as the RGB-D camera to obtain the image
sequences. The initial angle of the Kinect camera is set to −12◦. The vertical
height from the camera to the bed surface is about 112 cm, and the horizon-
tal distance from the camera to the bed is about 143 cm. The bed height is
approximately 40 cm. In order to verify our proposed algorithm, 15 volunteers
with different heights and ages in supine positions on the bed are captured using
Kinect camera respectively. To evaluate the influences with different positions
for the camera, we set several different modes including from the left side or the
right side of the human body, close to the head, or close to the foot, or close to
the middle part of the body. From Case 1 to case 6, the positions of the RGB-D
camera are set up as: (1) in the right side of the human body, right over the
middle of body (Case 1), close to the head (Case 2), close to the foot (Case 3);
(2) in the left side of the human body, right over the middle of body (Case 4),
close to the head (Case 5), close to the foot (Case 6).

3.2 Results of Human Limb Depth Tracking

Here, we mainly evaluate the accuracy of the depth values for the human limb
ends. The upward and downward movements of human limbs are both con-
sidered. At the same time, the RGB-D camera is placed on the six different
locations. The accuracy of the human limb ends’ depth value tracking is listed
in Table 1, where each pair of accuracies in the table cell represents the cases of
the upward and downward movements of the human body’s limbs, respectively.
Based on our observations on the target data set, the parameters in Eqs. (1) and
(2) are set as: ε=0.54, α1=0.5, α2=0.5.

From the Table 1, we can see that the accuracy of the left limb depth tracking
and the accuracy of the right limb depth tracking is symmetrical. Similarly, it
can be concluded that, in a certain range, farer from the RGB-D camera, the
higher the accuracy of the human limbs depth tracking. In addition, the accuracy
of the depth tracking is more sensitive to the locations of the RGB-D camera.
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Table 1. Accuracy of human limbs depth tracking for upward/downward movements.

Camera mode Left hand Right hand Left foot Right foot

Case 1 92.2/92.6 91.4/91.3 87.8/87.5 86.9/87.0

Case 2 91.2/91.5 91.2/91.3 90.7/90.5 89.1/89.2

Case 3 93.3/93.5 93.1/93.2 85.4/85.7 84.3/84.6

Case 4 92.5/92.3 92.6/92.4 86.5/87.2 87.7/87.4

Case 5 91.4/91.7 91.2/91.6 89.3/89.1 90.4/90.3

Case 6 93.1/93.5 93.1/93.3 84.8/84.2 85.4/85.6

3.3 Results of Human Limb Movements Type Recognition

Here, we evaluate the accuracy of the movements type recognition for the human
limbs. The upward and downward movements of human limbs are both consid-
ered. At the same time, the RGB-D camera is placed on the six different loca-
tions. The accuracy of the human limb movement type recognition is listed in
Table 2, where each pair of accuracies in the table cell represents the cases of the
upward and downward movements of the human body’s limbs, respectively.

When the RGB-D camera is placed in the right side of the human body
(Case 1), the distances from the bed surface are set to different values as: 143 cm,
160 cm, 180 cm, 200 cm, respectively. We track the individual up and down move-
ment of the human body. The accuracy of human posture recognition is illus-
trated in Table 3. Each pair of values in the table cell represents the accuracy of
the upper and downward movement of the human limbs, respectively. We can
conclude from Table 3 that the accuracy of the human limb movements type
recognition is better for shorter distance, and worse for longer distance.

Table 2. Accuracy of the human limbs movements type recognition for upward and
downward movements, for six cases.

Camera mode Left hand Right hand Left foot Right foot

Case 1 87.2/87.6 87.4/87.3 82.2/82.3 82.1/81.9

Case 2 86.9/87.2 86.5/87.1 83.6/83.4 83.4/83.0

Case 3 88.9/88.1 88.1/88.4 80.6/80.3 80.5/80.7

Case 4 87.3/87.2 87.1/87.5 82.4/82.8 82.1/82.4

Case 5 86.4/86.7 86.2/87.6 83.6/83.1 84.0/83.3

Case 6 88.1/88.4 88.3/88.3 80.8/80.5 80.4/80.6
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Table 3. Accuracy of the human limbs movements type recognition for different dis-
tance from the bed surface to the camera, for case 1 only.

Distance Left hand Right hand Left foot Right foot

143 cm 87.2/87.6 87.4/87.3 82.2/82.3 82.1/81.9

160 cm 86.1/86.3 86.2/86.7 81.4/80.6 81.4/80.3

180 cm 85.2/85.4 85.4/85.9 79.8/79.3 79.1/79.0

200 cm 83.2/83.6 83.4/83.3 76.2/76.8 75.1/75.9

4 Conclusions

This work proposes a method to execute human pose recognition for patients
in supine positions based on the RGB-D camera. First, human body region
are located, and human limbs are detected and segmented according to the
depth information. Then human limbs are labeled as left hand, right hand, left
foot, and right foot. Next, the human limb movement including up and down
movements for four limbs are tracked and recognized. Our proposed tracking
algorithm achieves accurate the human body region and provides reliable mid-
level data for tracking the movement patterns of four human limbs. Experiment
results show that the correct location of human limbs in supine positions is able
to be achieved successfully. The accuracy of the human limb tracking system is
more than 85%, and the accuracy of the human body supine posture recognition
is more than 82%. Future works will go on improving the accuracy of the human
limb tracking, and establish a more elaborate model of human limb structure
with elbow and knee joint points to obtain more accurate tracking results.
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Abstract. Conditional Random Field (CRF) is a powerful tool for label-
ing tasks, and has always played a key role in object recognition and
semantic segmentation. However, the quality of CRF labeling depends on
selected features, which becomes the bottleneck of the accuracy improve-
ment. In this paper, our semantic segmentation problem is calculated in
the same way within the framework of Conditional Random Field. Dif-
ferent from other CRF-based strategies, which use appearance features
of image, revealing only little information, we combined our framework
together with deep learning strategy, such as Convolutional Neural Net-
works (CNNs), for feature extraction, which have shown strong ability
and remarkable performance. This combination strategy is called deep-
feature CRF (dCRF). Through dCRF, the deep informantion of image
is illustrated and gets ultilized, and the segmentation accuracy is also
increased. The proposed deep CRF strategy is adopted on SIFT-Flow
and VOC2007 datasets. The segmentation results reveals that if we use
features learned from deep networks into our CRF framework, the per-
formance of our semantic segmentation strategy would increase signifi-
cantly.

Keywords: Convolutional Neural Networks (CNNs) · Conditional Ran-
dom Fields (CRFs) · Scene parsing · Deep learning · deep feature CRF

1 Introduction

For most aircraft safety problems, scene parsing has always been a critical prob-
lem and become challenging in recent years. Given an image as input, what we
need is to segment and recognize every object out. Obviously, as we all know,
the goal of semantic segmentation [1–3] is identifying every pixel from the image
with a high accuracy, which is also the core technology.

In recent studies, a variety of strategies based on the framework of Markov
Random Fields or Conditional Random Fields [4,5] have been investigated and
well learned. The difference between these methods is features, classifiers, and
the graphic models it constructed. Besides, a majority of segmentation meth-
ods are introduced by superpixels generated from over-segmentation algorithms
c© Springer International Publishing AG 2016
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[6–8] on specific images. However, the disadvantage of these methods is feature
selection. The features these method selected are often hand-crafted, like HOG
[9], SURF [10], and so on, which would be useful in some datasets. However,
these features are often low-level, and reveals only a little information, which
would make results inconsistent.

To overcome the shortages, deep learning strategies have been introduced
for feature extraction. Over past few years, these methods have gained great
popularity in machine learning and related fields. This type of methods typically
take the original image as input, learning the deep representation, and have found
notable success in various tasks such as image classification, object recognition,
etc. The success of deep learning methods basicly due to the ability to learn
rich-level features within class variance.

In this paper, to increase the accuracy of semantic segmentation, we take
the both advantages of deep learning strategies and CRFs, proposing a strategy
based on the framework of Conditional Random Fields with extracted deep
learning features, called deep-feature CRF (dCRF). Unlike [7] and [8], we learn
our features from Convolutional Neural Network (CNN) and constructed a graph
model based on Conditional Random Fields. We perform our scene parsing on
a SIFT-Flow dataset, containing 2,688 outdoor photographs.

The paper is organized as follows: Sect. 2 briefly describes the details of
the Conditional Random Fields algorithm and the features we select. Section 3
presents and discusses the experiments results of proposed dCRF segmentation
scheme. Finally, we present our concluding remarks in Sect. 4.

2 Scene Parsing Method

In this section, we formulate our scene parsing based on Conditional Random
Fields with deep learning features. The process of proposed dCRF starts with
feature extraction of Convolutional Neural Networks and superpixel segmenta-
tion. For each superpixel, all deep features are computed in average. In CRF
training stage, the data terms are calculated from the distribution classified
with deep learning features, whereas the pairwise are determined with the dif-
ference of nearby superpixels. We construct our graph model in the framework
of Conditional Random Fields.

Unlike [11], which uses an Structured SVM for image classification and con-
structs a spatial structure for graph model, the process of Conditional Random
Fields is applied on a individual architecture through Convex Optimization [12].

The flowchart of purposed dCRF is shown in Fig. 1, whereas the details are
illustrated as follows.

2.1 Conditional Random Fields

Given an image, we cut it into superpixels with the method of Simple Linear
Iterative Clustering (SLIC) [13] algorithm, and create a graph model G = (V,E),
in which vertices are defined as v ∈ V and edges e ∈ E ∈ R

V ×V . In this
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Fig. 1. The flowchart of purposed method.

definition, each superpixel is considered as a vertex node, whereas the edge the
connections between each neighbouring node pairs. The expression eij refers to
the edge consisting vertex vi and vj , whereas the observation of nodes are denoted
as data x, and states y = <y1,y2, ...yn>. The conditional distribution of each
graph model can be factorized into potentials on nodes φN (xi,yi) (unary) and
edges ψE(xije,yi,yj) (pairwise). Consider the potentials with a weight w for
training in a graph model, which is transformed into problem of pairwise CRF,
apparently. With the definition of potentials and parameters, the conditional
distribution of each graph model can be rewritten as:

p(y|x,w) =
1

Z(x,w)

∏
i∈V

φN (xi,yi)
∏

eij∈E

ψE(xije,yi,yj), (1)

in which Z(x,w) is defined as a partition function with unary or pairwise poten-
tials on the constructed graph model.

Through the definition, the potentials can be described as the log-linear com-
bination of feature functions, fN and fE . With a set of example training images
D = {(xn,yn)}, n = 1, 2...M as a sample of graphical model, Regulized Maxi-
mum Conditional Likelihood defined in [12] is applied and the training process
can be transformed into an optimization of conditional log-likelihood written as:

w∗ = argmin
w

λ ‖w‖2−
M∑

n=1

(
∑

i∈V

wT
N fN (xn

i ,yn
i )+

∑

eij∈E

wT
EfE(xn

ije,y
n
i ,yn

j ))+

M∑

n=1

logZ(xn,w)

(2)

In Eq. 2, w = [wN ,wE ] is the weight representing the importance of unary
and pairwise terms, whereas λ is a non-negative L2-regulizer in parameter
learning.
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The conditional distribution over the class variable can be obtained by solving
Eq. 2, and the most likely assignment of all labels y at the same time when
p(y|x,w∗) reaches maximum.

2.2 Feature Selection

For each problem based on Conditional Random Fields, the most important
process is feature selection. According to [1], the more information the feature
takes, the higher accuracy the results would be. In this paper, we select Convo-
lutional Neural Network as the feature extractor. The deep network is trained
with multiple stages, while the output of each stage is always the input of next
stage. These inputs and outputs, on the basis of [1], are called feature maps.

By the same time of feature extraction, the image is also cut into superpix-
els by the way of SLIC segmentation. For each superpixel, the average of all
hierarchical features among the region is calculated as the deep feature of the
superpixel, which is different from the method introduced in [1]. The feature
selection of proposed dCRF are illustrated as follows.

Unary terms. With the graph model of CRF constructed, the feature function
fN and fE in Eq. 2 need to be computed. The form of unary features is defined as:

fN (x,yk) = logPk(yk,a) (3)

where Pk(yk,a) is the distribution of superpixel x. The distribution Pk(yk,a) is
computed from a softmax classifier proposed by [1].

Pairwise terms. Similar to definition in [7], the pairwise feature fE(xije,yi,yj)
of our graphical model calculated for every edge is defined as:

fE(xije,yi,yj) =
{

1 − exp(−γK ||ci − cj ||22) : li = lj
exp(−γK ||ci − cj ||22) : li �= lj ,

(4)

where ci and cj are the mean color of superpixel i and j in LAB color space and
l is the class label.

There is difference between our method and the method in [11], in which the
inference of graph model is computed in a spatial structure, and a Structured
SVM classifier is applied in model training. However, in this paper, a Pseudo-
Likelihood CRF training is used for parameter learning instead. With all features
computed and the graph structure constructed, a max-product loopy belief-
propagation inference [12] is computed to optimize the Eq. 2 with the strategy
of Limited-Memory BFGS.

3 Experiments and Results

In this paper, in order to test the performance of proposed dCRF, we take our
method on SIFT-Flow and VOC2007 datasets. From the experiments, it can be
clearly found that compared to other methods, the proposed dCRF can have a
better performance.



Scene Parsing with Deep Features and Spatial Structure Learning 719

3.1 SIFT-Flow

First, we use the SIFT-Flow dataset [18], which contains 2,688 labeled frames.
The author of the dataset also provides a training and testing splits and a map-
ping from 59 categories and 34 classes: 33 labeled objects and one void. We take
2,488 training frames for CRF parameter learning and 200 for testing, and make
a comparison to other state-of-art semantic segmentation strategies.

Some experimental results are revealed in Fig. 2, whereas the per-pixel and
per-class accuracy of proposed dCRF are illustrated in Table 1, with comparison
of other semantic segmentation strategies. From Table 1, it can be obviously
found that the higher result accuracy can be reached if our graphical model is
trained in the method of Conditional Random Fields with deep learning features
from networks.

Table 1. Comparison of parsing performance about per-pixel and per-class accuracy
with different strategy on SIFT-Flow dataset

Method Per-pixel accuracy Per-class accuracy

Our methods (dCRF) 83.5% 36.8%

Pinheiro et al. (2013) [14] 77.7% 29.8%

Farabet et al. (2013) [1] 78.5% 29.6%

Singh et al. (2013) [15] 79.2% 33.8%

Eigen et al. (2012) [16] 77.1% 32.5%

Tighe et al. (2010) [17] 76.9% 29.4%

Some results are illustrated in Fig. 2. From Fig. 2, these issues should be paid
special attention: First, the proposed dCRF, like many other superpixel based
on Conditional Random Fields, the rough area of objects with clear boundaries
could be found, except for those with smaller-than-superpixel-size ones. Actually,
the dataset contains 34 categories, making semantic labeling into a problem
full of challenge. However, smaller objects like poles is too hard to search out.
The results due to: Conditional Random Fields is a powerful tool in object
recognition, the more information the feature brings, the higher the segmentation
accuracy would be. While Convolutional Neural Networks has great ability of
feature selection, of which the advantages the CRF takes. However, because of
small objects is often cut into superpixels through semantic segmentation, the
information of small objects is lost, which would cause recognition errors.

3.2 VOC2007

Our experiment is also taken on the VOC2007 dataset [19]. This dataset con-
tains 9,963 images, in which there are 5,011 images for training and 4,952
images for testing. The dataset contains 20 labeled objects and one background.
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Fig. 2. Segmentation results on SIFT-Flow dataset, from left to right are image, ground
truth, and our results.

Fig. 3. The segmentation results on VOC2007 dataset, from left to right are image,
ground truth, and our results.
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Table 2. Comparison of parsing performance of average per-class accuracy with dif-
ferent strategy on VOC2007 dataset

Method Average per-class accuracy

Our methods (dCRF) 60.8%

Girshick et al. (2014) [20] 54.1%

Zhu et al. (2014) [21] 55.3%

The experiments of the dataset is similar to SIFT-Flow. The results of VOC2007
dataset is illustrated in Fig. 3, and the per-class accuracy is shown in Table 2,
which is also compared to other similar strategies. From the experiments of the
VOC datasets, it can be clearly found that with the deep features considered
into our framework, the accuracy may have a significantly increase duo to the
ability of expression the features of deep learning networks, and the stability of
Conditional Random Fields.

4 Conclusion

In this work, we have shown the basic corresponding performance on effective
Conditional Random Fields with deep features generated from neural networks,
which is able to achieve better accuracy of semantic labeling compared to other
state-of-art strategies within the same framework.
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Abstract. This work targets human pose recognition based on RGB-D videos.
In recently, RGB-D based methods can be typically represented as either
maps-based approaches or skeleton-based approaches. This paper proposes a
semi-supervised learning method for evaluating human posture via RGB-D and
light-model. The light-model is generated to represent depth sequence, by using
the dynamic-fusion strategy. In this regard, light-model has richer information
than depth image, and a CNN classifier is further constructed to recognize
human pose with trained labeled light model data. Soft correlation and hard
correlation are used to adjust the CNN output of non-labeled data. This paper
constructs a set of posture data which consist of RGB images and light model.
The experiments results show that our method is more accuracy than the state of
the art, and the efficient is also competitive. This study implies that feature
extracted from 3D models is reliable for human pose recognition, especially for
sitting posture.

Keywords: Semi-supervised learning � RGB-D � Light model � Convolutional
neural networks � Pose recognition

1 Introduction

Human pose recognition is important to video surveillance and kinematic analysis. It is
a fundamental step for scene understanding. With depth image and skeleton data [8],
human pose recognition has significant progress in recent years. However, initialization
heavily influence the effect of skeleton extraction, and this method usually becomes
invalid in sitting posture. Another problem is the poor depth image quality. Textureless
and noisy images influence the recognition. Fortunately, with dense mapping strategy,
we can obtain high quality 3D points, but very seldom paper concentrate on dense
mapping method for non-rigid recognition. Our purpose in this paper is using CNNs to
recognize human posture with rich feature of human 3D model.

As the development of sensor technology, RGB-D camera such as Kinect becomes
cheaper and more prevalent in recent years. RGB-D cameras can generate 3D points
from an infrared pattern, and it offers a different way to represent human poses.
Evaluating human posture via the random forest and Kinect-based skeleton tracking
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has many effective works. With the RGB-D data, a lot of works also develop the
CNN-based method for human pose recognition. However, the skeleton tracking
always failed when human is sitting. With more scale invariant information compared
with the color cameras, algorithm can be more reliable. But most of the method on
color image can not be used on depth image directly, because the depth images do not
have as much texture as color images do, and they are usually too noisy. In literatures,
there are two main method to recognize human poses through depth images, the first is
maps-based Approaches [24–26, 29, 30], the second is skeleton-based approaches
[8, 27, 28]. Human pose recognition from single depth images [8, 27] is based on uses
the randomized decision forests to label body parts. In another hand, skeleton tracking,
with Kinect-based algorithms are accurate and robust for pose estimation. However,
Kinect-based methods need an initialization to confirm the body parts.

For the last decade, many works [1, 2] focus on the statistical representations of local
features, and these representations of motion patterns are powerful for dynamic scene.
Recently, deep learning [3] and Convolutional Neural Networks [4] has attracted great
interest in computer vision. It has great ability for feature extraction, and with large
number of data, CNNs have shown many amazing results. Some works use CNNs for
human pose recognition, for instance, P-CNN [5] propose a pose-based CNN descriptor
which tracks human body parts. C3D [6, 7] is a modified CNN to support 3-Dimensional
Convolutional Networks, and it proved its recognition ability for sports action.

With the depth sensor, we can construct 3D model from depth images to describe
human posture. Kinfu [9] firstly propose an real-time 3D fusion strategy from a single
depth sensor, but it is only suitable for static scene. Dynamic fusion [10] can recon-
structs non-rigid objects, for example, human. With dual-quaternion blending to warp
the canonical model to live model, dynamic fusion reconstructs the non-rigid objects
real-time. We propose a fusion strategy based on time nodes, which fuse depth images
between two time nodes. Indeed, this method constructs an averaging weighted signed
distance function. The obtained 3D model is smoother and less noisy than single depth
image, and it contains all the information of depth images between two time nodes.

This paper uses the light model to represent 3D model, and with light from different
positions, we can get various light models from a single 3D model. This expanded data
set shows richer characteristics of human sitting posture. Our motivation is to get a
more natural and diverse sitting posture description. Our experiment shows that light
model is valid for human posture recognition.

The rest of the paper is organized as follows. In Sect. 2, how we get the sitting
posture data set is presented, and we propose a semi-supervised method which uses soft
correlation and hard correlation to adjust unlabeled data. In Sect. 3, we conduct
experiments on the data sets and discuss the performance of our model. Review of
related work is presented in Sect. 4. In Sect. 5, we conclude the paper.

2 Related Work

Many works on human action recognition focused on local features. In particular [19]
calculates ratios between the height and the width of the bounding box around a
detected human, used to detect standing, crawling/bending, lying down, and sitting of
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transit surveillance. In [20, 21], the approach attempts to track specific joints and body
parts. In [22], Due to self-occlusion and background clutter, some approaches also use
the motion generated from each body part as a feature for pose change. Since move-
ments from each joint are shown to be interdependent. In [23], the observed motion is
compared with registered motion exemplars, whereas action models are used to esti-
mate possible future poses. IDT-FV (improved version of DT with FV encoding) [2]
was considered as an outstanding work to many challenging benchmarks.

With depth sensor, we can get more scale invariant information. Two main methods
on depth sensor before are maps-based Approaches and skeleton-based Approaches.
Much works have been done with RGB and depth, we do our research with RGB and
light model which obtains from depth. DSTIP (depth spatio-temporal interest points)
and DCSF (depth cuboid similarity feature) [11] were proposed to model human
activities from depth video. HON4D [12] (oriented 4D surface normals) was extracted
to get spatio-temporal changes of action by using a histogram. Randomized decision
forests with skeleton tracking [8] has led a great success in commercial application.
Experiment with skeleton dataset captured by depth camera in [35], the results
demonstrate the effectiveness of their algorithm. [40] shows that a significant perfor-
mance is achieved when they extract interest points solely from RGB channels and
combine the RGB based descriptors and depth map based descriptors. Based on human
3D skeleton model which generates from RGB-D sensor, we could extract periodical
joints motion and distances to describe multi-classes of actions [41]. The similar
method with us in [42] fuse the depth and RGB information for activity recognition.
This method based on a video dataset collected by a kinect camera, and show that
adding depth information in the descriptor can distinctly improve the accuracy of
human activity recognition.

Recently, Convolution Neural Networks (CNNs) have made image classification in
significant progress. There are also some work on CNNs to pose recognition [5, 13, 14].
[13, 14] use the CNN to classify whole frame in rgb video. [5] proposed a pose-based
CNN descriptor, and it aggregates motion and appearance information along tracks of
human body parts. C3D [6, 7] use a modified network from caffe, and it can support
3-Dimensional Convolution. With CNNs and RGBD data, [15] propose reconfigurable
convolution neural networks, and it extends the convolution neural networks by
incorporating structure alternatives.

Usually, large amount of labeled data must be required when we want to achieve a
good recognition performance. Due to the ability of handling both the labeled and
unlabeled data, this paper proposes a semi-supervised learning framework. Although
there are many successful semi-supervised methods [38, 39] in the action recognition, a
lot of work are mainly about how to reduce the time of manually labeling data. In [35],
the paper proposes a novel algorithm named semi-supervised discriminant analysis
with global constraint (SDG) which can better estimate the data distribution with both
insufficient labeled data and sufficient unlabeled data. This method cuts down the
time-consuming of manually labeling data. [36] proposes a boosted multi-class
semi-supervised learning algorithm in which the co-EM algorithm is adopted to
leverage the information from unlabeled data. All of the [34–36] focus on refining
learning techniques to utilize the small amount of labeled data. In [37], the paper
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proposes a novel semi-supervised learning algorithm named En-Co-training which use
ensemble method to extend the co-training paradigm.

Our work also rely on 3D reconstruction. With light model from 3D points, we can
train a CNN to recognize human posture. Recent years, dense mapping based on depth
sensor like kinect has many amazing works [9, 10, 16–18]. Kinfu [9] firstly propose a
real-time method to reconstruct 3D model using GPU and kinect. Elasticfusion [18] use
rgb and depth image to calculate camera position, and apply local loop closure and
global loop closure to adjust 3D model. To reconstruct non-rigid object, dynamicfusion
[10] apply node graph to 3D model, and all the 3D points can translate through
warp-field based node graph (Fig. 1).

3 Acquire Light Model

In image recognition, the main difficulty is that the change of illumination and scale
zooming. 3D point clouds are doing well in these two aspects. In the recognition of
human body posture. At present, some papers utilize the depth map to get the human
skeleton point information for the identification of human body posture. But this
method has strict restrictions on the initial posture, and the effect of sitting posture
recognition is particularly bad. The goal of this paper is to identify the human body
posture directly through 3D point clouds. It also has two challenges, one is the Iden-
tification of 3D point clouds, and the other is non-rigid 3D reconstruction. For the
Identification of 3D point clouds, some papers use spin image [2, 3], but this method is
of high computing complexity and often can not be achieved in real time. Some
methods use voting strategies to identify 3D point clouds [4], however, it requires
exactly the same or high similarity of 3D point clouds and the recognition effect of
non-rigid body is usually not good. In this paper, we map 3D point clouds to light
model and different light directions determine different light models. Compared with
the depth map, the pixel value of the light model does not change with the distance
between human and camera. In this way, we try to restore the shape of the object in the
view of the camera as far as possible. As 2D images, Light models can be classified
using CNN (convolutional neural networks) to get the recognition result. For the

Fig. 1. Light models from the same surface points with different diffuse light
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non-rigid 3D reconstruction, elastic fusion is realized on local deformation correction,
dynamic fusion realizes the real-time non-rigid 3D reconstruction by depth camera. The
method of dynamic fusion is amazing but also has some disadvantages. For example,
the effect is poor for fast moving objects, objects with topological changes and large
scenes. Analysis the reasons, we can find the most important is that ICP algorithm is
sensitive to initial value, reconstruction often fails due to the dramatic changes of one
frame. Therefore, this paper adopts the method of time node fusion. By non-rigid
fusion, we get a de-noising 3D point cloud fused by depth maps for a short period in
the view of the camera rather than getting a complete point cloud.

In the following sections, we describes how to integrate time nodes and get the light
model. Our goal is training a Convolutional Neural Network for human posture
recognition by semi-supervised learning. We found that the pixel values of light model
would not change due to distance compared to the depth image, so our training dataset
contains not only RGB images but also light model which could obtained by non-rigid
3D reconstruction.

3.1 Non-rigid 3D Reconstruction

We note that the reconstruction model obtained by fusion can get more sitting infor-
mation than depth image, We fuse the given depth between two time nodes into a 3D
model and get light model by lighting. Similar to the dynamic fusion and kinfu, we
allocate a space in GPU memory, including 256^3 voxels. We achieve the fusion of
three-dimensional model by updating the SDF function which defined on voxel, 3D
point cloud can be expressed by zerocrossing of SDF function. We can also obtain 3D
point cloud of person surface through raycast method.

We achieve the 3D surface by estimating the transformation matrix of each 3D
node. Due to non-rigid of person, the relative position between each surface patch will
change. Like dynamic fusion, we use a series of nodes to form the skeleton of 3D
surface and restrict node by regularization to make the transformation more smooth.
The difference between dynamic fusion and us is to fix camera position instead of
estimating camera pose. While obtained a new frame of depth image, we calculate the
transformation matrix of each 3D node by using ICP algorithm. We can obtain warp
volume by transform volume space with node transformation matrix, and get non-rigid
3D point cloud and normal by raycast the warp volume.

3.2 Time Node Fusion

In the 3D modeling process, a possible approach is to track the position of the human
body constantly and fuse depth images into the 3D model. However, non-rigid 3D
reconstruction is usually not stable and perform weak for the fast-moving and topology
changes of human, such as hands cross and separate. Therefore, the non-rigid recon-
struction is defined between two time nodes in our experiments.

We need to merge the depth images between two time nodes into a 3D model.
Assuming t1 and t2 represent two neighboring time nodes and we set the time interval
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sets between two nodes is 1 s. We reinitialize the volume and warp volume at time t1
and fuse the depth images between t1 and t2 into the new 3D model. For a single depth
image, although camera noise and the hole area is usually serious, but the resulting 3D
model can get more complete information of human after weighted update the SDF
function constantly in the reconstruction. By fusing depth images between two time
nodes, the 3D model can represent the information of the depth images sequence in this
period of time. In this way, we can get a non-rigid 3D point cloud. In the next section,
we will use it to generate the required training samples - light model.

3.3 Light Model

Light model is often used to texture 3D objects in graphics, it often simulate 3D object
in the light by defining a virtual light source. The most common light sources are
ambient light, diffuse light and specular light. We use light model to show the results of
non-rigid reconstruction, and get a series of light model by changing the diffuse light
angle. These light models can represent the 3D model under different light sources, and
also can enrich our data set.

L ¼ normðPlight � PÞ � nP þ Lambient ð1Þ

Lmodel ¼
0; L� 0
255 � L; 0\L\1
255; L� 1

8

<

:
ð2Þ

Where Lmodel represents pixel value of light model, Plight represents diffuse light
position, P represents 3D point clouds, nP represents the normal of vertex point, normðÞ
is normalized function, Lambient is ambient brightness. In our experiment, we choose
(0.1, 0.1, 0.1) as the ambient light. The initial position of diffuse light is (−5.0, 1.0,
−1.0) and light position changing formula is:

Plight ¼ Plight þð1:0; 0:0; 0:0Þ

Thus, we can get the series of light model under the lights.

4 Semi-supervised Learning

We introduced the non-rigid 3D reconstruction and obtained light model in the pre-
vious section. Now, we recognize the sitting basis events by semi-supervised learning
of the existing time series RGB and light model pictures. Here we first classify the
labeled data, then we show how to do semi-supervised learning with the classified
model and a large number of unlabeled data.

In order to train with the large number of unlabeled data stably, we establish two
forms of correlation: hard correlation and soft correlation. Hard correlation means that
RGB image and light model should represent the same basic event at the same time,
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and soft correlation means that basic event should happen sequentially, for example,
forward event changes to the backward event usually after normal sitting; after raising
hand event, the most likely event is to continue raising hand, second possible event is
normal sitting. In order to train CNN for semi-supervised with soft and hard correla-
tion, we construct a quadruple network. The inputs are both the RGB images and light
models of current time node and previous time node. Training results area mended
through hard correlation and soft correlation, and corrected results adjust the network
weights.

In this paper, we divide sitting basic events into seven categories named forward,
backward, raising hand, stoop, left-leaning, right-leaning and normal sitting respec-
tively. We believe that the basis of seven categories can constitute the behavior of
sitting.

4.1 Data Acquisition

With RGB video and depth video, we need to extract patches of interest, like human or
chairs which are movable. ROIs of movable objects such as person and chair can be
obtained by depth background modeling. We adopt a method in which the background
is not updated. Background modeling and foreground detection are important steps in
video processing used to detect robustly moving objects in challenging environments.
In our method, it requires no movable objects in the scene when we start the camera in
the data acquisition process, we can get the depth of the background model by the
weighted average of 10 frame depth, and the process time is about 0.3 s. For a new
depth image, subtract it with the depth background model, and a difference depth map
can be obtained. The depth difference threshold is set to 200 mm and contour length
threshold is set to 50 pixels, then we do binarization of difference depth map with
different threshold, and detect contours of binary image. It can be regarded as movable
object if contour length is greater than the threshold, and the bounding box of movable
object can be taken as ROI. In our experiment, the 3D point cloud can be obtained
directly from the depth map, so we can get the ROI of the foreground object stably.
The ROI can also be applied to color images after registration to get the foreground
object in color images. Light model and the ROI of color images will be used as a
sample of the data set. We set interval of time node 1 s, each quadruple data includes
ROI of RGB image in current time, ROI of RGB image in previous time, ROI of light
mode incurrent time and ROI of light model in previous time (Fig. 2).

4.2 Network Structure

Alexnet architecture was selected as our single network, and we take the image with
size 227 * 227 as input. In our experiment, the output is 7 dimensional feature space.
The entire network consists of four single network, which take the RGB image and
light model of current time and previous time respectively as input. The four single
networks are Net for previous color images (Npc), Net for current color images (Ncc),
Net for previous light model images (Nplm) and Net for current light model images
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(Nclm). Where Ncc and Npc share weights, and Nplm shares weights with Nclm. For a few
labeled patch pairs sampled from the light models and color images, we don’t distin-
guish previous time node and current time node. All the light model patchs will be used
to train Nclm. Nclm network will also be trained at the same time due to the shared
weights. Similarly, all the color image patchs will be used to train Ncc and Npc. Through
the above process, we will complete the initialization of the quadruple network.

We need a large number of unlabeled data to complete semi-supervised learning.
With pre-labeled data, we could obtain a CNN model to classify unlabeled data. There
must be two result for existing pre-trained model to classify unlabeled: correct
recognition and error recognition. In order to suppress the wrong results, We introduce
hard correlation and soft correlation, and restrict the relationship between previous
output and current output. Specifically, for a given set of input data, the output of Npc is
Opc, the output of Ncc is Occ, the output of Nplm is Oplm and the output of Nclm is Oclm.
Opc and Occ satisfy the sequence of events. We define the order relation as soft
correlation. The soft correlation generates the soft correlation space. In the soft cor-
relation space, given a priori events, we can get the posterior probability. Similarly,
Oplm and Oclm also satisfy the soft association limit. Oclm and Occ are the output of the
current time node, they should represent the same event and we will use a hard
correlation to limit. We adjust Occ and Oclm by hard correlation and soft correlation.
After the adjustment, we take output as the label of unlabeled sample, and
back-propagation algorithm is used to adjust the Ncc and Nclm network weights, we use
the Adam algorithm [32] as the optimization method. Through the above process, we
have defined the complete semi-supervised learning process.

Fig. 2. Framework of quadruple network
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4.3 Hard Correlation and Soft Correlation

Soft correlation represents the continuity of basic events. We believe that the occur-
rence of the basis event is interconnected. In order to establish contact latecomer event
with the former event, we construct a soft correlation which weighted sum the late-
comer event and the former event. The soft correlation will achieve quantitative
description between priori events and posterior events. For a priori event, it is mapped
to the soft correlation space and we can know the probability of several basic events
that may occur in the following. In semi-supervised learning, the input is an unlabeled
quadruple data. Firstly, considering the color images, the priori event is Opc, which is
mapped to the soft correlation space, we can get the probability distribution of the
posterior event. Actually, due to the uncertainty of the unlabeled samples, this prob-
ability distribution can only be used as a reference. The output Occ of Ncc provides
another more important reference for the posterior event. Here, we use the correlation
coefficient to sum the results. (The same results can be obtained for light model) its
adjustment formulas can be expressed as:

Ocsoft ¼ / � UðWðOpcÞÞþ ð1� /Þ � Occ

Olmsoft ¼ / � UðWðOplmÞÞþ ð1� /Þ � Oclm

�

ð3Þ

Where the W() extract label from the 7 dimensional output vector. U() maps the label to
the soft correlation space which represents the possibility of basic events after current
event. / is the correlation coefficient, in our experiment, we choose it as 0.4. We note
that / is a critical parameter, which determines the impact degree between the former
event to latecomer event.

Hard correlation restrict Occ to be consistent with Oclm at the same time. Through
the above steps, we obtain the soft correlation output Ocsoft of Ncc and the soft cor-
relation output Olmsoft of Nclm. We will compare the soft correlation results of two
networks: Ocsoft and Olmsoft, then decide what basic event happen in this time. After
adjusting soft correlation, we do hard correlation adjustment, the formula is:

Ochard ¼ onehotððOcsoft þOlmsoftÞ=2Þ
Olmhard ¼ Ochard

�

ð4Þ

Wherein onehotðÞ function changes maximum value of vector into 1, and the rest
goes to zero.

4.4 Soft Correlation Space

Soft correlation space represents the interrelated of the basic events. Given a priori
event, the label is mapped to a soft correlation space and we can get the probability
distribution of posterior events. For example, backward event most likely to occur after
the backward event, second possible is after normal event, but impossible occur after
forward event. To describe this interrelated, we introduce soft correlation space. Since
we have defined seven basic events, so soft correlation space will be 7D space.
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With U() function, it can map basic event label i into 7D vector of soft correlation
space, which represents the probability of each basic event occur after basic event i.
The establishment of soft correlation space consists of two steps. Firstly, initialization,
all the labeled samples will be used to statistics the order of events. For each of the
basic events, the probability of the occurrence of posterior events can be obtained by
marking samples, and the soft correlation space is initialized; Secondly, Update, for an
unlabeled sample, if it satisfies the confidence condition, it will be used as a confidence
sample, and the soft correlation space is updated. All labeled samples are confidence
samples, we note that for the labeled samples, color image’s basic event of previous
time node and light model’s basic event of previous time node is the same. Meanwhile,
color image’s basic event of current time node and light model’s basic event of current
time node is the same. We will use the condition to determine whether the quadruple
data is a confidence sample.

We first initialize the soft correlation space with pre-labeled data. Count all the
pre-labeled quadruple data, assume N is the total number. For previous time node of
quadruple data, the number of basic event i is N_i, N = RN_i, then

UðiÞ½j� ¼ Mij

Ni
; i; j ¼ 1; 2; . . .; 7 ð5Þ

Where M_ij represents the number of basic event j happen after the basic event i. We
need to update the soft correlation space in the semi-supervised learning process, if an
unlabeled quadruple data meet the following criteria:

WðOpcÞ ¼¼ WðOccÞ ¼¼ p
WðOplmÞ ¼¼ WðOclmÞ ¼¼ q

�

ð6Þ

Then we assume the quadruple data is definite sample, and update the soft corre-
lation space.

N ¼ Nþ 1;Ni ¼ Ni þ 1;Mij ¼ Mij þ 1

Then we recalculate U() function.

5 Experiment

This section describes our experimental results. First, we evaluate time node fusion and
compare the light model to depth image. We then train the CNNs with light model and
depth image, respectively, our goal is to demonstrate the advantages of light model.
Next, semi-supervised learning with hard correlation and soft correlation is compared
with supervised learning. Finally, our method is compared with the state of the art.
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5.1 Performance of Light Model

We tested our algorithm on an Intel Core E5-1620 3.5 GHz CPU with an Quadro
K620 GPGPU processor. Our input data are captured using a single Kinect camera with
a resolution of 640 � 480 and sampling frequency of 30 FPS. Method in Sect. 3.3 was
used to construct light model. Figure 3 compares the performance of light model and
depth image. We notice that, compared to the depth image, noise of light model is
suppressed, and the number of holes decreased. With normal information, light model
can describe body posture more intuitive.

To verify this, we selected two sets of data. The first data set is different postures of
light model, and the second data set is depth images corresponding to light model.
Since the light model has timing information and each light model is fused by depth
images in 1 s, we select the intermediate depth image corresponding to the light model.
Body posture will be divided into seven categories, namely anteversion, hypsokinesis,
raising hand, hands up, turn left, turn right and sit straight. In our experiment, 2500
light models and its corresponding depth images are selected as testing data, while
7500 light models and its corresponding depth images are selected as training data. We
train the two groups of data with AlexNet, and compare the results of their classifi-
cation. As shown in Table 1, light model has a better result.

5.2 Semi-supervised Learning

In order to evaluate our proposed algorithm, we perform experiments to compare
supervised learning and semi-supervised learning. Similar to above section, we use the
same data in comparative experiments. The images for supervised learning are all

Fig. 3. Light model and depth image

Table 1. Comparision of depth image and light model

Precision (%)

Depth image 87.2
Light model 92.3
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labeled, and 25% images for semi-supervised learning are labeled. In the experiment
for semi-supervised learning, we adopt hard correlation and soft correlation method
which are described in Sect. 4.3. The result is shown in Table 2, and we can see that
semi-supervised learning got a competitive results.

The next, two cases were analyzed for semi-supervised learning. First case, we
fixed the number of labeled data and let the number of unlabeled data increases. The
classification result as the amount of data increases was examined. The other case, we
fixed the number of unlabeled data and let the labeled data increases. As shown in
Fig. 4, when the amount of data increases, the effect of classification results were
improved.

6 Conclusion

This paper introduces light model which is constructed with time node fusion method.
We demonstrate the effectiveness of light model for human pose recognition. With the
light model and RGB data, we construct a semi-supervised CNN classifier which use
the hard correlation and soft correlation.

Table 2. Comparision of supervised and semi-supervised learning

Precision (%)

Supervised learning 92.7
Semi-supervised learning 91.3

Fig. 4. Semi-supervised learning
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