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a b s t r a c t
Anchor-free based object detection has recently seen important progress benefiting from the advances
in convolution neural networks. However, the detection performance for human faces is not so
satisfactory. First of all, many existing anchor-free methods only focus on a certain scale of the feature
map, such a mechanism often fails to perceive the important multi-scale context, resulting in a low
recall rate of faces with large scale variations. To solve this problem, we propose to boost the face
detection by adaptive learning to perceive the focal scale. To be specific, we design an online scale
adaptation strategy to heuristically guide each layer detector to detect faces of different scales in
multi-branch structures, which reduces outliers and improves recall rates. In additional, we also argue
that the detection head with single convolution layer widely used in anchor-free methods is not robust
enough to image context. Therefore, we augment the network by a context-aware detection module.
The module dynamically generates different detectors for different input images based on their context
to adapt to their image features, reducing the dependence on feature extraction ability of backbone
network, and avoiding feature deviations in different scenes. Extensive experiments demonstrate that
our method achieves significant performance gains compared to previous anchor-free methods and is
comparable to the most advanced anchor-based face detection methods.
© 2022 Elsevier B.V. All rights reserved.

1. Introduction
Face detection is a fundamental task in computer vision. It
serves as primary technique for various downstream vision applications such as face recognition [1–3], face alignment [4–6] and
face retrieval [7,8]. Thanks to the well-annotated datasets [9–12]
and the rapid development of deep learning, a series of excellent
algorithms [13–23] have been proposed in the past decades,
which could be categorized into two branches, i.e., anchor-based
and anchor-free methods. Comparing to the anchor-based detection methods, anchor-free methods could achieve a faster inference but worse performance. Extensive efforts have been dedicated to mitigate the performance gap between the anchorbased and anchor-free methods. However, the results are still
unsatisfactory due to some challenging factors such as scale variation and complexity of image context. Scale variation is a longstanding challenge for anchor-free face detection. To address this
issue, some anchor-based methods [13–19] utilize multiple feature maps from different layers and detect faces at each feature
layer in parallel. And then they densely place anchor boxes with
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large size to upper feature maps and anchor boxes with small
size to lower feature maps. The success of these methods mainly
stems from the support of extensive anchors. Thus, these solutions could not be directly transferred to anchor-free methods
since there is no anchor available. Keypoint-based anchor-free
object detection is another popular detection paradigm [24–26],
which abandons the anchor and treat object as a combination
of some points. However, many existing keypoint-based models
detect objects of various scales from a single scale feature map,
and are not robust to handle the problem of large scale variation.
For example, the prediction bounding box of large object is too
small due to the lack of receptive field, and the keypoint location
of small object is not accurate. Therefore, these methods also cannot be directly used for face detection with large scale variation.
Recently, Li et al. [27] propose a pyramid feature aggregation
mechanism to enhance the model robustness for the face scales,
which could achieve a faster inference but worse performance
than most advanced face detection approaches.
The effectiveness of multi-scale has been validated by anchorbased methods in addressing the scale variations [13–19], but
the situation becomes much more challenging when encountering the anchor-free cases. Unlike the anchor-based methods
that could utilize the IoU of anchor box and ground-truth to
build the corresponding between the detectors and the faces
with different scales, no anchor box is available for anchor-free
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FACE [12] datasets. Extensive experimental results demonstrate the superiority of our proposed method with other
state-of-the-art methods.
2. Related work
Face detection is a classic task in computer vision, and has
been extensively studied over the past few decades. Early face detectors are based on sliding windows and hand-crafted features,
while the modern methods are based on convolution neural networks. The CNN based face detection approaches can be roughly
divided into two categories: anchor-based detector [13–17,19,29]
and anchor-free detector [21,22]. These two stage methods [30,
31] use ROI Pooling operation [30] to extract a scale-invariant feature map for multi-scale detection, while some one-stage methods [21,22,24–26,32] also extract a single-scale feature map but
lacks scale invariant. Recently detectors [13–17,19,29,33] adopt
multi-scale feature maps for object detection. Considering that
deep learning approaches have achieved the state-of-the-art results on all open datasets and far better than the traditional
detection methods, here we mainly introduce the related deep
learning methods.

Fig. 1. The figure demonstrates the weight of training sample at different
detection head under scale aware loss. The training sample will be assigned
different loss weights to detectors of different levels by scale perceiving.

methods. To tackle this and successfully adopt the multi-scale
mechanism into anchor-free community, we transform the original encoder–decoder structure in [24–26,28] into a multi-branch
network suitable for face detection and propose a scale-aware
loss to help the network perceive the scale difference, such that
an explicit connection between face scale and detector could be
built. The loss aims to make each detector focuses on samples
near the reference scale and reduces the weights of samples far
away. As shown in Fig. 1, the training sample will be assigned
different loss weights to detectors of different levels by scale
perceiving. For example, the scale of the input sample is closest
to the reference scale of the second layer detection head, so we
let the second layer detection head primarily detect the input
sample by assigning it larger weight. Furthermore, to alleviate the
sample imbalance of different scales, we design an data-scaleresampling method. This operation changes the distribution of
samples with each scale in training dataset, making the number
of all scales samples be balanced, and each detector could get
enough samples for training. The scale-aware loss and data-scaleresampling method form our online scale adaption strategy, these
two modules could help us build a scale-robust network.
In our practice, we also observed that the aspect ratios of faces
are relatively diverse. Although aspect ratios of most faces are
close to 1 : 1, according to the statistics of WIDER FACE [12]
dataset, there are still a considerable number of face bounding
boxes with an aspect ratio greater than 2 or less than 0.5. For
these samples with singular aspect ratios, the common-used convolution with square receptive field could not well capture their
key features. Consequently, the network often fails to detect the
face regions. To address this, we design a shape-sensitive module
(SSM). Our SSM combines standard convolutions and asymmetric
convolutions, providing receptive fields with different shapes and
enhancing the perceptual ability for faces with different shapes.
The contributions of this paper are summarized as follows:

2.1. Detect face based on anchors
Anchor-based detectors are the most popular and best performance methods for face detection. These methods use multiscale anchor boxes at each cell of image to replace different
sliding windows of traditional methods and rely on classifying
anchor boxes to detect face. Anchor is first proposed by Faster RCNN [31], and then SSD [33] extends anchor boxes to multi-scale
feature maps. Since then, anchor-based methods [31,33,34] have
achieved remarkable performance in the area of general object
detection and anchor is rapidly used in the area of face detection.
After several years of research, anchor-based methods [13–17,
19,29,35] have achieved great success in face detection task and
won all champions in WIDER FACE Challenge [12] in a long
time. Specifically, SSH [13] is designed to reduce inference time,
which has small memory and scale invariance. It is a singlestage detector that classifies and locates the global information
extracted by the convolutional layer. S3FD [14] can be regarded
as an improvement based on SSD [33]. It improves the detection
network by adding a prediction layer and sets more reasonable
anchors by referring to the effective receptive field. A scalecompensated anchor matching strategy is adopted to increase the
number of positive sample anchors to improve the face recall
rate. In recent works, researchers focus on how to improve the
recall rate and precision of face detection. SRN [17] selectively
applies two-step classification and regression on different layers
to reduce false positives and improve location accuracy simultaneously. Pyramidbox [16] fully exploits the context information
to provide extra supervision for small faces.

• We propose an online scale adaption strategy that heuristically guides the detector on each layer to adapt faces
with different scales in multi-branch structure. This strategy
enhances the robustness of the network about the scale
variation.
• In view of the context complexity of different images, we
also propose a context-aware dynamical detection head. It
dynamically generates different detectors according to the
image content, reducing the dependence on the feature extraction ability of backbone network and preventing feature
deviations between different scenes.
• We also propose a shape-sensitive module to improve the
recall ratio of faces with singular aspect ratios. We evaluate the proposed method on popular face detection benchmarks FDDB [11], AFW [9], PASCAL face [10] and WIDER

2.2. Anchor-free face detection
Other methods attempt to directly predict the bounding boxes
without pre-defined anchor boxes, called anchor-free detectors.
Previous works [21,22] directly regress a 4-D vector at every pixel
of feature map to locate faces by a fully convolutional network.
AFN [36] leverages the local and global contextual information
fusion to improve recall-rate of anchor free method. SAFD [37]
uses the dilated convolution layers and attention mechanism to
select the informative features that can accommodate to different
scales. Feng et al. [38] propose a novel network with anchorfree detection and improve the performance in dense object
detection by an altered feature enhancement module. However,
2
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3. Preliminary

as suffering from imbalance problem of positive and negative
samples and lack of multi-scale information, these methods cannot achieve very promising results on the large-scale WIDER FACE
Challenge [12].
Recently, there are some methods [24–26] that adopt keypoint
estimation to locate objects. These methods decompose object as
a combination of some points, and employ a huge neural network,
such as Hourglass [39], to generate a high-resolution feature map
to locate keypoints of objects. Instead of using embedding of each
corner to achieve keypoint matching like CornerNet, Ma et al. [40]
predict a matching degree score for each predicted bounding box
formed by corners. Yang et al. [41] adopt two simple modules,
ship detector and center detector based on the extracted features
by the feature extraction module and the central information of
ships to generate and improve the detection results. Unfortunately, these methods still lack multi-level detection and cannot
handle with the imbalance problem among objects with different sizes. Furthermore, one anchor free method [27] proposes
a pyramid feature aggregation module, which aggregates multilayer features to enhance the modeling ability of the model to
faces with different scales. The detection speed can be increased
by two to three times. However, there is a small gap between the
accuracy and the most advanced face detection methods.

In this paper, we extend keypoint-based anchor free detection
methods [24,26,27,46]. At first, we briefly review the anchor free
detector. Similar to [27], we decompose face detection into two
tasks: center localization and scale prediction. First, an input
image goes forward through the stacked convolutional layers
to form feature maps. Based on the feature map, anchor free
detector separately generates two heatmaps: Center map and
Scale map, as shown in Fig. 3. The center map shows where the
face may exist, and the scale map is used to predict the scale of
face at every position.
For center localization task, we formulate it as a binary classification task (center or non-center) at pixel level. The box center
is treated as the positive target while others are treated as negative samples, and we employ 2D Gaussian mask that reduce
the penalty for negative samples near the center point to deal
with the imbalance of positive and negative samples. For scale
prediction task, we predict a 4-D vector that is the distances
from its location to the four sides of the bounding box at each
position. The training loss is composed of the loss of center point
estimation and the loss scale regression:
Ldet = Lcenter + λ · Lscale

(1)

where Lcenter and Lscale are the loss of center estimation and scale
regression respectively. λ is a hyper-parameter to balance loss
between center point estimation task and scale prediction task.
More details about the anchor-free detector and the training
procedure can refer to [27].

2.3. Multi-scale enhanced object detection
Current CNN-based detectors extract feature maps from backbone network and then apply detection head on these feature
maps to parse final detection results. Some detectors extract a
single scale feature map for detection, such as [21,22,24–26,30–
32]. These two stage methods [30,31] use ROI Pooling operation [30] to extract a scale-invariant feature map for multi-scale
detection. They provide excellent performance on most common
objects, while the recall rate of small objects is not high. One of
the most important reasons might be that small objects are more
difficult to match anchors and there are no enough positive samples of small objects for training. Some one-stage methods [21,
22,24–26,32] also extract a single-scale feature map. However, as
there is no ROI pooling operation in one stage methods, these
features are lack of scale invariant, thus they perform not well
on small objects and very large objects.
Other recently detectors [13–17,19,29,33,42–44] adopt multiscale feature maps for object detection. They handle objects with
different scales at different level feature maps and achieve great
performance improvement. However, the performance of multiscale detectors is highly related to the design of anchors. If
one object does not match pre-defined anchor boxes, the recall
rate will be not high. FaceBoxes [19] proposes a rule for anchor
design that makes anchors with different scales have the same
density on the input image, thus the recall rate of tiny faces
has been greatly improved. S3FD [14] proposes a scale compensation anchor matching strategy to ensure that faces with each
scale could match enough anchors. RetinaFace [29] places over
100,000 anchor boxes on multi-scale feature maps to improve
face detection performance. Wu et al. [45] propose a novel object
detection framework that integrates multiple channel feature
extraction, feature learning, fast image pyramid matching and
boosting strategies. In our paper, we propose a scale adaptive loss,
which adjusts the loss weight of samples in different detectors
according to the scale and heuristically guides each detector
to learn an optimal detection range, rather than directly assign
samples to detectors of different levels.

4. Proposed method
Our overall architecture is exhibited in Fig. 2, given an input
face, we first adopt our data-scale-resampling strategy and select
an image with certain scale based on a pre-defined scale pool.
Then, the image is fed into the network to produce the multiscale features. In the following, the features with different scales
are first up-sampled and pass through our shape-sensitive module (SSM) and the context-aware detection module dynamically
generates the detectors according to the input feature content,
predicts the center point position and the corresponding scale
information of the face to obtain the detection bounding box. Finally, the proposed scale-aware loss is employed to train the network. In this section, we will introduce our online scale adaption
strategy, shape-sensitive module and context-aware dynamical
detection module, respectively.
4.1. Online scale adaption strategy
To apply the multi-branch parallel detection manner in the
anchor-free based framework, how to make different detectors
adapt to different scales is a key problem to be addressed. The
traditional anchor-based methods assign training samples to different levels by the IoU between ground-truth and anchor boxes,
thus the detector of each layer only needs to focus on the objects
that match anchor boxes of this layer. However, because there
is no anchor as a reference in anchor-free methods, we cannot
directly bind training samples with different scales to different
detectors in training process.
To successfully integrate the multi-scale mechanism into keypoint anchor free paradigm, we propose an online scale adaption
strategy which comprises the scale aware loss and data-scaleresampling, these two modules work together to mitigate the
problem of scale variation. The scale aware loss is designed to
heuristically guide detectors at each layer to learn a reasonable
detection range, while the data-scale-resampling strategy is responsible to change the distribution of training samples with
different scales and make the samples of each detectors more
balanced.
3
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Fig. 2. Network architecture used in our experiment, Up is a bilinear upsampling, SSM is shape-sensitive module and CADM is context-aware detection module.

between center point estimation task and scale prediction task,
pi is the weight of the loss in the ith branch detector.
As shown in Eq. (2), the key of our scale-aware loss lies on
how to determine the weights pi . Intuitively, we attempt to guide
each detector to focus more on samples near the reference scale
and reduce the weight of the sample that is far away, so the
form of the Gaussian function is more in line with our requirements. Specifically, pi is a parameter related to the scale s of
training sample and the reference scale refi . According to previous
research [14], the effective receptive field of each layer in CNN
model is about 4 times of its total stride. Thus, each feature map
is more suitable for detecting these faces whose sizes are similar
to 4 times of its stride. So we set a reference detection scale refi
for each detector with 4 × stridei . When the scale s of the training
sample is further away from the reference scale refi , the weight
pi of the sample in this branch is smaller.
The weight pi is calculated by:

Fig. 3. An illustration of anchor-free detector, center map and scale map are
generated on feature map.

dsi = max(

4.1.1. Scale-aware loss
Our scale-aware loss targets on guiding each detector to pay
more attention to the samples whose scales are near the reference scale, this is achieved by assigning a scale-adaption weight
for the loss of respective detector.
As shown in Fig. 2, our network employs a multi-branch
architecture and outputs multi-scale prediction by different detectors. We first estimate a weight for each detector based on
the face scale, which is used to adaptively accumulate the losses
of all detectors, such that the overall loss could be obtained. In
particular, we formulate the total loss of a face e in all branch
detectors as:
L(e) =

k
∑

pi · Licenter (e) + λ · Liscale (e)

(

)

pi = exp

s
refi

(

,

refi
s

)

)
2

−dsi
τ

(3)

where refi is the reference detection scale that we set according
to the stride in the ith detector. τ is a hyper-parameter, which
controls the decay speed of weight. For a training sample, we take
the diagonal length of bounding box as its scale s:

√
s=

w ∗ h.

(4)

where w and h are the corresponding width and height of the
bounding box.
4.1.2. Data-scale resampling
The distribution of training samples with different scales is
imbalanced. The number of samples with some scales is very
large while the other is very small, which causes the network bias
to the scales with enough images and get barren performance on
the insufficient scales. To remedy this issue, we design a datascale-resampling strategy to change the distribution of faces with

(2)

i=0

where superscript i represents different detectors, k represents
the number of all detector heads, Lcenter , and Lscale are the loss
of center estimation and scale regression respectively, which is
introduced in Section 3, λ is a hyper-parameter to balance loss
4
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ratios, and the square-perceiving part uses standard convolution
and residual connection to provide square receptive fields with
different scales to enhance the modeling ability of multi-scale
faces.
In particular, the cross-perceiving part comprises four convolutions with receptive fields 3 × 1, 1 × 3, 5 × 1 and 1 × 5,
while the square-perceiving part contains two shared convolutions which provide two receptive fields, 3 × 3 and 5 × 5 . Fig. 5
illustrates the mechanism of SSM. The color rectangle of each
layer is the receptive field of one correspondent convolutional
layer. Suppose the receptive field of feature is the top small
square in Fig. 5, and the different rectangles in the middle layer
are the receptive fields corresponding to each branch of the
SSM module. The bottom layer is the final enhanced receptive
field. The specific process is as follows: firstly input a feature
map, divide the feature map into several groups in the channel
dimension. Next input them into the cross-perceiving part and
the square-perceiving part respectively for different convolutions.
And then concat the two part to obtain the enhanced feature
maps.
To be specific, the cross-perceiving part can be formulated as
follows:

different scales in training dataset, which makes faces with every
scale more balance and make sure that detectors at each level can
get enough samples for training.
The main idea is to randomly select a face from input image
and then rescale the selected face to a randomly selected scale.
In this way, we can get a relatively even samples with all scales.
Supposing B is the set of bounding boxes and faces, and R =
{refi }ki=0 is the set of reference scales. Select a face bounding box
randomly from B and calculate the scale s of the selected face
bounding box. Then select a reference scale randomly from R and
in the fourth step, select a target scale around the reference scale.
Calculate the scaling factor r ∗ . Finally, resize the input image by
the factor r ∗ and crop a region around the selected face in the
scaled image as a training image. The detailed steps are described
in the following algorithm 1.
Algorithm 1: Data-scale-resampling.
1
2

# B: the set of bounding boxes and faces
# R: the set of reference scales

3
4
5
6
7
8
9
10
11
12
13
14

15

B, R = input(B, R) # input the B and R
# randomly select a bounding box and its face
face, box = random.choice(B)
# calculate the scale of the selected face
s_face = sqrt(w * h)
# randomly select a reference scale
ref = random.choice(R)
# select an object scale around the reference scale
s_target = random.uniform(ref / 2, ref * 2)
r = s_target / s_face # scaling factor
# resize and crop a region around the selected face as a
training sample
scaled_face = crop(r, face)

x̂cp = Conv3×1 (x) + Conv1×3 (x) + Conv5×1 (x) + Conv1×5 (x)

(5)

where x is the input original feature and x̂cp is the enhanced
feature. This enhanced feature have receptive fields with multiple
shapes, such as 3 × 1, 1 × 3, 5 × 1 and 1 × 5.
The square-perceiving part can be formulated as:
x̂sp = Conv3×3 (x) + Conv3×3 (Conv3×3 (x))

(6)

where the Conv3×3 is shared. These two cascaded convolution
layers provide 5 × 5 receptive fields. Thus, the square-perceiving
part has two receptive fields, 3 × 3 and 5 × 5 .
Finally, we also provide a shortcut connection as an access to
the flow of original information, which is equivalent to a 1 × 1
receptive field.

Tang et al. [16] also develop a data sampling strategy to remedy the scale imbalance problem. However, the implementation
is considerately different with our data-scale resampling. The
authors pre-define a anchor scale pool, for a training image, first
pick a closest anchor scale to the image, then reshape a random
face in this image to a random smaller anchor scale. While in
our Data-Scale Resampling, instead of giving a fixed scale pool
beforehand, we introduce a reference set, from which we pick a
scale to serve as a reference for the image scale and select a target
scale around the reference scale.

4.3. Context aware detection module
The CNN-based face detectors often extract several feature
maps with different resolutions, and then use a detection head on
these feature maps to parse out detection results (confidence and
bounding boxes). The detection head usually consists of several
convolutional layers. The drawback of the general convolution
detection head is that its parameters will be fixed after finishing
training and it lacks self-adaptability to image content. In order to
obtain correct detection results, the fixed detection head requires
that input features come from the same domain. It means that
general detection head has a high requirement on the feature
extraction capability of backbone network. However, for two
images with large difference in context (such as one from normal
illumination scene and the other from overexposure scene), the
feature extracted by backbone always has a bias, which will
affect detection results. A naive way is to train a detector for
each scene(such as dark, overexposure or normal) separately.
Unfortunately, explicit scene classification requires scene annotation on a large amount of data, which is very expensive and
time consuming. Moreover, due to cognitive limitations of the
annotators, various scenes cannot be well classified.
Hong et al. [47] develop a general multimodal deep learning
framework to solve the problem of deep network performance
degradation caused by classification tasks based on complex scenarios. And similarly, we propose a context aware detection module to solve this problem. It dynamically generates a detector
according to the content of input image, as shown in Fig. 6,
so that the generated detectors can be adapted to the features.

4.2. Shape sensitive module
The shape of human face is different in scale and aspect ratio.
As reported in [13,16], increasing the receptive field by placing
convolution kernels with different sizes in parallel upon extracted
feature maps can improve face detection accuracy. Indeed, the
combination of convolution kernels with different sizes not only
enlarges the receptive field, but also diversifies the receptive field
of detection layers. The diversity of receptive fields increases the
ability of model to capture faces with different sizes. However,
the receptive fields of most networks are square, which will affect
the detection of faces with different aspect ratios.
To enable the network to effectively perceive the faces with
diverse size and aspect ratio, we design a Shape Sensitive Module(SSM) to enhance the expression ability of feature maps for
faces with different shapes. Our SSM is a multi-branch convolutional block. It can be divided into two parts: the cross-perceiving
part uses asymmetric convolutional layers to provide rectangular
receptive fields to deal with these faces with different aspect
5
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Fig. 4. Evolution of multi-branch model structure.

where Dets is final detection results, φ represents a convolution
operation.
Since different convolutional kernels collect contexts from
different views, Eq. (7)–(8) actually seeks to form an adaptive
context generation, where the adaptive weights are generated
based on the input feature, with the softmax operation, we could
endue the network with the ability of dynamic context selection,
such that our network could be capable of picking the most
valuable context to benefit the followed detection task.
5. Experiments
In this section, we evaluate our method on four common face
detection datasets, FDDB [11], WIDER FACE [12], AFW [9] and
PASCAL Face [10]. Following standard practice, all models are
trained on the WIDER FACE dataset while other datasets are only
used to evaluate the final performance. To show the effectiveness
of the proposed method, comprehensive ablation studies and
discussions are given.

Fig. 5. The schematic diagram of receptive field enhancement.

This dynamic detector no longer relies too much on the feature
extraction ability of backbone network and prevents the feature
bias between different scenes.
Give a series of parallel convolution kernels, which can be considered as multiple parallel templates, and calculate the weight
of each convolution kernel by Gate network according to the
input feature. These templates are weighted to produce a new
detection module, that is, the context-aware detection module is
obtained. Firstly, we will introduce how to generate the weighted
template T dynamically. Suppose f0 , f1 , f2 ..., fk−1 is a series of
parallel convolution kernels. Then Pi is the input feature map and
TPi is dynamic weighted template generated according to Pi .
We parameterize the dynamic weighted template as a linear
combination of k templates, and it is defined as:
TPi (Pi ) = w0i · f0 + w1i · f1 + · · · + wki −1 · fk−1

5.1. Datasets
5.1.1. FDDB
The images of FDDB are collected from unconstrained natural
scenes. It has 2845 images with 5171 annotated faces. These
images have a wide range of difficulties, such as low images
resolutions, make-ups, occlusions.
5.1.2. WIDER FACE
It is the most challenging public face detection dataset, images
of which has dramatic variability in scale, pose and occlusion. This
dataset contains 32,203 images with 393,703 labeled faces, and
those images are split into training (40%), validation (10%) and
testing (50%) set. For testing and validation sets, the images are
divided into three levels (Easy, Medium, Hard subset) according
to the difficulties of detection. Ablation studies are performed on
the validation set.

(7)

where each wk is an instance-dependent scalar weight computed
using a simple Gate network. k represents the number of parallel
convolution kernels and fk represents the kth parallel convolution
kernel. For different features, the weights calculated by Gate are
different. Thus, a dynamic converter is generated by changing
the weight of each template. We hope that the Gate network
is computationally efficient, and can establish the relationship
between input features and templates, so we design a simple
network composed of global average pooling, fully connected
layer and sigmoid activation as the Gate function. Suppose the
input feature is Pi , firstly, the global average pooling(GAP) of Pi is
carried out, and then the pooling result is passed through a fully
connected layer(FC). Finally, sigmoid activation is performed to
obtain wki . The process of weight generation can be formulated
as:

[w0i , w1i , w2i ..., wki −1 ] = Sigmoid(FC (GAP(Pi )))

5.1.3. AFW dataset
The images of AFW dataset are collected from Flickr. It has 205
high-resolution images with 473 annotated faces.
5.1.4. PASCAL face dataset
The images of this dataset are selected from PASCAL VOC
dataset. It has 851 images with 1335 annotated faces.
5.2. Experimental setup
5.2.1. Data augmentation
To make the model more robust to input face sizes and prevent
over-fitting, random crop data augmentation strategy is adopted.
More specifically, we random crop a square patch for each training image with a random size between [0.3,1] of the original
image’s short edge. Then we rescale this patch to 640 × 640.
Besides random crop, random horizontal flip and photometric
color distortion [14] are also employed.

(8)

The detection process of our proposed context aware detection
module can be formulated as:
Dets = φ (TPi (Pi ))

(9)
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Fig. 6. The structure of context-aware dynamical detector. GAP is global average pooling, FC is fully connected layer, S is sigmoid function, Conv is convolution layer.

Fig. 7. PR curves and AP on WIDER FACE dataset. From top to bottom are the results on the three data subsets of easy, medium and hard.

5.2.2. Training & testing details
We use ResNet-50 [48] pre-trained on ImageNet [49] as the
backbone for experiments. All model are trained by Adam optimizer with the batch size of 24. The learning rate η is set to
1.5 × 10−4 for the first 100 epoch, and divided by 10 at 100
and 120 epoch. For the datasets covered in this article, WIDER
FACE and the other three datasets will perform different test
strategies. For WIDER FACE dataset, we will follow the standard
strategy [16,17] that multi-scale testing and box voting are used
to produce 750 best scoring results.

set the threshold of scale between two adjacent detectors as
ref
−ref
refi + i+12 i .
5.4. Ablation study
5.4.1. The effect of online scale adaption
As there is no anchor as reference in anchor-free methods, it
is vital for multi-branch structure training that how to determine
the detection range of detectors at different level. To demonstrate
the effectiveness of online scale adaption strategy, we conduct a
series of controlled experiments and results are shown in Table 1.
The baseline is a single branch structure that detects faces of all
scales on a fixed feature map.
Based on the results in Table 1, we can see that the interval division strategy performs worse on Model-B, Model-C and
Model-D, and even is worse than baseline. This hard assignment
method makes it difficult for the model to deal with critical
samples near the threshold. It leads to a low recall rate for these
faces whose sizes are close to threshold. Thus, it cannot obtain
the performance gain from multi branch structure. The results
in Table 1 show that our online scale adaption strategy greatly
outperforms interval division strategy in these all three multibranch models. The comparison between the fourth and the fifth
lines in Table 1 indicates that our online scale adaption strategy
effectively improves the performance, especially for big faces. The
AP is increased by 5.01, 2.32, 2.12 on easy, medium and hard
subset, respectively. The increase mainly comes from higher recall
rate of faces with various scales. Those faces whose sizes are
close to threshold may be detected in everyone between two
adjacent detectors because this scale samples are considered in all
level detectors and only the importance is different. This multilevel detection ensures high recall rate. And it can be observed
in Table 1 that more branches can achieve a better performance.
The comparison between the first and third lines in Table 1 shows
the AP is increased by 1.87, 0.38 and 0.74. Also can be seen,

5.2.3. Baseline
We implement a fully convolution anchor-free face detector
as baseline. Specifically, we construct a Feature Pyramid Network(FPN) [18] and attend a general anchor-free detection head
on P3 level, which has 1/8 resolution of input image. This baseline
can be called single scale anchor-free face detector, in which it
predicts face center point and regresses face size directly from
image feature map (P3). Unless otherwise stated, all experiments
are carried out on WIDER FACE dataset.
5.3. Model architecture design
We design four kinds of network structures, as shown in
Fig. 4. Model-A is our baseline and represents a series of recent
keypoint-based detection methods. This series of methods detect
all scale objects on a fixed size feature map. Model-B is a standard
multiple scale detector based on FPN. Model-C adds a new scale
detector to model-B. Model-D increases the size of feature map
by adding up-sampling structure on each feature map of ModelC. For these three multi-branch structures, Model-B, Model-C and
Model-D, we use hard interval division and online scale adaptive
strategies to adjust the detection range of detectors on different
layers. How to produce reference scale has been described in
Section 4.1.1. In hard interval division strategy, we empirically
7
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Fig. 8. Performance results on the validation set of WIDER FACE. From left to right are the results on the three data subsets of easy, medium and hard. And for
each of these figures, the part with the same color on the left are the anchor-based methods, and the one on the right are the anchor-free methods. ⋆ means that
this method is originally designed for general object detection, and we reimplement it for face detection.

Fig. 9. The effect of λ on WIDER FACE dataset. The performance is evaluated under the model-D structure of ResNet-50 backbone.

Table 1
Effect of various model structure designs and different detection scales allocation strategy on WIDER FACE dataset.
Model

Backbone

Model-A(baseline)
Model-B
Model-B
Model-C
Model-C
Model-D
Model-D
Model-D

MobilenetV1
MobilenetV1
MobilenetV1
MobilenetV1
MobilenetV1
MobilenetV1
MobilenetV1
ResNet-50

Interval division
0.25x
0.25x
0.25x
0.25x
0.25x
0.25x
0.25x

Online scale adaptive

Multi-scale test

Easy

Medium

Hard

✓
✓

86.57
83.72
88.44
84.10
89.11
90.08
92.91
95.92

85.00
83.13
85.38
83.78
86.1
86.57
90.76
94.81

70.41
69.42
71.15
69.56
71.68
71.83
82.14
89.86

✓
✓
✓
✓
✓
✓
✓

Table 2
Effectiveness of our proposed shape sensitive module on WIDER
FACE dataset. The performance is evaluated under the model-D
structure of ResNet-50 backbone.
Model

Easy

Medium

Hard

Model-D
Model-D + SSH
Model-D + SSM

95.92
96.12
96.31

94.81
95.18
95.23

89.86
89.87
90.18

error. When we use the upsampling module to extract more fine
features, these discretization errors will be reduced.
5.4.2. The effectiveness of shape sensitive module
The SSM uses asymmetric convolution to capture faces with
extreme shapes. In previous work, SSH [13] uses filters of different sizes to capture the context of faces. However, the bounding
boxes of faces are not always in the shape of a square. The square
receptive fields may affect the detection of faces with different
aspect shapes. We add a set of parallel asymmetric convolutions
to capture faces with different shapes. Comparing the results
between first and third lines in Table 2, we notice that SSM
significantly improves the AP by 0.39, 0.42 and 0.32 on easy,
medium and hard subset. Compared with SSH, our method also
has better performance because SSH only increases receptive field
while our SSM provides diverse rectangular receptive fields that
increase the performance of faces with different aspect ratios.

the performance of four branches (Model-C) is better than three
branch (Model-B). The multiple branch detection structure is an
effective method to deal with the scale variation of objects.
Moreover, to reduce the discretization error caused by down
sampling, we add a up-sampling structure on each feature map to
generate finer feature map, as shown in Fig. 4(d). The comparison
between Model-C and Model-D shows that the AP is increased
by 0.97, 0.47 and 0.15 on easy, medium and hard subset, respectively. The results indicate that the upsampling operation has a
better improvement for large targets. The reason might be that
large faces are usually detected on high-level feature maps, and
the downsampling rate of high-level feature map is relatively
high. Higher downsampling rate will lead to higher discretization

5.4.3. The number of convolution kernels in context-aware dynamical detector
We use a set of parallel convolution kernels to dynamically
generate different detectors according to the image content. The
number of convolution kernels will affect the detection results.
We compare the detection performance under different number
8
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Fig. 10. Impressive qualitative result. Our model finds over 900 faces out of the reported 1000 faces.

Fig. 11. The ROC curve and AUC on FDDB dataset by using the ‘‘discrete score’’ evaluation criteria.

5.4.4. The effect of hyper-parameter λ in Eq. (2)
We give the experimental results under model-D structure of
ResNet-50 backbone, λ values are 1, 2, 5, 10 and 20 respectively.
Fig. 9 is the result on easy, medium and hard subsets of WIDER
FACE dataset. From Fig. 9, the model with λ=5 achieves the best
performance, however λ does not have a remarkable effect on
the final performance as shown in Fig. 9, revealing our method is

of kernels, as results shown in Table 3. When the number of
convolution kernels becomes one, the context-aware detection
module will degenerate to general detection head. As the number
of kernels grows, the performance first improves and then tends
to be stable. Under such a high baseline, the performance are also
improved by 0.15, 0.21,0.14 on easy, medium and hard subset
when the number of kernels increase from 1 to 4.
9
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Fig. 13. Precision–recall curves on the PASCAL face dataset.

Fig. 12. Precision–recall curves on the AFW dataset.

Table 3
The effect of convolution kernel number on WIDER FACE dataset.
The performance is evaluated under the model-D structure of
ResNet-50 backbone.

robust to this hyper-parameter. It is worth noting that due to the
recent shortage of Our GPU resources, we set batch size as 8 in
this experiment, which is much smaller than 24 set in our other
experiments, so the experimental results are a little bit worse
than those in our paper.
5.5. Evaluation on benchmark
We evaluate our model on the common face detection benchmarks, including WIDER FACE and FDDB. We find that our model
achieves comparable results against other state-of-the-art methods on these two datasets, i.e. 96.46, 95.44 and 90.32 on easy,
medium and hard subset of WIDER FACE, 99.0 on FDDB dataset.
We also show a qualitative result of World Largest Selfie in
Fig. 10. Our model can successfully detect over 900 faces out of
1000 faces reported.

Number

Easy

Medium

Hard

1 (Model-D +SSM)
2
4
6
8

96.31
96.39
96.46
95.45
96.46

95.23
95.33
95.44
95.42
95.40

90.18
90.23
90.32
90.31
90.29

Table 4
Detection time with respect to different input sizes.

5.5.1. WIDER FACE
We compare our method with the state-of-the-art face detection methods [13,14,16,17,27,36,37,50] and the state-of-the-art
object detection methods [46,51–53] on WIDER FACE val subsets.
For a more comprehensive comparison, we evaluate the performance of some typical the state-of-the-art anchor-free methods [46,51–53] on face detection datasets. The results are shown
in Figs. 7 and 8. We can see that our method achieves 96.46, 95.44
and 90.32 on the three subsets, and outperforms other anchorfree methods by a large margin. Comparing with state-of-the-art
anchor-based face detection methods, our method also achieves
competitive performance.

Method

640 × 480

1280 × 720

1920 × 1080

SRN [17]
PyramidBox [16]
DBCFace [27]
Ours

88.45 ms
61.72 ms
29.11 ms
40 ms

158.11 ms
166.21 ms
63.73 ms
80.81 ms

309.95
410.22
141.46
139.76

ms
ms
ms
ms

results show that our method is superior to the others and AP
tends to saturate on both datasets, indicating that our method
has good generalization.
5.6. Inference time
We analyze the running speed of our method on a single
NVIDIA GTX 2080Ti. The running speed is the real detection time
(including forward time and post-process time). We use batchsize 1 and a few common resolutions for testing. We average the
time on WIDER FACE validation set to obtain reliable results. For
comparison, we test two famous state-of-the-art anchor based
methods PyramidBox [16] and SRN [17] and one anchor-free
method DBCFace [27] under the same configurations. The final
results are presented in Table 4. As can be seen, our method
can achieve higher speed than two anchor-based methods. The
anchor-free method DBCFace has faster speed than ours, but we
can achieve better accuracy. Overall, our model achieves a good
trade-off between performance and efficiency.

5.5.2. FDDB
We evaluate our proposed method on the FDDB dataset and
compare it with other state-of-the-art methods [14,16,19,22,27,
54–61]. The discrete ROC curves are shown in Fig. 11. We can
see that our method achieves the best performance over other
state-of-the-art methods in terms of ROC curve.
5.5.3. AFW dataset and PASCAL face dataset
We evaluate our method on the AFW datast and PASCAL
face dataset and compare the proposed method with some wellknown works and three commercial face detectors (Face.com,
Face++ and Picasa). Due to these two datasets are a little old, we
only use to verify the generalization of our model. The precision–
recall curves on AFW and PASCAL face are shown in Figs. 12 and
13, respectively. The average precision (AP) of our method on
AFW dataset is 99.73 and on PASCAL face dataset is 99.35. The

5.7. Computational complexity
We use fvcore1 to compute the parameters of our model
and FLOPs. Fvcore is a light-weight core library that provides
the most common and essential functionality shared in various
1 The open source of fvcore locates at: https://github.com/facebookresearch/
fvcore
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