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By sorting channel-minimized values in an ascending order, we individually put the values of several ex-
isting image dehazing priors on the curve of sorted values to propose a framework for unifying and un-
derstanding these priors. Then we propose a confidence ratio to specify the probability of each channel-
minimized value within a range, and thus we can intuitively find a suitable point from the curve, which
is actually defined as a novel prior. Although our novel prior and existing ones are perfectly unified un-
der the same framework, our prior has an important advantage that it can freely control the suppression
degree of outliers by directly adjusting the confidence ratio of channel-minimized values. In this way, we
can remove influence of outliers in a controllable manner. To solve the problems caused by heterogene-
ity of pixel values and abrupt jumps of scene depths in hazy images, we adopt a regression method to
adaptively learn the relationship between patch appearance and confidence ratios for all pixels. To fur-
ther improve robustness, we use a Gaussian kernel to smooth the estimated confidence ratios for local
consistency. Extensive experiments on both natural and synthetic images show that our confidence prior
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achieves significantly better performance than existing state-of-the-art methods.

© 2021 Elsevier Ltd. All rights reserved.

Introduction

Images taken in outdoor environments often suffer poor visi-
bility and low contrast due to the presence of haze and dust in
the atmosphere. If a camera is far from scene objects, tiny parti-
cles suspended in the atmosphere inevitably degrade image qual-
ity. The faint color and shifted luminance of images have an ad-
verse impact on vision applications, such as object detection [1],
recognition [2], and classification [3]. Haze removing is a critical
issue for image processing and computer vision.

Existing haze removal methods are usually based on the forma-
tion model of hazy images. The formation model divides the light
reflected by objects in hazy scenes into an attenuation term and
an airlight one. However, the dehazing physical model is a severely
ill-posed problem. To make the problem solvable, researchers have
proposed several priors based on statistical observation of hazy im-
ages. The accuracy and rationality for prior selection are crucial for
image dehazing. Some methods utilize certain features of local pix-
els in hazy images as priors for transmission estimation, while oth-
ers adopt the geometry of pixel cluster distributions for transmis-
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sion estimation. However, these priors are significantly influenced
by outliers or noises in hazy images, so dehazed results are usually
unsatisfactory in some cases.

In this paper, we first propose a unified framework for better
understanding of several well-known priors, including the color el-
lipsoid prior by Bui and Kim [4], the dark channel prior by He
et al. [5], and the filtering prior by Tarel and Hautiere [6]. Then
we propose a confidence prior to accurately estimate scene trans-
missions for image dehazing. We take a minimization operation
in each patch among channels, and then use Gaussian models to
statistically fit channel-minimized values of pixels in the patch. To
control the removal degree of outliers or noises, we propose to use
a ratio to compute our confidence priors. Considering heterogene-
ity of image signals and abrupt depth jumps in hazy images, we
adopt a regression method to learn the relationship between patch
appearance and confidence ratios. Once we obtain these confidence
ratios, we can easily compute scene transmissions to robustly gen-
erate dehazed images.

Our confidence prior is completely different from existing
methods under the unified framework. Bui and Kim [3] used an el-
lipsoid geometry to fit the distribution of pixel values, and embed-
ded a fuzzy process into the construction of color ellipsoids. Unlike
the color ellipsoid prior, we learn a ratio to adaptively adjust the
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confidence prior for each pixel. Our method is also different from
the dark channel prior, which is actually the minimum value of
pixels in each patch but sensitive to noises. Our method can re-
move the influence of outliers and noises in a controllable man-
ner in a viewpoint of statistics. Tarel and Hautiere [6] proposed a
“median of median” filter for prior estimation. However, it lacks
reasonable explanation of statistical analysis, and it cannot control
the removal degree of outliers or noises. The main contributions of
our method are summarized as follows:

1) We propose a framework to unify several well-known pri-
ors. By ascendingly sorting channel-minimized values in lo-
cal patches, we find that each of the priors is perfectly re-
lated to a certain point on the curve formed by the sorted
values. In this way, we put these well-known priors under a
unified framework for better understanding.
According to the unified framework, we present a confidence
prior that is determined by a ratio. The confidence ratio is
multiplied with a standard deviation to control the confi-
dence of values that are statistically located in a range. The
ratio can adjust the removal degree of outliers. Thus, we can
statistically remove influence of outliers or noises, and ac-
cordingly obtain more robust estimation of priors than ex-
isting methods.

3) To solve the drawback of fixed ratios, we propose to use a
learning method for adaptive estimation of confidence ra-
tios. Our confidence prior determined by a fixed ratio usu-
ally fails in regions with abrupt depth jumps, so we need to
adaptively estimate confidence ratios. For the sake of sim-
plicity, we use a regression method to learn the relationship
between patch appearance and confidence ratios in our im-
plementation. Thus, we can use patch appearance to infer a
ratio for adaptively estimating a confidence prior. The adap-
tive confidence prior is more robust than a fixed confidence
prior.

N
—

The structure of this paper is organized as follows. We intro-
duce previous work on image dehazing in section 2. In section 3,
we first present a unified framework of channel-minimized values.
Then, under the unified framework, we propose a confidence prior
for efficient removal of outliers or noises. Section 4 compares our
method with state-of-the-art methods on different image datasets.
Finally, we summarize the proposed method and draw the conclu-
sion in section 5.

Related work

Most image dehazing methods obtain restored images by in-
versely solving the formation model of hazy images. To recover
haze-free images, dehazing algorithms usually estimate the param-
eters of the haze formation model, including the transmission of
scenes and the intensity of atmospheric light.

Early methods mainly rely on additional information about the
scene to remove the veiling layer of haze, such as depth infor-
mation, polarization angles of multiple images. Narasimhan et al.
[7] presented a geometric framework for scene understanding un-
der hazy weather conditions, and computed the three-dimensional
structure and color of the scene from two or more hazy images.
Schechner et al. [8] proposed an image defogging algorithm using
two polarization images, because the airlight scattered by atmo-
spheric particles is partially polarized. These two polarization im-
ages are captured through parallel and perpendicular orientations,
respectively. To implement haze removal, Kopf et al. [9] used scene
depth information, which is directly accessible in geo-referenced
digital terrain or city models. Haze removal methods from several
images are very flexible, but they are highly dependent on appli-
cations.
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Compared to restoration methods from multiple hazy images,
visibility restoration from a single image has received more atten-
tion in recent years, but it is a very challenging problem. Solutions
for single image dehazing have been intensively developed in re-
cent years. Tan [10] maximized local contrast in every patch of in-
put images to increase the visibility of images, because image con-
trast is usually reduced by haze. By assuming that surface shad-
ing and transmission are locally uncorrected, Fattal [11] used Inde-
pendent Component Analysis (ICA) to estimate scene albedos. The
method uses statistical property to estimate parameters for single
image dehazing, but it fails in the case of dense fog. To further im-
prove performance, Fatal [12] proposed a color line model by as-
suming that pixel values in a small patch typically exhibit a linear
relationship in the RGB color space. Unfortunately, the color line
model does not always hold. He et al. [5] observed a phenomenon
that the minimum color components of haze-free patches are usu-
ally small and prone to zero. The phenomenon is called dark chan-
nel prior. He et al. [5] computed dark channel priors by using two
minimization operations in local patches. The dark channel prior
provides an efficient way to enhance the visibility of hazy images,
but it cannot accurately handle bright areas and it is sensitive to
noises. Many methods have been proposed to improve the dark
channel prior [13]. For example, Meng et al. [14] added a bound-
ary constraint on the transmission function by exploring scene ra-
diance. Ancuti et al. [15] implemented image dehazing based on
multi-scale fusion. Nishio et al. [16] proposed a Bayesian defog-
ging algorithm, according to the fact that scene albedos and depths
are two statistically independent variables. Mutimbu and Robles-
Kelly [17] proposed an evidence combining method that exploits
the ability of factor graphs. Some dehazing methods [18,19] com-
bine the physical model with the Retinex assumption. Choi et al.
[20] achieved haze removal based on fog density perception. Their
strategy is the same as haze density estimation also used by Jiang
et al. [21] and Ling et al. [22].

Filtering based dehazing methods have been proposed. Li and
Zheng 23] introduced a globally guided image filtering to preserve
fine structures of dehazed images. By assuming that scene depths
are smooth in a local region, Tarel and Hautiere [6] proposed a fast
image restoration algorithm by using median filtering. The algo-
rithm can achieve real-time performance. Locally Adaptive Wiener
Filters were used by Gibson and Nguyen [24] to refine estimation
of fog amount in an image.

With the rapid development of machine learning and deep
learning, haze-relevant priors are recently investigated in a learn-
ing framework. Tang et al. [25] investigated features related to the
properties of hazy images, and then used random forests to learn
a mapping function between the haze-relevant features and trans-
mission in every patch. Zhu et al. [26] created a linear model to
estimate scene depths of hazy images under a color attenuation
prior. According to the prior, the parameters of a linear function
were learned using a supervised learning method. Berman et al.
[27] focused on hazy lines derived from the linear color blend-
ing of similar pixels collected from entire images, and then pro-
posed a non-local prior that restores haze-free images using vari-
ous patch-based local priors. The prior is obviously different from
traditional patch-based methods. Yang and Sun [28] proposed a
deep learning approach for single image dehazing. Gandelsman et
al. [29] proposed an unsupervised coupled deep-image-prior net-
work for haze removal. Cai et al. [30] proposed an end-to-end CNN
network with a novel BReLU unit for intelligently extracting haze
features and estimating transmission. Ren et al. [31] proposed a
multi-scale deep neural network to learn a mapping function be-
tween hazy images and corresponding transmission maps. Li et al.
[32] proposed an All-in-One Dehazing Network (AOD-Net) for im-
age dehazing. Chen et al. [33] restored clear images using an adap-
tive model, which can automatically select a patch size for each
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pixel. Ren et al. [34] designed a network to learn confidence maps
and propose a fusion-based approach for haze removal.

Recently, Generative Adversarial Networks (GAN) have achieved
great successes in many computer vision applications. Zhang and
Patel [35] used a GAN model to remove haze in images. Santra
et al. [36] proposed a CNN-based comparator for image dehazing.
Song et al. [45] recovered clear images by using a ranking CNN.
Ren et al. [37] proposed a single image dehazing via multi-scale
convolutional neural networks with holistic edges, which consists
of a coarse-scale net to predict a holistic transmission map, and a
fine-scale net to locally refine dehazed results. Wu et al. [38] pro-
posed a learning interleaved cascade of shrinkage fields to achieve
haze removal for avoiding the weakness of noise sensitivity in
most existing methods. Liu et al. [39] proposed a Grid dehazing
Network (GridNet) for single image dehazing. Li et al. [40] pro-
posed a level-aware progressive network for single image dehaz-
ing, which can progressively learn the gradually aggravating haze.
Deng et al. [41] presented a multi-model fusing network for boost-
ing the single-image dehazing. Qu et al. [42] designed an enhanced
pix2pix dehazing network (EPDN) to generate clear results. Li et
al. [43] restored haze-free image based on a conditional genera-
tive adversarial network (cGAN). Chen et al. [44] proposed an end-
to-end gated context aggregation network for visibility restoration
from a single haze image. Dudhane et al. [46] proposed a varicol-
ored end-to-end image de-hazing network to recover a haze-free
image from a given varicolored hazy image. Li et al. [47] proposed
a task-oriented network for image dehazing, which involved a hy-
brid network containing an encoder and decoder network and a
spatially variant recurrent neural network motivated by the image
formation of haze process.

In this paper, we also propose a single image dehazing method.
The main idea is to propose a confidence prior by freely controlling
the removal degree of outliers or noises. Different from previous
single image dehazing approaches, our method is built on a statis-
tical analysis and a probability model of local patches. A Gaussian
model is used to fit the probability distribution of each patch, and
a learning method is adopted to adaptively learn a prior ratio by
patch appearance.

The proposed algorithm

According to the Mie scattering theory [48], McCartney pro-
posed the atmospheric scattering physical model in the 1970s. The
scattering theory models a hazy image I as a linear combination of
an attenuation term I, and an airlight one L ;,:

I= Iatt + lair (l)

The attenuation term describes the decay of scene radiance.
Only a part of light reflected from the scene reaches the camera,
and other part of light changes its direction several times by parti-
cles in the atmosphere. The attenuation is exponentially related to
the distance between the object and the camera:

Lt (%) = J(x)e PI® (2)

where d(x) is the depth from the camera to the scene object for
pixel x, B is a scattering coefficient, and J(x) denotes the intensity
of the reflected light.

The airlight term I, is described by an airlight model, as
shown in Fig. 1. The scene light propagates in straight lines,
but the light direction may be changed several times because of
aerosols in the atmosphere. A part of the airlight finally reaches
the imaging equipment, and this reached light is often considered
as the fog component of the image. The airlight model is formu-
lated as follows:

lair(x) = A(l - e—ﬁd(x)) (3)

Pattern Recognition 119 (2021) 108076

Sunlig\ly
Sky scattered ligh&/\\" //

Haze or dust

Imaging equipment

Light reflected by the ground\l\

Fig. 1. The airlight model.

where A is a 3D vector of RGB values denoting the global atmo-
spheric light. Further assuming that the atmosphere is homoge-
nous, we can define a scene transmission t(x) as:

t(x) = e PI® (4)

Combining Eq. (2), Eq. (3) and Eq. (4), the atmospheric scatter-
ing model can be rewritten as:

I(x) =J®)t(x) +A(1 - t(x)) (5)

According to Eq. (5), the key to obtain a clear image is to esti-
mate the transmission t(x) and the global atmospheric light A from
a single input hazy image I(x). The global atmospheric light is of-
ten assumed as a known global constant and it is independent of
spatial coordinates. If we get the airlight term I, the transmission
for each channel is computed by:

Igir(x)
Ac
where ¢ denotes one channel of RGB colors. So RGB images have
three transmissions. To obtain only one transmission from RGB im-

ages, a channel-wise minimization operation on a hazy image I(x)
is usually used to produce a channel-minimized image I™!(x):

m1 _ : c
™ (x) = cer{rrl,lgr,lb}(l *x)) (7

tx) =1— (6)

where I¢ is a channel c¢ of I(x). We adopt Eq. (7) to rewrite
Eq. (6) to obtain a unique transmission for pixel x:

min (I¢. (x))

frgb) T I (x)
O PR P L MR g
) min (A°) Am1 ®)
cefr,g,b}

The above equation is usually unstable and sensitive to noises
since it considers only one pixel. This problem is usually solved by
performing the minimization operation again over a local region.

The overall flowchart of our method

Fig. 2 shows the overall flowchart of our method consisting of
learning and dehazing stages. In the learning stage, we compute
the mean and deviation of channel-minimized pixel values in a
patch to represent the appearance of the patch, and then learn the
relationship between patch appearance and confidence ratios for
adaptive removal of outliers or noises. In the dehazing stage, we
use the learned model to infer a confidence ratio for each pixel,
then smooth confidence ratios with a kernel to remove noise, and
finally we use the ratio to adaptively estimate a transmission map
for computing a dehazed image. For the sake of simplicity, we use
a linear regression for learning in our implementation. Other lin-
ear or nonlinear models can be used to learn a mapping function
between appearance features and confidence ratios.
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Fig. 2. The overall processing flowchart of our method.
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Fig. 3. Prior points of different methods under the unified framework of sorted
channel-minimized values in a local patch.

A unified framework of existing priors

The transmission estimation is a highly ill-posed problem since
the number of unknowns is more than the number of equations.
There are many dehazing priors based on channel-minimized val-
ues to solve the ill-posed problem. We use Eq. (7) to obtain a
channel-minimized version I™! from a hazy image I, and then sort
pixel values in a local patch €; of I™ in ascending order. We dis-
cover that several existing priors can be unified under a framework
of sorted channel-minimized values, as shown in Fig. 3.

The dark channel prior under the framework

In Fig. 3, a diamond point a stands for the minimum value I
of pixels in €2;, which is just the dark channel prior (DCP) proposed
by He et al. [5], defined as:

= 1;21913 (mM@) = 1}233 (EETE})}(IC (X))> 9)

Fig. 4 (a) and (b) are an input image I and its channel-
minimized version I™!, respectively. Fig. 4 (c) and Fig. 4 (i) show
the dark channel prior I and corresponding dehazed image, re-
spectively. The dehazed image by DCP [5] has block artifacts on
object boundaries, and halo artifacts in the sky region. The mini-
mal value of I™! is not suitable for depth discontinuity and bright
regions.

The filtering prior under the framework
The value of the sorted curve at point ¢, denoted as a triangle,
is the filtering prior (FP) proposed by Tarel and Hautiere [6]. The

value I at the triangular point ¢ is computed by:

M —m— msecgfm (|Im1 (x) — m|) (10)

where m stands for the median of I™ in Q; that is the value at a
circular point f, defined as:

m=I = msedsg_an (1" x)) (11)

Tarel and Hautiere [6] viewed image dehazing as a filtering
problem, and then proposed a prior IM! by using a “median of
median” filter, formulated by Eq.(10) and Eq.(11). Fig. 4 (d) and (j)
show the prior image IM! and its corresponding dehazed image [6],
respectively. The “median of median” filter can greatly reduce halo
artifacts, but the median of I™ in a patch lacks statistical basis
and it cannot accurately estimate scene depths. Dehazed images
by [6] also suffer from color distortion and are not visually satisfy-
ing due to lack of depths. Comparing Fig. 4 (a) with Fig. 4 (j), we
find that the haze was not effectively removed.

The color ellipsoid prior under the framework
As shown in Fig. 3, we use a point e marked as a rectangle to
hold the mean of values I™! in a local patch ;, defined as:

1
i =I7 = mean (I™ (x)) = ™ (x 12
wi=1Ig nea ( ( )) |Q"|erQ:i (%) (12)

where |2;| denotes the pixel number of the local patch €2;. The
value lg‘l at point d, denoted by an ellipse, is actually the color
ellipsoid prior (CEP) proposed by Bui and Kim [4], defined as:

7' = ui—o (13)
1 1 2
O = m Z (l (X) — Mi) (14)
H xeQ;

Under the proposed framework, the Color Ellipsoid Prior (CEP)
[4] is actually the difference between the mean u; and the devia-
tion o; of channel-minimized values in a patch. Fig. 4 (e) and (k)
show the color ellipsoid prior and its corresponding recovered im-
age, respectively. The color ellipsoid prior, defined as w;-o;, actu-
ally makes only 68.3% of pixel values in a range of [u;-0;, ®i+o;l-
In other words, the half of 31.7% pixel values, i.e. 15.85%, make con-
tributions to the location of the prior.

We observe the above-mentioned priors from a point view of
statistical histograms. Fig. 5 shows the histogram of I™! in a patch
; in Fig. 3. The horizontal axis denotes pixel values, while the ver-
tical axis shows the frequency of corresponding pixel values. The
abscissa value of I is the dark channel prior by He et al. [5]. IT1
is the minimum value of I™! in ;. However, IP! is possibly the
value of an outlier that is rarely correlated to the majority of pixel
values, and an outlier leads to an inaccurate estimation. The value
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Fig. 4. Priors and corresponding dehazed images. (a) An input hazy image. Images of (b) minimized-channel values, (c) DCP [5], (d) FP [6], (e) CEP [4] that is actually our
confidence prior with A equal to 1, (f) our confidence prior with A equal to 2, (g) our confidence prior with A equal to 3, and (h) our confidence prior with learned A.
Dehazed images by (i) DCP [5], (j) FP [6], (k) CEP [4] equivalent to our method with A equal to 1, (1) our method with A equal to 2, (m) our method with A equal to 3, and

(n) our method with learned A.
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Fig. 5. The distribution analysis of priors in a local region.

of IM denotes the median value of I™ in the patch. I? is em-
bedded in the prior proposed by Tarel and Hautiere [6] to estimate
the airlight. The estimated airlight is just the abscissa value of I,
The prior IM seems statistically robust in the view of random vari-
ables due to the difference of two median filtering results (Eq.10).
However, the prior lacks intuitionistic explanation, and it also fails
in some hazy images. Bui and Kim [4] proposed the prior Ig” by
fitting the channel-minimized values I™! in a patch to a unit el-
lipsoid. The prior can reduce noises, but it is actually obtained by
a fixed confidence ratio for every pixel according to our unified
framework. Hence, it does not adapt to patches with different dis-
tributions.

The proposed confidence prior

To obtain more reliable estimation of transmission maps, we fit
the histogram of I™! by a normal distribution to easily remove out-
liers or noises. Fig. 5 shows a dashed curve standing for a Gaussian
distribution, which is used to statistically approximate the distribu-
tion of channel-minimized values. Each channel-minimized value
IMl(y) at y in ; is regarded as a random variable with a Gaussian
distribution:

™' (y) ~ N(ui.07) (15)

The mean p; is a positional parameter describing the center
of the normal distribution, while the deviation o; measures the
dispersion degree of data distribution. The probability density of
v=IM(y) in ©; can be fitted by a Gaussian function:

1 _ (V-ﬂzi)z

(v ui,07) = ——e i 16
f; .o Jaro; (16)
To remove outliers or noises, we propose a novel prior based on

the confidence of Gaussian distributions for improving robustness.

(b)

Fig. 6. Histograms of I™ for whole images or local patches.

According to the unified framework as shown in Fig. 3, we propose
a confidence prior lg‘l, defined as:

(i) = pi — Ao (17)

where A is a ratio parameter that adjusts confidence degrees. For
example, if A is set to 1, we have the confidence of 68.3% channel-
minimized values that are in the range [u;-0;, pi+o;]. In fact,
the color ellipsoid prior is equal to our confidence prior with A
equal to 1, as shown in Fig. 4 (e). If A is set to 2 and 3, channel-
minimized values with the confidences of 95.4% and 99.7% are in
the ranges [u;-20;, 1i+20;] and [p;-30;, wi+30;], respectively. In-
creasing the confidence ratio A magnifies the risk of introducing
outliers and noises into the confidence prior. Fig. 4 (e), (f) and
(g) show our prior results by three different confidence ratios, and
Fig. 4 (k), (1) and (m) illustrate corresponding dehazed images for
these priors. As we can see, a larger ratio A generates smaller pri-
ors, and preserves more details. Corresponding dehazed images by
smaller prior values are more similar to the original image.

Fig. 6 (a) and (b) show the histograms of I™! for real world im-
ages in Fig. 6 (c) and (d), respectively. Pixel values in most patches
approximately satisfy Gaussian distributions. In addition, the dis-
tribution of I™! can be more accurately fitted by Gaussian mix-
ture models (GMM), but computations are also more complicated.
Therefore, we just use one Gaussian function to fit the histogram
of I, Fig. 6 (e) and (f) show the histograms of two nearby blocks.
Even if the two blocks are near to each other in the same image,
they also have totally different histograms. As shown in Fig. 6 (g)
and (h), the two patches denoted by two rectangles contain the
sky and tree branches.



F. Yuan, Y. Zhou, X. Xia et al.

(a) (b) (c) (d)

Fig. 7. Recovered images using different parameter p. (a) input image. (b) p=0.75.
(c) p=0.85. (d) p=0.95.

Unlike the above-mentioned priors, we use a confidence ratio
A to statistically control the removal degree of outliers to obtain
a more reliable prior lf,“l. The position of lgﬂ is determined by A.
We can empirically specify a range for the ratio A. As shown in
Fig. 5, our confidence prior Igﬂ is within the prior range specified
by A=1 and A=2. We can select a ratio A to achieve an appropriate
confidence prior for all local patches. In the case of Fig. 5, we spec-
ify the confidence prior Ig” by setting A to 1.8. The ratio A should
not be set to the same value, since different patches may have dif-
ferent distribution of pixel values. Therefore, we propose to use a
learning method, such as linear regression, logistic regression and
neural networks, to adaptively estimate a confidence ratio A; for
each patch centered at pixel i. So, we rewrite Eq. (17) as:

(i) = i — Aoy (18)

To compensate the fitting errors by one Gaussian, a constant
p (0O<p<1) is introduced into Eq. (18). Hence, Eq. (18) can be ex-
pressed as:

I (i) = p(ui — Aioy) (19)

The above modification allows us to adaptively preserve a small
amount of haze for distant objects to reduce the loss of depths
brought by human perception. Fig. 7 shows the haze removal re-
sults with different parameters p. A smaller p leads to a result with
more remained haze, and corresponding dehazed image is clearer
for a larger p. The main reason is that the parameter p be respon-
sible for enhancing the perceptual depth.

Adaptive estimation of confidence ratios

An appearance feature vector ¥; extracted from a patch ; is
closely related to the confidence ratio A; for the patch €2;. For the
sake of simplicity, we use a linear regression to fit the relationship
between A; and #;, formulated as:

-~ AT o T
X,‘ = f(l)i) = l/;'rW +b= [U“U,‘z...vij...UiD] [W1W2...Wj...WD] +b
(20)

where v;; denotes the value I™! of the jth pixel in the ith patch, D
represents the number of pixels in the ith patch, w; is a weight for
v, and b is a bias coefficient.

To simplify notations, we use an augmented feature vector
Vi = [Vi1 Vip ...V .Vip 1]T and an augmented weight vector
w=[w; wy ..w; ..wp b]T, so the linear regression can be rewrit-
ten as:

Ai=f) = f) =v'w (21)

We aggregate all appearance feature vectors from each patch of
all images in a training dataset into a matrix, denoted as:

V = [v11,..05...0] (22)

where K stands for the total number of patches for all images in
the training dataset. To facilitate computation, the linear regression
problem can be further expressed as below:

fOV) =Vlw (23)
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To learn the augmented weight vector w, we need a training
dataset containing haze-free images, corresponding hazy images
and transmission maps. It is very difficult to acquire these images,
so we randomly selected 20 clean images and corresponding depth
maps from the NYU Depth dataset [49] to generate synthesized
training samples. We used the physical model of Eq. (5) to synthe-
size hazy images. We used a random atmospheric light A={k, k, k}
where ke[0.7,0.99], and a random scattering coefficient 8¢[0.1,0.5]
for synthesizing hazy images.

Each training sample has a ground truth transmission t; for
pixel i. Combining Egs. (8) and (19), we have the following equa-
tion for pixel i:

(Ui — hiO
p (l‘l/Alm‘1 1 l) (24)
where A™! is the minimized channel of A. The ground truth ¢; is

known for a training image I, so we solve the above equation to
obtain a confidence ratio A; for each pixel of the training image I:

ti=1-

ml
A= Hi 1-A"y (25)
i Do

From all patches on images of the training dataset, we use
Eq. (25) to compute K confidence ratios AC=[A; A, ... Ak]T. Then
we minimize the error between the ground truth ratio vector and
the estimated ratio vector by the regression function (Eq. 23) with
input appearance vectors V=[v; v, ... v¢]. The Mean Squared Error
(MSE) loss function I(w) is often used to measure the error:

Hw) = |2 = Viw][; = (4 - VW) TGS - Viw) (26)

Our goal in this paper is to find an optimized weight vector w
to minimize the loss function [(w):

w =argmin (A® — VIw)T(A¢ — VTw) (27)
w
To solve the problem, we calculate the partial derivatives of [(w)

with respect to w and make them to be equal to zero:
al(w)

_ G _yiw) —

W o 2V(A" —-V'w) =0 (28)
Solving Eq. (28), we can obtain w as:

w=(V.VT +gE)~1.V.AC (29)

where q is a small positive value (typically 0.0001) to avoid divi-
sion by zero, and E is an identity matrix. The learning framework
of weights w is shown in Fig. 8. Once the regression weight vector
w is learned, we can easily predict A; for any appearance vector w;
using Eq. (21).

Several methods introduce a filter to preserve details and
smooth images simultaneously. To process patches with abrupt
depth jumps, we use a kernel to smooth predicted ratios. If the in-
tensity of a pixel i is bigger than the average intensity of pixels in
a patch centered at pixel i, A; will be prone to be a negative num-
ber, while confidence ratios tend to be large for pixels in smooth
areas. Before convolving a filter with a map A, we need to restrict
each ratio A; to a range defined by a lower bound y; and an upper
bound y,, formulated as:

Ai= G @ min(max(A;, 1), ¥2) (30)

where ® stands for a convolution operator, and G is a kernel. We
choose the Gaussian kernel for smoothing. For every input image,
the weight and size of kernel are the same. In our implementation,
y1 and y, are set to 0 and 3, respectively. The confidence ratio
map A becomes smooth after filtering by Eq. (30). In this way, we
can significantly reduce halo phenomenon in final dehazed images.
According to the physical property of Eq. (1), we can derive that
Igrl‘rl is subject to the following constraint:
0 <1110 = 1M1 (D) — 111 (i) < I™1(i) (31)

air
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aggregate all vectors into a matrix V
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Fig. 8. Learning procedure of confidence ratios.

Therefore, l‘;}: should be positive and cannot be higher than the
channel-minimized value I™'. Combining Eqs. (19) and (31), we

can estimate the final airlight I ;, by:
I3} (i) = max(min(p(p; — Aioy), 1™ (i), 0) (32)

air

The atmospheric light A can be directly estimated from hazy
images, and then the transmission map can be obtained using
Eq. (8).

Fig. 4 (h) shows lgl‘rl by our method with learned ratio A, which
is different from the results by our method with fixed ratios A,
as shown in Fig. 4 (e), (f) and (g). Our prior with learned ratios
preserves more details in regions with abrupt depths. Our prior is
a little similar to He et al. [5]’s prior for such patches with small
variance. In addition, Bui and Kim [4]'s prior is a special case of
our method with A=1.

Atmospheric light estimation

In most dehazing algorithms, the atmospheric light A is consid-
ered as a global constant and obtained by the intensity of the most
haze-opaque region. The atmospheric light A contains the diffuse
reflections of the sky, sunlight and reflected light from the ground,
as shown in Fig. 1. The atmospheric light by the most haze-opaque
region is not always correct when the sunlight and other lights re-
flected by the ground cannot be ignored. According to Eq. (3), if a
scene point is very far away from the camera, the depth d becomes
very large, leading to a zero transmission t. In this case, the airlight
I,;; of pixels with a very large depth (d —o0) can be regarded as
the value of A:

A =L (x)ford(x) — oo (33)

In addition, the intensity I(x) of a pixel with an infinity depth
is equal to the airlight value I ;.(x) of the pixel since t(x)=0, i.e.
lair("'f)= I(X).

Eq. (33) shows a simple way to estimate the atmospheric
airlight A. In some cases, images do not contain very distant ob-
jects in practice, and the sunlight in different weathers and the
light reflected by the ground cannot be ignored. Since white ob-
jects reflect all colors of lights, we can use the color of pixels in
both white objects and haze-opaque regions to estimate the atmo-
spheric airlight A. He et al. [5] selected a part of bright pixels in
the dark channel as the airlight. In this paper, we select the top
0.1% brightest pixels in the channel-minimized map I™!, then we
regard the average color of these pixels as the atmospheric light A.
Pixels marked in red color points provide a good approximation of
A, as shown in Fig. 9 (a) and (c).

Haze removal

Once the airlight term l;‘rl and the atmospheric light A are ob-
tained, we can directly compute the transmission map ¢t according

(b) (©

Fig. 9. Estimation of the atmospheric light. (a) Input image. (b) Channel-minimized
values. (c) Dehazed image by our approach.

to Eqg. (8), and then adopt Eq. (5) to recover the scene radiance. To
avoid noisy results by transmissions near to zero, we introduce a
lower bound t; to restrict the value of t(x), and then recover the
scene radiance J(x), formulated as:

_ max(min(p(u; — 407), 1™ (i), 0)

t(x) =1 AR

(34)

I(x) -A

10 = . )

(35)

We set t; to 0.1 for all images in our implementation. Fig. 4 (n)
shows the dehazed result by our method with learned confidence
ratios. Observing the dehazed images in Fig. 4, we can conclude
that our method can remove haze and is robust to noises and
outliers.

Experiments

To evaluate the performance of dehazing methods, we com-
pared our method with recent state-of-the-art methods. The
datasets for comparisons include both natural and synthetic im-
ages. We conducted qualitative assessments on synthetic and nat-
ural images. In addition, we performed quantitative evaluations on
synthetic images. We compared our method with prior-based ap-
proaches that are DCP [5], CAP [26], DHL [27], PDN [28] and DDIP
[29], and also with data-driven methods including OTSFDE [22],
AODN [32], LPQC [36], GFN [34], cGAN [43], GCA [44], GridNet [39],
EPDN [42] and MSBDN [51]. Note that PDN [28], DDIP [29], AODN
[32], LPQC [36], GFN [34], cGAN [43], GCA [44], GridNet [39], EPDN
[42] and MSBDN [51] are CNN-based methods. In our implementa-
tion, we set p to 0.85, and used local patches with a fixed size of
3 x 3 around each pixel. Local patches are used for computation
of channel-minimized values and appearance vectors. In this paper,
all results by our method share the same parameters.



E Yuan, Y. Zhou, X. Xia et al.

Pattern Recognition 119 (2021) 108076

Fig. 10. Comparison results of haze removal methods on natural images. (a) Hazy images. Dehazed results of (b) DCP [5], (c) CAP [26], (d) DHL [27], (e) OTSFDE [22], (f)
AODN [32], (g) LPQC [36], (h) PDN [28], (i) GFN [34], (j)DDIP [29], (k) cGAN [43], (1) GCA [44], (m) GridNet [39], (n) EPDN [42], (o) MSBDN [51], and (p) our method.

Comparisons on natual images

We compared our method with fourteen excellent algorithms.
Since these methods achieved good visibility of restoration on gen-
eral outdoor images, we compared them with our method on chal-
lenging natural images [50] containing rich details, bright, and sky
scenes. Fig. 10 shows the outcomes of ‘animal’, ‘architecture’, ‘hu-
man’, ‘landscape’ and ‘plant’ images by different dehazing methods.

DCP [5] produced clear and natural restored images. However,
there still exist severe color distortions in bright regions. This is
because the dark channel prior takes outliers into account and
causes an over-estimation of transmission. In addition, DCP [5] is
invalid in bright regions, such as sky, leading to color distortion,
as shown in the sky of the ‘plant’ image in Fig. 10 (b). Besides,
the choice of the atmospheric light by DCP [5] has its own limita-
tions, such as ignoring the influence of sunlight, and this method
is prone to produce darker results.

To achieve the visibility recovery of hazy images, Zhu et al
[26] proposed a powerful color attenuation prior (CAP) for depth
estimation from a single input hazy image. As shown in Fig. 10 (c),
CAP maintains original colors, but it also retains a part of haze
and loses textures in dark regions. However, CAP adopts a constant
scattering coefficient f§, leading to incorrect estimation of trans-
mission.

Fig. 10 (d) shows the results of DHL [27]. The ‘haze-line’
method proposed by Berman et al. [27] significantly reduces
haze, but it also erodes and clips bright regions. The main rea-
son is that the ‘haze-line’ prior cannot perfectly model the for-
mation of haze in bright regions. This causes the results to
be over-saturated in distant objects, such as the ‘human’ and
the ‘building’ regions in Fig. 10 (d). Obviously, there are over-
saturations and color distortions in distant regions of these
images.

Fig. 10 (e) shows the dehazed results of OTSFDE [22] proposed
by Ling et al. [22]. They first evaluated the fog density of a hazy
image via a linear combination of three haze features, then mod-
eled a physics-based mathematical relationship between transmis-
sion and fog density. However, as shown in Fig. 10, the method
generates significantly over-enhanced images, and it is more prone
to produce color distortion than other methods especially in ’ani-
mal’ and "human’ regions.

Li et al. [32] proposed a method based on CNNs by building
a re-formulated atmospheric scattering model to obtain the haze-
free image from hazy images directly. This method avoids estimat-
ing the transmission map and improves the object detection per-
formance on hazy images. However, color distortion also exists in
the face of the woman and haze remains in distant regions, as
shown in Fig. 10 (f).
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Fig. 11. Comparison results of haze removal methods on realistic dense haze images. (a) Hazy images. Dehazed results of (b) DCP [5], (c) CAP [26], (d) DHL [27], (e) OTSFDE
[22], (f) AODN [32], (g) LPQC [36], (h) PDN [28], (i) GEN [34], (j)DDIP [29], (k) cGAN [43], (1) GCA [44], (m) our method with p=0.85, and (n) our method with p=0.95.

Fig. 12. Comparison results of haze removal methods on realistic night images. (a) Hazy images; dehazed results of (b) DCP [5],
) GEN [34], (j)DDIP [29], (k) cGAN [43], (

(f) AODN [32], (g) LPQC [36], (h) PDN [28], (

(c) CAP [26], (d) DHL [27], (e) OTSFDE [22],
) GCA [44], (m) our method with p=0.85, and (n) our method with p=0.95.
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Fig. 13. Results of dehazing methods on synthetic images. (a) Synthetic hazy images. Results of (b) DHL [27], (c) OTSFDE [22], (d) DDIP [29], (e) GridNet [39], (f) MSBDN
[51], (g) our method, and (h) Ground truth images.

Santra et al. [36] trained a CNN-based comparator (LPQC) and
then adopted it to directly find the ideal transmission map for haze
removal. As shown in Fig. 10 (g), the method achieved good results
for most hazy images. But like most deep learning based meth-
ods, the results remain some haze. This is because the transmission
map is obtained by binary search rather than physically modeling
of haze formulation.

PDN [28] uses CNNs to learn both dark channel and transmis-
sion priors for single image dehazing. The method can significantly
remove hazes from images and restore high color contrasts. How-
ever, as shown in the sky region of the ‘architecture’ image in
Fig. 10 (h), PDN [28] cannot properly deal with sky regions and
is prone to introduce artifacts.

GFN [34] is a deep learning network (Dehaze-net) using syn-
thetic data for training. The approach achieves outstanding dehaz-
ing performance due to investigating haze relevant features. It can-
not enhance the detail and visibility of images well, because it uses
synthetic image patches for training. As shown in Fig. 10 (i), the
results still remain some fog.

DDIP [29] treats the dehazing problem as a layer-separation
problem, and uses a coupled ‘deep image prior’ network for haze
removal. Fig. 10 (j) shows restored images by DDIP. However, like
the PDN [28], it also tends to produce exaggerated sky regions.
Besides, DDIP [29] also produces over-enhancements and artifacts.
cGAN [43] adopts a conditional generative adversarial network to
directly estimate clear images from hazy images. Fig. 10 (k) shows
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Fig. 14. Comparison results of dehazing methods on noisy images. (a) Noisy images. Results of (b) DHL [27], (c) DDIP [29], (d) GridNet [39], (e) MSBDN [51], and (f) our

method.

Fig. 15. Comparison results of dehazing methods on noisy images. (a) Noisy images. Results of (b) DHL [27], (c) DDIP [29], (d) GridNet [39], (e) MSBDN [51], and (f) our

method.

(b)
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Fig. 16. Comparison results of dehazing methods on noisy images. (a) Noisy images. Results of (b) DHL [27], (c) DDIP [29], (d) GridNet [39], (e) MSBDN [51], and (f) our

method .

the dehazed results of cGAN [43]. Although cGAN [43] is able to
reserve structural details of objects, it also has limitations to han-
dle a dense haze scene, resulting in that the outputs are still hazy
and dark. In addition, color shift also occurs in the sky region of
the last image.

To avoid gridding artifacts, Chen et al. [44] used a smoothed
dilated technique to propose a Gated Context Aggregation Net-
work (GCA) for dehazing and deraining, which utilizes a gated sub-
network to fuse the features of different levels. As shown in Fig. 10,
GCA [44] avoids the over-enhancement problem to some extent.
However, haze residue and color distortion still exist in the de-
hazed results, as shown in the second image of Fig. 10 (1).

GridNet [39] consists of pre-processing, backbone, and post-
processing modules. The backbone one implements attention-
based multi-scale estimation on a grid network, which allows ef-
ficient information exchange across different scales. As shown in
Fig. 10, GridNet [39] succeeds in suppressing the halo artifacts to a
certain extent.

10

EPDN [42] transforms the problem of image dehazing to the
problem of image-to-image translation, and embeds a GAN in its
architecture, which is followed by two well-designed enhancing
blocks. As shown in Fig. 10, EPDN can remove haze effectively in
heavily hazy scenes, while the method tends to cause severe color
distortions (see the animal and the sky in Fig. 10 (n)).

Dong et al. [51] proposed a multi-scale boosted dehazing net-
work (MSBDN) with dense feature fusion based on the U-Net ar-
chitecture. MSBDN adopts the principle of boosting and error feed-
back, so it can preserve structural details of the objects, as shown
in Fig. 10 (o).

As shown in Fig. 10 (p), our method removed more haze and
preserved clearer scenes than other methods. Our results are sim-
ilar to those produced by LPQC [36] and MSBDN [51], but slightly
more natural in sky regions as exhibited in the ‘animal’ image. The
reason why our method can achieve more natural results is that
our confidence prior can suppress outliers or noises.
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Table 1
Quantitative comparisons of average fog densities.
Methods Datasets
Dayfime  Melt AEEEEEE IS FE TR
DCP 0.6657 04166 |m823L3d353888%3
CAP 1.078 0.535
NLD 0.533 0.411
OTSFDE 0.799 0473 Z | sR=8nronls058=2
AOD-Net 0.944 0.399 D (NMOINRVOMIHMAN O —I1NM
LPQC 0.806 0.4323 R = R R ==
PDN 1.0312 0.5840
GFN 0.598 *
DDIP 0.610 0.434 | FSE3F aﬁs;}‘,gﬁi@
cGAN 0.9491  0.4498 RzR2838380a3IR20
GCA 0.8153 0.4507 53} — O NO—O—ONONO —O
our method with p=0.85 0.7680 0.4662
our method with p=0.95  0.4575 0.4227 o
o — N — < —N— N —00 —ON — O
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To further demonstrate the effectiveness of our method, we _
also randomly selected 30 daytime images and 30 night images § Ry P -
from the Real-world Task-driven Testing Set (RTTS) of RESIDE-B SISRZEIR2B2G5LR2A
for comparisons. Figs. 11 and 12 show the comparison results. The Glmrerere-emenco-o
selected daytime images have dense haze, which are challenging
to remove. The hazy images are given in Fig. 11(a). DDlP_stlll su.f— > §§ §§ §§ §§ §§ §§ ﬁg
fers severe color shift as shown in the red rectangle of Fig. 11 (j), Sl BB SRS ST
. . . [} — — — — —
and the details of dehazed images by DDIP are still blurry. DHL
and OTSFDE can increase visual visibility, but they cannot produce
color-balanced results as illustrated in Fig. 11 (d) and (e). Fig. 11(m) B e e e
. = | NO WO~ IF— N T KON OO
and (n) show the results by two variants of our method. The two SRR R DR R i R R R
variants have the same parameters but with different p. Obviously,
as p gets larger, the dehazed image becomes clearer. However, arti-
. . . —_ T — O — N — N — N —— — ™M
. q. )
facts are easily introduced in recovered results. From the Eq. (34) I T S e
. Z|l N0 moOoTSomnmaaa
we can conclude that decreasing the constant p makes the value ol IR e e R e B R
of transmission to be close to 1. Larger transmission causes J(x)
~ I(x)-A+A. It means that the influence of the atmospheric light
is .weakened on t.he restored image. This is t_he main reason that N RN R
using a lower p is able to obtain smoother images. On the con- Qi8558 0323n 8
trary, increasing p makes the value of transmission close to 0, but
a lower transmission for recovering haze-free images magnifies the 64—
global atmospheric light and introduces halo artifacts. The dehazed Y §§ ﬁg ﬁg EE 5 = §§ ﬁg
night image in Fig. 11 (e) denotes that OTSFDE is not robust to S|2ctEc¥Isc=EcRcsdAses
night environment. 2
We also used the average fog density [20] as a quantitative . O O
image quality metric for realistic haze images. Table 1 shows the Z| S¥ERLRc=3TFc33
o 3 ERT QAR l - R Q
average fog densities of dehazed results. Our method surpasses < ~——S-~S~S~SANG—J
the fourteen State-of-the-Art methods in terms of fog density. For
night hazy images, our method also defeats most of them. e
ELDO‘—'NOOLDG}—'[\ONOLDI\
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Comparisons on synthetic images ”
=
7
In order to evaluate the performance of the proposed method, z SYIs s aRTomremg
. = S MYTTNTO0OoNMOITANOD DD
we compared our results with the results by several state-of-the- < R R AR R R SR
- - > ) o CoEcIcRsisRsX
art methods on synthetic hazy images with ground truth images. =
These synthetic images include seven datasets. The first and sec- £
. . [
ond dataset are 30 indoor images (I-HAZE dataset [52]) from the » N NEEEE R SZoF
NTIRE2018 dehazing challenge [53] denoted as NTIRE/IN, 45 out- z Jleadndess-8g8g5na
door images (O-HAZE dataset) from NTIRE2018 as NTIRE/OUT. The 3
third dataset including 23 images of the D-Hazy dataset. The D- glg
. . . 1%} — O — — 00 — > — 00 — — ©
hazy [54] dataset is synthesized from Middlebury [55] and NYU 2 % M g SRASTER E ge
dataset [49]. The images for comparisons in this paper are synthe- Elslr|ednsegngeseged
sized from Middlebury. The fourth dataset is 66 images from Foggy E 5
Road Image Database (FRIDA) [56]. The FRIDA dataset consists of 2| e Z x = % A
. . . © |2 o O
FRIDA and FRIDA2. The images used for comparisons are uniform YE |8 g 2. 8§ 2 2%
-_— 2 =
fog (U080) of FRIDA2. We also used the recent large-scale RESIDE 23 3 E EodA B Bz BE
=

(REalistic Single Image DEhazing) dataset for comparisons. The fifth
and sixth datasets denoted as RESIDE/IN and RESIDE/OUT are from

1
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Fig. 17. Comparison results of dehazing methods on noisy images. (a) Noisy images. Results of (b) DHL [27], (c) DDIP [29], (d) GridNet [39], (e) MSBDN [51], and (f) our

method.

Fig. 18. Comparison results of dehazing methods on noisy images. (a) Noisy images. Results of (b) DHL [27], (c) DDIP [29], (d) GridNet [39], (e)

el el el

) EPDN [42], and (f) our

method

Table 3

Quantitative comparisons of average CIEDE2000s.
Datasets Methods

DCP CAP DHL OTSFDE ~ AODN  LPQC PDN GFN DDIP cGAN  GCA Grid EPDN  MSBDN  Ours

NTIRE/IN 2257 1460 1321 1756 15.06 14.84 1558 1642 1335 15.08 1566 1926 1496 12.93 16.29
NTIRE/OUT 2053 1619 1670  21.12 17.52 1593 1568 1740 1650 14.59 1693 21.28 1430 15.54 15.77
D-HAZY 13.80 1456  16.11 19.80 16.82 1524 1385 1542 1934 1269 1560 12.01 1567 12.86 12.49
FRIDA 1516 1740 14.74 12.81 15.36 17.21 15.81 1794 1272 1463 1515 1673 1719 1594 13.94
RESIDE/IN 1219  8.26 1235 18.82 9.67 6.99 7.16 6.85 10.89 11.09 247 1.89 8.73 6.88 7.27
RESIDE/OUT 1596  10.11 10.15 16.85 8.45 8.69 8.69 5.50 8.58 4.22 7.27 2.32 8.74 3.31 8.98
HazeRD 1793 16.08 13.79 14.72 13.21 1578 1425 16.12 1499 13.14 1501 2099 1544 13.39 13.23

500 synthetic indoor images and 500 synthetic outdoor images of
the test set of RESIDE. The seventh dataset used for comparisons is
75 images from hazeRD, which contains fifteen real outdoor scenes
with five different simulated weather conditions. The first, second,
third and fourth rows of Fig. 13 (a) and (j) show some examples
and corresponding ground truths, respectively. In Fig. 13(a) and (1),
each row shows examples and corresponding ground truths from
different dataset, respectively.

Fig. 13 shows the results of DHL [27], OTSFDE [22], DDIP [29],
GridNet [39], MSBDN [51] and our method. DDIP [29]'s results
have the color shift problem and the over-saturation problem. DHL
[27] is prone to produce halo aircrafts, as shown in the bright re-
gion of the first row of Fig. 13 (b). OTSFDE [22] leads to bad re-
sults on edges and severe color distortion. As we can see from
Fig. 13 (c), OTSFDE [22]'s results are quite different from the
ground truth images. As shown in Fig. 13 (f), our results are a lit-
tle similar to MSBDN [51]’s results, but our method removes more
haze than MSBDN [51], such as distant regions in the fourth im-

12

age. As shown in the fifth and sixth rows of Fig. 13 (e), Dehazed
images by GridNet [39] are most similar to corresponding ground
truths on the datasets of RESIDE/IN and RESIDE/OUT, but there
are artifacts and obviously remained haze in dehazed images for
other datasets. Our confidence prior has better generalization per-
formance on most of the test datasets.

Then, we quantitatively assess our confidence prior. The in-
dicators for evaluation are the average peak signal-to-noise ratio
(PSNR) and the structural similarity (SSIM). PSNR and SSIM are
widely used in image objective evaluation. Higher PSNR and SSIM
usually means better quality, but it is based on the pixel-wise error
between dehazed image and corresponding ground truth. In some
cases, it is inconsistent with human perceptional quality assess-
ment. Table 2 shows comparisons of average PSNRs. Our method
achieves very good PSNR results. Our method cheeringly ranks in
the first position for hazeRD, and it has the best performance of
haze removal in term of the SSIM metric on the hazeRD dataset.
Although our method is not the best one on other datasets, our
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Fig. 19. Sensitivity to different noises over synthetic images with ground truths. Comparisons (a) on Ntire/IN, (b) Ntire/OUT, (c) D-Hazy, (d) FRIDA, (e) RESIDE/IN, (f) RE-

SIDE/OUT, and (g) hazeRD.

method outperforms most methods, and average PSNRs and SSIMs
of our method are very similar to the best results. It is worth men-
tioning that our method exceeds almost all traditional methods on
the seven datasets. In addition, our method even outperforms most
of deep learning dehazing methods.

To further validate the superiority of our method, we used
CIEDE2000 [57], Universal Quality Index (UQI) [58] and Learned
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Perceptual Image Patch Similarity (LPIPS) [59] as dehazed perfor-
mance metrics. Smaller CIEDE2000 and LPIPS mean better dehazed
performance, while a larger UQI means a better result. The com-
parison results are listed in Tables 3-5. Our method achieved the
highest UQI on the D-HAZY, and FRIDA datasets. Our method has
the best performance in the LPIPS metric on the HAZERD, D-HAZY
and FRIDA datasets.
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Table 4

Quantitative comparisons of average UQIs.
Datasets Methods

DCP CAP DHL OTSFDE AODN LPQC PDN GFN DDIP cGAN GCA Grid EPDN MSBDN Ours

NTIRE/IN 0374 0449 0.565 0.401 0.419 0510 0511 0436 0457 0463 0373 0289 0341 0.508 0.499
NTIRE/OUT 0.633 0579 0.733  0.494 0.542 0.679 0720 0.638 0.590 0.642 0526 0446 0.582 0.542 0.719
D-HAZY 0.626  0.657 0.629  0.525 0.602 0.631 0662 0.609 0513 0540 0546 0.613 0.637 0.646 0.675
FRIDA 0570 0.535 0.674 0.646 0.666 0.463 0.638 0444 0599 0350 0434 0297 0332 0.089 0.691
RESIDE/IN 0.706 0.734 0.695  0.430 0.719 0.818 0790 0.537 0.676 0.155 0875 0904 0.225 0.240 0.791
RESIDE/OUT  0.592 0.636 0.690  0.531 0.689 0819 0722 0783 0.680 0.779 0614 0913 0.743 0.728 0.723
HazeRD 0.441 0.497 0587 0451 0.527 0.511 0.562 0434 0458 0496 0.524 0296 0334 0471 0.577

Table 5

Quantitative comparisons of average LPIPSs.
Datasets Methods

DCP CAP DHL OTSFDE AODN LPQC PDN GFN DDIP cGAN GCA Grid EPDN MSBDN Ours
NTIRE/IN 0.296 0.276 0.239  0.349 0.310 0.228 0237 0.282 0327 0277 0271 0364 0246 0.257 0.242
NTIRE/OUT 0314 0360 0.291  0.402 0.394 0304 0284 0379 0451 0360 0372 0452 0318 0.399 0.287
D-HAZY 0.183 0.190 0215 0.270 0.241 0.194 0.182 0225 0371 0194 0.247 0.185 0228 0.201 0.167
FRIDA 0.288 0334 0.282  0.265 0.319 0384 0287 0360 0271 0351 0299 0405 0327 0.295 0.236
RESIDE/IN 0.138 0.023 0.111 0.316 0.146 0.077 0.078 0.068 0.191 0.077 0.023 0.012 0.046 0.028 0.083
RESIDE/OUT  0.196 0.135 0.153  0.275 0.141 0.075 0.106 0.139 0.230 0.169 0.146 0.020 0.119 0.107 0.119
HazeRD 0230 0229 0.203 0.283 0.226 0210 0.197 0.257 0303 0221 0237 0328 0233 0214 0.270
Comparisons of robustness to noises Conclusions

In order to prove that our method is robust to noises and out-
liers, we added independent and identically distributed Gaussian
noises with a mean of 0.1 and variances of 0.01, 0.025 and 0.05
to the hazy images in the seven synthetic datasets. Fig. 14 (a),
Fig. 15 (a), Fig. 16 (a), Fig. 17 (a), and Fig. 18 (a) are the noisy
images synthesized from the first, third, fourth, sixth and seventh
rows of Fig. 13 (a). The variances of added noises in each row of
Fig. 14 (a), Fig. 15 (a), Fig. 16 (a), Fig. 17 (a), and Fig. 18 (a) are 0.01,
0.025 and 0.05, respectively. As shown in Fig. 18, DHL [27]’s results
have higher contrast than our results, while their results also suf-
fer color distortions. As shown in Fig. 14 (d), Fig. 15 (d), Fig. 16 (d),
and Fig. 18 (d), GridNet [39] cannot produce clear images, and this
phenomenon gets worse for more noise. It is worth mentioning
that with noise levels becoming higher, dehazed results are more
similar to Gaussian noisy hazy images. This is because high level
noises make the real imaging model inconsistent with the original
one. The corrupted imaging model causes our method to fail for
images with high level noises.

We used the same comparison methods on noisy hazy images
to demonstrate dehazing sensitivity to noises. Fig. 19 shows the
report of average PSNRs obtained by the fourteen methods as the
sensitivity indicator. LPQC [36] fails in dealing with heavy noisy
images due to its specific mechanism of estimating transmission.
Our method almost yields the best results among traditional meth-
ods (DCP [5], CAP [26], HLD, OTSFDE [22]) for all datasets with
different-level noises. Although we do not achieve the best results
among the seven CNN-based methods, we obtain high PSNR val-
ues that are very near to the best values. According to the quan-
titative comparisons on noisy images, we find that our results are
very similar to the ground truths and have less noises than those
of many methods. This indicates that our method is more robust
to noises.

Extensive experiments on both natural and synthetic images
validate that our method achieves significantly better performance
than state-of-the-art methods. In summary, our method signif-
icantly outperforms most of existing methods, including deep
learning methods. However, our method needs to compute fea-
tures of local patches, so it has high computational complexity. We
can design efficient feature extraction algorithms or adopt GPUs to
speed up our method in the future.
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Due to tiny particles suspended in the air, images taken in out-
doors usually have low contrast and poor visibility. To obtain clear
images from hazy images, many image dehazing methods have
been proposed in recent years. Existing methods usually assume
some priors that hazy images have special properties. However,
these priors are not always robust enough, and most of them of-
ten fail in some cases due to high brightness of some regions, out-
liers or noises. To better understand these priors, we first generate
a curve of sorted channel-minimized values computed in a local
patch, and then put the values of several well-known priors on the
curve to propose a framework for unifying them. Then we propose
a novel prior under the framework by specifying a ratio, which is
used to adjust the confidence degree of channel-minimized values
in local patches. Thus we can freely remove the influence degree
of outliers or noises. In addition, we adopt a regression method
to adaptively learn the relationship between patch appearance and
confidence ratios for all pixels. Thus, we can solve the problem on
heterogeneity of pixel values and abrupt jumps of scene depths
in hazy images. To further improve robustness of the estimated
confidence ratios, we use a kernel for smoothing. We conducted
very extensive experiments on both natural and synthetic images.
Experimental results also show that our method achieves signifi-
cantly better performance than existing state-of-the-art methods.
In addition, we can adjust the ratios to control the removal degree
of outliers or noises. In this way, we make a good balance between
dehazing quality and noise suppression.

Although our confidence prior achieves excellent results for
haze removal, there are still some common problems to be solved.
Firstly, the hyperparameter p in our method highly depends on
experiences and is set to be constant in our implementation. A
constant hyperparameter p is not suitable in inhomogeneous at-
mospheric conditions, since different image patches possess differ-
ent feature distributions. Therefore, dehazing algorithms are prone
to obtaining incorrect transmissions in some cases. Although the
parameter selected by experiences can obtain outstanding dehaz-
ing effects, a more flexible method to estimate the hyperparame-
ter p is highly desired. Secondly, the dehazed results by the pro-
posed method still have much remaining haze and noise for dense
haze images. Thirdly, although our method outperformed most ex-
isting methods, it did not obtain the best performance on night-
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time haze images in terms of fog density. The main reason may
be that objects at nighttime are illuminated by man-made lights
totally different from the sun light and nighttime images usually
contain many pixels with low intensity directly leading to a lot
of zero channel-minimized values. Therefore, it is worth exploring
more robust priors for nighttime or low intensity images. Fourthly,
images captured in poor weather, like sandstorm condition, gen-
erally exhibit serious color distortion problems. Our method may
neglect image degradation caused by the varicolored appearance
of the haze in captured images. In future work, it is necessary for
us to explore an image dehazing approach to keep color balance
for haze removal. We will investigate these problems in the future.
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