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Abstract

In most existing deep learning-based image dehazing methods, the haze-free source images are only used as the ground truth
for the design of the loss function, whereas the guiding role that the source image should play on different feature levels has
been ignored. This will result in a sub-optimal dehazing output. To address this issue, inspired by the knowledge distillation,
a guiding teaching framework is designed for single image dehazing in an end-to-end manner, where the features of the
haze-free source image at different levels are completely used to promoting the restoration of the hazy image. Specifically,
the framework consists of a two-stream convolutional neural network termed teacher stream (TS) and student stream (SS),
respectively. The input of the former is a haze-free image while the output is the desired image after reconstruction. The input
of the latter is the hazy image, and the output is the restored image. Moreover, a dual adversarial strategy is designed to further
improve the ability of SS to imitate teacher stream. In this process, the output results of SS are divided into two categories
according to their hazy intensity levels. Then a thick light discriminator is introduced and made against the SS pit, such that
the images with better dehazing effects can be used to deal with the ones poorly dehazed. A second discriminator termed
light clear discriminator (LCD) is further introduced and a minimax game between the LCD and the SS is defined to drive the
final result produced by SS closer to the reconstruction result of the TS. Experimental results show that the proposed method
outperforms several latest methods applied to both artificial hazy images and the hazy images from the real scene.

Keywords Image dehazing - Knowledge distillation - Adversarial learning - Teacher stream - Student stream

1 Introduction

Haze is a common factor that affects the outputs of computer
visual tasks. It is formed either by dust, smoke, small particles
floating in the air or by the fog evaporated from the liquid.
Its appearance significantly affects the visual tasks such as
target recognition, satellite positioning and image classifica-
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tion. Therefore, the dehazing techniques play a crucial role
in the development of computer vision.

The present image dehazing methods mainly include prior
knowledge-based methods and learning-based methods. A
prior knowledge-based method refers to the use of additional
prior information as compensation for the damaged image
to achieve image dehazing effect [16,22,31,31,38,51,69,71].
Particularly, He et al. [16] proposed a haze removal method
based on dark channel prior knowledge. This method, how-
ever, does not perform sufficiently under the bright sky. In
the work of Khmag et al. [22], the second-generation wavelet
transforms and the mean vector 12-norm for single image
dehazing are developed, where the mean vector 12-norm
is used to estimate the transmission map, and the second-
generation wavelet transform is used to enhance the esti-
mated transmission map in order to improve the visual quality
of the resulted image. However, for a two-dimensional trans-
mission map, the second-generation wavelet transform is not
optimal, which limits the further improvement of the final
quality. Meng et al. [38] proposed a single image dehaz-
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ing approach based on boundary constraints and /; norm
weighted context regularization constraints. In this method,
a group of filters is introduced in the dehazing process to
reduce image noise and enhance the main structure and detail
information of the image after dehazing. Furthermore, based
on the prior knowledge of the atmosphere transfer map,
Li et al. [31] proposed the local smoothness of the atmo-
spheric transfer map and the non-statistically independent
prior to the scene albedo. The author also made an assumption
that the atmospheric transfer map is greater than the scene
absorption rate. The objective function model was then built
and the images were dehazed based on the prior knowledge
and assumptions. This kind of method can only achieve the
dehazing effect to a limited extent since its original perfor-
mance is highly dependent on the assumptions, which can be
invalid for specific images or the prior knowledge is unreli-
able.

Different from prior knowledge-based dehazing methods,
the learning-based methods use a network trained under deep
learning frameworks to achieve the desired result. There are
two classic types of learning-based approaches:

The methods based on the atmospheric scattering model In
this kind of models, the transmission map and global atmo-
spheric light are estimated by a deep learning network [42,
61,66]. For example, Ren et al. [42] proposed a multi-scale
convolutional neural network (MSCNN), through which the
transmission map was learned by a complete convolution net-
work. This approach consists of a fine-scale net, where the
coarse-scale netis used to predict a holistic transmission map
and the fine-scale net is used to refine the results locally. This
method only calculates the difference between the recov-
ered image and the ground truth image in model training.
Zhang et al. [61] proposed an end-to-end densely con-
nected pyramid dehazing network (DCPDN), which learned
transmission map, atmospheric light and dehazing image.
This method used an encoder—decoder to learn multi-scale
features in a multi-level pyramid pool module. However,
the experimental results show that the performance of this
method is not satisfactory in real hazy images because of
its weak generalization ability. Some works approached
the dehazing problem by learning the transmission map
[4,22,56,63]. Nevertheless, the estimation accuracy on the
transmission map and atmospheric light still remains to be
improved and the dehazing effect is limited.

The methods that use the deep convolutional neural network
directly to restore a clear image This kind of approach is
essentially an end-to-end method [7,26,32,34,43,57,64,65].
Liu et al. [34] proposed to study the internal propagation
behavior of deep networks based on energy change and built
a lightweight learning framework to train the network for
dehazing. This method integrated the advantages of prior
driven models and data-driven networks and avoided the lim-
itations of the existing dehazing approaches. Li et al. [26]
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proposed an integrated dehazing network based on a con-
volutional neural network, which unified the transmission
map estimation and global atmospheric light estimation into
one variable, so as to reduce the complexity of network
structure. However, the inaccurate estimation of transmission
map and global atmospheric light may produce a cuamulative
error, which would compromise the quality of the dehaz-
ing results. Ren et al. [43] proposed a multi-scale threshold
fusion network to effectively increase network receptive field
and reduce aperture effect. This method can avoid the intro-
duction of halo artifacts, but the computational efficiency
is degraded. Li et al. [32] put forward a dehazing method
based on conditional generative adversarial nets (CGAN)
and solved the problems of dark channels, color differ-
ences and maximum contrast in the priority-based method.
Swami et al. [48] realized the image dehazing by conditional
adversarial networks (CAN). Since the image fusion can syn-
thesize the information of different images [28-30,54,68],
Guo et al. [14] developed a deep convolutional network for a
single image dehazing based on derived image fusion strat-
egy. In the above-mentioned deep learning-based methods,
the haze-free source image is usually used in the design of
loss functions as ground truth. This kind of design method
fails to fully exploit the guiding effect of a hazy-free clear
image, so it is easy to produce sub-optimal dehazing results.

To tackle the current problems existing in the end-to-
end method, we propose a new end-to-end guiding teaching
framework. Specifically, our framework consists of two
streams with different tasks, i.e., the teacher stream (TS)
and the student stream (SS). The TS is a reconstruction sub-
network, and the SS is a dehazing sub-network, which share
the same structure. The input of TS is the haze-free source
image, and its output is the reconstructed clear image that
has the same content as the input image. The input of SS is
the hazy version of the same haze-free source image whose
output is a clear image after restoration. The goal is to lever-
age the performance of the dehazing sub-network under the
guidance of clear images. To this end, the SS is thus guided
to extract the same features with that of the TS, as long as
the inputs of both streams are paired images. The proposed
method regularizes the feature learning at different layers,
whereas the convolutional neural network-based methods
only use the clear source image as ground truth to design the
loss functions. To further improve the quality of the dehaz-
ing image, a novel dual adversarial strategy is developed to
boost up the ability of SS to imitate the TS. The outputs of
the SS are categorized into two types according to their hazy
intensity levels. Then a thick light discriminator (TLD) is
introduced and made against the SS pit, such that the images
with better dehazing effects can be used to deal with the
ones poorly dehazed. A second discriminator termed light
clear discriminator (LCD) is further introduced and a mini-
max game between LCD and SS is defined to drive the final
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result produced by SS closer to the clear labeled image. This
mutual assistance mode is very conducive to improve the
dehazing quality of different images. The proposed method
is inspired by the latest advances in the knowledge distil-
lation [12,13,17,19,40,53]. It is simple and effective for a
single image dehazing. The main contribution of this work
is summarized as follows:

— We develop an end-to-end guiding teaching framework
for a single image dehazing. This framework consists of
TS and SS, where under the assistance of TS, the guiding
effect of hazy-free image can be fully exploited, such that
better visual effects of the dehazing result is achieved.

— We propose to divide the output results of SS into two
categories according to their hazy intensity. Then a TLD
is introduced and made against the SS pit, such that the
images with better dehazing effects can be used to deal
with the ones poorly dehazed.

— We introduce the second discriminator LCD and a mini-
max game between LCD and SS to drive the final result
produced by SS closer to the clear labeled image. In our
method, the TLD, LCD and SS are jointly optimized
under the guidance of TS.

The remainder of the paper is organized as follows. Sec-
tion 2 reviews the state-of-the-art methods related to this
work. The proposed approach is presented in detail in Sect. 3.
Then the experiments are conducted and the results are dis-
cussed in Sect. 4. Finally, the work is concluded in Sect. 5.

2 Related work
2.1 CNN-based image dehazing

CNN is essentially an input—output mapping that can learn
the mapping relationship between a substantial amount of
inputs and outputs without any precise mathematical expres-
sions. CNN is extensively used in the fields such as image
classification [11], target detection/recognition [1], image
enhancement [15] and image dehazing [49]. For image
dehazing, Tang et al. [49] proposed to obtain the dehazing
image by directly mapping the hazy image to its corre-
sponding haze-free image. However, due to the lack of the
constraints of clear image features, the visual effect after
the dehazing is not ideal. Chen et al. [5] introduced a gated
context aggregation into CNN to directly recover the final
haze-free image. In their work, the smoothed dilation tech-
nique is used to suppress the gridding artifacts caused by the
dilated convolution, but the gridding artifacts cannot be elim-
inated. By adding an extra layer to the traditional CNN, Song
et al. [47] realized the extraction of statistical attributes for
single image dehazing. This approach has certain achieve-

ments both in terms of subjective and objective evaluation,
yet it only extracts the attribute of contrast ratio and fails to
consider other statistical attributes. Dong et al. [9] employed
an attention mechanism to sufficiently extract the features
to improve the quality of the recovered image but the visual
effect of the image is over-enhanced (too bright). To deal
with the problems in the above-mentioned methods as well
as to achieve a better dehazing effect, an end-to-end CNN
guiding teaching framework is therefore proposed to extract
features at a different level for the single image dehazing.

2.2 GAN-based image dehazing

GAN has a remarkable potential to generate realistic images
and has been applied in various vision tasks, such as
super-resolution [24,67], deraining [62], deblurring [23] and
denoising [6]. For image dehazing, Yang et al. [58] devel-
oped adisentangled dehazing network for generating realistic
haze-free images. This method contains three generators for
the scene radiance and can alleviate the paired training con-
straint. Mehta et al. [37] developed a hyperspectral-guided
image dehazing generative adversarial network for image
dehazing where enhanced versions of CycleGAN [70] and
conditional GAN for spatial-spectral spatial mapping are
designed. Engin et al. [10] used CycleGAN for image dehaz-
ing along with the perceptual loss to generate more visually
realistic dehazed images. The GAN-based dehazing meth-
ods only make the dehazed image close to the clear image
in terms of distribution. In fact, the concentration of haze is
not considered in the GAN-based dehazing methods. In the
process of adversarial learning, if the training images with
different haze concentrations are mixed together, it may have
a negative impact on the final dehazing effect. To solve this
problem, a novel adversarial learning strategy is proposed,
where the outputs of SS are divided into thick and light hazy
levels through a predefined threshold.

2.3 Knowledge distillation

It has been proved that the performance of network learning
can be significantly improved with the deepening of net-
work layers. However, deeper layers will introduce more
parameters, which in turn increases the computation bur-
den and raises the storage costs. Therefore, researchers seek
alternative ways to achieve compatible results with fewer
parameters. Ba et al. [2] studied whether a shallow network
can achieve comparable performance with a deep network
in 2014. Hinton et al. [18] first proposed and systematically
explained the concept of knowledge distillation in 2015. By
feature matching in the softmax layer and using the output of
softmax to supervise learning, distillation temperature was
added to the softmax layer to improve the distillation perfor-
mance. By adding loss directly in the middle layer, Romero
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Fig.1 Proposed framework for
image dehazing
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et al. [44] obtained knowledge by learning the feature maps
of the intermediate layers of a deep network, i.e., the TS. Itis
found that a smaller deep network can deliver better results
than the teacher network. By resorting to the attention mech-
anisms, Zagoruyko et al. [60] demonstrated how the SS can
focus on the same areas as the teacher network does. Yim et
al. [59] defined the FSP Matrix to describe the characteristic
relationship between layers to achieve knowledge transfer. To
avoid the over-fitting caused by hard labels and to enhance
generalization caused by soft labels, Yang et al. [55] reduced
the accuracy of teacher networks to a certain extent to allow
student stream with a higher tolerance of extensive learning.
The idea of knowledge distillation is thus chosen in this paper
for image dehazing.

3 Proposed approach

Inspired by knowledge distillation, a guiding teaching and
dual adversarial learning framework for a single image
dehazing is developed. The network structure is shown in
Fig. 1.

The hazy image and its clear source image are fed into the
SS and the TS, respectively. The features of the clear image
are learned in the TS and are used to guide the SS to learn
the features of the haze-free image from the input image.
The SS realizes the image dehazing through feature recon-
struction. Moreover, a dual adversarial strategy is designed
to optimize the image quality after dehazing. The proposed
dehazing network can adapt to different hazy levels. In this
process, two discriminators are used to improve performance.
Specifically, the TLD is used to distinguish the image with
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different hazy levels (i.e., thick or light) of the student net-
work output. The LCD is used to distinguish the clear image
reconstructed by the teacher network so that they can spit
against each other to make the output of the student network
closer to the clear image. By introducing the adversarial loss
of TLD and LCD, the dual adversarial module can transfer
the heavy hazy images into the light hazy image and further
transfer the light hazy images into clear haze-free images. In
the proposed distillation network, mean square error (MSE)
loss, distillation loss, perceptual loss and color loss are used.
MSE loss can make the SS output consistent with that of the
TS. Distillation loss forces the features extracted by the TS
and the SS from different levels to be consistent. Perceptual
loss and color loss constrain the outputs of SS and TS to have
similar visual effects.

3.1 Knowledge distillation network

The proposed distillation network mainly includes the fea-
ture extraction of the TS and the training of the SS. The
function of feature extraction of the TS is to learn from the
labeled image to obtain feature information contained in the
clear picture and guide the SS to extract more accurate fea-
tures. The network is based on the U-Net [45], where the
teacher sub-network and the student sub-network have the
same structure. The haze-free images are fed into the TS for
supervised training to ensure that the teacher network can
reconstruct the clear images. The TS trained can extract the
features of the haze-free images. The feature map of each
layer obtained in the TS can be described as:

Fi(n) = max(0, W;(n)X;(n) + B:(n)) €]



A guiding teaching and dual adversarial learning... 3567
where n € (1,2,..., N) is the number of convolutional labeled image X;. The perceptual loss is defined as:

layer. W;(n) and B;(n) are the weight and deviation of the

nth convolutional layer, respectively. F;(n) is the feature of L,=¢X)—¢(X) ||% (®)]

the nthlayer extracted by the TS. X (n) is clear labeled image
X;whenn=1X;(n)=F,(n—1)ifn > 1.

The hazy images corresponding to the clear images are
fed into the SS for feature extraction. The features extracted
by the SS can be expressed as:

F(n) = max(0, Wy(n) X (n) + Bs(n)) 2

where n € (1,2,...,N) is the number of convolutional
layer. W (n) and Bg(n) are the weight and deviation of the
nth convolutional layer, respectively. F(n) is the feature of
the nth layer extracted by the SS. X (n) is the input hazy
image X, whenn =1. X;(n) = Fs(n — 1) ifn > 1.

The SS training is to take the features of clear images
extracted from the TS as guidance and constraint. MSE is
used to constrain the distance between two feature maps to
achieve a better dehazing. We use knowledge distillation in
the SS to obtain more image information from clear images.
Note that the purpose of the knowledge distillation in this
work is different from that of the traditional distillation which
aims to compress network scale and reduce parameters. The
purpose is to make the network get more information from
clear pictures as labels through knowledge distillation. To
eliminate the channel difference of different location feature
maps from the TS and the SS, the feature map needs to be
converted before its distillation. We use 1 x 1 convolutional
layer as convertor 7. F(n) and Fy(n) (n € (1,2,..., N))
denote the nth layer feature of the TS and the SS, respectively.
The distillation loss is defined as:

I1F:() = Fs ()1 if i=j

T (F,Gi)) — T(Fs(j)1, otherwise G)

Lgisin = {

wherei (i € (1,2,...,N))and j (j € (1,2,..., N))are the
distillation location. 7 is the conversion network for adjust-
ing the channel number of F; or F.

In the process of teacher—student network training, the
MSE loss, perceptual loss and color loss are used to constrain
the output Y of the SS to make it as close as possible to the
output X, of the TS. The MSE loss is described by:

1 H W
Lise = 7~ ;;m(i, N =Y@, ))? 4)

where Y (i, j) is the value of the pixel at the position (7, j) of
Y, X.(i, j) is the value of the pixel at the position (i, j) of
X .. H and W are length and width of the image, respectively.

L, is the perceptual loss [21], which is used to measure
the similarity between the dehazed image Y and the clear

where ¢ represents the feature maps obtained by 16-layer
VGG network.

Besides the MSE loss and perceptual loss, we adopt color
loss [20] to solve the problem of color distortion in the output
image of defogging network. In this paper, the color loss is
formulated as:

Lo=|Y %Gs — X, Gs|3 (6)

where * represents convolution operation. G is the 2D Gaus-
sian blur operator [20].

3.2 Dual adversarial module

There are many discrepancies between hazy and clear
images. For example, haze-free images usually have higher
contrast and sharper edges compared with hazy images. Most
dehazing methods are lying on such priors or assumptions yet
they do not hold for all conditions and can be easily intruded
in practical. Adversarial learning is commonly used to train
the network in literature [6,23,58,62]. The network is divided
into two parts: the generator and the discriminator. The input
of the generator is the hazy image, and the output is the
dehazed image. The input of the discriminator is the dehaz-
ing image and the corresponding clear image. The network
can extract the information from the hazy image through the
adversarial learning between the discriminator and the gen-
erator. The discriminator is used to identify whether the input
of the network is the dehazed image or the clear image. Mean-
while, the generator output is made as closer as possible to
the clear image, so that the discriminator will not distinguish
it. Therefore, the network can be used for dehazing.
However, the above-mentioned networks for dehazing use
only hazy images and clear image adversarial. In practice,
the hazy concentrations in the training dataset are different
and the hazy levels thus cannot be neglected. Therefore, we
propose dual adversarial learning. In the proposed guiding
teaching and dual adversarial learning framework, the SS
plays as a generator (G). The output of the SS is classified into
light hazy and thick hazy images based on their fog density.
The discriminators TLD and LCD are trained jointly with
the SS. Specifically, the input to the TLD is the two kinds
of images of the SS output. The SS is fixed, the TLD is
trained, and the TLD adversarial loss is used to constrain the
network such that the discriminator can discriminate whether
the output of the SS is light hazy or thick hazy. When the SS
is being trained, the TLD is fixed and the SS is to confuse the
TLD so that the SS can achieve a gradual transition from a
thick hazy image to a light hazy image. The light hazy image
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of the output of the SS and a clear image are the input of the
LCD discriminator. When the LCD is being trained, the LCD
adversarial loss is used to constrain the network so that the
LCD can discriminate whether its input is light hazy or clear.
When the SS is been trained, the LCD is fixed; thus, the SS
can achieve a gradual transition from a thick hazy image to a
clear image. Finally, the output of the SS is closer to a clear
image and achieves the purpose of dehazing.

Fog-aware density evaluator (FADE) [8] is adopted to
measure fog density. ¥ denotes the output of the SS. The
FADE of Y is compared with the threshold 6, which can
be preset empirically. Those greater than 6 are thick hazy
images, vice versa. Equations (7) and (8) show the adversar-
ial loss of TLD and LCD, respectively.

Ltip = ngn max Ellog D(X;;)] + Ellog(1 — D(Xip))]

(7)
Licp = minmax E[log D(Xp)] + Ellog(1 = D(X1y))]

®)

where X, = G(X},) represents thick hazy image, X;, =
G (X)) represents light hazy image. G is the generator, i.e.,
SS.

The proposed network is trained according to the overall
loss function:

Liotat = LMSE+L p+L¢ + Laisin + A1 LtLp +A2Liep - (9)

where A1 and A, are hyperparameters.
For clarity, we summarize the proposed method in Algo-
rithm 1

Algorithm 1 Algorithm of the guiding teaching and dual
adversarial learning for image dehazing

Input: The clear labeled images X; and the corresponding hazy
images X,.
Initialize: The hyperparameters A1 and A, learning rate, the threshold
0.
1. Pretraining the teacher network with clear labeled images.
2. Training the SS according to the formula (3), (4), (5) and (6).
3. Traning the SS and the discriminator TLD
for i=1:epoch
fixing SS, training TLD
fixing TLD, training SS
end for
4. Traning the SS and the discriminator LCD
for i=1:epoch
fixing SS, training LCD
fixing LCD, training SS
end for
Output: The trained network.
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4 Experiments
4.1 Evaluation criteria

To verify the effectiveness of the proposed method, we
evaluate the dehazing results in terms of visual effect and
objective indicators. Peak signal-to-noise ratio (PSNR) [36]
and Structural Similarity Index (SSIM) [52] are selected as
the objective criteria. PSNR can measure the error between
the corresponding pixels of the recovered image and its cor-
responding ideal image. It is an image quality evaluation
index based on error sensitivity. SSIM measures the sim-
ilarity between two images by focusing on the structural
information of images and is independent of the brightness,
contrast or other image properties. The higher the values of
PSNR and SSIM, the better the quality of the recovered result.

Given two images, one is a clear standard image X and
the other is a recovered image Y, the PSNR can be defined
as:

1 T 2
MSE = 2= D (X ) =Y )

i=1 j=I (10)
(2n _ 1)2)

PSNR = 1010g10 (W

where MSE is the mean square error of standard image X
and result image Y. H and W are the height and width of the
image, respectively. n is the bits of a pixel which is generally
set to 8 (i.e., gray level of 256). The unit of PSNR is decibel
(dB). A larger value indicates a smaller distortion.

The SSIM is defined as:

Quxpy +c1)(oxy + c2)

SSIM(x, y) =
(,uﬁ +u3 + 61) (sz +o2+ cz)

(1)

where u, and p, are the mean values of X and Y, respec-
tively. oy and oy are the standard deviations of X and Y,
respectively. oy is the covariance of X and Y. ¢; and ¢
are set to constants to avoid system error caused by a zero
denominator. The value of the SSIM is between 0 and 1.
A higher value indicates a smaller difference between the
resulting image and the clear image.

4.2 Experimental setup

Image dehazing based on deep learning usually needs large-
scale training data to train the model. However, it is difficult
to collect a large number of hazy images with labels (haze-
free images) from a real scene. Moreover, the quality of hazy
images and corresponding clear images collected at different
times is difficult to control. Therefore, most current dehaz-
ing models use the hazy image datasets synthesized from
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Fig.3 Comparison of experimental results with different methods. a Hazy images, b DCP, ¢ NLD, d DA-Net, e DehazeNet, f proposed method, g
ground truth

Table 1 Evaluation index
(PSNR/SSIM) comparison of

the dehazing results on synthetic  TEGTSET A 16.61/0.8540  25.78/0.9221  19.89/0.8351  16.27/0.7918  28.65/0.9105
datasets with different methods
TESTSETB  19.14/0.8605  27.58/0.9337  21.44/0.8534  18.32/0.8223  29.38/0.9332
TESTSETC  18.54/0.8337  25.78/0.8921 18.96/0.7753  16.76/0.7356  27.38/0.9182

Datasets DCP DA-Net DehazeNet NLD Ours
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Fig.4 Comparison of experimental results with different methods. a Hazy image, b DCP, ¢ NLD, d DA-Net, e FFA, f proposed method

clear images to train the depth neural network model. A
series of hazy images with different hazy levels are generated
by setting different scattering coefficient 8 and atmospheric
light intensity A. In this work, the RESIDE Dataset [27] is
used to train the network model. The dataset includes Indoor
Training Set (ITS), Outdoor Training Set (OTS) and Syn-
thetic Objective Testing Set (SOTS). The ITS contains 1399
clear images, each of which corresponds to 10 foggy images
with different hazy levels. The hazy images are generated
according to B € [0.6,1.8] and A € [0.7, 1.0]. The OTS
contains 8790 clear images with their 35 corresponding hazy
images of different levels, i.e., dataset size of 8790 x 35. The
hazy images are generated according to 8 € [0.04, 0.2] and
A € [0.8, 1.0]. The SOTS contains 500 indoor hazy images
(TESTSET A) and 500 outdoor hazy images (TESTSET B).
The synthesized hazy dataset in [25] is also used, and it con-
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Table 2 Comparison of running time with different dehazing methods

Metric DCP DA-Net NLD FFA-Net Ours

Time (s) 0.61 1.63 1.72 0.95 0.91

tains 27,256 training images and 3170 non-overlapping test
images (TESTSET C).

We use Pytorch plat for implementation. We utilize the U-
net framework pretrained on clear images as our backbone
for teacher network and use U-net framework without pre-
trained as student network. The network is trained with the
RGB image patches size of 480 x 640. For the accelerated
training, Adam optimizer is used with a batch size of 9. Batch
normalization is not applied following [33,39]. The initial
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Baseline (Lmsg + L + L) 22.18 0.8533
Lmse + Ly + Le + Ldistin 25.32 0.8978
Lwmse + Ly + Le + Laistin + Ltip + Lrep 27.38 0.9182

Fig.5 Comparison of
experimental results with
different methods. a Source, b
baseline, ¢ baseline plus
distillation loss, d baseline plus
distillation loss and dual
adversarial loss

learning rate is set to 0.0001. For ITS, we train the network
for 100 epochs in total and the learning rate decreased by the
poly policy [50]. As for OTS, the network is trained only for
10 epochs [35] and the learning rate also decreased by the
poly policy. We set A1 = 0.001 and A, = 0.0015. The train-
ing is carried out on a terminal with GPU NVIDIA GeForce
GTX 2080Ti.

Then, we evaluate the proposed method on both synthetic
hazy images and real scene hazy images, and compare the
performance with the state-of-the-art methods.

4.3 Experiments on synthetic datasets

Three synthetic datasets (TESTSET A, B and C) are used
to evaluate the performance of the proposed method. The
results are compared with state-of-the-art dehazing algo-
rithms including DCP [16], NLD [3], DA-Net [46] and
DehazeNet [4]. Figure 2 shows the dehazing results of the
proposed method on synthetic hazy images.

The first row shows the hazy images, the second row
shows the corresponding dehazing results with the proposed
method, and the third row is the corresponding haze-free
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images. It can be seen that the dehazing results of Ist, Sth
and 8th column are satisfactory while the remaining have
relatively poor dehazing effects. The fact is that the poor
results are from the images with heavy haze. The dehazing
results from different methods on the synthetic hazy images
are shown in Fig. 3.

As shown in Fig. 3, DCP, NLD and DehazeNet suffer from
color distortion in some cases. The results produced by DCP,
NLD and DA-Net are over-enhanced and unrealistic. The
proposed method restores images with a better visual effect
and is most similar to the ground truth.

To further verify the effectiveness of the proposed method,
PSNR and SSIM are used to measure the quality of the dehaz-
ing results. The larger value of PSNR and SSIM indicates
better quality of the dehazed image. Quantitative assessments
of all comparative methods are performed on TESTSET A,
B and C. The average PSNR and SSIM results on TESTSET
A, B and C are presented in Table 1 with the optimal values
highlighted in bold.

As shown in Table 1, the proposed method outperforms
other methods compared in this section and the experimental
results confirms its dehazing ability visually (see Fig. 3).
Therefore, it can be concluded that the proposed method
delivers the best performance in terms of both subjective and
objective evaluation.

4.4 Experiments on real scene hazy images

To evaluate the feasibility of the proposed method, it is thus
implemented on hazy images collected in the real world, and
the results are compared with other methods including DCP
[16], NLD [3], DA-Net [46] and FFA-Net [41]. Figure 4
shows the dehazing results of different methods applied to
real scene hazy images. It can be seen that DCP, NLD and
DA-Net suffer from serious color distortion. Although FFA-
Net has achieved a better visual, its dehazing performance,
on the other hand, is worse than the proposed method. It thus
can be concluded that the proposed method outperforms the
methods tested in terms of dehazing for real scene images.
However, the dehazing effect of the proposed method on real
hazy images is still unsatisfactory and is expected to be fur-
ther improved.

Then, we compare the computational efficiency of the
proposed method with other aforementioned methods by
Pytorch on a terminal with GPU NVIDIA GeForce GTX
2080Ti. The running times of dehazing a 1920 x 1440 pixels
image with different methods are shown in Table 2. It can
be seen that the computational efficiency of the proposed
method ranks the second among all methods, and is superior
to other deep learning-based methods such as DA-Net and
FFA-Net.

@ Springer

4.5 Ablation experiment

The ablation experiments are performed to verify the effec-
tiveness of the proposed distillation loss (Lgisin) and dual
adversarial loss (LtLp and Lycp). Firstly, we train the U-
Net student network with MSE loss, perceptual loss and
color loss on TESTSET C, which is used as the baseline of
the proposed dehazing network. Then, distillation loss and
dual adversarial loss are added in turn. The evaluation results
of these three networks are presented in Table 3. It can be
seen that the PSNR and SSIM increase by 3.14 dB and 0.04,
respectively, once the distillation loss is added. The PSNR
and SSIM increase by 2.06 dB and 0.02, respectively, when
the dual adversarial loss is added. Moreover, the visual effect
of the ablation experiment on hazy images in real scene is
shown in Fig. 5. It can be seen that the dehazing results are
better once the distillation and the adversarial loss are added.
It can be thus concluded that both distillation loss and dual
adversarial loss contribute to the dehazing process.

5 Conclusion

By examining the drawbacks of prior knowledge-based
image dehazing methods and the problem of insufficient
utilization of clear image labels, we present an end-to-end
dehazing teacher—student stream based on the knowledge
distillation. The feature maps of the clear haze-free image
extracted by the TS are used to guide the dehazing process in
the SS. Moreover, a novel dual adversarial strategy is devel-
oped to boost up the ability of SS to imitate the TS. The
experiment results confirm the effectiveness and the supe-
riority of the proposed method and verify the effect of the
distillation and dual adversarial strategy for dehazing. The
improvement of the proposed method for thick hazy images
could be expected in the future study.
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