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Abstract

A receptive field is defined as the region in an input
image space that an output image pixel islooking at. Thus,
the receptive field size influences the learning of deep
convolution neural networks. Especially, in single image
dehazing problems, larger receptive fields often show more
effective dehazying by considering the brightness and color
of the entire input hazy image without additional
information (e.g. scene transmission map, depth map, and
atmospheric  light). The conventional generative
adversarial network (GAN) with small-sized receptive
fields cannot be effective for hazy images of ultra-high
resolution. Thus, we proposed a fully end-to-end learning
based conditional boundary equilibrium generative
adversarial network (BEGAN) with the receptive field sizes
enlarged for single image dehazing. In our conditional
BEGAN, its discriminator is trained ultra-high resolution
conditioned on downscale input hazy images, so that the
haze can effectively be removed with the original structures
of images stably preserved. From this, we can obtain the
high PSNR performance (Track 1 - Indoor: top 4™-ranked)
and fast computation speeds. Also, we combine an L1 loss,
a perceptual loss and a GAN loss as the generator’s 10ss of
the proposed conditional BEGAN, which allows to obtain
stable dehazing results for various hazy images.

1. Introduction

Images are often captured under bad weather conditions,
which results in the degraded images with many obscured
regions by fog, mist, and haze etc. Especidly, the hazy
images not only lower their aesthetical values, but aso
cause a significant performance degradation for object
recognition. Thus, dehazing is an essential preprocessing to
both aesthetic photography and computer vision
applications. In genera, the formulation of a hazy image
can be modeled as

I(x):J(x)t(x)+A(l—t(x)) (1)

where 1(x) and J(x) are an input hazy image and a clean
image, A is the global atmospheric light, and t(x) is the

930

transmission ratio that the potion of lights reaches the
camera sensors. As aresult, the haze removal using only a
single degraded hazy image is a very chalenging and ill-
posed problem. The conventional haze removal methods
estimate the global atmospheric light and the transmission
ratio, and they remove the haze using the estimated
parameters of (1) [1]-[4]. But, this approach is not away to
optimize the perceptual quality of generated dehazed
images. Also, the inaccuracies of the estimated parameters
can lead to weird distortions or to poor performance of haze
removal. Instead, deep-learning-based convolutional neural
networks can be used to effectively remove the image haze
viafully end-to-end-learning. For an effective fully-end-to-
end learning, the network must be able to understand the
characteristics of the entire hazy images. Especially, when
the resolutions of hazy images are very large, the training
of the haze removal networks with small receptive filed
sizes becomes difficult since the networks cannot consider
the properties of the entire hazy images.

Thus, we proposed a fully end-to-end learning based
single image dehazing method by extending the BEGAN as
a conditional BEGAN. The proposed condition BEGAN
uses relatively large receptive field sizes for downscaled
input hazy images so that it can capture global property of
hazy input images and yield stably dehazed output images
with image structures preserved. In order to increase the
receptive field size, we use the input hazy images of
reduced sizes which are then processed through our
conditional BEGAN, and increase the dehazed output
image sizes back to their original sizes using a bicubic
interpolation method. Also, we use a combined cost of L1
loss, perceptual loss and an adversarial loss to train the
conditional BEGAN, which hel ps enhancing the perceptual
quality of dehazed images. We have experimentaly
confirmed that the conditional BEGAN has shown not only
better perceptual quality but also better PSNR performance
than that of convolution neural networks trained with the
L1 loss and perceptua loss. Our proposed conditional
BEGAN was ranked in the 4" place in NTIRE 2018
Dehazing Challenge (Track 1: Indoor) [10].

2. Related works
2.1. Single Image Dehazing
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Figure 1: Anillustration of the proposed conditional BEGAN

Early image dehazing methods performed by using
multiple images captured under different weather
conditions [1] or additional infrared versions of the hazy
images [2]. But, the hazy removal should be performed by
using only single hazy images since there is seldom
additional information in realistic dehazing applications.
Thus, single image dehazing methods have been studied
extensively [3], [4], [5], [17], [18], [19], [20], [21], [22],
[23]. Tan et al. [17] enlarges local contrast without
exceeding the global atmospheric light value. He et al. [3]
proposed a new dark channel prior based single image
dehazing method. The dark channel is composed of the
lowest intensity value of one pixel among three RGB
channels. Using the dark channel prior, the thickness of the
haze can be directly estimated. Tarel et al. [18] proposed a
filtering method assuming that the depth-map must be
continuous except along edges with large depth jumps.
Ancuti et al. [19] presented an enhancing method based on
the semi-inverse of the image. Tang et al. [21] proposed a
framework that learns a set of features extracted from a
single hazy image. Recently, the dehazing was also
addressed using deep neural networks as an application of
image-to-imagetrandation. Ren et al. [4] proposed a multi-
scale convolutional neural network for single image
dehazing by learning the mapping between input hazy
images and their corresponding transmission ratio maps.
The coarse-scale net predicts a transmission map based on
an entire hazy image, and the fine-scale net refines the
dehazing results using the local property of the hazy image.
But, the above conventional dehazing methods only predict
the transmission ratios and the global atmospheric lights
from the single input hazy images. And then, the dehazed
images are separately computed according to (1) for hazy
images. These methods cannot be optimized for perceptual
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quality of the generated dehazed images. Thus, Swami et al.
[5] firstly proposed a conditional adversarial networks
based fully end-to-end system for single image haze
removal. Also, Swami firstly applies GAN for single image
haze removal. The discriminator network of GAN ensures
that the generated dehazed images|ook asreal cleanimages.
The combination of these two approaches made it possible
to optimize the perceptual quality of the generated dehazed
image. But, when the size of each input hazy image is very
large, the dehazing performance is degraded because it has
areatively small receptive field size.

2.2. U-net

For the image-to-image trandation problems, an
encoder-decoder network is commonly used [9], [11]-[12].
Inthisnetwork, theinput is passed through a series of layers
that progressively downsample the output feature maps
which are then passed through reverse processing. This
encoder-decoder network passed only high-level features
from each input hazy image to the decoder. But, there is
also great deal of low-level features shared between the
input images and the target images for specific image-to-
image trandation problems. For example, in the single
image dehazing and image colorization, the input images
and output images share the edge locations and prominent
structures of theimages. Thus, we use U-Net [6] which adds
skip connections from the encoder network to the decoder
network as its generator network. Each skip connection
simply concatenates all channels at encoder layer i and
decoder layer n-i where n is the total number of layers.
Using U-Net, we can increase the receptive field sizes as
well as passthe low-level featuresfor single high resolution
image dehazing.



2.3. Boundary Equilibrium GAN

GANSs can generate very convincing images, sharper
than the ones produced by auto-encoders using pixel-wise
losses. But, GANs still have many unsolved problems,
which is difficult to fairly train the generator and the
discriminator in a balanced manner, and to appropriately
determine the hyper parameters. Balancing the convergence
of the generator and the discriminator is important and
challengeable. Thus, Berthelot et al. [7] proposed a
boundary equilibrium generative adversarial networks
(BEGAN) which is a new equilibrium enforcing method
paired with aloss derived from the Wasserstein distance in
training the auto-encoder based GAN. The discriminator
network of BEGAN is an auto-encoder network unlike the
common discriminator networks of GAN. The output of the
discriminator of BEGAN using the loss of the Wasserstein
distance is neither real (0) nor fake (1). The discriminator
of BEGAN is trained towards making the difference
between the real image output of the discriminator and real
image go to zero, and the difference between the fake image
output of the discriminator and fake image go to infinite.
And, by adjusting the parameters of the discriminator 1oss
using the concept of equilibrium, the discriminator loss and
the generator loss are both decreased during training. Inthis
work, we use the U-Net as the generator network and an
auto-encoder as the discriminator network with the loss
derived from the Wasserstein distance with the concept of
equilibrium.

3. Our proposed method

3.1. Downscale of input hazy imagesfor large receptive
field sizes

For single image dehazing, the network must consider
the characteristics of the entire hazy images. If the size of
an input hazy image is not large, the network can learn the
entireimage property based on the patch learning. However,
if the size of the hazy image is very large, smple patch
learning is very ineffective for haze removal. This is
because a network that only observes a narrow region
cannot determine whether the local region is an originally
homogeneous region or a hazy region. Therefore, the
performance of haze removal has a lot of influence on the
receptive field sizes of the network. However, simply
expanding the input patch sizes is difficult due to the lack
of hardware memory sizes. Thus, we propose to reduce the
input image sizes by using a simple bicubic interpolation
method, and then to extend the generated dehazed images
by the same interpolation method. Thisis asimple method,
but it can easily expand the sizes of the receptive fields.
Also, by reducing the input image sizes, it can greatly
reduce theruntime. Sincethe receptivefield isenlarged, the
haze removal performance gets improved. In a result, the
generated dehazed images tend to have more vivid color.
But, there is a problem that the edges are blurred due to the
processing of the hazy images with reduced resolutions and
the upscaling of the output hazy images. Due to this trade-
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Figure 2: The generator and discriminator network architectures of the proposed conditional BEGAN.
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off, it is necessary to control the resizing ratio depending on
the characteristics of the input hazy images. For examples,
in the case of the hazy images with many homogenous
regions, increasing the resizing ratio becomes effective for
haze removal because the blurred edges are small. In
contrast, in the case of the hazy images with many complex
texture regions, large reduction ratios adversely affect the
overall perceptual image qualities due to the resulting
blurred edges.

3.2. Proposed network ar chitecture

As shown in Figure 1, we proposed a fully end-to-end
learning based conditional BEGAN for single image
dehazing. Eachinputimageisasingle hazy RGB image and
the output image is a single dehazed RGB image. In order
to increase the receptive fields without the loss of low-level
features, we adopt U-net as the generator network which is
an auto-encoder architecture with skip connections. The
discriminator has also auto-encoder architecture.

Asshownin Figure 2, the generator network iscomposed
to 8 encoder layers, 8 decoder layers, and bicubic
interpolator. Firstly, each input hazy image is down-
sampled by a decimation factor K wusing bicubic
interpolation where K is experimentally determined as4 for
the data set of the NTIRE 2018 Indoor Dehazing Challenge
[15]. The input patches of the first encoder layer are
512x512-sized RGB images extracted randomly from the
down-sampled input hazy images. In order to pass the low-
level features to the decoder layers, the same spatial-
resolution features of the encoder sides and decoder sides
are concatenated. The concatenated features are input to the
next decoder layers. Lastly, the generated dehazed imageis
up-scaled by a factor K using bicubic interpolation. It is
noted that the dehazed image inputted to the discriminator
network is not the up-scal ed dehazed image but the dehazed
image of a reduced size outputted from the generator
network. By doing so, we have the same effect of enlarging
the receptive field sizes to the discriminator network.

Additionally, when the convolution layer filter sizeis set
to the multiples of the stride sizes, the checkerboard artifact
from the auto-encoder network is known to be suppressed
[13]. Thus, we set al convolution filter sizes to 4x4 since
the stride size is 2. We divide the transposed convolution
layer into a 2-times upsampling layer using the bilinear
interpolation and a convolution layer. This technique also
reduces the checkerboard artifact due to upscaling using the
transposed convolution [13]. As shown in Figure 2, the
discriminator is aso an auto-encoder as the same as the
generator except skip connections. Since we use the
discriminator loss derived from the Wasserstein distance,
the output of the discriminator is an image map which has
the same resolution as that of the input image to the
discriminator. Also, we combine the conditional GAN [8]
with the basic discriminator of BEGAN, which is called a
conditional BEGAN. The input image of the generator can
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help the discriminator distinguish whether the generated
image is real or fake. In the case of the hazy remova
problems, since the structure of the input hazy image and
the structure of the generated dehazed image are not greatly
different, only the brightness and the color are changed.
Therefore, theinformation of the input hazy image can help
the discriminator make a correct judgment. Thus, our
proposed discriminator network receives the input hazy
image by concatenating the input hazy image with the
generated dehazed image or the clean image.

3.3. Objective losses

It isimportant to note that the proposed discriminator aims
at optimizing the Wasserstein distance between auto-
encoder loss distributions, not between sample distributions.
The loss of the discriminator for the target clean image is
defined as

errDrey =|y—D(y )| @)

wherey isthe target clean image, x isthe input hazy image,
and D(') isthe output of the auto-encoder discriminator. The

loss of the discriminator for the generated dehazed imageis
defined as

e Draee =|G(X)~D(G(x) ) 3

where G(x) is a generated dehazed image. The
discriminator aims at minimizing errDrea and maximizing
errDrae Simultaneously. Thus, the proposed discriminator
loss, Lp, isdefined as

Lp =erDyeg —k erDrge 4)

where k; is the control parameter that maintains the
equilibrium between errDyeq and errDrae. The initial value
of ko isset to 0 and k: is updated as follows:

Ksp = min(max(kt +Jy (7€rDreg —€Dpge ).0) ,1) (5)

where 4 is the proportional gain for k and y is the
diversity ratio. We used 0.005 and 0.7 for 4, and vy,

respectively, in our experiments. The loss of the generator
is the weighted sum of the adversaria loss, L1 loss, and
perceptua loss using pre-trained VGG-16 network [9] for
optimizing the perceptual quality of the generated dehazed
image. Thus, our proposed generator 10ss, Lg, isdefined as

L = /can @Dtae + 41 1|G(X) - Y|+ A Lves  (6)

where Agan » A1, and Aygg are empirically determined

to be 0.2, 0.6, and 0.2, respectively. The perceptual loss
based on the pre-trained VGG-16 is defined as

lvee =[Vo916rduz_2 (G(X)) V9162 2 (V)| ()



The L1 loss plays amajor rolein estimating the structure of
the dehazed image, and the perceptual |oss helps restore the
origina color in the dehazed image. The GAN loss
suppresses the artifacts caused by the L1 loss and the
perceptua loss. Thus, the dehazed image of perceptually
high quality can be generated by using the combinations of
the losses.

4. Experiment results

4.1. Experiment settings

For training images, we used 30 ultra-high resolution
hazy-clean image pairs obtained from the NTIRE 2018
Dehazing Challenge training and validation dataset [10],
[15]. Hazy-Clean subimage pairs are extracted in random
crop from the down-sized images. We use only the
horizontal flip method for data augmentations. The
subimages are extracted with 16 patches random crop per
one training image per every epoch. The subimage sizes of
the hazy image and the clean image are both set to 512x512
pixels. The batch size is set to 1, the learning rates of the
generator and the discriminator are both set to 2x10*. The
network is trained using Adam optimizer (beta;=0.5,
beta,=0.999) with a learning rate annealing [14]. It is
necessary to vary the downscaling ratio depending on the
characteristics of the input hazy image. That is, we set the
downscaling ratio to 4 and 2, respectively, for the indoor
and outdoor dehazing datasets [15], [16]. The number of
epoch is set to 400.

4.2. Experimental Results and discussion

4.2.1 The effects of GAN loss for PSNR performance
In general, for deep learning based image enhancement

C ®
Figure 4. Subjective quality comparison between the proposed conditional BEGAN and the network without GAN loss. (a) and
(e) are original images of 12 image and 13 image. (b) and (f) are hazy images of (a) and (€). (c) and (g) are the output dehazed
images of the network without GAN loss. (d) and (h) are the output dehazed images of the proposed conditional BEGAN.
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problems, it is known that the PSNR performance is
degraded when the networks are trained with GAN loss
instead of L1 or L2 norm. But, we have experimentally
observed that when the generator uses a combined cost of
L1 loss, perceptua loss and GAN loss, the PSNR
performance is improved compared to the case without
using the GAN loss. For comparison, our proposed
conditional BEGAN and the CNN-based generator network
without the discriminator are trained using the NTIRE 2018
Dehazing Challenge 25 training images, and are tested for
the 5 validation images[15]. For fair comparison, we utilize
the same generator network for our conditional BEGAN as
the CNN-based generator network without the
discriminator, and also use the same hyper parameters.
Figure 3 showsthe PSNR performance for different training
losses. As shown in Figure 3, the PSNR result of the
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Figure 3. The average PSNR results of our proposed

conditional BEGAN and the network without GAN loss for
the validation hazy images.
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proposed conditional BEGAN is average 0.6dB higher than
that of the network without the GAN loss at 400 epochs. In
Tablel, it can be noted that our conditional BEGAN works
considerably well for I3 and 15 images. Figure 4 shows the
subjective quality comparison for the proposed conditional
BEGAN and its generator-only network without GAN loss.
As shown in Figure 4, 13 image looks relatively more
severely hazy than 12 image. In the case of 12 image, the
output dehazed image could be generated as being very
similar to the original clean images based only on L1 loss
and perceptual loss. However, in the case of 13 image, the
network without GAN loss fails to effectively restore the
shape of the obscured regions due to more severe haze, but
the proposed conditional BEGAN successfully yields
pleasing output dehazed image. Based on these resullts, it
can be noted that the GAN loss can effectively enhance the
perceptual quality and PSNR values of the hazy images
having many obscured regions due to the severe haze.

Tablel. The PSNR results for each validation image

[ PSNR (dB) of Proposed conditional BEGAN
L1 + VGG losses GAN+L1+VGG losses
11 17.33 17.33
12 24.80 24.21
13 14.40 16.66
14 22.85 22.64
15 19.56 21.09
Avg. 19.79 20.39

4.2.2 Effects of receptive field sizes with respect to
dehazing performance
The receptive field sizes of adeep neural network can be
effectively enlarged with down-scaling of input hazy
images. That is, if the down-scaling by a decimation factor
of N isapplied to the input images, the resulting receptive
field sizesin the input images can beincreased N timesthan
those of the original input. We use the training images of
the NTIRE 2018 Dehazing Chalenge which are of
4,657%2,833 size [15]. Since our conditional BEGAN uses
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Figure 5. Average PSNR performance for different

combinations of input patch sizes and downscaling factor
values for the validation images of the Indoor track of NTIRE
2018 Dehazing Challenge [15].
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Figure 7. The subjective quality comparison according to the different discriminator networks. (a) and (b) are the original clean
image of 11 image and the hazy image of 11 image. (c), (d), and (e) are the dehazed image generated by Pix2Pix, the combinati on
of U-Net and the original BEGAN without the conditional inputs, and the proposed conditional BEGAN.
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as its generator network an autoencoder having 8
convolution layers with stride 2, the sizes of the training
input patches must be multiples of 28, Thus, we have tested
various cases for different combinations of the training
input patch sizes and the downscaling factors with respect
to the PSNR performance. Figure 5 shows the PSNR
performance for different combinations of thetraining input
patch sizes and the downscaling factors. Asshownin Figure
5, the best PSNR performance is obtained when the
downscaling is as small as possible and the receptive field
size is as large as possible. It should be noted that if the
training image samples are severely down-scaled to obtain
extremely large receptive field sizes, the edges of the
dehazed images get degraded with blurring artifacts.
Therefore, it is necessary to consider appropriate receptive
field sizes while maintaining edge information
simultaneously. Thus, the input patch size of 512x512 and
the downscaling factor of 4 turns out to be best for the
validation samples of the Indoor track of NTIRE 2018
Dehazing Challenge [15].

4.2.3 Performance of the conditional BEGAN

Our proposed conditional BEGAN is designed by
adopting the U-Net asits generator and a conditional auto-
encoder network with the concept of equilibrium as the
discriminator. Since the auto-encoder discriminator with
the concept of equilibrium can be more appropriately
trained with stable convergence than the genera
discriminator in the form of CNN structures[8], we adopt a
condition auto-encoder for the discriminator network of our
condition BEGAN. Note that a general image-to-image
trandator, called Pix2Pix [8], uses the U-Net as its
generator and a CNN-based conditional encoder as its
discriminator network. So, our first performance
comparison is done between the two networks: the
discriminator of oursisa conditional auto-encoder network
with the concept of equilibrium and the discriminator of
Pix2Pix isa CNN-based conditional encoder.

Next, our second performance comparison is for the two
cases of our proposed conditional BEGAN: (i) using
conditional auto-encoder asits discriminator; and (ii) using
a general auto-encoder without conditional input as its
discriminator. Figure 6 shows PSNR performances for our
proposed conditional BEGAN and the Pix2Pix network. As
shown in Figure 6, the proposed conditional BEGAN with
the conditional auto-encoder as its discriminator shows the
highest PSNR performance than the Pix2Pix network and
our network with a general a general auto-encoder without
conditional input as its discriminator. Figure 7 shows the
dehazed images for three different discriminators used in
their networks in Figure 6. It can aso be noted in Figure 7
that the dehazed i mage of the proposed conditional BEGAN
with the conditional auto-encoder as its discriminator
shows the highest perceptua quality than the other two
dehazed images. As shown in Figure 7, the dehazed image
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Figure 6. Average PSNR results according to the different
discriminator networks for the validation images of the Indoor
track of the NTIRE 2018 Dehazing Challenge [15].

of Figure 7-(c) shows a lot of stains on the refrigerator
surface and the chair back. In the dehazed image of Figure
7-(d), the stains are less observed than the dehazed image
of Figure 7-(c), but they still remain light.

4.2.4 Comparison between the proposed conditional
BEGAN and the conventiona dehazing methods

We also compared the PSNR performance between the
proposed conventionat BEGAN and the conventional
dehazing methods [3]-[4], [18], [23]-[28] for the 500
synthetic indoor hazy images of the Synthetic Objective
Testing Set (SOTS) [29]. For fair comparison, our
conditional BEGAN is newly trained using the REISDE
training set which contains 13, 990 synthetic indoor hazy
images[29]. Tablell showsthe average PSNR performance
of our method and previous dehazing methods for 500
synthetic indoor hazy images of SOTS. Since the training
set and the test dataset are composed of low-resolution
hazy-clean pair images, we did not perform the down-
scaling for input hazy images. As shown in Table 11, it is
noted that the proposed conditional BEGAN also showsthe
highest PSNR performance for dehazing of the small
synthetic hazy images compared with the recent dehazing
methods.

Table Il. Average PSNR performance of our method and the
other dehazing methods for 500 synthetic indoor hazy
images of SOTS (red bold: 1% and blue bold: 2"

Dehazing Method PSNR (dB) SSIM
DCP (3) 16.62 0.8179
FVR (18) 15.72 0.7483
BDDR (23) 16.88 0.7913
GRM (24) 18.86 0.8553
CAP (25) 19.05 0.8364
NLD (26) 17.29 0.7489
DehazeNet (27) 21.14 0.8472
MSCNN (4) 17.57 0.8102
AOD-net (28) 19.06 0.8504
Proposed 22.07 0.9187




5. Conclusion

We have experimentally shown that the receptive field
sizes are very important for the ultra-high resolution single
image dehazing. Thus, we proposed the conditional
BEGAN with the large receptive field sizes by downscaling
the input hazy images. It is also observed that the PSNR
performance of the proposed conditional BEGAN is higher
than that of the network trained by the L1 loss and the
perceptua loss without the GAN loss since the GAN loss
works effectively in the severe hazy regions. Also, we
experimentally showed that the proposed conditional
BEGAN could generate the dehazed images of higher
perceptual quality and has higher PSNR performance than
the conditional GAN and the original BEGAN for thesingle
image dehazing problems.
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