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Abstract 

Single image dehazing is an ill-posed problem in computer vision and has received much 
attention. In this paper, we propose a Generative Adversarial Network with Multi-scale 
Residual Attention (MRA-GAN) for Single Image Dehazing, which does not rely on 
physical model but directly generate clean images. In the generator, we propose a multi-
scale residual attention structure to generate the clean images. By combining residual 
learning with attention mechanism, our generator can dig more feature information and 
generate more realistic image. To better capture the local area information of an image, 
we develop a patch-based discriminator which will produce a matrix rather than a scalar 
value after the final convolutional layer so that we can enhance the identification ability 
of the discriminator. Just using adversarial loss function to train a GAN model is not 
effective and will lead to grid-artifacts effect. To alleviate this problem, we adopt multi 
loss functions to jointly constrain our model. Experiments on both synthetic dataset and 
real-world dataset demonstrate that our proposed MRA-GAN is superior to other 
methods. 
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1. Introduction 

When capturing images in haze environment, image quality will be degraded because of the existence 

of floating particles in the atmosphere. As a result, hazy images will result in many difficulties in 

some related vision tasks, such as image classification [1], image segmentation [2] and object 

detection [3]. The widely accepted model of image dehazing is the atmosphere scattering physical 

model [4], which can be expressed as Eq. (1): 

                       (1) 

Here,  is the pixel location.  and  are the observed hazy image and the haze-free image, 

respectively.  is the global atmosphere light.  is the scene transmission map. Moreover, the 

transmission map  is defined as: 

                               (2) 

where  denotes the attenuation coefficient of the atmosphere, and  is the image scene depth. 

Eq. (1) is an ill-posed problem, because  and  are unknown when we obtain a hazy image 

in real environment. To deal with this problem, various approaches were proposed. Fattal [5] proposed 

to add an extra variable surface shading, which is locally uncorrelated with transmission map to infer 

the value of transmission map. He et al. [6] proposed dark channel prior (DCP) for single image 

dehazing, and DCP assumes that the minimum intensity value of a clear image is close to zero in at 
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least one channel. Similarly, Zhu et al. [7] proposed color attenuation prior (CAP) to generate the 

clean image. However, the results of DCP and CAP may not be accurate even wrong on some real-

world hazy images. Berman et al. [8] proposed a Non-Local prior for image dehazing on the 

hypothesis that colors of a haze-free image can be approximated by a few hundred distinct colors 

which form tight clusters in RGB space according to their colors. With the great development of deep 

learning in computer vision, convolution neural network (CNN) has made great progress in image 

dehazing. CNN has the powerful ability to learn image features. Cai et al. [9] proposed an end-to-end 

model to restore the clean image. Ren et al. [10] proposed MSCNN to obtain the clean image by 

integrating a coarse network and a refinement network. Li et al. [11] proposed AOD-Net for image 

dehazing, which can directly predict the clean image. [9-11] are some early methods by using CNN, 

but these methods largely rely on Eq. (1) to generate the final clean image. Ren et al. [12] proposed 

GFN to generate the clean image by combining CNN with some image preprocessing techniques. 

Goodfellow et al. [13] proposed Generative Adversarial Network (GAN) to generate images, which 

has made many promising applications in computer vision tasks [14-16]. Motivated by the 

applications of GANs, Li et al. [17] proposed to generate a haze-free image with the help of the 

Conditional Generative Adversarial Network. Zhang et al. [18] proposed a densely connected 

pyramid dehazing network (named DCPDN) to obtain the transmission map  and atmosphere 

light . [19] proposed a DisentGAN model for single image dehazing, which adopted the unpaired 

training manner. [20] proposed Enhanced Pix2pix Dehazing Network (EPDN) to generate a clean 

image by reducing the image dehazing problem into an image-to-image translation problem. GANs 

have made much progress in image dehazing, but how to train a good GAN model without model 

collapse is the key factor when applying GANs for single image dehazing. 

In summary, the results of using CNN can generate more realistic images due to the powerful ability 

in feature extraction. While some of the previous methods cannot generate high quality clean images 

because of their limitations in feature extraction. GANs may be a good choice in image dehazing, but 

the model architecture of some related approaches is difficult to train. Considering these shortcomings 

of current methods in image dehazing, we propose Generative Adversarial Network with Multi-scale 

Residual Attention (MRA-GAN) for Single Image Dehazing, which can generate more realistic clean 

image than other methods. The main contributions of this paper are as follows: 

(1) We propose a novel MRA-GAN model for image dehazing, which can directly generate the clean 

image without relying on the atmosphere scattering model. 

(2) In MRA-GAN, we pay much attention to design the generator rather than adopt multi-

discriminators strategy like in some approaches. We develop a multi-scale residual attention structure 

in the generator which incorporates residual learning and attention mechanism during representation 

learning period. Besides, we develop a patch-based discriminator which can better capture more local 

patch information than traditional discriminator. To train a good GAN model, we employ multi loss 

functions and the experiments in ablation study also demonstrate the rationality and effectiveness of 

this training strategy. 

(3) Extensive experiments show that our proposed MRA-GAN achieves the best performance when 

compared with other methods on synthetic dataset and real-world hazy images.  

2. Proposed Method 

In this section, we will introduce our proposed MRA-GAN into detail, and Figure 1 shows the whole 

architecture of MRA-GAN which includes a generator and a discriminator. The generator is to 

generate a clean from a hazy image, and the discriminator will discriminate whether a generated 

image is real or fake. Through adversarial learning, the generator will produce clean image gradually, 

while the identification ability of the discriminator will also be improved as the continuous iterative 

optimization. When the training period is over, an image from the generator will not be predicted to 

be fake when passing through the discriminator, which means that the generated image is close to the 

ground truth (label) image. To train the whole network more easily, we adopt the WGAN-GP [21] 
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framework as the adversarial loss function. Moreover, we also adopt pixel loss function and dark 

channel loss function as additional constraints to obtain high quality clean images. 

 

Figure 1. The whole architecture of MRA-GAN 

2.1 Generator 

 

Figure 2. Generator architecture 

 

When give an input hazy image , Generator is designed to generate a clean image  

from . How to design an effective generator is key to the quality of the clean image. Figure 2 

shows the generator architecture of our MRA-GAN, we first downsample the input image into multi 

scales so that we can extract more underlying feature information in the future. When we generate 

different images from different scales, we will employ residual learning and attention mechanism for 

deeper representation learning. 

2.1.1 Residual learning 

In our MRA-GAN, we introduce Res2Net [22] for residual learning, which will result in more 

efficient learning of filters and activations. The architecture of Res2Net is shown as Figure 3. 

 

Figure 3. Res2Net module 
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Res2Net module split the outputs of the first  convolution into n feature map subsets 

. The channel number of every subset  is  of the input.  is defined 

as: 

                     (3) 

Here,  is a  convolution operation, and all  will be fused before passing the final  

convolution operation. 

2.1.2 Attention mechanism 

During the feature extraction period, high-level feature maps contain rich information in different 

channels, and these channels information will be significant to the quality of the final clean image. In 

each scale-branch of TRA-CNN, channel attention [23] module is introduced to calculate the weights 

of different channels. Figure 4 shows channel attention module.  

 

 

Figure 4. Channel Attention module 

 

When given an input image with shape , the weights of different channels can be 

computed as: 

                      (4) 

where  is global pooling,  is convolution operation.  and  denote ReLU 

activation function and sigmoid activation function, respectively. When the input image passed 

through global pooling, the output will change from  to . After global pooling, 

we can obtain the preliminary weights of different channels, but these weights are not in [0, 1]. The 

following two convolution operations and activation functions are used to compress feature 

information and regularize weights to [0, 1]. The symbol  denotes element-wise multiply, and the 

final output of channel attention module is: 

                             (5) 

2.2 Discriminator 

Discriminator is to distinguish whether an image is real or fake. Figure 5 is the architecture of our 

discriminator. Here, conv is convolution operation, k is the size of the filter, s denotes the stride, and 

n is the feature channel number after passing through the convolutional layer. In our discriminator, 

we use Leaky ReLU rather than ReLU as the activation function. In ReLU function, the output is zero 

if the input is negative. When the gradient value changes dramatically, the neurons in the middle-

hidden layer may lose the ability to update the network parameters. IN represents Instance 

Normalization which can regularize the input data and speed up the convergence of the model. 
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Figure 5. The architecture of our discriminator 

 

Traditional GAN will predict a scalar value in [0, 1], which serves as an assessment of the 

discriminator. If the scalar value is close to 1, it manifests that the image from the generator is close 

to the ground truth image. Actually, a scalar value cannot reflect some local feature information of 

the output image well, which will influence the whole quality assessment of the haze-free image. 

Motivated by [14], we develop a patch-based discriminator, as shown in Figure 6. Patch-based 

discriminator will generate a matrix after passing through the final convolutional layer. When given 

an input image, if the size of a local patch is , patch-based discriminator will predict a matrix 

element  as the assessment of the local area . By adopting patch-based GAN, we can pay 

additional attention to local texture information which will enhance the quality of the clean image. 

 

 

Figure 6. An illustration of patch-based discriminator 

2.3 Loss Functions 

In order to better train our MRA-GAN and generate more realistic clean images, we employ three 

loss functions, as shown in Figure 7. 

 

 

Figure 7. Loss functions in our MRA-GAN 
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2.3.1 Pixel Loss 

We use  loss function to measure the distance between the generated images  and the 

ground truth image , which is defined as: 

                      (6) 

where N is the number of training images. 

2.3.2 Adversarial Loss 

The original GAN model computes the loss value by using cross-entropy function, and the loss value 

will oscillate between 0 and 1. When we implement a GAN task, we cannot infer the model status 

just by observing the loss curves. WGAN [24] provided meaningful loss curves to avoid mode 

collapse. But the manner of weight clipping in WGAN still has difficulty in training a good GAN 

model. To solve this problem, WGAN-GP [21] was proposed. The generator loss function and 

discriminator loss function are defined as: 

              (7) 

The generator is expected to deceive the discriminator and generate realistic clean images, while the 

discriminator will be trained to expand the distance between  and . Through 

continuous adversarial learning, the abilities of the generator and discriminator will be enhanced. The 

adversarial loss of the generator can be expressed as: 

                        (8) 

2.3.3 Dark Channel Loss 

In [25], a task-GAN model is proposed to generate medical images. Task-GAN pointed out some 

additional information such as pathology property or contrast specific feature will ensure the output 

images better appropriate the ground truth images. Inspired by Task-GAN, we add dark channel prior 

as an additional loss function. When given a clean image , its dark channel  is: 

                       (9) 

where  is color channel and .  is a local patch centered at pixel .  

is expected to be close to , and DCP property is applicable to . So, we can minimize the 

following objective function between  and : 

             (10) 

Here,  is defined in Eq. (8) and the local patch  is  in this paper. 

2.3.4 Total Loss 

The total loss of our model can be expressed as Eq. (11): 

                      (11) 

Where  and  are the function weight, respectively. 
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3. Experimental Results 

In this section, we will test the effectiveness of proposed model on both synthetic dataset and real-

world images. Five methods: DCP [6], DehazeNet [9], AOD-Net [11], PFF-Net [26], and EPDN [20] 

will be compared with our model. On synthetic dataset, PSNR and SSIM are adopted to evaluate the 

performance of different methods. On real-world images, we not only compare the results of each 

method in visual perception, but also in no-reference quality indexes. 

3.1 Dataset 

RESIDE [27] is a large synthetic dataset, which provides Indoor Training Set (ITS) and Synthetic 

Objective Testing Set (SOTS) parts. ITS contains 1399 clear images and 13990 hazy images. Hazy 

images in ITS are generated by using the Eq. (1) with atmosphere light and 

attenuation coefficient . SOTS includes 500 indoor paired images and 500 outdoor 

paired images for testing. 

3.2 Implementation Details 

During training period, the image size of the input will be cropped to 256×256. We use the ADAM 

solver with  and  to optimize the generator and discriminator. The initial 

learning rate of the generator and discriminator will be set to 0.002. Our training epoch is set to 200 

and the learning rate reduces by 0.2 for every 25 epochs. We implement our model with the PyTorch 

framework. In Eq. (11), we adopt  and  as the loss weight. The training details at 

each epoch are shown in algorithm 1. 

 

Algorithm 1  Implementation With MRA-GAN 

Input: Hazy images and ground truth images . 

Output: Clean images  from : , . 

1:for  to MaxIteration do 

2:     Generate the dehazing images  from . 

3:     Calculate  via Eq. (6). 

4:     Calculate  via Eq. (8). 

5:     Calculate  via Eq. (10). 

6:      Calculate  via Eq. (11) and update the parameters of  by using ADAM solver. 

7:      for  to 3 do 

8:          Calculate the loss of discriminator via Eq. (7) and update the parameters of . 

9:      end for 

10:end for 

3.3 Comparisons on SOTS 

Table 1 shows the comparative results of different methods on SOTS, and text in red indicates the 

best performance. From Table 1 we can find that our method achieves the highest scores in terms of 

PSNR and SSIM, which manifests that our proposed model is superior to other methods. 

To compare the subjective difference of each method, we conduct experiments on synthetic hazy 

images and the dehazing results are shown in Figure 8. 
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Table 1. Comparative results of different methods on SOTS 

Methods 
Indoor Outdoor 

PSNR (dB) SSIM PSNR (dB) SSIM 

DCP 16.62 0.8179 19.13 0.8148 

DehazeNet 21.14 0.8472 22.46 0.8514 
AOD-Net 19.06 0.8504 20.29 0.8765 

PFF-Net 24.78 0.8923 21.54 0.8313 

EPDN 25.06 0.9232 22.57 0.8630 
MRA-GAN 26.87 0.9535 26.14 0.9428 

 

 

Figure 8. Comparisons on synthetic hazy images 

 

The results of DCP will cause color distortion problem in sky region (seeing sky region of DCP in 

Figure 8 (b)). Limited the ability of feature learning, DehazeNet and AOD-Net still preserve much 

haze in their results (seeing the indoor results of DehazeNet and AOD-Net in Figure 8 (a)). The visual 

perception of PFF-Net is not satisfying due to the grid-artifacts. While the results of EPDN seems 

better, but the color of EPDN is not same with the ground truth images. For example, the building 

color of EPDN in Figure 8 (b) seems to be red and dark, which makes a difference with the ground 

truth image. By comparing with other methods, it can be found that our approach achieves better 

dehazing effectiveness both in color and texture details. 

3.4 Comparisons on real hazy images 

We collect real-world hazy images as the testing dataset (40 hazy images) to compare the 

effectiveness of each method on real-world hazy scenes. In fact, ground truth image cannot be 

captured when given a hazy image in real environment. To better evaluate the performance of 

different methods, we use three no-reference assessment quality indexes: NIQE [28], Ma [29] and PI 

[30] to evaluate different models, and PI is defined as: 
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                       (12) 

From Table 2 we can observe that our model obtains the best performance when compared with other 

methods. 

Table 2. Comparative results of different methods on real-world hazy dataset 

Methods NIQE Ma PI 

DCP 2.7804 8.4397 2.1703 

DehazeNet 2.8829 8.3833 2.2498 

AOD-Net 3.0779 8.4233 2.3273 

PFF-Net 3.8895 7.7496 3.0700 

EPDN 3.3199 8.2235 2.5482 

MRA-GAN 2.7670 8.4909 2.1380 

 

Figure 9 are the results of different methods on real-world hazy images, and PI indexes are listed at 

the top of each result. The obvious problem of DCP is color distortion (seeing sky region of DCP 

Figure 9 (a) and Figure 9 (b)). The definition of DehazeNet and AOD-Net are not enough, and we 

cannot recognize the building contour easily from their results. The quality of PFF-Net is still 

influenced by the grid-artifacts problem. The color and brightness in EPDN will be changed a lot. For 

example, trees of EPDN in Figure 9 (a) seems to be darker, and the brightness of the dehazing image 

in Figure 9 (b) has been improved excessively so that the geometric outline of the building cannot be 

identified well. With help of adversarial learning and constraints of multi loss functions, our model 

can dig more underlying information and generate more realistic results. Compare with other methods, 

the results of our MRA-GAN are more realistic and show better dehazing performance. 

 

 

Figure 9. Comparisons on real-world hazy images 
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3.5 Ablation Study 

To generate high quality clean images, we employ multi loss functions to jointly train our model. To 

further test the influence of different loss functions, we conduct experiments on synthetic images and 

real-world images. Figure 10 shows the results by using different loss functions. 

 

 

Figure 10. The results by using different loss functions 

 

From Figure 10 we can see that only by using  to train model is not robust, and it will induce 

severe color distortion and grid-artifacts effect. For example, in Figure 10 (a), the results color of 

 is obviously different with the ground truth images. On real-world scenes,  cannot 

guarantee the quality of the results either. When adding pixel loss, the results of  will be 

improved. For example, in Figure 10 (a) the contour of the building in  can be identified 

easily than . However, the results of  are still not satisfying in some texture details, 

especially on real-world images. One reason may be that training images are from synthetic images 

which have difference with the natural hazy images. To improve the quality of the clean image, we 

add dark channel loss function. The results of  in Figure 10 manifest that 

adopting multi loss function in our model is rational and effective. 

4. Conclusion 

In this paper, we propose Generative Adversarial Network with Multi-scale Residual Attention 

(MRA-GAN) for Single Image Dehazing, which contains a generator and a discriminator. In the 
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generator, we develop a multi-scale residual attention structure to generate the clean image. Residual 

blocks and channel attention mechanism are employed in our generator for better restoration of the 

hazy image. Different from the traditional discriminator, we develop a patch-based discriminator to 

better learn local patch information. Moreover, to train a good GAN model, we employ multi loss 

functions to jointly constrain our MRA-GAN, and the experiments in ablation study manifest the 

effectiveness of this training strategy. To demonstrate the performance of proposed MRA-GAN, we 

compare our approach with other methods on synthetic dataset and real-world dataset. Extensive 

experiments show that our model performs favorably against several state-of-the-art methods in terms 

of subjective level and objective level. 
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