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Abstract 

Images captured in nighttime hazy scenes often have complex lighting conditions and 
color casts, so nighttime image dehazing is more challenging. An unsupervised nighttime 
image dehazing algorithm with bright channel attention to optimize the dark channel 
prior is proposed. First, the algorithm uses the dark channel prior to restore the visibility 
of the image; then, the method uses the bright channel attention mechanism to guide the 
generative adversarial network to optimize the dehazing result of the dark channel prior. 
In order to enable the model to better restore nighttime foggy images, a bright channel 
attention mechanism is proposed to guide the generator model, so that the learned 
generator model can focus on the restoration of degraded areas of the image. The 
experimental results show that the proposed algorithm can achieve good dehazing effect 
on both real nighttime hazy images and synthetic datasets, and can well solve the color 
shift of nighttime hazy images. 
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1. Introduction 

Affected by the suspended particles in the atmosphere in hazy weather, images captured in foggy 

weather often suffer from image degradation. These foggy images are often characterized by low 

contrast, poor visibility, and color distortion. This type of images will seriously affect the performance 

of downstream computer vision tasks such as object detection, object recognition, and video 

surveillance [1-3]. In recent years, the research on dehazing methods for daytime images has received 

extensive attention from scholars at home and abroad, and great progress has been made, while there 

are relatively few studies on dehazing algorithms for nighttime images. So nighttime image dehazing 

has very important practical significance. 

Recently, researchers have proposed many algorithms to restore daytime foggy images, which can be 

simply divided into dehazing algorithms based on prior knowledge and dehazing algorithms based 

on deep learning. The former mainly uses reasonable assumptions and prior knowledge to estimate 

the transmission map, such as non-local prior [4], dark channel prior (DCP) [5] and haze line prior 

[6]. Although these methods can effectively restore daytime foggy images, they have certain 

limitations in restoring nighttime foggy images. Different from daytime foggy images, nighttime 

foggy images are usually affected by low light, uneven atmospheric lighting, colorful artificial light 

sources, etc., resulting in poor performance of existing daytime dehazing algorithms under nighttime 

foggy scene. With development of convolutional neural networks, algorithms based on deep learning 

[7-8] have been widely used in the field of image dehazing. This type of method mainly uses a large 

number of pairs of synthetic hazy datasets as training sets, so that the model can learn the mapping 

relationship from hazy images to haze-free images from synthetic hazy datasets. Although the 
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dehazing algorithm based on deep learning can restore the foggy images during the day well, limited 

by the synthetic daytime dataset used, such algorithms cannot restore the foggy images at night well. 

In order to solve the problem of nighttime image dehazing, some researchers began to design 

algorithms for the imaging characteristics of nighttime fog images. [9] changed the color of the foggy 

image at night by color transfer, and then used the improved DCP algorithm to restore the 

preprocessed foggy image. Although the method can effectively improve the visibility of foggy 

images at night, due to the processing of color transformation, the resulting dehazed images are not 

realistic. [10] proposed a new physical model to describe the formation of nighttime foggy images, 

and combined gamma correction and color correction to restore nighttime foggy images. The 

dehazing results of this method tend to amplify the halo phenomenon in the image. Li et al. [11] 

proposed a new nighttime imaging model that considers the presence of halos and complex light 

sources in nighttime foggy scenes, which can reduce halos and fog in images without color shift. 

Yang et al. [12] proposed a nighttime image dehazing algorithm based on the structure-texture layered 

model. The foggy image is divided into a structure layer and a texture layer, and the transmittance of 

the image is estimated in the texture layer. Dehaze and color correction processing, and finally fuse 

the texture layer and the dehazed structure layer to get the final dehazed image. By studying the 

statistical information of a large number of daytime haze-free images, Zhang et al. [13] proposed the 

maximum reflectance first (MRP) knowledge to estimate the complex ambient light at night, and then 

used the DCP algorithm to obtain the final haze-free image. Recently, YU et al. [14] proposed a 

method for estimating the varying atmospheric illumination using residual channels and guided filters 

for the varying ambient light in nighttime fog images, and combining the bright and dark channels to 

estimate the transmission and predict the final dehazing image. TANG et al. [15] first estimated the 

atmospheric light value according to the Retinex theory, used the Taylor series expansion to calculate 

the transmittance of the image, and then used image fusion and color transformation algorithms to 

restore the detail information and correct color of the foggy image at night. The above methods all 

rely on strict assumption priors. Although there is a certain dehazing effect, when dealing with foggy 

images at night where the assumption prior is invalid, the dehazing results often produce excessively 

enhanced areas and artifacts. Recently, with the success of convolutional neural networks in daytime 

image dehazing algorithms, some researchers have proposed algorithms based on convolutional 

neural networks to solve the problem of nighttime image dehazing. [16] proposed an iterative model 

based on convolutional neural network to remove fog and halo in nighttime foggy images. FENG [17] 

first exploited MRP and guided filter algorithms to address the color shift problem of nighttime foggy 

images, and then used an autoencoder with skip connections to estimate the transmission map. 

ZHANG [18] proposed an algorithm called 3R to synthesize nighttime foggy images and used it to 

train a convolutional neural network model ND-Net to restore nighttime foggy images. The above 

algorithm relies on a large number of paired training datasets to learn the dehazing model, and there 

is a domain shift problem between the synthesized hazy image and the real hazy image, which will 

lead to the learned dehazing model in the real world. The generalization ability on foggy images is 

poor, and the phenomenon of incomplete dehazing occurs. 

In recent years, Generative Adversarial Networks (GANs) [19] have been widely used in the field of 

image dehazing thanks to their powerful image generation capabilities. For example, ZHANG et al. 

[20] proposed a dehazing model based on generative adversarial network to estimate the transmittance 

of the image, and then obtain the dehazing image according to the atmospheric scattering model. [21] 

designed an end-to-end conditional generative adversarial network to directly estimate dehazed 

images without relying on physical models. In order to avoid using a large number of paired training 

datasets, ENGIN et al. [22] designed an end-to-end dehazing model based on recurrent generative 

adversarial networks, and combined perceptual loss and recurrent consistent loss function, which can 

better restore the texture information of images. 

To solve the problem that the existing deep learning-based nighttime image dehazing uses a 

supervised method to train the dehazing model, and it is difficult to obtain pairs of nighttime hazy 

and haze-free images, we propose bright channel attention optimized dark channel prior for 
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unsupervised nighttime image dehazing. First, the algorithm uses the dark channel prior to restore the 

visibility of the image, and obtains a preliminary dehazing image; due to the colorful and varying 

ambient light in nighttime foggy scene, this will lead to the poor dehazing effect of the dark channel 

prior algorithm. We found by observing the foggy image at night, when the overall color of the image 

is yellowish due to the influence of artificial light source, the image is in line with the prior knowledge 

of the dark channel at this time, but there is still haze in dehazing image. In response to this problem, 

we uses the bright channel attention mechanism to guide the generative adversarial network to 

optimize the dehazing results of the dark channel prior. In the generative adversarial network, in order 

to enable the generator model to better restore hazy images at night, we designs a bright channel 

attention mechanism to guide the generator model, so that the generator model can pay more attention 

to the degraded areas of the image. In foggy images at night, the fog is often distributed in areas with 

high gray value of the bright channel, so we adds the bright channel as a weight map to the generator 

model, so that the generator model can pay more attention to restoring hazy areas.  

2. Method 

The framework of the dehazing algorithm proposed in this paper is shown in Figure 1, which includes 

two stages. In the first stage, the algorithm uses the dark channel prior to restore the visibility of the 

image to obtain a preliminary dehazing image. This stage is named as the preliminary dehazing stage 

based on the dark channel prior. In the second stage, we uses The bright channel attention mechanism 

guides the generative adversarial network to optimize the dehazing results of the dark channel prior, 

which is named the optimization stage. 

 

 

Figure 1. The framework of the proposed method 

2.1 Preliminary Dehazing Stage based on Dark Channel Prior 

2.1.1 Atmospheric Scattering Model 

In computer vision, according to the atmospheric scattering physical model proposed by NAYAR et 

al. [23], hazy image can be represented as two parts, which are attenuated scene radiance and 

atmospheric ambient light. The specific formula is as follows: 

 

𝐼(𝑥) = 𝐽(𝑥)𝑇(𝑥) + 𝐴(1 − 𝑇(𝑥))                         (1) 

 

Where 𝐽(𝑥)𝑇(𝑥)  represents the direct attenuation term, and 𝐴(1 − 𝑇(𝑥)) represents the 

atmospheric light term. where 𝑥 represents the position of the pixel in the image, 𝐼(𝑥) represents a 
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hazy image, and 𝐽(𝑥) represents a haze-free image. 𝐴 represents atmospheric ambient light, usually 

assumed to be a global constant in daytime scenes. 𝑇(𝑥)  is the transmission map of intrinsic 

brightness in the atmosphere and can be further expressed as: 

 

  𝑇(𝑥) = exp(−𝛽𝑑(𝑥)),                             (2) 

 

Where d(x) represents the depth of scene, 𝛽 denotes the scattering coefficient of the propagating 

medium in the atmosphere. 

2.1.2 Dark Channel Prior Dehazing 

The dark channel prior is based on statistical analysis of the RGB channel pixel values of a large 

number of outdoor clean natural images: in the non-sky area of most haze-free images, some pixels 

have at least one color channel with very low values (close to 0), its mathematical expression is: 

 

𝐽dark(𝑥) = min
𝑥∈𝛺(𝑥)

( min
𝑐∈{𝑟,𝑔,𝑏}

𝐽𝑐(𝑥)) → 0,                     (3) 

 

Where 𝐽𝑐(𝑥)  denotes one color channel of 𝐽(𝑥), {𝑟, 𝑔, 𝑏}  denotes three color channels, 𝛺(𝑥) 

represents the window centered on the pixel point x. The operation of the dark channel on both sides 

of formula (1) can be obtained: 

 

𝐼dark(𝑥) = 𝐽dark(𝑥)𝑇(𝑥) + 𝐴(1 − 𝑇(𝑥)),                    (4) 

 

Where 𝐼dark(𝑥), 𝐽dark(𝑥) respectively represent the dark channel of 𝐼(𝑥), 𝐽(𝑥) at x, and transmission 

map can be estimated by putting formula (3) into formula (4). Its mathematical expression is: 

 

𝑇(𝑥) = 1 − 𝜔
𝐼dark(𝑥)

𝐴
,                              (5) 

 

Where 𝜔 is usually set to 0.95 to ensure that the image obtained by using the dark channel to dehaze 

looks natural without losing the visual depth of field; the ambient atmospheric light value A is 

generally set to the average value of the pixel values of the first 0.1% of the pixels. To sum up, under 

the premise of known transmission 𝑇(𝑥) and ambient atmospheric illumination A, according to 

formula (1), we can obtain the dehazing image: 

 

𝐽DCP(𝑥) =
𝐼(𝑥)−𝐴

𝑇(𝑥)
− 𝐴,                             (6) 

2.2 Optimization Stage 

In the optimization stage, we use the bright channel attention mechanism to guide the generative 

adversarial network to optimize the dehazing results of the dark channel prior. We take the dehazing 

result 𝐽DCP obtained by the dark channel prior as the input of the generator model, and the output 

𝐽refine is the optimized haze-free image. In order to make the generator model pay more attention to 

the degraded areas of the nighttime hazy images, we propose a bright channel attention mechanism 

to guide the generator model. And we find that the haze areas at night are often brighter in the bright 

channel by observing the hazy nighttime images, so we add the bright channel of the hazy image as 

an attention mechanism to the generator model.  
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2.2.1 Generator Network 

The function of the generator is to make the output image not only free of artifacts and color casts, 

but also to preserve the details of the image and remove the haze in the image. In recent years, U-net 

networks [24] have achieved great success in image restoration and image enhancement tasks. This 

is due to the ability of its network structure to extract information at multiple levels of images through 

different depths, so that the trained model can not only retain the details and structural information of 

the image, but also synthesize high-quality images. Therefore, we designs a U-net network combined 

with a bright channel attention mechanism as a generator. As shown in Figure 2, the generator 

proposed is divided into two branches, the bright channel attention branch and the image restoration 

branch. 

The image restoration branch adopts a U-net type network structure, which consists of encoder, 

decoder and skip connections. The encoder consists of five convolutional blocks and five down-

sampling layers. Each convolution block contains two 3*3 convolutional layers, and each 

convolutional layer is followed by a BN normalization layer and a LeakyReLU activation function. 

The decoder consists of four convolutional blocks, four up-sampling layers, one convolutional layer 

and Tanh activation function. Each convolutional block follows the up-sampling layer, and the 

convolutional layer and Tanh activation function are placed after the last convolutional block. In order 

to make the model preserve details and texture information during the training process, a skip 

connection is added between the output of each down-sampling layer of the encoder and the output 

of the up-sampling layer at the corresponding position of the decoder. 

 

 

Figure 2. Generator network 

 

The bright channel attention branch adopts the same network structure as the encoder of the image 

restoration branch, and uses the designed bright channel attention module (BAM) to fuse the feature 

map of the corresponding position of the bright channel attention branch and the image restoration 

branch. Make the generator model pay more attention to areas with higher pixel values in the bright 

channel, i.e. areas with haze in nighttime foggy images. As shown in Figure 3, the feature map output 

by each down-sampling in the bright channel attention branch is passed through a 1*1 convolution 

layer and a Sigmoid activation function to obtain a weight map, and then the obtained weight map 

and the corresponding features of the image restoration branch are obtained. The image is multiplied 

element by element, and then added element by element with the feature map corresponding to the 

image restoration branch to obtain the input of the next convolution block. The formula can be 

expressed as: 
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𝐹OUT = 𝐹IN ∗ 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝐶𝑜𝑛𝑣(𝐹BC)) + 𝐹IN,                    (7) 

 

where 𝐹BC  represents the feature map of the bright channel attention branch, 𝐹IN  represents the 

feature map of the image restoration branch, 𝐹OUT represents the feature map obtained by the BAB 

module, * represents element-wise multiplication, + represents element-wise addition. 

 

 

Figure 3. Bright Attention Block 

2.2.2 Discriminator Network 

The discriminator takes the clean image and the dehazing image generated by the generator as input, 

and is used to judge whether the two images are similar, and promote the generator to generate a 

higher quality haze-free image. This paper adopts a network structure of PatchGAN [25]. The 

discriminator network consists of five 3*3 convolutional layers, each of which is followed by a BN 

normalization layer and a LeakyReLU activation function except the first and last convolutional 

layers. 

 

 

Figure 4. Discriminator network 

2.2.3 Loss Function 

The loss function of the generative adversarial network consists of five parts, namely the adversarial 

loss 𝐿G, the identity loss 𝐿idt, the color-constancy loss 𝐿col, the smoothing loss 𝐿tv and perceptual 

loss 𝐿vgg. 

(1) Adversarial loss: It is to update the generator G and the discriminator D through an adversarial 

learning method, so as to constrain the generator and the discriminator. The specific formula is: 

 

𝐿G(𝐺, 𝐷) = 𝛦𝐽real∼𝜁real
[log𝐷(𝐽real)] + 𝛦𝐽DCP∼𝜁DCP [log (1 − 𝐷(𝐺(𝐽DCP, 𝐼BCP)))],      (8) 
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where 𝜁real denotes the set of all clean images 𝐽𝑟𝑒𝑎𝑙 , 𝜁DCP denotes the set of all input images 𝐼𝐷𝐶𝑃, 

𝐼𝐵𝐶𝑃 denotes the bright channel map of the input image. 

(2) Identity loss: It is to reduce the artifacts generated by the generator. In this way, the generator is 

less likely to cheat the discriminator by adding extra textures. the specific formula is as follows: 

 

𝐿idt = ‖𝐽real − 𝐺(𝐽real, 𝐽BCP)‖1,                         (9) 

 

Where 𝐽𝑟𝑒𝑎𝑙 denotes clean image, 𝐽𝐵𝐶𝑃 denotes the bright channel of clean image, ‖. ‖1 denotes L1 

norm. 

(3)Color-constancy loss: In order to satisfy the assumption of color constancy in the gray-world, a 

color-constancy loss function is introduced to solve the color shift problem of night images. The 

specific formula is as follows:  

 

𝐿col = ∑ (𝐽refine𝑝
− 𝐽refine𝑞

)
∀(𝑝,𝑞)∈𝜀

, 𝜀 = {(𝑅, 𝐺), (𝑅, 𝐵), (𝐺, 𝐵)},          (10) 

 

where 𝐽refine𝑝
 represents the gray value of the channel 𝑝 of the optimized dehazed image. 

(4) Smooth loss: In order to make the image generated by the generator have the same statistical 

information as the clean image, and to suppress the appearance of noise in the captured image of the 

nighttime hazy scene, we introduce a smooth loss function in the model, the specific formula is as 

follows: 

 

𝐿tv = ‖𝛻𝑥𝐽refine‖1 + ‖𝛻𝑦𝐽refine‖1
,                        (11) 

 

Where 𝛻𝑥 and 𝛻𝑦 respectively denotes the gradient operation in the horizontal and vertical directions. 

(5) Perceptual loss: In order to preserve the details and texture features of the input image, we take a 

perceptual loss function to constrain the generator. The specific formula is as follows: 

 

𝐿vgg = ∑ ‖vgg
𝑙
(𝐽refine) − vgg

𝑙
(𝐽DCP)‖

𝑙∈{2,7,12,21,30}
,               (12) 

 

Where vgg
𝑙
(. )  represents the feature map obtained from the l-th layer of the pretrained model 

VGG19 network [18]. 

Combining all the above loss functions, the final objective function can be expressed as: 

 

𝐺∗ = argmin
𝐺

max
𝐷

𝜆1𝐿G + 𝜆2𝐿idt + 𝜆3𝐿col + 𝜆4𝐿tv + 𝜆5𝐿vgg.          (13) 

 

According to experience, we set 𝜆1, 𝜆2, 𝜆3, 𝜆4, 𝜆5 as 0.5,1,1,1,1, respectively. 

3. Experimental Results and Analysis 

We train our model with Intel(R) Core(TM) i9-10920X CPU @ 3.50GHz processor and NVIDIA 

2080Ti RTX. The proposed network is implemented by the Pytorch framework, and the Adam 

optimizer is used to solve the algorithm. The initial learning rate is set to 0.0002, batch size is set to 
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1, and the training set is iterated for 200 epoch. The window size in the dark channel algorithm is set 

to 15*15, and the kernel size and smoothing parameters of the guided filter are set to 32*32 and 0.01, 

respectively. To verify the effectiveness of the proposed algorithm on nighttime hazy images, we 

conduct quantitative and qualitative comparisons on synthetic datasets and real nighttime hazy images. 

The synthetic nighttime hazy image dataset adopts the NHM and NHR synthetic datasets [18]. We 

randomly selects 7970 images from NHR as the training set, and the remaining 1000 images as the 

test set. The real hazy images are selected from the wesite flickr.com. We compare with the state-of-

the-art dehazing algorithms in recent years, including DCP[5], NDIM[10], GS[11], MRP[13], 

FMRP[13], PWAB[14]. 

3.1 Experimental Results on Synthetic Datasets 

We perform quantitative and qualitative comparisons with classical dehazing algorithms on synthetic 

datasets, and use structural similarity (SSIM), peak signal-to-noise ratio (PSNR) and CIEDE20000 

as objective metrics for quantitative comparisons. The higher the value of SSIM and PSNR, the better 

the dehazing effect; the smaller the value of CIEDE2000, the better the dehazing algorithm can solve 

the color cast problem of the image. The quantitative experimental results of each method are shown 

in Table 1. The superscripts 1 and 2 indicate that the ranking is the first and the second, respectively. 

For peak signal-to-noise ratio, the proposed algorithm outperforms the second-ranked MRP algorithm 

by 0.85dB and 3.00dB on the NHM and NHR datasets, respectively. For structural similarity and 

CIEDE20000, the experimental results of the proposed algorithm on NHM and NHR are also better 

than other classical dehazing algorithms. 

In order to evaluate the subjective quality of synthetic dataset, we selects 5 synthetic haze images of 

different scenes from the NHM and NHR datasets to compare the subjective effects. As shown in 

Figure 5(a), since the dark channel prior is invalid for hazy images with color casts, the dehazing 

results of the DCP method suffer from color casts and artifacts. In Figure 5(c)-(f), there are noise and 

artifacts in the dehazing results of NDIM, GS, MRP, and FMRP methods. As shown in Fig. 5(g), 

although the PWAB method can enhance the image contrast and reduce the noise in the image, there 

is still a color shift problem in the dehazed image. And the dehazing results obtained by the PWAB 

method have darker brightness in the edge regions. Compared with the above methods, our algorithm 

can obtain better dehazing effect, which is closer to the real image. 

 

Table 1. SSIM,PSNR and CIEDE2000 on NHM and NHR dataset 

 NHM NHR 

Method PSNR SSIM CIEDE2000 PSNR SSIM CIEDE2000 

NDIM 13.78 0.5682 21.16 12.88 0.4986 21.53 

GS 16.96 0.6862 16.76 17.20 0.6214 12.95 

MRP 17.552 0.6893 15.712 19.602 0.74622 10.802 

FMRP 13.98 0.6078 19.58 17.26 0.6586 12.93 

PWAB 16.39 0.6643 16.15 16.16 0.6616 16.37 

DCP 16.99 0.71392 15.77 15.12 0.6911 16.04 

Our method 18.401 0.77401 15.401 22.601 0.84131 7.441 
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Figure 5. Comparison of different methods on NHM and NHR 

3.2 Experimental Results on Real Nighttime Hazy Images 

In order to further evaluate the effectiveness of the proposed dehazing algorithm, we select 5 real 

nighttime hazy images from the Internet, and compare the dehazing effect of the proposed algorithm 

with other classical mehtods on the above-mentioned real nighttime hazy images. The dehazing 

results are shown in Figure 6. As shown in Fig. 6(b), due to the inaccurate estimation of the 

transmission and atmospheric illumination of the hazy image at night by DCP method, the dehazed 

image suffer further degradation and color distortion. As shown in Fig. 6(c), although NDIM can 

restore the visibility and details of the image, it tends to amplify the noise and artifacts in the image 

during the dehazing process. As shown in Fig. 6(d), although GS can suppress the halo phenomenon 

in the image, it obviously amplify the noise of the image. Thanks to the maximum reflectance prior, 

MRP and MRPF can not only solve the color cast of most nighttime hazy images, but also enhance 

the details of the image; but when the prior knowledge fails, the dehazed images exhibit additional 

color cast and artifacts, as shown in the last three images in Figure 6(e) and Figure 6(f). As shown in 

Figure 6(g), although the dehazing result of PWAB reduces the noise and preserves the detailed 

information of the image, the dehazed image has incomplete dehazing and often appears color 

distortion. In Figure 6(h), compared with the previous dehazing algorithm, our algorithm avoids 

excessive noise and can restore the texture information of foggy images; for the color shift problem 

of hazy images at night, proposed algorithm can also solve very well. 

 

 

Figure 6. Comparison of different methods on real nighttime hazy images 
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3.3 Ablation Study 

In order to verify the effectiveness of the proposed two-stage algorithm framework and the bright 

channel attention mechanism, the following ablation experiments are carried out on the NHR test 

dataset: (1)Only use the dark channel prior for dehazing; (2)With bright channel attention mechanism. 

The SSIM, PSNR and CIEDE2000 of the above experiments are shown in Table 2. As shown in Table 

2, our method has improvements over the three objective indicators of the two-stage algorithm 

framework (Experiment 2) and only using the dark channel prior (Experiment 1). Therefore, the 

proposed two-stage algorithm framework and bright channel attention mechanism have practical 

effectiveness.  

 

Table 2. SSIM,PSNR and CIDE2000 on NHR test dataset 

Experiments PSNR SSIM CIEDE2000 

Experiment 1 15.12 0.6911 16.04 

Experiment 2 21.44 0.8363 8.55 

Our method 22.60 0.8413 7.44 

4. Conclusion 

To solve the problem that there is currently no unsupervised image dehazing algorithm for nighttime 

hazy images, we proposes an unsupervised nighttime image dehazing algorithm that optimizes the 

dark channel prior with a bright channel attention mechanism. The algorithm is divided into two steps. 

First, the algorithm uses the dark channel prior algorithm to restore the visibility of the image; then, 

in order to obtain better dehazing results, we propose a bright channel attention mechanism to 

optimize the dark channel. Specifically, the bright channel attention module is designed to integrate 

the bright channel into the generator. The experimental results show that our algorithm can achieve 

good dehazing effect on both real hazy images and synthetic hazy images at night, and can well solve 

the color shift problem of nighttime hazy image. 
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