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Abstract

Deep learning based dehazing networks trained on paired
synthetic data have shown impressive performance, but they
struggle with significant degradation in generalization ability
on real-world hazy scenes. In this paper, we propose Dehaze-
RetinexGAN, a lightweight Retinex-based Generative Adver-
sarial Network for real-world image Dehazing using unpaired
data. Our Dehaze-RetinexGAN consists of two stages: self-
supervised pre-training and weakly-supervised fine-tuning.
During the pre-training, we reduce the image dehazing task
to an illumination-reflectance decomposition task based on
the duality correlation between Retinex and dehazing. Specif-
ically, a decomposition network named DecomNet is con-
structed to obtain an illumination and a reflectance, simulta-
neously. Moreover, a self-supervised learning strategy is de-
veloped to construct the connection between the preliminary
dehazed result and the input hazy image, which constrains the
solution space of DecomNet and accelerates training, leading
to a more realistic dehazed result. In the fine-tuning stage,
we develop a dual DTCWT-based attention module and em-
bed it into the U-Net architecture to further improve the qual-
ity of preliminary result in the frequency domain. In addi-
tion, the adversarial learning is employed to constrain the
relevance between the clean image and the final dehazed re-
sult in a weakly supervised manner, which can promote more
natural performance. Extensive experiments on several real-
world datasets demonstrate that our proposed framework per-
forms favorably over state-of-the-art dehazing methods in vi-
sual quality and quantitative evaluation.

Introduction
The presence of haze leads to reduced visibility, decreased
contrast, blurred details, and color distortion, severely af-
fecting the performance of real-world vision-based systems
such as autonomous driving and object detection. Therefore,
image dehazing that aims to restore scene details is an im-
portant task in low-level computer vision.

Early dehazing techniques are mainly based on enhance-
ment strategies, such as histogram equalization (Xu, Liu,
and Chen 2009) and Retinex theory (Noori, Gholizadeh,
and Rafsanjani 2024), to improve the perceptual visibility of
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Figure 1: Dehazing results on a real-world hazy image.

hazy images. However, directly employing these enhance-
ment methods on hazy images may lead to unnatural results
due to the lack of physical mechanisms.

Relying on the atmospheric scattering model, prior-based
dehazing algorithms, such as dark channel prior (DCP) (He,
Sun, and Tang 2011), region line prior (RLP) (Ju et al. 2021),
and saturation line prior (SLP) (Ling et al. 2023), have been
proposed to estimate the transmission and further recover
the haze-free image. Unfortunately, these presented priors
are not well-suited for handling diverse real-world scenarios.
For instance, the well-known DCP fails in situations where
the scene colors are similar to the airlight.

Leveraging the feature extraction capabilities of deep
learning, MSCNN (Ren et al. 2016) and DehazeNet (Cai
et al. 2016) were proposed to estimate the transmission. Sub-
sequently, several dehazing networks, such as AODNet (Li
et al. 2017), FFANet (Qin et al. 2020), MSBDN (Dong et al.
2020), Dehamer (Guo et al. 2022), and DEA-Net (Chen, He,
and Lu 2024), have been developed to construct the map-
ping relationship between hazy images and clean data. How-
ever, due to the domain shift between synthetic and real data,
these models trained solely on paired synthetic datasets suf-
fer from limited generalization ability on real-world scenes.

To overcome the dependency on paired data, many
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unpaired learning-based methods (Engin, Genc, and Ke-
mal Ekenel 2018; Shao et al. 2020; Chen et al. 2022) have
been proposed to achieve image dehazing. The above ap-
proaches exploit CycleGAN (Zhu et al. 2017) framework
to construct the dehazing and re-dehazing cycles, maintain-
ing the content consistency. Nevertheless, they fail to con-
sider the physical properties of real-world hazy conditions.
Although RefineDNet (Zhao et al. 2021) and D4 (Yang
et al. 2022) integrate the atmospheric scattering model and
CycleGAN to boost the generalization ability, they over-
look the intrinsic connection between dehazed results and
hazy images, resulting in unnatural performance for real-
world scenarios. Moreover, these methods generally require
time-consuming training, which often causes efficiency is-
sues in real applications. Recently, PSD (Chen et al. 2021),
RIDCP (Wu et al. 2023), and KANet (Feng et al. 2024) have
been proposed to focus on restoring real-world hazy scenes,
whereas the dehazing performance of these algorithms needs
further improvement.

In this paper, we propose a lightweight Retinex-
based Generative Adversarial Network for real-world im-
age dehazing, called Dehaze-RetinexGAN. Our Dehaze-
RetinexGAN comprises two phases: self-supervised pre-
training and weakly-supervised fine-tuning. In the pre-
training, we propose a decomposition network named De-
comNet to split the inverted intensity of an input hazy im-
age into two components: illumination and reflectance. In
this way, the illumination and the inverted reflectance cor-
respond to the transmission and the preliminary dehazed re-
sult, respectively. Moreover, considering the connection be-
tween the input hazy image and the preliminary dehazed re-
sult, we develop a self-supervised learning strategy to make
the dehazed result more realistic. In the fine-tuning stage,
a dual Dual-Tree Complex Wavelet Transform (DTCWT)-
based attention module, embedded into the U-Net architec-
ture, is employed to improve the structures and textures of
the preliminary result in the frequency domain. In addition,
the adversarial learning is adopted to build the relationship
between dehazed results and unpaired real-world clean data
in a weakly supervised manner, which promotes the final
results to conform more closely to the distribution of clean
data, thereby achieving natural haze removal performance
for real-world scenes. In Fig. 1, our Dehaze-RetinexGAN
generates a more realistic dehazed result and outperforms
the other two real-world image dehazing methods, namely
DAD (Shao et al. 2020) and PSD (Chen et al. 2021).

The main contributions of this paper are as follows:

• We propose Dehaze-RetinexGAN, a novel lightweight
two-stage framework for real-world image dehazing. By
leveraging both self-supervised and weakly-supervised
learning, our proposed Dehaze-RetinexGAN, trained on
unpaired data, effectively improves generalization and
natural performance on real-world hazy scenes.

• We propose a self-supervised learning strategy to con-
sider the correlation between the dehazed results and the
hazy images, which helps constrain the solution space of
dehazing and improve the efficiency of the network.

• We propose a dual DTCWT-based attention module to

enhance the structures and textures in the frequency do-
main, thus achieving visually pleasing dehazed results
with richer details.

• Extensive experiments on several real-world datasets
prove that our Dehaze-RetinexGAN achieves compet-
itive performance compared to existing state-of-the-art
dehazing methods both qualitatively and quantitatively.

Related Work
Traditional Dehazing Methods
In the early stages, enhancement-based methods are em-
ployed to achieve single image dehazing by improving the
contrast and visibility of hazy images, such as CLAHE (Xu,
Liu, and Chen 2009), Retinex theory (Land 1977), and
wavelet transform (Zhang et al. 2014). However, these meth-
ods overlook the physical principles of haze imaging, limit-
ing their dehazing performance and leading to unnatural re-
sults. Therefore, researchers focus on the atmospheric scat-
tering model (Narasimhan and Nayar 2002) to describe the
imaging procedure of a hazy image and explore effective pri-
ors (DCP (He, Sun, and Tang 2011), RLP (Ju et al. 2021),
and SLP (Ling et al. 2023)) to recover haze-free images.
In addition, several variational models (Liu et al. 2023b; Li
et al. 2024) have been presented for haze removal. However,
these priors or constraints may be valid only in specific sit-
uations and are not well-suited for complex real-world haze
conditions.

Learning-Based Dehazing Methods
Unlike traditional methods that rely on enhancement tech-
niques or hand-crafted priors, learning-based dehazing
methods aim to design network architecture and train it on
large-scale paired data to learn the transmissions and haze-
free results from hazy images. For example, DehazeNet (Cai
et al. 2016) and MSCNN (Ren et al. 2016) have been pro-
posed to estimate the transmission maps by extracting the
haze-relevant features. Subsequently, many end-to-end neu-
ral networks (Li et al. 2017; Qin et al. 2020; Dong et al.
2020; Guo et al. 2022; Chen, He, and Lu 2024; Liu et al.
2023a; Ye et al. 2023; Chen et al. 2024; Jin, Yang, and Tan
2022) construct the mapping relationships from degraded
images to clean results. Although these approaches achieve
excellent performance on synthetic data, they usually strug-
gle to generalize effectively to real-world hazy scenes.

Since the paired data of real-world hazy and clean images
is difficult to obtain, unpaired learning-based dehazing net-
works gradually become the focus. RefineDNet (Zhao et al.
2021) combines the CycleGAN architecture and the atmo-
spheric scattering model to restore visibility and improve re-
alism in a weakly supervised fashion. D4 (Yang et al. 2022)
decomposes the transmission map into the density and depth
for unpaired haze synthesis and removal. To improve the
real-world dehazing performance, PSD (Chen et al. 2021)
employs real-world hazy images to fine-tune the network in
an unsupervised manner. RIDCP (Wu et al. 2023) exploits
high-quality codebook priors to achieve real-world image
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Figure 2: Overall architecture of our Dehaze-RetinexGAN. Our proposed Dehaze-RetinexGAN mainly consists of two stages:
self-supervised pre-training and weakly-supervised fine-tuning. In the pre-training stage, an input real-world hazy image Ireal is
first inverted and a lightweight DecomNet module is developed to decompose the inverted hazy image S into an illumination L
and a reflectance R, simultaneously. Then, the classic atmospheric scattering model is employed to reconstruct the hazy image
Irec. Subsequently, a self-supervised learning paradigm is introduced to construct the correlation between Ireal and Jrec, which
further constrains the solution space of DecomNet to obtain a more realistic clean image Jrec. For fine-tuning, a dual DTCWT-
based attention block is devised and embedded into U-Net (Ronneberger, Fischer, and Brox 2015) architecture to enhance the
structures and textures of Jrec in the frequency domain. The adversarial learning is imposed between the clean image Jreal and
dehazed result J in a weakly supervised fashion, allowing the knowledge from the clean image to be transferred to the dehazed
result without requiring paired data.

dehazing. KANet (Feng et al. 2024) follows “localization-
and-removal” pipeline to help the network capture haze-
relevant features and reduce the dependency between clean
background features and haze. Unfortunately, the above al-
gorithms fail to account for the intrinsic connections be-
tween the dehazed results and the input hazy images, leading
to unnatural performance on real-world hazy images. There-
fore, there is still room for further improvement in real-
world image dehazing.

Methodology
Framework Overview
As shown in Fig. 2, our Dehaze-RetinexGAN consists of two
phases: self-supervised pre-training and weakly-supervised
fine-tuning.

Self-Supervised Pre-training. Based on the relationship
between dehazing problem and Retinex theory (Galdran
et al. 2018), the image dehazing task can be transformed into
an illumination-reflectance decomposition problem. Thus, a
lightweight DecomNet module is devised to separate an in-
verted hazy image into an illumination L and a reflectance
R. The obtained illumination and inverted reflectance are

considered as the transmission L and preliminary dehazed
result Jrec, respectively. The classic atmospheric scattering
model, which combines the DCP-based atmospheric light
A, the transmission L, and the preliminary result Jrec, is
adopted to acquire the reconstructed hazy image Irec. Fur-
thermore, a self-supervised learning paradigm is developed
to construct the relationship between the input hazy image
Ireal and preliminary dehazed result Jrec, instructing the
DecomNet to generate a more realistic dehazed result.

Weakly-Supervised Fine-tuning. To further improve the
visual quality of preliminary dehazed result Jrec, we pro-
pose A-UNet, embedded with a novel dual DTCWT-based
attention block, to enhance the structures and details in the
frequency domain. Moreover, adversarial learning is em-
ployed to constrain the correlation between the unpaired
real-world clean image Jreal and the restored result J in a
weakly supervised manner, making the final dehazed result
J of our Dehaze-RetinexGAN closer to the clean data.

Motivation
According to the duality relationship between Retinex and
dehazing (Galdran et al. 2018), the image dehazing task can
be reduced to the Retinex decomposition on inverted inten-
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Figure 3: Overall architecture of our designed dual DTCWT-
based attention module, consisting of (a) DTCWT-based
channel attention and (b) DTCWT-based spatial attention.

sity of the input hazy image I:

Dehazing (I (x)) = 1− Retinex (1− I (x)) (1)

For simplicity, we assume S (x) = 1−I (x) and S(x) can
be expressed as the pixel-wise multiplication of a reflectance
R(x) and an illumination L(x): S(x) = R(x)L(x).

On the other hand, assuming A = 1, the classic atmo-
spheric scattering model can be rewritten as:

1− I (x) = (1− J (x))T (x) (2)

where T (x) and J(x) respectively denote the medium trans-
mission and reconstructed dehazed result. From the above
derivation, the decomposed illumination L(x) and inverted
reflectance 1−R (x) produced by DecomNet can be consid-
ered as the transmission and the preliminary dehazed result.

Network Architecture
DecomNet Module. We propose the DecomNet mod-

ule as an illumination-reflectance decomposition network to
separate the inverted hazy image S into the desired trans-
mission L and the preliminary dehazed result Jrec, simul-
taneously. Specifically, our constructed DecomNet module
first utilizes a 3 × 3 convolutional layer followed by a
LeakyReLU activation function for initial feature extrac-
tion, and then applies a 1 × 1 convolutional layer for chan-
nel expansion. Next, the DecomNet includes three repeated
blocks, each consisting of a 3 × 3 convolutional layer, a
1 × 1 convolutional layer, batch normalization (BN), and
a LeakyReLU activation function for further feature extrac-
tion and non-linearity. Finally, we adopt a 3 × 3 convolu-
tional layer for final feature mapping, followed by a sig-
moid activation function to produce the output. Due to the
difficulty of acquiring paired data for real scenes, we em-
ploy the traditional illumination-reflectance decomposition
method (Li et al. 2018) to compute L̂ and R̂ = S/L̂, and
then the estimated (L̂, R̂) and the inverted hazy image S
are used to form the paired data for training our DecomNet
module in a supervised fashion.

Self-Supervised Learning. The preliminary dehazed re-
sult Jrec produced by our DecomNet appears to lack real-
ism and naturalness due to inaccuracies in the training data.

Therefore, we propose a self-supervised learning paradigm
to account for the relevance between the dehazed result and
the hazy input, thereby constraining the solution of the De-
comNet and providing more realistic dehazed result.

Specifically, the classic DCP (He, Sun, and Tang 2011)
is utilized to estimate the global atmospheric light A. Then,
based on the atmospheric scattering model, we combine A,
the transmission L and the preliminary dehazed result Jrec
to produce the reconstructed hazy image Irec:

Irec(x) = Jrec(x)L(x) +A(1− L(x)) (3)

In order to construct the relationship between the dehazed
result and the input hazy image, we first adopt the recon-
struction loss Lrec to regularize the reconstructed hazy im-
age Irec, the illumination L, and the reflectance R, simulta-
neously. Lrec is defined as:

Lrec = ∥Irec − Ireal∥1 + λL∥L− L̂∥1 + λR∥R− R̂∥1 (4)

where λR and λL are weights to control different terms.
Furthermore, the perceptual loss Lper is introduced to im-

prove the visual quality of preliminary dehazed result:

Lper = ∥ϕ(Irec)− ϕ(Ireal)∥1 (5)

where ϕ refers to the feature maps obtained from specific
layers of VGG-19 (Simonyan and Zisserman 2014).

In summary, the overall loss function in the self-
supervised pre-training stage is formulated as:

Lpre = Lper + Lrec. (6)

A-UNet. In order to further improve the perceptual qual-
ity of preliminary dehazed result Jrec, we design a novel
dual DTCWT-based attention module embedded with U-Net
architecture as a generator for fine-tuning and leverage the
adversarial learning to discriminate the naturalness of the
fine-tuned result in a weakly supervised fashion. In Fig. 3,
our proposed dual DTCWT-based attention module includes
two parts: DTCWT-based channel attention and DTCWT-
based spatial attention. For the input features F from the
downsampling operations of U-Net, the output features FC

and FS can be expressed as:

FC = MC ⊗ F, FS = MS ⊗ FC (7)

where ⊗ represents element-wise multiplication. MC and
MS respectively represent the attention maps of channel
and spatial attention. FC and FS are the output features of
DTCWT-based channel and spatial attention module.

Firstly, F is fed into the DTCWT to obtain six
high-frequency components {HF1, . . . ,HF6} and a low-
frequency component LF1. Then, we sum the six high-
frequency parts and upsample them using a transposed con-
volution operator to match the size of the low-frequency
part:

HFs = ConvTranspose
(∑6

i=1 HFi

)
(8)

Then, we further design FNC and FNS blocks to generate
the wavelet channel attention map MC and spatial attention
map MS :

MC = FNC(LF1 +HFs), (9)
MS = FNS(Cat(LF1, HFs)) (10)
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Figure 4: Visual comparisons on a real-world hazy image from RTTS dataset (Li et al. 2019).

Figure 5: Visual comparisons on a real-world hazy image from URHI dataset (Li et al. 2019).

where Cat denotes concatenation operation. FNS consists
of two convolutional layers, with a ReLU activation and a
Sigmoid function, while FNC performs an additional aver-
age pooling operation.

Compared to previous DWT-based attention (Yang et al.
2023), our proposed dual DTCWT-based attention module
possesses strong directional sensitivity ability through six
distinct wavelet filters (typically at ±15°, ±45°, and ±75°),
effectively capturing structures across different directions
and improving details in the frequency domain.

Weakly-Supervised Learning. To fine-tune the A-UNet,
we design three losses to improve the quality of the output
dehazed result J . Concretely, we first utilize the SSIM loss
to constrain the structural similarity between J and Jrec:

LSSIM = 1− SSIM(J, Jrec), (11)
Then, the contrastive regularization loss (Wu et al. 2021)

Lcon is introduced to pull J to the reconstructed dehazed
result Jrec and push J to its hazy input Ireal:

Lcon = ρ (ϕ(Ireal), ϕ(Jrec), ϕ(J)) (12)
The exposure loss (Guo et al. 2020) Lexp is adopted to

eliminate the overexposure of the output dehazed result J .

In addition, the adversarial learning is also introduced to
establish the relevance between the output dehazed result J
and unpaired real-world clean data Jreal, which guarantee
that the obtained J conforms more closely to the feature dis-
tribution of clean data. To achieve this goal, the classic GAN
loss (Goodfellow et al. 2014) LGAN is utilized to update
the A-UNet and the discriminator D in a weakly supervised
manner:

LGAN (AUNet,D) = EJreal∼PJreal
[logD(Jreal)]

+ EJrec∼PJrec
[log(1−D(AUNet(Jrec)))] (13)

where PJreal
and PJrec respectively stand for the set of all

possible Jreal and Jrec.
Overall, the joint loss function in the weakly supervised

fine-tuning stage is formulated as:

Lfine = λSSIMLSSIM + λconLcon + λexpLexp

+arg min
AUNet

max
D

λGANLGAN (14)

where λSSIM , λcon, λexp, and λGAN are trade-off weights.
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Figure 6: Visual comparisons on a real-world hazy image from HSTS dataset (Li et al. 2019).

Method Publication RTTS URHI Fattal HSTS (real-world)
BRISQUE↓ NIMA↑ SSEQ↓ BRISQUE↓ NIMA↑ NIMA↑ SSEQ↓ NIMA↑ BRISQUE↓

Hazy image - 36.6422 3.6389 38.5069 31.6256 3.6237 4.6155 15.3299 2.9921 27.6035
DCP (He, Sun, and Tang 2011) TPAMI’11 38.7186 3.1589 40.3328 35.6648 3.1950 3.8408 25.9414 2.6676 36.5323
MSCNN (Ren et al. 2016) ECCV’16 33.0982 3.7045 39.0049 33.3838 3.6505 4.6739 14.9321 3.1166 32.9732
DehazeNet (Cai et al. 2016) TIP’16 35.0086 3.7163 41.0284 33.2972 3.6364 4.7219 15.0489 3.2102 33.4765
AODNet (Li et al. 2017) ICCV’17 32.0727 3.8782 35.8573 29.6924 3.9057 4.7676 14.7494 3.1952 31.1289
MSBDN (Dong et al. 2020) CVPR’20 27.9514 3.7364 35.0615 23.1545 3.7418 4.5042 16.3705 2.5447 40.0361
DAD (Shao et al. 2020) CVPR’20 32.4602 3.2524 35.9945 29.8898 3.0770 3.7113 30.9603 2.7378 33.6936
FFANet (Qin et al. 2020) AAAI’20 33.2453 3.7183 37.3002 28.4541 3.6938 4.6693 15.3466 2.9883 28.4745
PSD (Chen et al. 2021) CVPR’21 27.5818 3.9922 36.0744 32.2545 3.8416 4.5400 15.9418 3.3282 33.2621
RefineDNet (Zhao et al. 2021) TIP’21 18.9052 3.8594 28.9494 16.8559 3.8420 4.6736 14.2020 3.2044 23.3456
D4 (Yang et al. 2022) CVPR’22 33.2184 3.7232 39.6694 29.7474 3.7474 4.6958 14.2753 3.1189 30.8643
Dehamer (Guo et al. 2022) CVPR’22 33.8739 3.7330 38.1866 28.9035 3.7089 4.6249 16.4067 2.9923 28.3641
RIDCP (Wu et al. 2023) CVPR’23 17.4362 4.4930 21.1056 16.9952 4.4621 4.6113 15.3256 3.2145 35.7810
MB-TaylorFormer (Qiu et al. 2023) CVPR’23 33.1165 3.7163 37.6693 29.0139 3.6828 4.6597 15.0501 2.5054 40.0805
C2PNet (Zheng et al. 2023) CVPR’23 34.2688 3.7146 38.0314 31.5900 3.6542 4.6977 15.0369 3.0059 28.6815
Dehazeformer (Song et al. 2023) TIP’23 32.6476 3.7061 37.9226 29.5789 3.6785 4.6583 15.2638 3.0043 29.0388
DEANet (Chen, He, and Lu 2024) TIP’24 30.4837 3.7856 37.2266 25.7643 3.7585 4.6826 14.6516 2.9779 28.0282
KANet (Feng et al. 2024) TPAMI’24 20.2791 3.5711 29.3497 19.1414 3.5511 4.3233 19.2364 3.0486 22.8854
Dehaze-RetinexGAN (Ours) - 18.2351 4.5313 25.0780 16.9776 4.4534 4.9475 12.3564 3.6763 22.3243

Table 1: Quantitative comparisons of seventeen state-of-the-art methods on four real-world datasets. The top two are marked in
red and blue, respectively.

Experiments
Experiment Setup

Datasets. In the first stage of our Dehaze-RetinexGAN,
we randomly select 4000 images from the URHI (Unanno-
tated Real-world Hazy Images) dataset (Li et al. 2019) for
training. For the fine-tuning stage, we use the above 4000
images and the overall SOTS (Synthetic Objective Testing
Set) dataset (Li et al. 2019) for unpaired training. To main-
tain the performance of our Dehaze-RetinexGAN, the train-
ing for the two stages is conducted separately. For testing,
we employ four real-world datasets, namely RTTS (Real-
world Task-driven Testing Set) dataset (4322 real-world
hazy images) (Li et al. 2019), Fattal dataset (31 classic real-
world hazy images) (Fattal 2014), HSTS (Hybrid Subjective
Testing Set) (10 real-world hazy images) (Li et al. 2019),
and URHI test dataset (the remaining 809 real-world hazy
images), for quantitative and qualitative comparisons.

Evaluation Metrics. For real-world datasets (RTTS, Fat-
tal, HSTS, and URHI), three non-reference metrics are em-
ployed to evaluate the visual quality of the dehazed re-

sults, including BRISQUE (Blind/Referenceless Image Spa-
tial Quality Evaluator) (Mittal, Moorthy, and Bovik 2011),
NIMA (Neural Image Assessment) (Talebi and Milanfar
2018), and SSEQ (Spatial and Spectral Entropy-based Qual-
ity) (Liu et al. 2014).

Implementation Details. Our Dehaze-RetinexGAN is
implemented using PyTorch (Paszke et al. 2019) and trained
on a single NVIDIA RTX 3090 GPU (24GB) with a batch
size of 36. All the input images are resized to 256 × 256.
We utilize the Adam optimizer (Kingma and Ba 2014) with
initial momentum β1 = 0.9 and β2 = 0.999. The initial
learning rate is 1 × 10−4. The cosine annealing algorithm
is employed to progressively reduce the learning rate. The
hyperparameters λSSIM , λcon, λexp, λGAN , λL and λR are
set to 4.0, 2.0, 0.003, 0.5, 0.2 and 0.2, respectively.

Comparisons with State-of-the-art Methods
We conduct quantitative and qualitative comparisons with
seventeen state-of-the-art dehazing methods to demonstrate
the superiority of our proposed Dehaze-RetinexGAN.

Quantitative Comparisons. Table 1 reveals the quantita-
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Method Param (M) Platform Time (s)
MSCNN (Ren et al. 2016) - Matlab 0.3176
DehazeNet (Cai et al. 2016) - Matlab 0.1413
MSBDN (Dong et al. 2020) 31.35 Pytorch 0.0182
PSD (Chen et al. 2021) 6.20 Pytorch 0.0327
RefineDNet (Zhao et al. 2021) 65.79 Pytorch 0.0178
D4 (Yang et al. 2022) 10.73 Pytorch 0.0118
Dehamer (Guo et al. 2022) 132.45 Pytorch 0.0594
RIDCP (Wu et al. 2023) 29.48 Pytorch 0.0540
KANet (Feng et al. 2024) 55.66 Pytorch 0.0328
Dehaze-RetinexGAN (Ours) 10.00 Pytorch 0.0093

Table 2: Comparisons with state-of-the-art methods.

Figure 7: Visual comparisons of ablation study on loss func-
tion. (a) an input real-world hazy image. (b) w/o LSSIM . (c)
w/o Lcon. (d) w/o Lexp. (e) w/o LGAN . (f) Ours.

tive comparisons with seventeen dehazing methods on four
real-world datasets. In Table 1, our Dehaze-RetinexGAN
achieves the best NIMA score on the RTTS dataset, with
an improvement of 0.85%. For the Fattal dataset, our ap-
proach demonstrates an improvement of 3.77% and 13.00%
in NIMA and SSEQ metrics, respectively. NIMA and
BRISQUE scores increase by 10.46% and 2.45% respec-
tively on the HSTS dataset. In summary, our Dehaze-
RetinexGAN shows competitive dehazing performance on
four real-world datasets.

Qualitative Comparisons. Figs. 4-6 show the visual
comparisons on real-world hazy images. Prior-based dehaz-
ing method, namely DCP, tends to produce overly dark de-
hazed results. Learning-based algorithms trained on syn-
thetic data suffer from limited generalization ability on real-
world scenes. Real-world dehazing approaches, such as PSD
and KANet, may struggle with over-dehazing and under-
dehazing, resulting in unnatural dehazing performance. In
comparisons, our Dehaze-RetinexGAN produces the high-
quality and natural dehazed results.

Efficiency Comparisons. In Table 2, we show the com-
parisons of average running times and model parameters.
For fairness, all the test images in the RTTS dataset are re-
sized to 256× 256 and conducted on the same device to cal-
culate the average running times. Our Dehaze-RetinexGAN
provides the optimal execution time with fewer parameters,
which achieves a well-balanced trade-off between dehazing
performance and computational complexity.

Ablation Study
To verify the effectiveness of our devised each component,
the ablation studies are performed on the RTTS dataset.

Variant BRISQUE↓ NIMA↑
Hazy image 36.6422 3.6389
w/o Self-Supervised 19.7146 4.0684
w/o Spatial Attention 23.1729 4.2347
w/o Channel Attention 25.0785 4.1480
w/o Dual Attention 24.6284 4.0757
w/o SSIM Loss (LSSIM) 22.8872 4.4395
w/o Contrastive Loss (Lcon) 21.7813 4.4050
w/o GAN Loss (LGAN) 23.9156 4.2514
w/o Exposure Loss (Lexp) 18.7454 4.4576
Dehaze-RetinexGAN (Ours) 18.2351 4.5313

Table 3: Ablation studies on RTTS dataset (Li et al. 2019).

Ablation on Self-Supervised Learning. We remove the
self-supervised learning paradigm from the first pre-training
stage to demonstrate its contribution. Table 3 illustrates the
effectiveness of our self-supervised learning strategy.

Ablation on Dual DTCWT-based Attention Module.
Our proposed attention module can effectively improve the
structures and details of dehazed result. To prove its con-
tribution, we design three settings to conduct the ablation
study: (i) without channel attention in the dual DTCWT-
based attention module; (ii) without spatial attention; (iii)
without dual DTCWT-based attention module. Table 3
demonstrates the highest BRISQUE and NIMA scores of
our devised dual attention module.

Ablation on Loss Function. To demonstrate the effec-
tiveness of each loss, the visual results and quantitative com-
parisons are revealed in Fig. 7 and Table 3, respectively.
From Fig. 7, the absence of LSSIM may be prone to poor
structural preservation, while the lack of Lcon or LGAN can
result in unnatural dehazing performance. The result with-
out using Lexp exhibits unbalanced brightness and contrast.
Table 3 also verifies the contribution of each loss function.

Conclusion
In this paper, we propose Dehaze-RetinexGAN, consisting
of self-supervised pre-training and weakly-supervised fine-
tuning, for real-world image dehazing. First, we reformu-
late the image dehazing task as an illumination-reflectance
decomposition problem and then design the DecomNet to
achieve Retinex decomposition. In addition, we develop a
self-supervised learning paradigm to construct the connec-
tion between the preliminary dehazed result and the input
hazy image, improving the generalization performance of
the DecomNet. In the fine-tuning stage, a dual DTCWT-
based attention module is presented to further improve the
structures and details of the dehazed result obtained from the
first stage. Furthermore, we employ adversarial learning to
enforce the relevance between the fine-tuned result and the
clean data in a weakly supervised manner. Experiments on
multiple real-world datasets prove the effectiveness of our
Dehaze-RetinexGAN.
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