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 Suspended atmospheric particulates like haze, mist, and fog greatly degrade 

captured images, creating considerable challenges for computer vision 

applications operating in safety-sensitive areas such as autonomous driving, 

surveillance, and remote sensing. In this paper, we treat the important 

challenge of single-image haze removal by proposing a novel and robust 

conditional generative adversarial network (cGAN)-based framework. The 

proposal utilizes a U-Net-based generator with self-attention and skip-

connections to preserve spatial fidelity, and a PatchGAN discriminator to 

enforce local realism. At the heart of our contribution is a carefully weighted 

multi-component loss function that applies reconstruction, perceptual, edge, 

structural similarity (SSIM), and adversarial losses to optimize pixel-level 

accuracy and perceptual quality. We trained and evaluated our proposal on 

the large-scale real-world LMHaze dataset. Experimental results 

demonstrate state-of-the-art performance with a peak signal-to-noise ratio 

(PSNR) of 33.42 dB and SSIM of 0.9590. Our qualitative and comparative 

analyses further support our claims by assessing our proposed model's 

capacity to recover clear and artifact-free images from hazy images - 

outperforming the existing methods on this challenging real-world 

benchmark. 
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1. INTRODUCTION 

Haze is a frequent weather phenomenon that reduces visibility by scattering and absorbing light, 

which leads to low contrast, color distortion, and loss of fine detail in photographic images. These 

degradations have considerable implications for computer vision applications down the line—such as 

autonomous driving, aerial surveillance, and remote sensing—that depend on clear visibility of a scene for 

reliable operation [1]–[5]. The formation of a hazy image is commonly modeled by the atmospheric 

scattering model (ASM):  

 

𝐼𝑝 = 𝑡𝑝. 𝐽𝑝 + (1 − 𝑡𝑝). 𝐴(1) (1) 

 

Where 𝐽𝑝 represents original color, 𝐼𝑝 observed color, p position of pixel, 𝐴 is the ambient light, and 𝑡𝑝 is the 

transmission of the light reflected by the object. 

https://creativecommons.org/licenses/by-sa/4.0/
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𝑡𝑝 = 𝑒−𝛽𝑑𝑝 (2) 
 

Where 𝛽 represents the attenuation coefficient determined by the weather condition, and 𝑑𝑝 is the scene 

depth from the camera [6]. Traditional prior-based techniques such as DCP, CAP, and fusion-based priors 

attempt to estimate transmission and atmospheric light through handcrafted assumptions [7]–[9], but fail 

under dense or spatially non-homogeneous haze. Recent deep learning methods leverage convolutional 

neural networks (CNN) and generative adversarial network (GAN) to learn a direct mapping from hazy to 

clear images [10], [11], with attention and transformer-based variants further improving global context 

modeling [12], [13]. In parallel, diffusion-based generative models and perceptual-regularized GANs have 

also improved restoration fidelity in real-world conditions [14]–[16]. GAN optimization has evolved through 

regularization, conditioning, and architectural variants such as WGAN-GP and Pix2Pix-style conditional 

generative adversarial network (cGANs), commonly categorized in the literature as shown in Figure 1 [17]. 

Additionally, there is growing interest in lightweight and hardware-efficient designs for embedded platforms, 

enabling real-time haze removal on edge devices [18]. 

Among these approaches, cGANs remain highly effective for dehazing because they enforce both 

pixel-level accuracy and perceptual realism in an image-to-image translation setting [19]. However, 

existing methods often struggle to preserve texture sharpness and fine structural detail in real-world  

high-resolution haze. To address these limitations, this work proposes an enhanced cGAN framework 

integrating an attention-augmented U-Net generator, a PatchGAN discriminator, and a carefully balanced 

multi-component loss function. The main contributions of this work are: i) an attention-guided U-Net 

generator to recover both global structure and fine textures; ii) a weighted multi-loss combination 

(reconstruction, perceptual, edge, structural similarity (SSIM), and adversarial) to improve structural and 

perceptual fidelity; and iii) state-of-the-art performance on the real-world LMHaze dataset, surpassing 

prior GAN and transformer-based approaches in peak signal-to-noise ratio (PSNR) and SSIM. 
 

 

 
 

Figure 1. Classification of GAN [15] 
 

 

2. RELATED WORK 

Recent advances in image dehazing span three major directions: prior-based methods, deep learning 

methods, and adversarial generative approaches. Earlier works such as dark channel prior and fusion-based 

models [6]–[9] estimate atmospheric light and transmission maps via handcrafted assumptions, but typically 

degrade in dense or spatially varying haze. With the emergence of deep learning, CNN- and encoder–decoder-

based architectures improved robustness by learning direct mappings from hazy to haze-free images [10], [11]. 

GAN-based approaches further enhanced perceptual realism by enforcing distribution consistency 

between restored and ground-truth images. Zhu et al. [20] introduced DehazeGAN, reformulating the ASM 

within a generative framework and demonstrating improved performance on both indoor and outdoor scenes. 

Zhang and Patel [21] proposed densely connected pyramid dehazing network (DCPDN), which jointly 

estimates transmission and dehazed output with a pyramid-based design but struggles with scenes containing 

bright/white objects. Fu et al. [22] utilized a GAN based on discrete wavelet transform for image restoration 

with dense haze, which was shown to better preserve high-frequency texture. Liang et al. [13] investigated a 
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transformer based recursion strategy for image restoration, demonstrating that attention can effectively capture 

long range behavior while using fewer parameters. Meanwhile, Fang et al. [23] proposed a dual color-space 

guided model that better preserved structural properties of scenes in real-world haze. At the same time, 

Alhadeethy et al. [24] applied perceptual and cycle-consistency constraints to indoor scenes, but were not able 

to quantitatively benchmark their results. 

A broader comparison of these methods is presented in Table 1, highlighting dataset types, model 

strategies, performance metrics, strengths, and limitations. As shown, cGAN-based formulations consistently 

outperform traditional priors in perceptual quality but often struggle with texture consistency and color fidelity 

under complex real-world haze. These gaps motivate the present work, which integrates attention guidance 

and a multi-component loss to improve structural recovery and realism on high-quality real-world datasets. 

 

 

Table 1. The summary of the related work 
Ref.# Dataset Methodology Metrics Advantages Limitations 

[20] SUN-RGBD, 

NYU-Depth, 

and COCO 

CGAN Indoor (PSNR=22.15, 

SSIM=0.8727) 

And outdoor 

(PSNR=24.94, 

SSIM=0.9169) 

Earlier conditional 

GAN with good 

results 

Produced artifacts in 

dense haze 

[21] NYU-depth2 

RESIDE 

CycleGAN in DCPDN SSIM~0.9-0.965 This model is 

enhanced using a 

new loss function 

for edge-preserving 

DCP failed in images 

with white objects 

[22] Nh-Haze Nh-
Haze2 Dense-

Haze 

A discrete wavelet 
transform GAN 

PSNR~21.99 
SSIM~0.856 

Good architecture 
consists of two 

generators 

Training two generators 
and discrimination is 

difficult 

[13] Rain800, 

Rain100L, 
Rain100H, 

Snow100K 

deraining a recursive 

transformer (DRT) 

PSNR=(27.02, 37.61, 

29.47, and 28.04-32.15) 
SSIM=(0.847, 0.948, 

and 0.846) 

Used one 

transformer and 
repeated it on 

different samples 

Recursive can lead to 

cumulative errors if not 
designed perfectly 

[19] FRIDA Focus, flex, and entropy fade 

component blocks with an 

attention mechanism 

PSNR~25.4700-31.8100 

SSIM~0.8028-0.9573 

The capacity to improve 

image sharpness and its 

features 

Amplified computational 

complexity 

[23] RW2AH and 

Real-world 

smoke 

Guided dehazing 

network (SGDN) 

PSNR~ (22.26 and 

23.41) SSIM~ (0.668 

and 0.790) 

Superior performance 

on real-world smoke 

and haze 

The inherent difficulty of 

achieving perfect pixel-wise 

alignment in the real world 

[24] NYU depth GAN Numerical scores not 

found 

Use perceptual and 

cycle-consistency 
losses 

Absence of quantitative 

data 

 

 

3. METHOD 

This work proposes a carefully engineered Pix2Pix GAN, integrating U-Net with enhanced skip 

connections and a PatchGAN discriminator, aiming to balance local detail preservation with global 

consistency. The proposed GAN consists of a U-Net-based generator and a PatchGAN discriminator. Relies 

essentially on discovering and saving the patterns of the haze presented in the input images, as illustrated in 

Figure 2. Whereas conventional models (e.g., Dark Channel Prior) rely on physical priors and deep learning 

models (e.g., CycleGAN) require paired data, our model overcomes limitations such as artifacts in dense 

haze and costly computations with a hybrid GAN model. The main contributions are: i) a U-Net generator 

with self-attention for global haze removal; ii) a PatchGAN discriminator for preserved local details; and  

iii) a weighted loss function for pixel-wise and perceptual quality. 

 

3.1.  Proposed pix2pix GAN network 

The model adheres to the traditional pix2pix framework in which a U-Net generator performs haze 

removal and a PatchGAN discriminator promotes local realism. The U-Net employs strided convolutions to 

downsample the image, utilizes skip connections to recover spatial detail, and applies a bottleneck attention 

layer for global context. The generator generates a restored haze-free image conditioned on the hazy input. The 

discriminator assesses the generator images patchwise (rather than globally), allowing it to identify local 

inconsistencies and incentivizing the generator to produce sharper and more realistic reconstructions. The 

overall architecture of the discriminator is shown in Figure 3. The optimization uses a cGAN loss consisting of 

several components: the adversarial objective (3) encourages realism, the L1 reconstruction loss (4) maintains 

pixel-wise accuracy, and the final weighted loss formulation jointly enforces both structural 0.fidelity and 

perceptual realism, ensuring that the generator preserves fine texture while preventing over-smoothing. 
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𝐿𝑐𝐺𝐴𝑁(𝐺, 𝐷) = 𝐸{𝑥, 𝑦}[𝑙𝑜𝑔𝐷(𝑥,𝑦)] + 𝐸{𝑥}[log⁡(1 − 𝐷(𝑥,𝐺(𝑥)))] (5) 

 

𝐿𝑟𝑒𝑐 = 𝐸[||𝑦 − 𝐺(𝑥)|| − 1] (6) 

 

(𝐺)⁡𝑡𝑜𝑡𝑎𝑙⁡𝑙𝑜𝑠𝑠 = 1.5 × RL + PL + EL + 2.5 × SSIM + 0.1 × AL (7) 

 

 

 
 

Figure 2. Block diagram of the proposed system 

 

 

 
 

Figure 3. The discriminator architecture 

 

 

3.2.  Dataset 

Figure 4 shows the LMHaze dataset contains a collection of 1,115 paired real-world hazy.  

Figure 4(a) and clear images captured and Figure 4(b) in different atmospheric contexts and lighting 

conditions. This dataset was selected because the collection is representative of actual haze characteristics of 

the images instead of synthetically overlaying it for generalization to real deployment scenarios. The dataset 

is divided into 80% for training and 20% for testing to ensure a fair evaluation. 
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(a) (b) 

 

Figure 4. Images from the LMHaze dataset (a) haze image and (b) clear image 
 

 

3.3.  Preprocessing and implementation details 

The LMHaze dataset contains 1,115 real-world hazy/clear image pairs. Images are resized to 

256×256 and normalized to [-1, 1]. The dataset is split into 80% for training and 20% for testing. The model 

was implemented in PyTorch and trained on an NVIDIA RTX 3090 GPU using Adam with a batch size of  

8 for 75 epochs. The generator and discriminator are updated alternately with learning rates of 0.0002 and 

0.00008, respectively. 
 

 

4. RESULTS AND DISCUSSION 

This section focuses on the results and discussion. It covers the experimental results and 

performance metrics. Additionally, it provides a detailed analysis of all previous sections.  
 

4.1.  Experimental results 

The proposed system will be applied to many images from the proposed dataset. It outperformed 

previous state-of-the-art methods with a PSNR of 33.42 and SSIM of 0.9590 on the testing set. The results 

are shown in Figure 5 to indicate the performance of the proposed system in a subjective manner. Figure 5(a) 

shows the haze image, Figure 5(b) shows the dehaze image, and Figure 5(c) shows the clear image. 
 

 

   

   

   

   
(a) (b) (c) 

 

Figure 5. Results of the proposed system (a) haze image, (b) dehaze image, and (c) clear image 
 

 

4.2.  Performance metrics 

The proposed system reached the following efficiency when applied to the images of the dataset, where: 
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i) Training set: when performing the training process, the best results of the proposed system are 

PSNR=29.3 and SSIM=0.9656. These results will be reached in epoch (75) as illustrated in Figure 6. 

ii) Testing set: when performing the testing process, the average results of the proposed system are 

PSNR=33.42 and SSIM=0.9590. 

As shown in Figure 6, both PSNR and SSIM increase steadily with training, confirming stable 

convergence. The PSNR rises from 22.31 at epoch 5 to 29.3 by epoch 75, while SSIM improves from  

0.7831 to 0.9656 over the same period. The generator loss decreases consistently, and the discriminator 

remains stable, indicating a balanced adversarial process without collapse. The resulting dehazed images 

exhibit sharp textures and natural colors with no haloing or oversmoothing, demonstrating the effectiveness 

of the multi-loss optimization strategy. 
 
 

 
 

Figure 6. Results in the training process of the proposed system 
 

 

4.3.  Ablation study 

When proposing other values of the network parameters, as follows: total epochs=75, batch size=4, 

learning rate of the generator=0.0001, learning rate of the discriminator=0.00005, discriminator update 

frequency=2, and loss weights={reconstruction=12.0, perceptual=0.5, edge=0.5, ssim=2.0, and 

adversarial=0.01}. Figure 7 shows the best results of the system will not be as good as the previous, where 

PSNR =20.71 dB, as shown in Figure 7(a) and SSIM=0.7943, as shown in Figure 7(b). With an unstable state 

for the values of the explained metrics. As well as when applying an enhanced technique as a preprocessing 

technique, the results of the proposed system will be worse than the original results, as follows: total 

epochs=75, batch size=4, learning rate of the generator=0.0001, learning rate of the discriminator=0.0001, 

discriminator update frequency=41, and loss weights={reconstruction=1.0, ssim=1.0, perceptual=0.5, 

edge=1.5, and adversarial=0.05}  as well as the system applying CLAHE method to the input images before 

training as a preprocessing method. Figure 8 shows the best results of the system will not be as good as the 

previous, where PSNR=20.40, as shown in Figure 8(a) and SSIM=0.7123, as shown in Figure 8(b), and the 

values of them decreased as the number of epochs increased after epoch (15). The ablation study confirmed 

the perfect selection of hyperparameter choices and loss weights. 
 

 

  
(a) (b) 

 

Figure 7. Results of the ablation state 1 (a) PSNR for ablation state and (b) SSIM for ablation state 
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(a) (b) 

 

Figure 8. Results of the ablation state (a) PSNR for ablation state (b) SSIM for ablation state 

 

 

4.4.  Comparison with other systems 

The results of the proposed system are good when compared with other methods for dehazing images, 

as shown in Table 2 and Figure 9. As shown in Table 2, the proposed method outperforms existing techniques, 

achieving an 11.43-mark higher PSNR than DCPDN [21] and 23% better SSIM than SGDN [23]. Visual results 

in Figure 4 demonstrate effective haze removal in complex scenes (e.g., urban areas with dense fog). 

Limitations include moderate computational overhead (~15% slower than SGDN due to the self-attention 

module). It is important to realize that comparisons of different metrics from varying datasets can be 

deceptive. Therefore, for an equitable comparison, we would investigate all competing methods on our 

LMHaze dataset, but due to the results as reported, we can see a marked improvement with our method over 

other methods such as DCP, AOD-Net, and FFA-Net on varying datasets, including a difficult real-world 

benchmark dataset. Our qualitative analyses inform us that there is better texture recovery and fewer halo 

artifacts, problems experienced in prior-based and earlier compared to our later deep-learning models. 
 

 

Table 2. Results comparison 
Ref.# PSNR↑ SSIM↑ Dataset 

[13] Avg.=30,858 Avg.=0.8803 Rain800, Rain100L, Rain100H, and Snow100K 
[19] Avg.=28.64 Avg.=0.88005 FRIDA 

[20] 24.94 0.9169 SUN-RGBD, NYU-Depth, and COCO 

[22] 21.99 0.856 Nh-Haze, Nh-Haze2, and Dense-Haze 

[23] Avg.=22.835 Avg.=0.729 RW2AH and Real-world Smoke 
our 33.42 0.9590 LMHaze 

 

 

 
 

Figure 9. Comparison of PSNR and SSIM dehazing methods 
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4.5.  Strengths and limitations of the proposed system 

The proposed system demonstrates several strengths, including the use of a real‐world LMHaze 

dataset. A carefully designed multi-loss function that ensures high fidelity in reconstruction, and strong 

comparative performance metrics that validate its effectiveness. However, it also has certain limitations, such 

as the absence of ablation studies to evaluate the individual impact of each loss component, limited 

exploration of unsupervised or hybrid learning strategies, and only a modest level of theoretical justification 

for some of the architectural design choices. 

 

4.5.  Future directions include 

The addition of more extreme haze conditions to the dataset's range of conditions allows for the 

exploration of transformer-based architectures that can learn global context. Another approach would be to 

apply the model on video sequences to achieve temporal consistency in dehazing, also utilizing self-

supervised learning methods. This has been affected by [25] based on FPGA-based implementation, 

optimizing the model for real-time deployment within embedded systems or edge devices to reduce latency 

for applications in practice. Verifying the implementation feasibility of the proposed model in a low-cost 

edge computing platform, such as the Raspberry Pi. As aimed by [26] this could act as a approach to validate 

prior work the effect of lightweight and resource conserving models in resource constrained environment. 

 

 

5. CONCLUSION 

In this study, we introduce a dehazing model based on GANs that uses a U-Net generator with  

self-attention and a multi-component loss to improve structural and perceptual reconstruction. On the  

real-world LMHaze dataset, the model achieves a PSNR of 33.42 dB and SSIM of 0.9590, outperforming 

other approaches both quantitatively and qualitatively. These results suggest that self-attention combined 

with a balanced loss formulation leads to superior haze removal, especially in complex textural scenes of 

varying haze density. The proposed system provides a robust and efficient solution for real-world dehazing 

applications, especially in safety-critical domains where visual clarity is essential. 
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