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ABSTRACT 

Computer vision devices play a crucial role in both industrial and everyday life. However, when 
capturing images in hazy weather, the performance of these devices can be severely affected, 
resulting in a significant decrease in image quality. Therefore, effective image dehazing has become 
a necessary and urgent task. In recent years, with the rapid development of deep learning 
technology, significant progress has also been made in the field of image dehazing. However, 
despite the excellent performance of existing models in improving dehazing effects, they often 
overlook issues of computational efficiency and resource consumption. The high computational cost 
not only limits the widespread application of these advanced methods in practical scenarios, but also 
increases the difficulty and cost of hardware deployment. In response to the above challenges, we 
propose a novel lightweight image dehazing network called LDM-Net (Lightweight Dehazing Module 
Network). This network aims to reduce model complexity by optimizing structural design, while 
introducing attention mechanisms to enhance its generalization ability, thus better adapting to image 
dehazing needs in different environments. In order to verify the actual effectiveness and potential 
value of LDM-Net, we successfully deployed this network on various hardware platforms and 
conducted comprehensive testing and evaluation. The experimental results show that compared to 
several leading image dehazing solutions in the current market, LDM-Net can achieve better or at 
least equivalent dehazing performance while maintaining lower computational resource 
consumption. Specifically, it can approach or even surpass the performance of other advanced 
lightweight image dehazing methods in multiple key indicators, including but not limited to peak 
signal-to-noise ratio (PSNR), structural similarity index (SSIM), and visual perception evaluation. 
This achievement not only demonstrates the strong competitiveness of LDM-Net as an efficient and 
low-energy solution, but also points out a new direction for the research and development of image 
dehazing technology in the future. In addition, considering its good scalability and flexibility, LDM-
Net is expected to be widely used in smart city construction, auto drive system and other fields, 
further promoting the progress and development of related industries. 
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1. INTRODUCTION 

In daily life, due to industrial emissions, automobile exhaust, and other human activities, the 

concentration of particulate matter and water droplets in the atmosphere continues to increase [1], 

leading to a significant decrease in the quality of outdoor scene images. These turbid media, such as 

haze, scatter and absorb light, making distant objects blurry and reducing visibility, and have a 

negative impact on people's visual experience. In addition, for systems that rely on computer vision 

technology, the problem of image degradation caused by natural factors is particularly serious, as it 

directly affects the accuracy of algorithm recognition and overall performance [2]. To address this 
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issue, researchers have developed various dehazing techniques aimed at restoring the quality of 

photos or videos taken in polluted air. The main goal of dehazing is to improve image contrast, 

enhance detail clarity, and ultimately achieve the goal of improving scene visibility [3]. The process 

of image dehazing is shown in formula 1: 

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

 

Among them, the foggy image represented by 𝐼(𝑥) is usually known. However, the haze free image 

represented by 𝐽(𝑥) , the transmittance represented by 𝑡(𝑥) , and the atmospheric illumination 

intensity represented by 𝐴(𝑥) are generally unknown. The application scope of image dehazing 

technology is wide, covering many fields such as image classification [4], traffic monitoring [5], 

medical imaging [6], image segmentation [7], driving assistance systems [8], and remote sensing 

monitoring [9]. 

With the development of science and technology, research on how to effectively remove fog 

interference in images has gradually deepened, forming a diversified solution system including 

methods based on physical models [10-12] methods that utilize prior knowledge [13, 14], and deep 

learning methods that have emerged in recent years. Among them, methods based on deep learning 

networks [15-17] have received widespread attention due to their powerful feature extraction 

capabilities and good generalization performance. However, such methods typically require high 

computational resource support, especially when dealing with large-scale datasets, which poses 

certain challenges for practical applications. Considering that the common central processing unit 

(CPU) on traditional embedded devices may not be able to meet high-performance requirements, 

using graphics processing units (GPU) or field programmable gate arrays (FPGA) as hardware 

accelerators has become a feasible choice. Especially FPGA, it not only provides sufficient computing 

power to perform complex image processing tasks, but also has low power consumption and flexible 

configuration capabilities, making it very suitable for applications that are cost sensitive and require 

high efficiency operation. Therefore, exploring the implementation of efficient dehazing algorithms 

based on FPGA platforms has become one of the current research hotspots. Overall, traditional image 

dehazing methods are based on both physical models and prior knowledge. Although the model can 

achieve good image dehazing effects in certain specific scenarios, its generalization ability is weak 

and there are certain limitations in its application scenarios. However, deep learning based dehazing 

methods, such as convolutional neural network (CNN) based methods [18-22], or Transformer based 

dehazing methods [23-27] although can effectively improve image dehazing performance and model 

generalization ability, there are shortcomings in resource consumption considerations, often requiring 

a large amount of computing resources, which is very unfriendly to hardware deployment and 

practical applications. 

Therefore, in response to the above issues, this article proposes a system consisting of a lightweight 

image dehazing network and a corresponding hardware deployment framework. The system is based 

on a redefined Atmospheric Scattering Model (ASM) and is capable of learning both transmittance 

maps and atmospheric light intensity simultaneously. In order to compensate for the lack of 

generalization ability in lightweight image dehazing networks, this paper also introduces pixel 

attention mechanism (PA) to improve the learning performance of the network. The following are the 

main contributions of this article: 

1) A system combining lightweight image dehazing network and hardware deployment framework is 

proposed to efficiently solve the problem of image dehazing. 

2) Based on the redefined atmospheric scattering model, the joint learning of transmittance map and 

atmospheric illumination intensity has been achieved, enhancing the processing capability of the 

system. 

3) By introducing pixel attention mechanism, the learning ability and generalization performance of 

lightweight image dehazing network have been effectively improved. 
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4) In order to objectively evaluate the performance of the proposed model and compare it with the 

latest advanced image dehazing algorithms, extensive experiments were conducted on multiple 

benchmark hazy image datasets, including synthesized indoor/outdoor and natural hazy images. The 

results indicate that the system proposed in this paper outperforms some of the best dehazing 

algorithms in terms of overall image dehazing performance. 

The structure of the following chapters in this article is as follows: Chapter 2 will review the relevant 

research work in the field of image dehazing; Chapter 3 elaborates on the technical details and 

composition of the proposed method in detail; Chapter 4: In depth analysis and discussion of 

experimental results; Chapter 5 provides a summary of the entire text and offers prospects for future 

research directions.  

2. RELATED WORK 

This section aims to provide an overview of the advantages and limitations of various image dehazing 

algorithms, and to explore in depth the performance of these algorithms in hardware implementation, 

particularly on FPGA platforms. With the rapid development of image processing technology, image 

dehazing, as an important branch of computer vision, has attracted the attention of many scholars and 

given rise to various dehazing methods. These methods can generally be divided into two categories: 

one is based on traditional image processing techniques, and the other is based on modern algorithms 

of deep learning. Next, we will provide a detailed introduction to the advantages and disadvantages 

of these two types of algorithms, as well as the challenges and advantages they may encounter when 

deployed on FPGA. 

2.1. Traditional Image Dehazing Algorithms 

The dehazing algorithm based on image enhancement restores the details of blurry images through 

image enhancement techniques, improving visual quality, but may lose some detail information. 

Classic algorithms include histogram equalization [10], homomorphic filtering [11], Retinex [12], 

and other algorithms. Histogram equalization [10] uses statistical analysis of color grayscale 

distribution to nonlinearly stretch grayscale, increasing contrast and information content. However, 

this method does not pay attention to the original color, which may lead to color distortion and poor 

results. Dehazing algorithm based on homomorphic filtering: Homomorphic filtering also uses 

different algorithms to process different regions of the image in the frequency domain to reduce low-

frequency noise interference such as haze, thereby improving image contrast. This algorithm 

equivalently transforms the problem of restoring foggy images into the problem of increasing the 

frequency domain range of foggy images. By reducing the low-frequency information in foggy 

images and correspondingly increasing the high-frequency information in the images, the effect of 

image dehazing can be achieved [28]. Overall, image enhancement based dehazing algorithms do not 

take into account the fundamental reasons for the decline in image quality in foggy weather. They 

only enhance contrast and saturation, and do not truly dehazing. Moreover, they sacrifice some image 

information and reduce image information entropy. Some of these algorithms have high complexity 

and are difficult to meet real-time dehazing requirements. It can be seen that the dehazing algorithm 

based on image enhancement is difficult to achieve significant breakthroughs. The defogging 

algorithm based on Retinex is based on the theory of color constancy [29], which suggests that objects 

can maintain their original color when the light source changes [28]. Retinex improves image contrast 

by removing lighting effects, and many researchers use this theory to restore the original color of 

objects under different light sources. However, this method is prone to producing halo phenomena, 

which can affect the defogging effect. The Retinex theory [30] also suggests that scene imaging is 

related to the light color around the object, and the human eye can distinguish the changes of the same 

object in different environments. Based on this, the Retinex algorithm eliminates uneven lighting and 

improves visual effects by estimating illuminance and decomposing reflectance images. The 
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proposed single scale Retinex (SSR) algorithm [31], multi-scale Retinex (MSR) algorithm [32], and 

color restoration multi-scale Retinex (MSRCR) algorithm [33] have all achieved good results. 

Unlike image enhancement dehazing algorithms, image restoration dehazing algorithms focus more 

on the fundamental reasons for the impact of haze on image quality. They analyze the process of 

image quality degradation in the atmosphere from the perspective of atmospheric imaging physics 

models, and summarize and analyze several effective prior methods by observing a large number of 

foggy images. They estimate atmospheric parameters and scene color information [34], and then 

perform inverse operations based on the formation process of foggy images to restore clear images. 

Compared to the enhancement method, it achieved better dehazing effect. Tan et al. [35] proposed 

two hypotheses through statistical analysis: the contrast of foggy images is higher than that of foggy 

images, and atmospheric light changes smoothly in local areas. Based on these assumptions, they 

established a Markov random field model aimed at maximizing local contrast to achieve dehazing. 

However, this method is essentially contrast stretching, which may result in excessively high 

saturation of the restored image and halo effects in the edge regions. Fattal et al. [13] proposed a 

method for estimating light transmission in blurry scenes of a single image, redefining the 

atmospheric transmission model by treating each pixel in a haze free image as the product of the light 

reflectance factor and the reflected brightness. By projecting the three-dimensional color space vector 

of each pixel in the input image onto the atmospheric illumination vector and introducing surface 

shadows to eliminate scattered light, the contrast of foggy images can be restored, achieving a good 

dehazing effect. However, this model relies on the assumption of local independent components in 

foggy images, and the dehazing effect is limited for images with unclear changes in independent 

components such as dense fog. Tarel et al. [14] performed white balance processing on foggy images 

under the assumption of smooth changes in atmospheric light values, and used median filtering to 

calculate atmospheric light values. Due to the inability of median filtering to preserve edge 

information, the dehazed image may exhibit halo effects at changes in depth of field. He et al. [1] 

found through observation and statistics of a large number of outdoor fog free images that some pixels 

in non sky areas have at least one color channel with a low pixel value, indicating that fog makes dark 

pixels in degraded images brighter. Based on this prior, they estimated the medium transmission map 

and used an atmospheric scattering model to restore the fog free image. However, this method 

performs poorly and requires a large amount of computation when dealing with sky regions and high-

intensity objects such as snow capped mountains and white clouds. 

2.2. Deep Learning Based Image Dehazing Algorithms 

The focus of early research on image dehazing based on deep learning is still to obtain more refined 

atmospheric light and transmittance values through network training [15]. Neural networks are 

usually used to learn the nonlinear mapping between foggy images and real images [16]. In recent 

years, this field has developed rapidly. Cai et al. [17] proposed a DehazeNet network based on 

Convolutional Neural Network (CNN) in their study for removing haze from images. The network 

estimates the atmospheric light value A and then substitutes A into the atmospheric scattering model 

to restore it to a fog free image. However, for certain specific scenarios where the estimation of the 

medium transmission image is inaccurate, defogging images may suffer from color distortion, 

excessive defogging, and other issues [36]. Moreover, the use of global atmospheric light values and 

block estimation methods results in a inference time of 5.09 seconds for a single 640×480 fog image 

on a general CPU [22]. Ren et al. [37] used a multi-scale convolutional neural network (MSCNN) to 

learn the mapping relationship between foggy images and media transport images. The network first 

trains a coarse medium transmission map of foggy images, then uses a fine medium transmission 

network to refine the coarse medium transmission map, and finally uses an atmospheric scattering 

model to restore clear images without fog. But it trains the input foggy image into a rough 

transmission matrix and then refines it, which inevitably leads to errors [38]. If the estimation error 

of the medium transmission diagram is large, the superposition of the errors of the two parameters 
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will deteriorate the dehazing effect. The AOD-Net designed by Li et al. [22] achieved the mapping 

from input foggy images to generated non foggy images. Using a large number of foggy and non 

foggy datasets in the same scene, an end-to-end network was trained from foggy images directly to 

non foggy images to avoid errors in estimating multiple atmospheric parameters. It does not 

separately estimate the transmission matrix and atmospheric light coefficient, but unifies the two 

parameters into one parameter through formula conversion, and finally generates clear images 

directly through lightweight CNN. 

A. Mehra et al. [39] proposed ReViewNet, which is a fast, lightweight and powerful defogging system 

suitable for autonomous vehicle. The network uses components such as spatial feature pool, 

quadruple color prompt, multi view architecture and multi weighted loss to effectively de atomize 

images captured by autonomous vehicle cameras. Through detailed quantitative evaluation of five 

benchmark data sets, the effectiveness and progressiveness of the proposed model are analyzed. 

H. Ullah [40] proposed a lightweight convolutional neural network called Light DehazeNet (LD-Net) 

with high computational efficiency for reconstructing hazy images. Unlike other deep learning 

methods that measure transmission maps and atmospheric light separately, LD-Net uses a 

transformed atmospheric scattering model to jointly estimate transmission maps and atmospheric 

light. In addition, combining color visibility restoration methods to avoid color distortion in dehazing 

images. Y. Jin et al. [41] designed a dehazing network called LFD-Net, which extracts, fuses, and 

weights multi-scale features through the network structure of a lightweight atmospheric scattering 

model. LFD-Net achieves strong interpretability by utilizing gating fusion modules and attention 

mechanisms to facilitate feature interaction between multi-level representations. 

2.3. Hardware Implementation of Image Dehazing Algorithms 

With the rapid development of integrated circuits, various digital chips such as microcontrollers, 

ASICs, FPGAs, DSPs, etc. have gradually emerged in the field of image processing. When using 

microcontrollers for image processing, due to limited storage space, it is impossible to cache and 

process large amounts of image data, and there is a problem of slow processing speed; ASIC needs 

to be customized according to specified requirements, which may result in long development cycles 

and poor flexibility; FPGA is widely used in the field of image processing due to its fast parallel 

processing speed, small size, low power consumption, and high flexibility. To address the issue of 

limited FPGA resources, Li et al. [42] optimized Gaussian kernels using address encoding and 

distributed algorithms, achieving parallel multi-scale convolution. This implementation itself does 

not require frame buffering, greatly saving the use of BlockRAM. UStukov et al. [43] used the dual 

port RAM (BRAM) inside the FPGA to store each frame and line of the image, with the depth of the 

BRAM equal to the width of the image. Jin. Woo. Park et al. [44] processed the data as a stream 

between each module from the input stage, using only the minimum row buffer without using frame 

buffers. Zhou [45] proposed a single image dehazing system based on FPGA. Firstly, the average 

statistical method is used to estimate the atmospheric light value. Then, the improved dark channel 

map is used to estimate the transmittance. Finally, the guided filtering algorithm is used to refine the 

transmittance map, and the fast median filtering method is used to adaptively process the image 

boundary. Guo et al. [46] proposed an adaptive sky segmentation image dehazing method and 

transplanted the algorithm to FPGA, but the dehazing effect of the algorithm is too dependent on the 

results of sky segmentation. Kosugel et al. [47] utilized the partial reconstruction capability of FPGA 

to reduce hardware resource consumption when studying the nearest point iteration algorithm. A low 

complexity estimation method for aerial lighting based on distributed sorting and scaling brightness, 

taking into account the consistency between consecutive images in the video stream, and reducing 

computational complexity through frame extraction. In FPGA, frame data is obtained through direct 

memory access (DMA) and enhanced by a dehazing processor. Zhang Haibin [48] achieved image 

dehazing by completing bilinear interpolation scaling module, dark channel map and transmittance 
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map calculation module on the PL side of ZYNQ platform, and auxiliary algorithm and system 

control functions on the PS side. 

Overall, traditional image dehazing techniques can achieve good results in handling simple scenes, 

but their performance is often unsatisfactory when facing more complex haze environments. In 

addition, these methods rely on specific prior knowledge, which to some extent limits their 

adaptability and generalization ability to different types of haze conditions. In contrast, although deep 

learning based methods have shown great potential, there is still room for further optimization in 

terms of improving algorithm efficiency, reducing time complexity, and reducing resource 

consumption, whether based on neural networks or more advanced Transformer architectures. 

3. METHOD 

This section will introduce the following key parts in sequence: A) dehazing preprocessing and 

technical details, B) LDM-Net network architecture analysis, C) pixel attention mechanism design, 

D) FPGA hardware deployment design, E) explanation of the loss function used.  

3.1. Dehazing Preprocessing and Technical Details 

The Atmospheric Scattering Model (ASM) has become a classic benchmark in the field of image 

dehazing, but there is a problem of high time complexity in separately estimating 𝑡(𝑥) and 𝐴. In 

order to simplify this process and improve efficiency, this article has improved the ASM model, and 

its mathematical expression is shown in formula 2: 

𝐽(𝑥) =
𝐼(𝑥)−𝐴

𝑡(𝑥)
+ 𝐴                              (2) 

 

Encapsulate 𝑡(𝑥) and 𝐴 into an adaptive parameter 𝐾(𝑥) to estimate the haze free image 𝐽(𝑥), and 

the resulting mathematical expression is shown in formula 3: 

𝐽(𝑥) = 𝐾(𝑥) × 𝐼(𝑥) − 𝐾(𝑥) + 𝑏                       (3) 

 

Overall, 𝐾  here refers to a parameter used to evaluate and optimize the performance of image 

processing networks, typically associated with color channels such as RGB (red, green, and blue). At 

the end of the algorithm processing flow, a 𝐾 value will be generated for each color channel of each 

input image, which will be used for further calculation or optimization. In addition, this article sets 

the 𝑏 value to the most commonly used default value of 1. 

3.2. Deep Learning Solutions 

3.2.1. LDM-Net network architecture analysis.  

Unlike most heavyweight image dehazing networks, LDM-Net, as a lightweight image dehazing 

network, enhances the interaction and learning between feature information by introducing 

concatenation layers and pixel attention mechanisms, improving the model's generalization ability 

and image dehazing performance without making the model too bulky. The LDM-Net network 

framework is shown in Fig. 1: 
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Figure 1. LDM-Net Framework Structure 

In Convolutional Neural Networks (CNNs), the size of the convolution kernel affects the level and 

range of feature extraction. Large convolutional kernels capture global features, while small 

convolutional kernels excel at capturing local details. Although small convolutional kernels are 

widely used due to their performance and efficiency, lightweight models may face computational 

efficiency issues in deep networks. This article introduces a cascade layer to combine low-level and 

high-level features, optimizes the design of convolutional layers to simplify feature extraction, and 

adds an attention module to enhance feature interaction, improve feature fusion ability and model 

attention to important features, making the network more efficient and accurate in processing 

complex tasks. 

This article uses three concatenated layers, Concat1, Concat2, and Concat3, for feature fusion to 

ensure that each layer's feature representation contributes to the final output. For example, the 

Concat1 layer integrates features from Conv1 and PA modules, retaining important information 

learned in the early stages. This hierarchical structure optimizes information retention and integration, 

significantly improving the dehazing effect of images. The specific network layer parameters are 

shown in Table 1. 

Table 1. Network Framework  

 Channel (In/Out) Kernel Size Padding Stride 

Conv1 2/6 1 0 1 

Conv2 6/6 3 1 1 

Conv3 6/6 3 1 1 

Concat1 Conv1+PA 

Conv4 12/12 3 1 1 

Conv5 12/12 3 1 1 

Concat2 Conv4+PA 

Conv6 24/24 3 1 1 

Conv7 24/24 3 1 1 

Concat3 Conv2+Conv5+Conv6+PA 

Conv8 66/32 3 1 1 

Conv9 32/3 3 1 1 

 

Specifically, the input foggy image first passes through a convolutional layer Conv1, which has 2 

input channels and 6 output channels. Here, a 1×1 convolutional kernel is used for feature extraction 

without any padding, with a stride set to 1 to maintain the spatial dimension unchanged. Next, the 

feature map enters the second convolutional layer Conv2, which has 6 input and output channels. 

Using a 3×3 convolution kernel can capture a wider range of contextual information while performing 

a 1-unit padding to maintain image size, with a stride of 1. Subsequently, the feature map is passed 

through the third convolutional layer Conv3, which has the same configuration as Conv2 and uses 
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3×3 convolution kernels. The input and output channels are both 6, and 1 unit of padding is applied 

with a stride of 1. After these three convolutional layers, a concatenation layer Concat1 is introduced. 

This special layer concatenates the output of Conv1 with the output processed by pixel attention 

mechanism in the depth direction. This operation helps to increase the expressive power of the model, 

enabling the network to learn more complex and abstract features. Afterwards, the feature map is 

passed through the fourth convolutional layer Conv4, which has 12 input and output channels. A 3×3 

convolution kernel is used to fill 1 unit with a stride of 1. This step further enhances the abstraction 

level of the features. Next is the fifth convolutional layer Conv5, which has the same configuration 

as Conv4 and uses 3×3 convolution kernels. It has 12 input and output channels and is filled with 1 

unit, with a stride of 1. Then it reaches the second concatenation layer Concat2, which concatenates 

the output of Conv4 with the output processed by pixel attention mechanism in the depth direction. 

This design enables the network to integrate features from different levels, enhancing the 

expressiveness of the model. Afterwards, the feature map is passed through the sixth convolutional 

layer Conv6, which has 24 input and output channels. A 3×3 convolution kernel is used to fill the 

feature map with 1 unit, with a stride of 1. Next is the seventh convolutional layer Conv7, which has 

the same configuration as Conv6 and uses 3×3 convolution kernels. It has 24 input and output 

channels and is filled with 1 unit of padding, with a stride of 1. Next is the third concatenation layer 

Concat3, which concatenates the outputs of Conv2, Conv5, and Conv6 with the output processed by 

pixel attention mechanism in the depth direction. This further enriches the feature representation 

capability of the model. Afterwards, the feature map is passed through the eighth convolutional layer 

Conv8, which has 66 input channels (obtained from the previous concatenation layer) and 32 output 

channels. A 3×3 convolution kernel is used to fill 1 unit with a stride of 1. This step effectively 

integrates the features of previous layers. Finally, the image passes through the ninth convolutional 

layer Conv9, which has 3 input and output channels. A 3×3 convolution kernel is used to fill the 

image with 1 unit of padding, with a stride of 1. This is the final convolutional operation of the entire 

network, which maps features to the final output space. 

3.2.2. Pixel attention mechanism design.  

In order to further improve the generalization ability and feature information interaction ability of the 

model, this paper is inspired by reference [49] and introduces pixel attention into the network. It is 

worth noting that this article has improved the introduced pixel attention mechanism by modifying 

the original method of multiplying pixel weights to adding weights. The purpose of doing so is to 

reduce the complexity of the model, improve its computational efficiency, and reduce its inference 

time. Specifically, the input feature vector is processed through a 1×1 convolutional layer and 

highlighted with a Softmax activation function to highlight important features while suppressing less 

relevant ones. The improved pixel attention mechanism is shown in Fig. 2: 

 

Figure 2. Pixel Attention 

3.2.3. Loss Function.  

Previous studies [19, 50-52] have shown that using loss functions such as L1 loss, L2 loss, and 

perceptual loss alone, or combining multiple loss functions, can demonstrate good performance in 

various tasks. However, this article found through multiple experiments that the combination of 

multiple loss functions is not suitable for the LDM Net model. On the contrary, the commonly used 

L1 loss function performs the best in this model. Specifically, the L1 loss function can effectively 
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optimize model parameters, thereby achieving better dehazing performance. The definition of L1 loss 

function is shown in formula 4: 

𝐿1(𝜃) =
1

𝑁
∑ ‖𝐽𝑖 − 𝐼𝑖‖𝑁

𝑖=1                          (4) 

 

Among them, 𝜃 represents the network transmission parameter, 𝐽 represents the true value after 

dehazing, and 𝐼 represents the value of the input foggy image. 

3.3. FPGA Hardware Deployment Design 

3.3.1. Quantization.  

In this study, we chose the ZYNQ-7000 series as the hardware deployment platform. Given the 

limited resources of the ZYNQ hardware platform and the challenges faced by FPGAs in processing 

floating-point operations, introducing model quantization techniques has become a necessary step. 

Currently, several mature quantization methods [53-56] have been widely applied in the optimization 

process of deep learning models. This study specifically utilized the quantization principle provided 

by TFLite [54] to perform quantization transformations on the key parameters of the model used. The 

core idea of this method is to simplify the calculation process by removing unnecessary product terms, 

and to enable the quantized model to run more efficiently in the processing logic (PL) part of ZYNQ. 

In addition, it also supports integer type data operations and displacement operations, which are 

crucial for improving overall system efficiency. Specifically, the conversion from floating-point 

numbers to fixed-point numbers can be described by two mathematical formulas: Formula 5 is used 

to define how to map the original floating-point values to a specific range; Formula 6 explains how 

to select the most suitable integer value within this new range to approximate the original value. 

 

𝑞𝑓𝑙𝑜𝑎𝑡 = 𝑆(𝑞𝑖𝑛𝑡𝑒𝑔𝑒𝑟 − 𝑧)                          (5) 

 

𝑞𝑖𝑛𝑡𝑒𝑔𝑒𝑟 = 𝑟𝑜𝑢𝑛𝑑 (
𝑞𝑓𝑙𝑜𝑎𝑡

𝑆
+ 𝑧)                        (6) 

 

Among them, 𝑞𝑓𝑙𝑜𝑎𝑡  represents floating-point numbers, 𝑞𝑖𝑛𝑡𝑒𝑔𝑒𝑟  represents quantized integers, 𝑆 

represents the scale factor of the proportional relationship between real numbers and integers, and 𝑧 

represents zeros. 

3.3.2. Model reconstruction.  

In the LDM-Net network architecture, the convolutional layer, pooling layer, and activation function 

are the basic modules that constitute its core processing flow. In order to efficiently implement these 

key components and optimize their execution efficiency on hardware, using specific data structures 

in advanced synthesis (HLS) technology for cache management has become an important strategy. 

Specifically, through a carefully designed two-level integrated data structure, it can effectively 

support the large-scale data processing requirements in convolution operations, while ensuring that 

the computation process is both fast and energy-efficient. For the specific implementation of 

convolutional layers, a multi-level nested "for" loop structure is used to traverse every position of the 

input feature map and calculate the corresponding convolution kernel weights to generate the output 

feature map.  

In this process, three key multidimensional arrays are first defined: the first represents the input 

feature map, the second is used to store intermediate or final output feature maps, and the third 

contains all the convolution kernel weight values involved in the current convolution operation. It is 

worth noting that each convolution kernel itself exists in the form of a three-dimensional array, which 

not only contains information on the size of the filter in the spatial dimension, but also specifically 

states that the number of input channels processed by the corresponding convolution kernel must be 
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consistent with the requirements specified in the overall network design. In order to further improve 

performance, several instructions were added when writing the above loop logic, aimed at guiding 

the compiler on how to better optimize the code. For example, a complete unroll strategy was adopted 

for the inner and outer control variables, which correspond to different channel indices in the loop 

body; For iterations involving the height and width directions of feature maps, the default state is 

maintained without any special processing. In addition, it was emphasized that additional extensions 

need to be made to the multidimensional arrays used along the channel dimension in order to fully 

utilize the parallel computing resources available in modern FPGA architectures. Similarly, when it 

comes to pooling layers, although there are slight differences in their functionality-mainly simplified 

versions of spatial down sampling rather than complex feature extraction - there are many 

commonalities in their implementation methods that are worth learning from. For example, a similar 

multi-layer loop structure can also be used to describe the entire pooling process, and the relevant 

directive settings can be adjusted according to the actual situation to achieve the best results. The 

convolution process is shown in Fig. 3: 

 

Figure 3. Convolution operation. 

3.3.3. Hardware system.  

The image is first input into the ZYNQ chip. The ZYNQ chip contains a hardware acceleration unit 

(PL) and a processing system (PS) internally. The image is transmitted from PL to VDMA module 

through the "Image to Stream" interface, and then returned to PS through the "Stream to Image" 

interface. The PS section includes a DDR3 controller, which is used to control the read and write 

operations of DDR3 memory, thereby storing and managing image data. Finally, the image data is 

output through HDMI. Specifically, foggy images are captured by a camera and converted into an 

image data stream, which is then read/written through a FIFO. The video stream storage architecture 

of VDMA captures video frames from external sources, streams them and buffers them in external 

memory DDR3, and configures the frame rate of VDMA frames with Dynamic Genlock Master to 

prevent image fragmentation. Display the processed image data stream through an HDMI external 

monitor. The operation process is shown in Fig. 4: 

 

Figure 4. Hardware solution. 
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This article proposes an efficient method for utilizing the hardware resources of ZYNQ chips, which 

combines the advantages of distributed RAM and block RAM (BRAM). In addition to basic 

components such as Configurable Logic Blocks (CLBs) and switch interconnect matrices, the ZYNQ 

chip is also equipped with two key hardware resources: Block RAM and Hard Multiplicative 

Accumulator (DSP48E). The rational utilization of these resources is crucial for improving the overall 

computational performance of the system. With the support of hardware DSP48E, it can be ensured 

that two data items can be calculated within one clock cycle within a specific bit width range. In 

addition, block RAM can be used to cache intermediate calculation results, further optimizing 

processing speed. It is worth noting that these two resources are usually distributed in a logical array 

in columns, namely the PL part, and they are often close to each other. Therefore, the resources 

implemented by the array can be specified. For model parameter arrays with fewer parameters but 

higher performance requirements, distributed RAM, i.e. lookup tables (LUTs), is used for 

implementation. Due to the fact that distributed storage can be closer to the associated computational 

components, it can achieve better processing performance. In order to further improve data processing 

efficiency, this article adopts an array segmentation strategy. The main purpose of array partitioning 

is to increase the number of independent read-write ports, but more is not necessarily better. The 

specific number of partitions must be determined based on the actual data flow. Normally, there are 

three main forms of array partitioning: block partitioning, cyclic partitioning, and register partitioning. 

The block segmentation method first divides the data elements into several equal parts, and then fills 

each part in sequence; The cyclic segmentation method first divides the data into several equal parts, 

and then assigns one element to each block in turn, followed by a second round of allocation until all 

elements are allocated; The method of complete partitioning is relatively simple, which is achieved 

by allocating registers of a certain bit width to each array element. Among them, factor represents the 

number of segmentation blocks, and dim is the dimension of segmentation. 

4. EXPERIMENT AND ANALYSIS 

4.1. Experimental Setup 

4.1.1. Datasets.  

This section provides an overview of the datasets used in the training, validation, and testing phases 

of the LDM-Net model. During the training process, we used the OTS dataset, which contains 72135 

outdoor blurry images composed of paired clean outdoor images and corresponding blurry images. 

These blurry images were generated based on 2061 real outdoor scene images from real-time weather. 

When training the LDM-Net model, we selected 75% of the images in the OTS dataset as the training 

set and used the remaining 25% of the images as the validation set. To comprehensively evaluate the 

performance of the model, we also introduced multiple test sets, including synthetic datasets and real-

world datasets. For the evaluation of synthetic scenarios, this article selected the RESIDE [57] dataset 

to synthesize objective test sets (SOTS) and the Haze4K dataset [58] as the data sources for testing. 

The SOTS dataset contains 500 indoor and 500 outdoor test images, while the Haze4K dataset 

contains 4000 synthetic images. For the evaluation of real-world scenarios, this article selected a 

mixed subjective test set (HSTS) and real outdoor image datasets with and without fog to further 

validate the performance of the model in practical applications. 

4.1.2. Training parameters.  

This study utilized the PyTorch deep learning framework and implemented the proposed LDM Net 

model on a computing platform equipped with NVIDIA GeForce RTX 3060 Laptop GPU. In the 

optimization process, we chose Adam [59] algorithm as the optimizer and trained it for 40 epochs. 

Correspondingly, set the parameters 𝛽1, 𝛽2, and 𝜀 to 0.9, 0.999, and 1e-7, respectively. In addition, 

the initial learning rate of the model is set to 1e-4, the batch processing size is 16, and a cosine 
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annealing strategy is adopted [60] to adjust the learning rate through a cosine function. The 

mathematical expression for cosine annealing is shown in formula 7. 

 

𝑙𝑟(𝑡) =
1

2
(1 + 𝑐𝑜𝑠 (

𝑡𝜋

𝑇
)) × 𝑙𝑟𝑖𝑛𝑖𝑡                        (7) 

 

Among them, 𝑡 represents the current number of training steps, 𝑇 represents the total number of 

training steps, and 𝑙𝑟𝑖𝑛𝑖𝑡 represents the initial learning rate. In addition, during the training process 

of the model, this article also performs data augmentation operations by randomly cropping small 

blocks of 256×256 pixels from the original image, rotating the image by 90°, 180°, or 270°, and 

flipping it vertically or horizontally. 

4.1.3. Evaluation metrics.  

In the field of image dehazing, peak signal-to-noise ratio (PSNR) [61] and structural similarity (SSIM) 

[62] are important indicators for evaluating image quality. This article uses them to measure the 

effectiveness and performance of image dehazing processing. In addition, time complexity (𝑠) and 

the number of model parameters $(× 𝑃𝑎𝑟𝑎𝑚)$ were introduced to evaluate the overall performance 

of the model. 

4.2. Experimental Evaluation 

This section will compare LDM-Net with other advanced image dehazing methods, starting from 

parameters such as SSIM, PSNR, model parameters, and inference time, and combining visual 

observation to objectively evaluate model performance. Among them, the best performing results are 

presented in bold black. 

4.2.1. Deep learning model performance.  

As shown in Table 2, the performance of the proposed method and state-of-the-art technology (SOTA) 

on different datasets was compared. The results showed that among various image dehazing methods, 

the performance of manual prior based DCP [1] was not satisfactory. On all datasets, the PSNR value 

exceeded 20, and the SSIM value did not exceed 0.82. These results reveal the hypothetical 

limitations of the DCP method in handling different environmental conditions. Although AOD-Net 

[22], a deep learning based image dehazing method, performs well with PSNR values exceeding 20 

on the Indoor SOTS dataset, it does not show outstanding performance on other datasets. Other deep 

learning based methods [40, 63, 64] also have similar problems, with excellent PSNR and SSIM 

values on one or two datasets, but there are still some datasets that perform poorly. In contrast, the 

method proposed in this article outperforms other dehazing methods in terms of PSNR and SSIM 

metrics. Specifically, LDM-Net has PSNR values exceeding 25 and SSIM values exceeding 0.96 on 

multiple datasets. 

Table 2. The average values of PSNR and SSIM on SOTS dataset, Haze4K dataset, and HSTS 

dataset 

Method 
Indoor SOTS Outdoor SOTS Haze4K HSTS 

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM 

DCP 18.88 0.8129 17.68 0.7956 18.01 0.8152 17.88 0.8103 

AOD-Net 20.05 0.8477 19.28 0.8582 18.05 0.8335 18.01 0.8032 

FFA-Net 23.66 0.8702 20.56 0.9103 18.92 0.8434 18.99 0.8233 

LD-Net 22.12 0.8532 19.86 0.9032 19.56 0.8843 22.53 0.8941 

CDC-Net 22.78 0.9122 20.33 0.9231 18.55 0.8285 28.69 0.8743 

LDM-

Net(Ours) 
24.52 0.9433 26.78 0.9523 21.63 0.9229 23.12 0.9346 
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In the field of image dehazing, relying solely on quantitative analysis is not sufficient to 

comprehensively and objectively evaluate the performance of dehazing algorithms, and visual 

inspection (qualitative research) must be supplemented. In theory, the higher the peak signal-to-noise 

ratio (PSNR) value and the closer the structural similarity index (SSIM) value is to 1, the better the 

dehazing effect of the image. However, in practice, there may be situations where PSNR and SSIM 

values perform well, but visually the image quality after defogging is not ideal. Therefore, this study 

introduces a qualitative evaluation method aimed at comprehensively and reasonably evaluating the 

dehazing performance of images. 

As shown in Fig. 5, the DCP dehazing method based on prior knowledge exhibits significant 

shortcomings in dehazing indoor scenes, failing to achieve thorough dehazing on a regional basis; In 

outdoor applications, the effect is even worse, as the dehazed image shows shadows and distortions 

in blank areas. Some deep learning based image dehazing techniques also have similar problems, 

especially AOD-Net, which performs the worst in dehazing among deep learning methods. Both 

indoor and outdoor image dehazing did not achieve the expected results. In contrast, the method 

proposed in this article demonstrates superior performance in both indoor and outdoor image 

dehazing. From a visual perspective, the dehazing results of indoor images are close to natural real 

images, and the dehazing of outdoor images has basically reached the level of real images. 

 

Figure 5. Qualitative comparison on SOTS dataset, OTS dataset, and Haze4K dataset. 

4.2.2. Inference time and Model parameters.  

In the evaluation of deep learning models, inference time and model parameter quantity are two key 

performance indicators. This study used the Haze4K dataset to objectively evaluate the computational 

time complexity of each model by comparing the average inference time of different deep learning 

image dehazing methods. The experimental environment was configured with a 3.20 GHz AMD 

Ryzen 7 6800H Radeon with Radeon Graphics CPU, 16 GB RAM, and NVIDIA GeForce RTX 3060 

Laptop GPU, and conducted in PyTorch 2.0.1 environment. 

As shown in Table 3, the FFA-Net [63] image dehazing method performs poorly, with an average 

processing time of 1.24 seconds for a single haze image with a resolution of 400×400. In contrast, the 

LDM-Net image dehazing network proposed in this article performs superior and has the shortest 

image dehazing execution time among all compared methods. Specifically, LDM-Net takes an 

average of only 0.27 seconds to process a single fog image with a resolution of 400×400. 

Table 3. Average Execution Time 

Method AOD-Net FFA-Net LD-Net CDC-Net LDM-Net(Ours) 

Time/s 0.65 1.24 0.41 0.37 0.27 
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As shown in Table 4, although AOD-Net has the smallest number of model parameters, combined 

with the qualitative and quantitative evaluation analysis mentioned above, AOD-Net's performance 

in image dehazing is not ideal. This indicates that AOD-Net sacrifices the performance of image 

dehazing by reducing model parameters. It is worth noting that the method proposed in this article 

has an advantage over most other methods in terms of model parameters, that is, it is more lightweight. 

Specifically, the model parameters of LDM-Net are close to AOD-Net, and it performs well in terms 

of dehazing performance indicators. This indicates that LDM-Net can achieve excellent image 

dehazing effects while maintaining low time complexity and fewer model parameters. 

Table 4. Model Parameter 

Method AOD-Net FFA-Net LD-Net CDC-Net LDM-Net(Ours) 

Param (×M) 0.002 4.406 3.008 0.098 0.027 

 

4.2.3. FPGA hardware performance.  

This study selected a traditional DCP dehazing method based on prior knowledge and three 

lightweight image dehazing models based on deep learning for deployment on FPGA for comparison. 

As shown in Table 5, the DCP image dehazing method still performs poorly, with unsatisfactory 

PSNR and SSIM values on multiple datasets. Although the deep learning based image dehazing 

model is affected by quantization and its performance has declined, overall it is still superior to 

traditional image dehazing methods. It is worth noting that the LDM-Net image dehazing network 

proposed in this article performs the best on various datasets, with the best PSNR and SSIM values. 

Specifically, when the LDM-Net model runs on the FPGA framework, the average PSNR values 

exceed 20 and SSIM values exceed 0.9. This result indicates that LDM-Net can still maintain 

excellent dehazing performance in hardware acceleration environments. 

Table 5. The average values of PSNR and SSIM on SOTS dataset, Haze4K dataset, and HSTS 

dataset 

Method 
Indoor SOTS Outdoor SOTS Haze4K HSTS 

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM 

DCP 18.62 0.8012 18.68 0.8132 17.91 0.8052 17.86 0.8023 

AOD-Net 18.15 0.8357 18.42 0.8502 18.15 0.8232 17.91 0.8132 

LD-Net 20.32 0.8412 18.81 0.8812 18.52 0.8543 21.23 0.8847 

LDM-

Net(Ours) 
22.32 0.9341 24.84 0.9413 20.83 0.9021 22.09 0.9046 

 

As shown in Fig. 6, it can be clearly observed through visual observation that the performance of the 

DCP method is still unsatisfactory, with large areas of black shadows and distortion in the dehazed 

image. In addition, the performance of the selected deep learning based image dehazing algorithm 

also showed a certain degree of decline after 8-bit quantization and deployment on the FPGA platform. 

Especially in the AOD-Net model, serious black shadow and distortion problems also appeared in the 

processed results, especially when facing large blank areas, this phenomenon is more significant. In 

contrast, the hardware acceleration framework proposed in this article demonstrates stronger 

robustness to the above challenges. Even after quantization and hardware implementation, the final 

generated dehazing image can still retain the details of the original scene well, approaching the ideal 

clear state. This indicates that the method proposed in this study effectively reduces the negative 

impact caused by hardware limitations while maintaining a high defogging effect. 
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Figure 6. Qualitative comparison on SOTS dataset, OTS dataset, and Haze4K dataset. 

4.2.4. Inference time and Resource consumption.  

After successfully deploying the image dehazing algorithm on the FPGA platform, the introduction 

of ping-pong flow mechanism significantly optimized the processing flow, thereby greatly improving 

the average inference speed of dehazing operations on foggy images. According to the data in Table 

6, three deep learning based image dehazing schemes, including the method proposed in this study, 

have achieved varying degrees of performance improvement in hardware acceleration environments. 

Taking a single foggy image with a size of 400×400 pixels as an example, the AOD-Net model takes 

an average of approximately 0.631 seconds to complete a complete dehazing process; And LD-Net 

[40] can achieve the same goal in a shorter time (i.e. 0.082 seconds); It is worth noting that with the 

design method proposed in this article, the task can be completed in only about 0.021 seconds. From 

this, it can be seen that compared to the other two deep learning driven image dehazing techniques, 

when applied to dedicated hardware devices such as FPGA, the proposed solution in this study 

exhibits superior time efficiency. It not only significantly shortens the processing cycle of a single 

sample, but also means that it has stronger real-time performance and practicality in large-scale 

application scenarios. This achievement fully demonstrates the effectiveness of our optimization 

work for specific hardware architectures, and lays a solid foundation for further exploration of high-

performance and low latency visual computing solutions in the future. 

Table 6. Average Execution Time 

Method AOD-Net LD-Net LDM-Net(Ours) 

Time/s 0.631 0.082 0.021 

 

When deploying deep learning models on FPGA platforms, in addition to focusing on processing 

speed, it is also necessary to fully consider the important indicator of hardware resource consumption. 

As shown in Table 7, taking the LDM Net model as an example, after completing the migration to 

the FPGA end and performing system level synthesis, its occupancy of various key hardware 

resources is as follows: the actual usage of BRAM18K memory is 120 units, accounting for 11.5% 

of the total available quantity; The DSP48E digital signal processing unit has been called 590 times, 

accounting for 65.3% of the overall resource pool; The Flip Flop component activated a total of 

130676 instances, resulting in a resource utilization rate of 37.7% for this class; In terms of lookup 

tables (LUTs), as many as 130049 specific applications were recorded, increasing the proportion of 

resource allocation for this item to 75.7%. These data indicate that although specific optimization 



 

84 

methods can alleviate the challenges caused by model complexity to some extent, how to reasonably 

control resource overhead while ensuring high efficiency remains a major challenge in current 

research. In future work, more efficient algorithm design and architecture adjustment strategies 

should be further explored in order to achieve the optimal balance between performance and cost. 

Table 7. Hardware resource consumption 

Hardware resources Actual consumption Resources consumption rate/% 

BRAM_18K 120 11.5 

DSE48E 590 65.3 

FF 130676 37.7 

LUT 130049 75.7 

5. DISCUSSION 

Through in-depth analysis of qualitative and quantitative evaluation experiments, this article draws 

the following comprehensive conclusions. Firstly, the LDM-Net dehazing model proposed in this 

article demonstrates its unique advantages in objective evaluation indicators. The performance in 

PSNR and SSIM metrics is very impressive, surpassing current advanced dehazing methods. This 

result not only demonstrates the outstanding ability of LDM-Net in maintaining image structural 

information, but also reflects its enormous potential in improving image quality after dehazing. 

Secondly, from a visual observation perspective, LDM-Net also demonstrated its excellent dehazing 

effect. On most of the test datasets, the images processed by LDM-Net are clear, rich in details, 

effectively remove fog, and have a better visual experience than other comparison methods. This 

excellent visual effect further validates the reliability and effectiveness of LDM-Net in practical 

applications. It is worth mentioning that LDM-Net also has significant advantages in model 

parameters and execution time. Compared to other high-performance dehazing models, LDM-Net 

has fewer model parameters, which means it requires fewer resources for deployment and is more 

suitable for running in resource constrained environments. At the same time, LDM-Net has a shorter 

average time for single image dehazing, which greatly improves its efficiency in practical application 

scenarios. In addition, this article also implemented hardware deployment of the LDM-Net model. 

Considering the difficulty of FPGA in computing floating-point numbers, this paper quantifies the 

LDM-Net model. Finally, based on the dehazing performance of the model running on the FPGA 

framework, it also outperforms other deep learning models running on the FPGA framework. 

Overall, this study successfully achieved efficient and high-quality image dehazing by proposing the 

LDM-Net model. The experimental results indicate that LDM-Net performs well in multiple key 

performance indicators, including objective evaluation metrics such as PSNR and SSIM, as well as 

subjective visual experience. In addition, LDM-Net also has significant advantages in model 

parameters and execution time, making it more suitable for application in resource constrained 

environments. Future research can further optimize the LDM-Net model to adapt to image dehazing 

tasks in more complex scenarios, and explore its deployment possibilities on more hardware 

platforms. 
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