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Abstract: Atmospheric turbulence induces severe blurring and geometric distortions in facial imagery, critically compromising the performance of downstream tasks. 

To overcome this challenge, a lightweight conditional

diffusion model was proposed for the restoration of single-frame turbulence-degraded facial images. 

Super-

resolution techniques were integrated with the diffusion model, and high-frequency information was incorporated as a conditional constraint to enhance structural recovery and achieve high-fidelity generation. A simplified U-Net architecture was employed within the diffusion model to reduce computational complexity while maintaining high restoration quality. Comprehensive comparative evaluations and restoration experiments across multiple scenarios demonstrate that the proposed method produces results with reduced perceptual and distributional discrepancies from ground-truth images, while also exhibiting superior inference efficiency compared to existing approaches. The presented approach not only offers a practical solution for enhancing facial imagery in turbulent environments but also establishes a promising paradigm for applying efficient diffusion models to ill-posed image restoration problems, with potential applicability to other domains such as medical and astronomical imaging. 

Keywords: Diffusion model; High-frequency information; Atmospheric turbulence; Facial image 1 Introduction

Atmospheric turbulence is a common form of atmospheric motion that exerts long-term and severe impacts on optical imaging. Its irregular temporal and spatial fluctuations cause random phase distortions of the optical wavefront, leading to phenomena such as beam drift and spreading. These effects result in non-uniform distortion and blurring in images, significantly degrading imaging quality. Such impacts are prevalent in practical tasks, including facial recognition and long-range surveillance. Furthermore, compared with other types of image degradation, the irregularity of turbulent degradation makes it more difficult to model and mitigate [1]. Consequently, image restoration methods specifically designed to alleviate turbulent degradation have emerged. In the early stages of research, lucky frame imaging [2–8] was one of the common approaches to mitigate turbulent degradation. This method captures a large number of short-exposure images, selects those least affected by atmospheric turbulence for stacking and synthesis, and typically yields high-resolution results close to the diffraction limit. However, lucky frame imaging is mainly suitable for weak turbulence distortion scenarios and struggles to achieve satisfactory outcomes under strong turbulence. Additionally, since this method takes sequential images as input, the reconstruction process usually incurs high time costs, which limits its application in many scenarios requiring real-time performance. With the vigorous development of deep learning methods, various neural network-based approaches for single-frame image restoration have emerged. Many researchers have focused on deterministic networks such as Convolutional Neural Networks (CNNs) and Transformers. For example, Mao et al. [1] proposed TurbNet, which utilizes self-attention mechanisms to extract dynamic turbulent distortion maps from degraded images, assisting the network in learning the spatial variation characteristics of turbulence and effectively alleviating turbulence effects in degraded images. 

Li et al. [9] designed Fourier Modulated Attention (FMA) and Dynamic Mixing Layers (DML) and proposed SRConvNet. By combining the capabilities of CNNs and Transformers, this network achieves excellent performance in tasks such as super-resolution imaging and motion deblurring. Further innovative architectures and methodologies in this domain are detailed [10–15]. Leveraging the strong inductive bias and global dependency capture capabilities of CNNs and Transformers, researchers have developed numerous network architectures with outstanding restoration
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results. However, due to the lack of randomness, deterministic networks tend to suffer from the mean regression effect when addressing the ill-posed problem of image restoration, resulting in reconstructed images lacking fine details [12]. Generative models aim to learn the distribution of target images and then obtain restoration results through distribution sampling. The randomness introduced during sampling can avoid the mean regression effect. 

As one of the generative models, Generative Adversarial Networks (GANs) benefit from the adversarial game between the generator and the discriminator, which guides the generator to produce results close to the distribution of clear images, achieving excellent performance in single-frame image restoration tasks. For example, Awasthi and Sharma [16] proposed a comprehensive loss function combining perceptual consistency and pixel-level fidelity in GANs, improving the overall restoration quality. Further developments in this area have been documented [17, 18]. 

However, during the training of GANs, they may suffer from mode collapse, making it impossible to learn the complexity and diversity of real data. Recently, diffusion models have achieved exciting results in the field of image generation due to their powerful distribution learning capabilities. Researchers have extended the application of diffusion models to image restoration tasks and obtained promising restoration outcomes. Özdenizci and Legenstein

[19] utilized diffusion models to achieve model restoration independent of image size, achieving favorable results in weather-degraded images. Nair et al. [20] started denoising from degraded images rather than Gaussian noise, reducing the inference time of diffusion models and improving the fidelity of restoration results. Considering that diffusion models usually require high computational costs, Zhu et al. [21] integrated traditional plug-and-play methods into the diffusion sampling framework, maintaining high reconstruction perceptual quality while achieving high computational efficiency. Several other single-frame image restoration methods based on diffusion models have been explored [22–25]. Starting from the Gaussian distribution, diffusion models predict the true distribution of clear images and can output reasonable restoration results with rich details. Despite the great potential demonstrated by diffusion models, the limited information contained in single-frame degraded facial images (such as contours and facial feature positions) may lead the models to generate results that are seriously inconsistent with real images. 

Based on the above considerations, a conditional diffusion model integrated with high-frequency information, named HFDM, was proposed in this study. Super-resolution technology was utilized to capture high-frequency information from degraded images, which serves as a conditional constraint for the diffusion model, and the improved diffusion model was leveraged to restore single-frame turbulence-degraded facial images. Additionally, considering the complex inference steps of diffusion models, lightweight processing on the U-Net within the diffusion model was performed. Experiments demonstrate that HFDM achieves higher-quality restoration results while maintaining faster model inference efficiency. The main research contributions of this study are as follows: 1. Proposal of a conditional diffusion model with high-frequency information constraints to achieve high-fidelity restoration results. 

2. Simplification of the U-Net, significantly reducing the model’s computational cost. 

3. Full demonstration of the model’s restoration performance by conducting extensive experiments under scenarios with different turbulence degradation intensities. 

The rest of this study is organized below. Section 2 details the proposed turbulence-degraded image restoration method, including the reconstruction of high-frequency information and the lightweight processing of the U-Net. 

Section 3 introduces the experimental data, implementation details, and various experimental results to demonstrate the restoration performance of the proposed method. Section 4 presents the conclusions of this study, summarizing its contributions. 

2 Method

In this paper, a diffusion model is adopted as the restoration network, and super-resolution imaging technology is utilized to extract high-frequency information from degraded images, which serves as the conditional input to the diffusion model. Since high-frequency information contains details such as edges and textures of the image, it can constrain the diffusion model to generate restoration results closer to the original image, thereby improving the fidelity of the restored outcomes. The overall restoration workflow of our method is illustrated in Figure 1. 

In this section, we first elaborate on the acquisition of high-frequency information, and then further describe the implementation details of HFDM. 

2.1 High-Frequency Information

Local regions of facial images typically exhibit significant structural characteristics and correlations. Transformers capture the dependencies between arbitrary positions in sequences directly through self-attention mechanisms, enabling global dependency modeling. This makes them highly suitable for the task of extracting high-frequency information from facial images, yet they also incur high computational costs. In the super-resolution network proposed by Li et al. [9], self-attention mechanisms are simulated via convolutions and Fourier transforms, which not only accurately represent facial image features but also achieve a more lightweight effect compared to the original Transformer. Therefore, we retain the main feature extraction structure of this network while removing the 2
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final residual structure to serve as our high-frequency information extraction network. The process of extracting high-frequency information is illustrated in Figure 2. 

Let xturb denote a turbulence-degraded facial image. First, a 3 × 3 convolution is used to extract preliminary facial features, and the result is denoted as fS. 

fS = conv (xturb)

(1)

where, conv (·) denotes a convolutional operation. Subsequently, fS undergoes M Attentive Convolutional Blocks for feature extraction, yielding fM . A residual connection is performed between fM and fS to obtain deep facial features:

fm = ACB (fm−1) , m = 1, 2, · · · M

(2)

fD = fS + fM

(3)

in the above formula, fm denotes the result of m rounds of feature extraction, i.e., f0 = fS. ACB (·) represents the Attentive Convolutional Block, which is the core component of the network. Within this block, fm−1 is primarily processed through a 1 × 1 convolution to simulate the calculation of values in the self-attention mechanism. 

Additionally, fast Fourier transform (FFT) is utilized on fm−1 to efficiently generate global attention weights, and the values are fused with the weights in a multi-head attention manner. This process reconstructs clear facial features and the correlations between them. 

At the end of the network, a pixel shuffle module (PS) and a 3 × 3 convolution operation are employed to restore feature fD to the same size as the turbulence-degraded facial image xturb, yielding high-frequency feature xHF I . 

The results of high-frequency information extraction are presented in Figure 3. 

xHF I = conv (P S (fD))

(4)

Figure 1. Overall restoration workflow. High-frequency information is used as the conditional input to the diffusion model to generate high-fidelity restoration results, AT denotes a turbulent degraded image, HFI represents high-frequency information, and RI stands for a restored image

Figure 2. The process of extracting high-frequency information. Using lightweight convolutions and Fourier transforms to simulate the computational process of self-attention mechanisms, and achieving efficient capture of high-frequency features
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Figure 3. Presentation of high-frequency information results. The super-resolution network [9] is retained during model inference, with the residual connections removed and the backbone network utilized for feature extraction to obtain high-frequency information

2.2 Conditional Diffusion Model

Compared with other generative models such as GANs and VAEs, diffusion models exhibit a more stable training process and higher fidelity. From a distribution perspective, our diffusion model maps the unknown distribution of clear facial images in the training set to a standard normal distribution through a noise addition process during training. Subsequently, it leverages a U-Net to perform a gradual denoising process starting from randomly generated Gaussian noise, predicts the distribution of clear facial images from the standard normal distribution, and obtains restored facial images by sampling from this distribution. In this process, the turbulence-degraded facial image to be restored and the corresponding high-frequency information serve as conditional inputs to guide the distribution in generating more realistic facial results. 

The clear facial images in the training set are denoted as x0, and the noise addition process for x0 is expressed by the following formula:

xt = ¯

αtx0 + ¯

βtεt, t = 1, 2, · · · T

(5)

where, xt denotes the result after t rounds of noise addition, and t here is typically referred to as the time step. εt is randomly generated Gaussian noise, while ¯

αt and ¯

βt are two one-dimensional constants. Specifically, ¯

αt gradually

decreases as the time step increases, eventually approaching 0, whereas ¯

βt behaves conversely—it starts near 0 and

gradually approaches 1. The purpose of this setting is to control the proportion of the clear image and Gaussian noise in the final noised result, enabling the distribution of the noised result to gradually skew toward the Gaussian distribution. The noise addition process is illustrated in Figure 4. 

Figure 4. Noise addition process of diffusion models. Adding Gaussian noise to clean facial images to realize the transformation of the true facial distribution toward the Gaussian distribution The denoising process proceeds in the reverse direction, starting from the final noised result xT and progressing step-by-step toward T → 0. Assuming that xt is obtained after T − t denoising steps from xT , the process of denoising xt to get xt−1 can be described by the following formula:

xt−1 = µt (xt) + σ2 ∗ ε

t

(6)

where, ε is a randomly sampled Gaussian noise, µt and σ2t denote the mean and variance of xt−1, respectively. Their calculation formulas are as follows:
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where, αt and βt are one-dimensional constants, and their relationships with ¯

αt and ¯

βt are given by ¯

αt = αtαt−1···α1

and ¯

βt = βtβt−1 · · · β1, respectively. ε′ denotes the unknown Gaussian noise to be removed in this denoising step, which is predicted by feeding xt and the degraded facial image xturb into the U-Net as inputs. Additionally, to guide the denoising process in generating restored results that are more consistent with human visual perception and closer to the true facial distribution, we extract the corresponding high-frequency information xHF I from the degraded image xturb as an additional conditional input, assisting the diffusion model in generating more realistic facial textures and details. 

2.3 U-Net Structure

In our U-Net, the U-Net structure proposed by Nair et al. [20] is lightweighted to reduce inference costs. We retain the main residual block-based feature extraction structure while removing the self-attention mechanism. The core of self-attention lies in calculating global similarity, and its time complexity is proportional to the square of the spatial dimension (O N 2), where N denotes the number of feature patches). On high-dimensional feature maps, this module generates substantial redundant computations, leading to slow inference speed. However, the U-Net itself already possesses strong capabilities in local feature capture and contextual information fusion. After removing the self-attention module, the model can significantly reduce the computational burden while maintaining core performance. The specific structure of our U-Net is illustrated in Figure 5. Where, X denotes the input to the U-Net, which is constructed by concatenating {xturb, ¯

xt, xHF I } along the channel dimension. In the U-Net, a 3 ×

3 convolution is first used to increase the image depth and extract preliminary features f . 

f = conv (X)

(9)

Figure 5. U-net network structure: (a) The overall architecture is mainly composed of residual modules, where the yellow part represents the encoder and the purple part represents the decoder; (b) Structure of the residual module; (c) Structure of the output module

In the encoder path, a 6-layer feature extraction structure is designed, where each layer consists of two consecutive residual blocks. A downsampling operation is added between layers to reduce the spatial size of the feature maps and increase the depth. Eventually, the shallow features fE0 ∼ fE5 of the encoder are obtained. 

fE0 = Resblock2 (f ) , fEi = Resblock2 (down(fEi−1)) , i = 1, 2, 3, 4, 5

(10)

where, down (·) denotes the downsampling operation, and the subscript of Resblock2 (·) indicates the number of residual blocks. Two consecutive residual blocks are also used in the bottleneck layer: fB = Resblock2 (fE5)

(11)

In the decoder path, a 6-layer feature extraction structure is used symmetrically with the encoder, and 3 residual modules are arranged in each layer. An upsampling operation is employed between layers, and before feature extraction in each layer, a skip connection is performed with the corresponding encoder features. The formula is expressed as follows:

fD0 = up (Resblock3 (SC (fB, fE5)))

(12)
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fDi = up (Resblock3 (SC (fDi−1, fE5−i))) , i = 1, 2, 3, 4

(13)

fD5 = Resblock3 (SC (fD4, fE0))

(14)

where, up (·) denotes the upsampling operation and SC (·) stands for skip connection. At the end of the U-Net, in the output module, normalization and an activation function are performed sequentially, and a 3 × 3 convolution is used to restore the result to 3 channels:

ε′ = conv (SiLU (GN (fD5)))

(15)

where, GN (·) denotes the group normalization operation, and SiLU (·) stands for the Sigmoid Linear Unit activation function. 

3 Experiments

In this section, we will demonstrate the lightweight achievements of the HFDM, enabling the model to complete inference in a shorter time. Subsequently, we will conduct qualitative and quantitative comparisons between our model and other diffusion models as well as super-resolution models to verify the effectiveness in alleviating turbulence degradation. Finally, we will validate the restoration performance of our model under turbulence degradation scenarios of various intensities. 

3.1 Data Preparation

In this paper, the Flickr-Faces-High-Quality (FFHQ) dataset is used for all model training and experiments, with an image size of 256 × 256 × 3. The P2S method [26] is employed to generate turbulence-degraded facial images. In this simulation method, the ratio of the camera aperture D to the atmospheric coherence length r0 is used to control the turbulence intensity of the degraded images. 

3.2 Implementation Details

All model training and experiments are implemented using the PyTorch framework on an NVIDIA GeForce RTX

3090. In the high-frequency information extraction network, 3,000 facial images are used as the training set, with the batch size set to 16 and the number of model training iterations set to 10,000. When training the diffusion model, 5,000 facial images are used as the training set and 1,000 as the test set. The batch size is set to 8, the number of model training iterations is set to 50,000, and the time step during training is set to 1,000. Similar to the approach proposed by Nair et al. [20], during model inference, the total number of time steps is 100, with 40 of them skipped. 

3.3 Model Complexity Comparison Experiment

We trained ATDDPM [20] using the same training configurations as the proposed method and conducted comparative experiments. The quantitative analysis results of model complexity and restoration performance are presented in Table 1 (where HFI denotes our high-frequency information extraction network). The experiments evaluate model complexity from three core dimensions: computational complexity (FLOPs), number of parameters (Parameters), and inference time per image (Seconds per image). 

Meanwhile, the LPIPS and FID metrics are adopted to quantitatively assess restoration performance. The results show that, on the premise of achieving better restoration performance, the proposed method reduces the computational complexity by approximately 1.1%, decreases the number of parameters by 9.3%, and shortens the inference time per image by 20.6%, successfully achieving a better balance between complexity and performance. Notably, although our network additionally incorporates high-frequency information extraction, the overall restoration time per image is still significantly shorter, fully verifying the overall efficiency of the model. 

Table 1. Model complexity comparison results

Method

FLOPs

Parameters

Seconds per Image

LPIPS↓

FID↓

ATDDPM [20]

627.39 G

311.03 M

6.1800 s

0.1626

55.2916

HFI

22.48 G

0.98 M

0.8107 s

-

-

Ours

620.54 G

282.07 M

4.9078 s

0.1324

35.3613

Note: Our method and ATDDPM [20] were trained with the same configurations on the FFHQ dataset, and the results show that our method achieves more efficient restoration
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3.4 Restoration Results Comparison Experiment

We conducted comparative experiments on the FFHQ dataset with the turbulence intensity set to D/r0 = 4. 

In the experiments, various image restoration methods (ATDDPM [20], DSRNet [10], and SRConvNet [9]) were trained with the same configurations as our model (5,000 images for the training set and 1,000 for the test set) to ensure the fairness of the comparison. The qualitative and quantitative comparison results are shown in Figure 6

and Table 2, respectively. In Table 2, we used two commonly used evaluation metrics, PSNR and SSIM, to measure the differences between the restoration results and the ground-truth images. The results indicate that our restoration results have the smallest deviations from the ground-truth images in terms of brightness, contrast, structure, and other aspects, making them closer to the real images. 

Secondly, we employed the LPIPS metric, which is more consistent with human visual perception, to verify the restoration performance. It can be seen that our method achieved the optimal LPIPS result, demonstrating that there is a smaller perceptual difference between our restoration results and the ground-truth images. Finally, FID was used to compare image distributions, which is one of the important metrics for evaluating the generation quality of generative models. As shown in Table 2, compared with other methods, our diffusion model can generate results that are most similar to the distribution of real images. On the other hand, in the qualitative result Figure 6, compared with DSRNet [10] and SRConvNet [9], our restoration results have clearer facial details and image backgrounds. In the restoration result of ATDDPM [20] (Figure 6b), obvious distortion effects appear at the image contours. However, in our restoration result (Figure 6e), this issue is well improved by using high-frequency information as a conditional constraint. 

Figure 6. Qualitative restoration results comparison: (a) Turbulence-degraded images; (b) Restoration results of ATDDPM [20]; (c) Restoration results of SRConvNet [9]; (d) Restoration results of DSRNet [10]; (e) Restoration results of our model; (f) Ground-truth sharp images

Table 2. Quantitative comparison of the proposed method with other methods ATDDPM [20]

DSRNet [10]

SRConvNet [9]

Ours

PSNR↑

21.7669

21.2985

21.3787

22.7135

SSIM↑

0.6211

0.6048

0.6245

0.6950

LPIPS↓

0.1626

0.5041

0.3800

0.1324

FID↓

55.2916

100.2637

76.4782

35.3613

Note: The bold values in each row indicate the best results for that metric among all methods, and it can be seen that the proposed method exhibits significant advantages across all four metrics

3.5 Mixed Turbulence Intensity Restoration Experiment

We retrained the diffusion model on facial image data with mixed turbulence intensities. The training set consists of 1,600 facial images with weak turbulence degradation (D/r0 = 2), 1,600 facial images with moderate turbulence degradation (D/r0 = 3.5), and 1,600 facial images with strong turbulence degradation (D/r0 = 5). The restoration results are shown in Figure 7. In scenarios with weak turbulence (Figure 7a) and moderate turbulence (Figure

7b), we can restore relatively clear facial results that are close to the ground-truth images. In the scenario with strong turbulence degradation, although the restoration results (the first row of Figure 7c) can achieve a level of clarity consistent with human visual perception, compared with the ground-truth images, inconsistent results with the original images may be generated in the local details of facial features. 
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Moreover, due to the excessive turbulence distortion, a small amount of distortion and blurriness may still exist in some restoration results (as shown in the second row of Figure 7c). However, overall, the proposed method can still effectively eliminate most turbulence effects and generate results close to real faces, providing reliable technical support for alleviating turbulence in different scenarios. 

Figure 7. Restoration results under various turbulence intensities: (a) Restoration results under weak turbulence intensity; (b) Restoration results under moderate turbulence intensity; (c) Restoration results under strong turbulence intensity; (d) Ground-truth sharp images

4 Conclusion

Super-resolution technology was combined with diffusion models in this study. Reconstruction of the high-frequency information of facial images through super-resolution technology provided effective assistance for diffusion models, enabling them to generate smoother facial contours and clearer facial feature details. Comparative experiment results show that the proposed method achieved optimal performance among all four quantitative evaluation metrics and possessed efficient computational performance. In qualitative comparisons, this method effectively eliminated most random distortions and blurriness in images, significantly alleviating the negative impacts caused by turbulence degradation. Additionally, in the restoration experiment with mixed turbulence intensities, the proposed method maintained stable and excellent restoration performance under scenarios with moderate or lower turbulence intensities. 

Even when facing extremely severe turbulence degradation, although the restoration performance was subject to certain limitations, it still effectively eliminated most degradation features. This also reflects the applicability limitation of the current method in severely degraded scenarios. 

To address the aforementioned

shortcomings, future work will focus on optimizations in the following two aspects: 1. Performance enhancement of the high-frequency information extraction network: For scenarios with stronger turbulence degradation, the network’s ability could be improved to mine effective high-frequency information, providing strong support for diffusion models to generate more stable and realistic detailed features. 

2. Improvement of high-frequency information fusion: In the current method, high-frequency information is only used as a simple conditional input for diffusion models, and its role has not been fully exerted. Subsequent work will optimize this fusion strategy, enabling high-frequency information to be integrated into the overall inference process of the network more deeply and efficiently. 
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Abstract: Atmospheric turbulence induces severe blurring and geometric distortions in facial imagery, critically
compromising the performance of downstream tasks. To overcome this challenge, a lightweight conditional
diffusion model was proposed for the restoration of single-frame turbulence-degraded facial images. Super-
resolution techniques were integrated with the diffusion model, and high-frequency information was incorporated
as a conditional constraint to enhance structural recovery and achieve high-fidelity generation. A simplified U-Net
architecture was employed within the diffusion model to reduce computational complexity while maintaining high
restoration quality. Comprehensive comparative evaluations and restoration experiments across multiple scenarios
demonstrate that the proposed method produces results with reduced perceptual and distributional discrepancies
from ground-truth images, while also exhibiting superior inference efficiency compared to existing approaches. The
presented approach not only offers a practical solution for enhancing facial imagery in turbulent environments but
also establishes a promising paradigm for applying efficient diffusion models to ill-posed image restoration problems,
with potential applicability to other domains such as medical and astronomical imaging.

Keywords: Diffusion model; High-frequency information; Atmospheric turbulence; Facial image
1 Introduction

Atmospheric turbulence is a common form of atmospheric motion that exerts long-term and severe impacts
on optical imaging. Its irregular temporal and spatial fluctuations cause random phase distortions of the optical
wavefront, leading to phenomena such as beam drift and spreading. These effects result in non-uniform distortion and
blurring in images, significantly degrading imaging quality. Such impacts are prevalent in practical tasks, including
facial recognition and long-range surveillance. Furthermore, compared with other types of image degradation,
the irregularity of turbulent degradation makes it more difficult to model and mitigate [1]. Consequently, image
restoration methods specifically designed to alleviate turbulent degradation have emerged. In the early stages of
research, lucky frame imaging [2-8] was one of the common approaches to mitigate turbulent degradation. This
method captures a large number of short-exposure images, selects those least affected by atmospheric turbulence for
stacking and synthesis, and typically yields high-resolution results close to the diffraction limit. However, lucky frame
imaging is mainly suitable for weak turbulence distortion scenarios and struggles to achieve satisfactory outcomes
under strong turbulence. Additionally, since this method takes sequential images as input, the reconstruction process
usually incurs high time costs, which limits its application in many scenarios requiring real-time performance. With
the vigorous development of deep learning methods, various neural network-based approaches for single-frame image
restoration have emerged. Many researchers have focused on deterministic networks such as Convolutional Neural
Networks (CNNs) and Transformers. For example, Mao et al. [1] proposed TurbNet, which utilizes self-attention
mechanisms to extract dynamic turbulent distortion maps from degraded images, assisting the network in learning
the spatial variation characteristics of turbulence and effectively alleviating turbulence effects in degraded images.
Li et al. [9] designed Fourier Modulated Attention (FMA) and Dynamic Mixing Layers (DML) and proposed
SRConvNet. By combining the capabilities of CNNs and Transformers, this network achieves excellent performance
in tasks such as super-resolution imaging and motion deblurring. Further innovative architectures and methodologies
in this domain are detailed [10-15]. Leveraging the strong inductive bias and global dependency capture capabilities
of CNNs and Transformers, researchers have developed numerous network architectures with outstanding restoration
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