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Abstract

In recent years, Transformer architectures have excelled at modeling non-local information.
This makes them suitable for image deraining. However, existing methods use dense self-
attention. They compute all similarities between query and key tokens. This is inefficient.
In practice, this approach can lead to the neglect of the most relevant information and
result in a blurring effect of irrelevant representations during the feature aggregation
process. To address this issue, this paper proposes an image deraining Transformer based
on sparse non-local self-attention. The core of the network consists of multiple non-local
feature extraction modules, primarily comprising a sparse self-attention network and a
sparse feedforward network along the channel dimension. Specifically, we implement
sparse attention by selecting the most useful similarities based on Top-k approximations.
Furthermore, we have developed a sparse feedforward network to achieve more accurate
representations for high-quality preservation results. Extensive experiments on benchmark
datasets have demonstrated the effectiveness of our proposed method.

Keywords: transformer; image deraining; self-attention; sparse attention

1. Introduction

Single-image deraining has risen as a classic signal processing task in the past decade.
It aims to recover clear backgrounds from rainy scenes [1-6]. Compared to prior-based al-
gorithms [1,2], deep learning has achieved significant success in this domain in recent years,
with numerous deraining methods proposed [7-12]. Convolutional Neural Networks
(CNNSs) have strong learning capabilities. Researchers use them to model correlations
between rainy and clear images. These CNN-based networks have demonstrated com-
mendable performance in image restoration.

However, due to the limited receptive field and the interaction of convolutions, CNNs
have a constrained ability to model long-range dependency information [13,14]. To address
this bottleneck, recent studies have begun to incorporate Transformers into various image
restoration tasks [15-17].

Recently, Vision Transformers have been applied to image deraining and have achieved
significant progress. This is due to their ability to model non-local information, which is
crucial for better image reconstruction. Zhou et al. [16] proposed a dual-path multi-scale
Transformer for image deraining. This model combines coarse-to-fine and multi-patch
stacked strategies, which enable it to exploit multi-scale information for high-quality image
reconstruction. Wu et al. [17] employed a dual-branch architecture and soft prompt learning
for image deraining. This method dynamically encodes rain degradation information and
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adopts multi-scale feature prompt fusion. It thus leverages the multi-scale properties
of rain streaks to achieve high-quality image reconstruction. Although these methods
have improved deraining performance, they still fall short when it comes to restoring
image details. In the computation of similarity within Transformers, the standard softmax
normalization operation retains all similarities between Query and Key features. However,
not all features between Queries and Keys are closely related. Thus, using all similarities in
non-local self-attention can introduce some irrelevant features, leading to a loss of detail in
the final image restoration.

These methods achieve initial success. However, they struggle with fine details.
Heavy rain makes this worse. Dense rain streaks cause severe degradation. These methods
overlook a key problem. Dense self-attention computation within the Transformer affects
recovery quality. It is known that in standard self-attention [18], assigning attention to all
query-key pairs is the default operation. The most recent works [15-17] have attempted to
apply this dense self-attention directly to Transformer-based image restorers. Naturally,
this results in an inability to focus on the most relevant parts during feature aggregation.
In other words, the integration of irrelevant features may have a blurring effect on the
reconstruction results. Therefore, this prompts us to explore more effective ways of self-
attention within the structure of the Transformer.

To this end, we propose an effective Image Deraining Transformer with channel-
wise sparse self-attention (CSSA) and sparse feedforward network (SFFN). This model
integrates features from both channel and spatial dimensions and adopts a sparse strategy
to more efficiently facilitate the reconstruction of clear images. Unlike previous dense self-
attention approaches, we also implement sparse self-attention by selecting the most useful
similarities based on Top-k approximations. Furthermore, we have developed an efficient
sparse feedforward network to simultaneously achieve spatial and channel integration
within the Transformer. With the above design, our method promotes more effective feature
aggregation and generates more accurate representations, thereby enhancing rain removal,
as shown in Figure 1.
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Figure 1. The overall of the proposed image deraining Transformer with sparse attention for single

image rain removal.

The main contributions of this paper are as follows:
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(1) We have designed an effective sparse self-attention algorithm within the Transformer
that can efficiently explore both local and global features, thereby enabling high-
quality image reconstruction.

(2) We have designed a sparse feedforward network within the Transformer that
facilitates the integration of spatial and channel-wise rain information during
feature transformation.

(3) Extensive experimental results on common benchmarks demonstrate that our method
is also highly competitive compared to the state-of-the-art deraining algorithms.

2. Related Work
2.1. Non-Local Self-Attention

Non-local self-attention is a core component of the Vision Transformer. It outperforms
traditional local self-attention with remarkable improvements. Local self-attention restricts
the computation of attention weights to adjacent positions. By contrast, non-local self-
attention allows the model to capture information across the entire global scope. This
capability is crucial for capturing long-range dependencies within an image, thereby
enhancing the model’s ability to perceive and integrate global contextual information [19].
In traditional self-attention, the limited scope of attention to nearby positions constrains the
model’s understanding of the overall image context. Non-local self-attention addresses this
limitation by introducing an additional attention matrix. This design enables the model to
compute attention between all positions in the image.

In recent years, Vision Transformer architectures integrated with non-local self-
attention have been widely applied to various image restoration tasks. These tasks include
image denoising [20], image super-resolution [21], and image deblurring [22]. This ap-
proach to non-local feature modeling offers several key advantages. First, it grants access to
global contextual information. It allows the model to capture dependencies over a broader
scope, thus better understanding the intricate details in an image. Second, it effectively
handles long-range dependencies. It mitigates the problem of limited information propaga-
tion, which is especially critical for complex and variable image reconstruction tasks. Third,
the non-local self-attention mechanism has strong adaptivity. It can automatically adjust
attention weights according to the content of the input image. This adaptability allows the
model to tailor its processing to different restoration tasks and data characteristics, thereby
improving overall performance and robustness.

Non-local self-attention leverages these advantages to boost the capacity of Vision
Transformers for high-quality image restoration. This makes them highly effective tools in
the field of image processing. The integration of non-local self-attention mechanisms not
only mitigates the limitations of traditional local self-attention. It also paves new ways for
the advancement of various image restoration applications.

2.2. Sparse Representation

Sparse representation is a powerful method used in neural networks to reduce compu-
tational and storage costs. At the same time, it helps improve model generalization and
robustness. This technique selectively activates only the neurons relevant to the current task.
In this way, it enables more efficient learning of key features and reduces interference from
irrelevant information. The application of sparse representation spans multiple domains
and tasks, demonstrating its versatility and effectiveness. In the context of image super-
resolution, Hu et al. [23] propose a global sparse attention network. This network groups
similar features through spherical locality sensitive hashing and computes sparse attention
within groups. It reduces computational complexity from quadratic to asymptotically
linear with respect to spatial size, while capturing effective global information. As a result,
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it achieves efficient super-resolution reconstruction for remote sensing images. Similarly,
Garas Gendy [24] proposed a degradation-aware Swin Transformer with sparse attention
for blind super-resolution. This method integrates Swin Transformer local attention, a
non-local sparse attention global mechanism, and degradation-aware convolution. It can
effectively handle multi-modal, spatially variant, and unknown distribution degradations
in real-world scenarios.

Unlike these prior methods, this paper focuses on the image deraining task and em-
ploys a combination of Top-k approximation calculations and dilated convolutions to
achieve sparsity. The Top-k approximation selectively retains the most significant simi-
larities, thereby focusing computational resources on the most relevant features. Dilated
convolutions can expand the receptive field without increasing computational load. They
enable the network to capture more contextual information with fewer parameters. This
combination improves both model efficiency and image restoration quality. It can effectively
focus on key details and filter out irrelevant information.

3. Proposed Method
3.1. Overall Framework

This paper introduces an innovative image deraining algorithm that leverages sparse
non-local self-attention mechanisms, as depicted in Figure 1. The network is designed as a
symmetric layered encoder—decoder structure with long skip connections, crucial for pre-
serving spatial information throughout the network. The backbone comprises sequentially
stacked Transformer-based non-local feature extraction modules, each operating at specific
spatial resolutions. During the encoding phase, spatial resolution is progressively halved
at each layer while the channel dimension is expanded, allowing the network to capture
increasingly complex features. Conversely, in the decoding phase, spatial resolution is
restored, and the channel dimension is reduced, refining the feature maps to reconstruct the
final image. For effective downsampling and upsampling, we employ pixel shuffling opera-
tions as suggested by prior research [15]. Pixel shuffling aids in efficiently managing spatial
and channel dimensions, ensuring accurate transformations. The final output is restored to
its original size through a 3 x 3 convolutional layer, ensuring precise reconstruction. This
detailed and methodical design allows our network to effectively address the complexities
of single-image deraining, achieving superior performance in removing rain streaks and
restoring clear images. Extensive experiments on various benchmarks have demonstrated
the effectiveness of our approach, highlighting its ability to produce high-quality, rain-
free images. The combination of sparse self-attention and Transformer-based architecture
makes our method robust and efficient, paving the way for further advancements in image
restoration tasks.

The introduction of sparse attention with Top-k is aimed at focusing on the most
relevant non-local information at each scale, thereby enabling more accurate representations.
Within each Transformer module, given the input features at the (1—1)-th block X;_1, the
encoding procedures of the blocks can be formulated as:

X{ = X;_1 +CSSA(LN(X;_1)), @

X = X| + SFEN(LN(X))), )

where X{ and X| represent the outputs of the CSSA and the SFFN, respectively. Here, LN
denotes Layer Normalization.
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The algorithm’s reconstruction result is obtained by the following formula: O = F(R) +R,
where F(-) represents the output of the entire network, and the network is trained by minimizing
the loss function:

£=lo-Tl, ©)

where R represents the input rainy image, O represents the output clear image, and T
represents the ground truth. The non-local feature extraction module mainly consists of
a sparse self-attention network and a sparse feedforward neural network, which will be
introduced separately in the following text.

3.2. Channel-Wise Sparse Self-Attention (CSSA)

For the sparse self-attention network, the structure is depicted in the accompanying
figure. The initial features X! € R™*W*C obtained from the normalization layer are
first expanded in dimensionality using a convolutional layer with a specified kernel size.
Here, H, W, and C represent the height, width, and channel dimensions, respectively.
This convolutional layer enhances the feature representation, making it more suitable for
subsequent processing steps. Then, dilated convolutions with different dilation rates of
3,2, and 1 are used to generate the Query (Q € RT*W*C) Key (K € RF*W*C) and Value
(V) vectors, respectively [25,26]. This enables information acquisition from a broader pixel
range while avoiding the gridding effect. These vectors are essential for the self-attention
mechanism. The Q represents the features that need to be focused on, the K is used to
measure similarities against the Q, and the V holds the information to be aggregated based
on these similarities. We then compute the attention values P for all pixel pairs between the
Q and K using the formula:

_ !
RYZ

where d = C/k is the head dimension and k is the head number. In terms of sparse self-

P (4)

attention, a simple but effective masking function M(-) is performed upon P to select the
Top-k largest elements from each row of the similarity matrix. For other elements that are
smaller than the threshold, we replace them with 0. This step can further filter out noisy
(irrelevant) tokens and speed up the training process, which is calculated by

Pl',]‘, ifPi,]‘ > threshold

/ 5
0, if P;j < threshold ©

M(P,k);; = {

where the threshold is a k' largest value of a row. We rank the similarity scores between the
query and key vectors and retain only the top k highest values, effectively filtering out irrel-
evant features. For the entire image, the overall complexity is reduced to O(N X k), where
k < N. This computational complexity is significantly lower than the traditional dense full
attention of O(N?), enabling substantial improvements in computational efficiency. The
final attention matrix obtained can be represented as follows:

Attention = softmax(M (p,k))V. (6)

where softmax(-) denotes the softmax normalization function, and N represents the total
number of spatial positions.

Sparse non-local self-attention is more effective than dense self-attention in single-
image deraining because it selectively focuses on the most relevant features, thereby
reducing the integration of irrelevant information that can blur image details.
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3.3. Sparse Feedforward Network (SFFN)

In addition to its powerful self-attention mechanisms, the Transformer also incorpo-
rates a feedforward network to further enhance feature representations. To this end, we
have developed a novel SFEN within the Transformer architecture tailored specifically for
image deraining tasks. The structure of our SFEN is illustrated in the accompanying figure.

Traditionally, feedforward networks in Transformer rely heavily on dilated convolu-
tions to process feature representations. However, our approach diverges by introducing
dilated convolutions at varying rates (set to 2 and 3, respectively) [25,26]. This modification
significantly enlarges the receptive field of the network, enabling it to capture a broader
range of contextual information. The spatial sparsity introduced by dilated convolutions
enriches each output position with abundant contextual information. This is especially ben-
eficial for tasks such as image deraining, which require modeling long-range dependencies.
By using dilated convolutions with different rates, our SFFN can capture both fine and
coarse details in the same layer. This improves the network’s ability to handle various rain
patterns and densities.

Furthermore, inspired by recent advancements in the field [15], we have integrated a
gating mechanism within our SFFN. This mechanism plays a critical role in dynamically
balancing the flow of information between two branches of the network. By doing so, it
ensures that each layer of the SFFN can concentrate on fine-grained details that supplement
those identified by other layers. This complementary focus is essential for achieving high-
quality image restoration, particularly in complex scenarios where intricate detail recovery
is paramount. The gating mechanism dynamically adjusts the contribution of each branch
according to the input features. It allows the network to adaptively prioritize different
types of information as required.

Our design choices, including the variable rate dilated convolutions and the dynamic
gating mechanism, collectively contribute to a more robust and efficient feedforward
network. These innovations not only enhance the network’s ability to capture relevant
features but also reduce computational overhead by focusing on the most critical aspects of
the image. This, in turn, enhances the overall performance of the Transformer in removing
rain from images, providing clearer and more accurate restoration results. By enhancing
both the breadth and depth of feature representation, our SFEN ensures the Transformer
delivers superior deraining performance. This makes our SFEN a valuable advancement in
the field of image restoration.

4. Experiments

In this section, comprehensive image deraining experiments are conducted on common
benchmark datasets. We evaluate the effectiveness of the proposed method against 14 state-
of-the-art image deraining baselines: DerainNet [27], SEMI [28], DIDMDN [29], UMRL [30],
RESCAN [31], PReNet [32], MSPFEN [33], MPRNet [34], DGUNet [35], KiT [36], Uformer-
B [37], IDT [38], FADformer [39], and CSUD [40].

4.1. Datasets and Metrics

We conduct extensive experiments on the large-scale Rain13K dataset, which com-
prises 13,711 pairs of training images specifically curated for single-image deraining
tasks. For evaluation, we utilize five widely recognized benchmark datasets: Test100 [41],
Rain100H [42], Rain100L [42], Test2800 [43], and Test1200 [29]. These benchmarks cover a
diverse range of rain conditions, from light drizzles to heavy downpours, ensuring a com-
prehensive assessment of our algorithm’s effectiveness. To quantify deraining performance,
we employ peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) [44],
two widely used metrics. PSNR measures the ratio between the maximum possible signal
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power and the power of corrupting noise. It reflects the reconstruction quality in terms
of pixel intensity, and higher values indicate better image quality. SSIM assesses the vi-
sual impact of differences between the restored image and the ground truth, focusing on
structural information such as luminance, contrast, and texture. Both metrics are computed
on the Y channel of images in the YCbCr color space. This channel is more sensitive to
human visual perception and thus better reflects perceived image quality. This rigorous and
objective assessment framework allows us to evaluate our proposed deraining method’s
performance across various challenging scenarios presented by the benchmark datasets.

4.2. Implementation Details

In our overall network architecture, the parameters {NO, N1, N2, N3, N4} are set to {2,
4, 6, 6, 8}, representing the number of Sparse Attention Transformer Blocks (SATBs) at each
stage, respectively. The number of attention heads for the five Sparse Attention Transformer
Blocks (SATB) at the same level is configured as {1, 1, 2, 4, 8}. The number k is set to [1/2,
4/5], optimizing the balance between computational efficiency and model performance. All
experiments were implemented using PyTorch 2.1.0 and trained on four NVIDIA GeForce
RTX 3090 GPUs, providing a high-performance training environment. Each dataset was
trained for a total of 300,000 iterations, employing the AdamW optimizer with a batch
size of 16 and a patch size of 128. The initial learning rate was set to 1 x 10~* for the
first 92,000 iterations. After this stage, a cosine annealing schedule was used to adjust
the learning rate progressively. This strategy improves the training process by gradually
reducing the learning rate, which prevents overshooting and ensures model convergence.
To further enhance the robustness of our network, we augmented the training data through
horizontal and vertical flipping. This data augmentation strategy increases the diversity of
the training samples, helping the model generalize better and improve its performance on
unseen data. These comprehensive training settings and strategies ensure that our model is
well-optimized and capable of achieving superior performance in image deraining tasks.

4.3. Comparison with State-of-the-Arts

Table 1 presents the average PSNR and SSIM metrics computed across various bench-
mark datasets. These metrics provide a robust quantitative assessment of the deraining
performance of different models, offering insights into their efficacy in restoring image
quality. PSNR measures the ratio between the maximum possible power of a signal and the
power of corrupting noise, indicating how much noise has been removed and how clear
the image is. SSIM assesses the similarity between two images, considering changes in
structural information, luminance, and contrast. High values of PSNR and SSIM indicate
better performance in terms of image restoration quality.

It is important to note that the Uformer-B, IDT, FADformer, and CSUD models were
not originally trained on the Rain13K dataset [33]. To ensure a fair comparison, we retrained
these models using the Rain13K dataset, aligning their training conditions with those of our
proposed method. This step was essential to ensure that all models were evaluated under
consistent conditions, thereby providing a more accurate comparison of their capabilities.
By retraining these models on the same dataset, we eliminated potential biases and ensured
that the performance differences observed were due to the models” architectures and not
the training data.

As shown in Table 1, our method achieves competitive results on both PSNR and
SSIM evaluation metrics. These high scores demonstrate that our model achieves excellent
performance in objective image quality assessment metrics. It outperforms other methods
in this field, such as the recently proposed FADformer and CSUD. Moreover, we compare
our proposed sparse attention mechanism with the continuous attention method used by
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IDT, and both the visual results and PSNR scores confirm the effectiveness of our approach.
To further validate the efficiency of the proposed method, we select several competitive
approaches from Table 1. These approaches include DGUNet, KiT, Uformer-B, FADformer,
and CSUD, and we perform a comprehensive complexity analysis and comparison. As
shown in Table 2, our model achieves the best balance between performance and computa-
tional cost. Specifically, our method requires only 11.6M parameters and 31.20G FLOPs,
which are the lowest among all competing approaches. This also indirectly explains why
some metrics of DGUNet and KiT are higher than ours—the marginal improvements are
essentially traded for complex model architectures. Our model consumes less inference
time and memory usage, making it more suitable for deployment on resource-constrained
devices. These results demonstrate that our sparse attention mechanism not only main-
tains competitive image restoration quality but also significantly improves computational
efficiency. It provides a more practical solution for real-world image deraining applications.

Table 1. Comparison of quantitative results on five benchmark datasets. Bold indicates the best results.

Datasets Test100 Rain100H Rain100L Test2800 Test1200 Average
Methods PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
DerainNet 2277 0810 1492 0592 2703 0.884 2431 0861 2338 0.835 2248 0.796
SEMI 2235 0.788 1656 0486 25.03 0.842 2443 0.782 26.05 0.822 2288 0.744
DIDMDN 2256 0818 1735 0524 2523 0741 2813 0867 2995 0901 2464 0.770
UMRL 2441 0829 26.01 0832 2918 0923 2997 0905 3055 0910 28.02 0.880
RESCAN 2500 0835 2636 0786 2980 0.881 31.29 0904 30.51 0.882 2859 0.858
PReNet 2481 0.851 2677 0.858 3244 0950 3175 0916 3136 0911 2943 0.897
MSPEN 2750 0876 28.66 0.860 3240 0933 3282 0930 3239 0916 30.75 0.903
MPRNet 30.27 0.897 3041 0.890 3640 0965 33.64 0938 3291 0916 3273 0.921
DGUNet 3032 0.899 30.66 0.891 3742 0969 33.68 0938 33.23 0920 33.06 0923
KiT 3026 0904 3047 0897 36.65 0969 33.85 0941 3281 0918 3281 0.926
Uformer-B 2990 0906 3031 0900 36.86 0972 3353 0.939 2945 0903 32.01 0.924
IDT 29.69 0905 2995 0.898 3701 0971 3338 0.937 31.38 0908 3228 0.924
FADformer 30.05 0.899 3033 0901 37.11 0960 3362 0934 3156 0.907 3253 0.920
CSuD 31.11 0907 2442 0808 3328 0954 33.83 0940 3128 0901 30.78 0.902
Ours 31.53 0916 30.14 088 3752 0970 33.94 0.941 3213 0916 33.05 0.926

Table 2. Performance comparison of different models.
Models DGUNet  KiT Uformer-B FAD-Former CSUD  Ours
Params (M) 17.33 20.6 50.88 16.95 12.38 11.6

FLOPs (G) 199.87 43.08 89.46 48.51 150.03  31.20
Inference Time (s) 0.181 0.132 0.169 0.146 0.083 0.019
Memory Usage (GB) 0.556 0.597 0.667 0.528 0.383 0355

Furthermore, we conduct visual comparisons to intuitively demonstrate the deraining
effects of different models. Figures 2 and 3 present the visualization results on the Rain100H
and Test100 datasets, respectively. These figures clearly demonstrate the effectiveness of
our model in removing rain streaks and preserving fine image details. Images processed
by our model exhibit noticeably fewer rain streaks and retain more intricate details, such
as textures and edges, which are crucial for high-quality image restoration. Additionally,
to further demonstrate the generalization capability of our model, we compare it with
competing methods on real-world rainy images. As shown in Figure 4, our model exhibits
certain advantages in both overall image clarity and detailed texture preservation when
examining zoomed-in regions.
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Input DerainNet SEMI DIDMDN UMRL RESCAN PReNet CSUD

FADformer MSPFN MPRNet DGUNet Uformer IDT Ours GT

Figure 2. Visual quality comparison of deraining images obtained by different methods on the
Rain100H benchmark dataset. The red box indicates the zoomed-in effect.

FADformer MSPFN MPRNet DGUNet Uformer

Figure 3. Visual quality comparison of deraining images obtained by different methods on the Test100
benchmark dataset. The red box indicates the zoomed-in effect.

o i ; /] — /] ! ——
Input DGUNet KiT Uformer-B FADformer CSUD Ours

Figure 4. Visual quality comparison of deraining images obtained by different methods on real-world
rainy images. The red box indicates the zoomed-in effect.
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The images processed by our model exhibit significantly better rain removal and detail
preservation. This superior performance can be attributed to the innovative design and the
inherent advantages of our developed framework. Our framework effectively integrates
sparse self-attention and a sparse feedforward network, which are crucial components for
achieving high performance. Sparse self-attention allows the model to focus on the most
relevant features by filtering out noise and irrelevant information, enhancing the clarity
and accuracy of the restored images. Meanwhile, the sparse feedforward network ensures
that detailed spatial and channel-wise information is preserved and utilized effectively
during the deraining process. These components enable more accurate and efficient feature
aggregation, ultimately leading to clearer and more visually appealing restoration outcomes.
This demonstrates the practical effectiveness of our approach in enhancing image quality
and providing more realistic and high-fidelity results. The combination of these innovative
techniques validates our model’s robustness and effectiveness, setting a new standard in
the field of image deraining. Our approach improves not only quantitative metrics but also
the qualitative performance of images. It significantly enhances visual appeal and detail
retention, making it a comprehensive solution for image deraining tasks.

4.4. Ablation Studies

We conducted an in-depth study to analyze the impact of the main components of
our proposed method on the final deraining performance. Specifically, we considered
the following variants of our method: (a) Baseline model (without Top-k and dilated
convolutions); (b) model with dilated convolutions only; (c) Model with Top-k sparse
attention only; (d) our proposed integrated model (with both Top-k sparse attention and
dilated convolutions). These variations allow us to isolate and evaluate the contribution of
each component to the overall performance of our model. Table 3 presents the quantitative
evaluation results of these different configurations on the Rain100H benchmark dataset.

Table 3. Ablation study analysis on the Rain100H benchmark dataset. Bold indicates the best results.

Models (a) (b) () (d)

baseline v/ Vv v Vv
Top-k Vv Vv

Dailated Conv V4 v
PSNR 28.57 29.79 29.87 30.14
SSIM 0.859 0.867 0.870 0.885

Our analysis indicates that model (d), which includes Top-k sparse attention and
dilated convolutions, consistently outperforms other configurations. This superior per-
formance underscores the effectiveness of each individual component in enhancing the
deraining capability of our network. The inclusion of the Top-k sparse attention mechanism
significantly improves the model’s ability to filter out irrelevant features, leading to clearer
and more accurate image restoration. By focusing on the most relevant similarities, the
Top-k sparse attention mechanism enhances the network’s efficiency and effectiveness.
Overall, the results demonstrate that each of these components plays a crucial role in boost-
ing the performance of our deraining model. The combination of these innovations brings
significant improvements to both PSNR and SSIM metrics. This validates the robustness
and effectiveness of our proposed approach. This comprehensive evaluation highlights the
importance of each component and confirms that our method’s design choices significantly
contribute to its superior deraining performance.

Effect of the number of k. We observe that the optimal selection of k plays a crucial
role in controlling the sparsity rate within the model. When k is manually fixed to a specific
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value, such as 1/2, we found that the model’s performance is highly sensitive to this choice.
To circumvent the need for an exhaustive search, we introduce a controllable interval for
k that allows the model to dynamically learn the most contributive score. Our approach
achieves the best performance, reaching 31.53 dB, when the interval [A1, A2] is assigned to
[1/2,4/5].

5. Limitations

Despite the promising results of our proposed image deraining method, several lim-
itations remain. First, the computational demands of our Transformer-based approach,
although reduced through sparse attention mechanisms, still pose challenges for deploy-
ment on devices with limited processing power. Second, while our method is specifically
designed for rain removal, it may not effectively address other weather-related artifacts
such as fog or snow. This indicates a need for further generalization and adaptation of our
approach to handle a broader range of adverse weather conditions, enhancing its overall
robustness and applicability in diverse scenarios.

6. Conclusions

In this work, we have proposed an effective image deraining Transformer leveraging
sparse non-local self-attention mechanisms. Our approach replaces the conventional dense
self-attention with a novel sparse self-attention strategy, enhancing the model’s ability to
focus on the most relevant features and improving the rain removal process. Additionally,
we integrated a sparse feed-forward network to refine feature representations, ensuring
more accurate and efficient image restoration. Extensive quantitative and qualitative exper-
iments on various rain streak benchmarks show that our model significantly outperforms
state-of-the-art methods in both PSNR and SSIM. This demonstrates its superior ability
to restore high-quality, rain-free images. Real-world scenarios often involve multiple co-
existing degradations, presenting greater challenges. In the future, we will investigate
whether different image degradations (rain, blur, noise, etc.) can be modeled within a
unified image restoration framework, enabling a single model to handle various mixed
degradation problems.
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