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ABSTRACT

Since the diverse geometric appearances and densities of
rain streaks, local-global information is equally essential for
single image deraining. Balancing local-global information
becomes a challenge. Thus, a Multi-Scale Fusion of Gated
Neighborhood Attention Transformers (MSF-GNAT) for sin-
gle image deraining is proposed in this paper. Firstly, a
Gated Neighborhood Attention Transformer (GNAT) block
is designed to achieve complex condition deraining by com-
plementarily fusing global and local information. Secondly, a
Multi-Scale Fusion (MSF) block is developed to fuse multi-
scale information for richer representation. Moreover, a
Simplified Gated Feed-forward Network (SGFN) is proposed
to ensure that the convolutional results primarily attend to
valid pixels. Evaluation experiments on synthetic and real-
world datasets demonstrate the superiority of our MSF-GNAT
over state-of-the-art methods. The source code is available at
https://github.com/SWU-CS-MedialLab/MSF-GNAT.

Index Terms— Deraining, Transformer, Multi-Scale Fu-
sion, Neighborhood Attention

1. INTRODUCTION

Image deraining task refers to removing raindrops from an
image to using image processing techniques, resulting in a
cleaner and clearer output image. Although image deraining
is a typical low-level visual task, it is crucial for many outdoor
high-level visual tasks such as object tracking, video surveil-
lance, and pedestrian detection. These advanced visual tasks
require recognizing and understanding image data in clear and
visible image scenes.

Due to the success of deep learning in advanced computer
vision tasks, CNN-based methods were proposed [1]. How-
ever, the inherent operations limitations, such as the restricted
local receptive field, hindered the ability to handle long-range
dependencies. Consequently, the Transformer is applied
in the area of image deraining [2]. The global interaction
capability of the Transformer has achieved promising per-
formance. However, the self-attention mechanism in Trans-
former has introduced new challenges, including increased
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complexity and a lack of local knowledge modeling. How-
ever, rich local-global information representations are both
indispensable for deraining, and few methods can achieve the
balance. Moreover, multi-scale feature learning has achieved
good results in single image deraining[3], but these methods
fail to explore the correlation between the original damaged
image and cross-scale information.

To alleviate the above limitations, an efficient multi-scale
fusion architecture based on the designed gated neighborhood
attention transformer (MSF-GNAT) is proposed for single-
image deraining. In MSF-GNAT, the designed Multi-Scale
Fusion (MSF) block is employed to merge multi-scale fea-
tures asymmetrically, aiming to explore a more comprehen-
sive perceptual field that effectively aids in the restoration of
image structure and details. Additionally, a Gated Neighbor-
hood Attention Transformer (GNAT) block is developed to
extract image features under uneven rainfall density. Specif-
ically, we combine complementary Neighborhood Attention
(NA) [4] and Dilated Neighborhood Attention (DINA) [5] to
capture fine-grained local features for image detail restora-
tion, while capturing long-range dependencies for better over-
all visual effects in image restoration. Furthermore, to opti-
mize the learned model to focus on the informative regions
and differentiate between image background and raindrops, a
Simplified Gated Feed-forward Network (SGFN) is designed
in the GNAT to enhance information flow and achieve high-
quality outputs. The main contributions of our MSF-GNAT
are summarised as follows:

e The designed Multi-Scale Fusion (MSF) block employs
a cascaded mechanism to integrate multi-scale information
progressively, and it can effectively leverage the cross-scale
correlation of rain streaks.

e The developed Gated Neighborhood Attention Trans-
former (GNAT) architecture can capture global information
and improve locality. The Simplified Gated Feed-forward
Network (SGFN) in GNAT can optimize the information flow
to enhance the feature representation capability of the learned
model.

e Comprehensive performance evaluation experiments
conducted on various benchmark datasets demonstrated the
superiority of our MSF-GNAT.
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Fig. 1: The demonstration of the detailed framework of our proposed MSF-GNAT. GNAT block and MSF are two critical
modules in MSF-GNAT. The core modules in the GNAT architecture are SGFN and DINA/NA. (a) SGFN is designed to control
information flow. (b) DINA/NA is introduced to capture long-range dependencies while modeling locality.

2. PROPOSED METHOD

As shown in Fig. 1, a U-shaped encoder-decoder framework
is adopted in our Multi-Scale Fusion of Gated Neighborhood
Attention Transformers (MSF-GNAT). Specifically, given a
rain image I € RH*W >3 shallow features X, € RH*WxC
are extracted through 3 x 3 convolution and fed into the en-
coder and decoder. In the backbone network, an amount of N;
Gated Neighborhood Attention Transformer (GNAT) blocks
are stacked at each stage to extract rich rain streak features
with spatial variations. Pixel-unshuffle and pixel-shuffle op-
erations are employed for downsampling and upsampling, re-
spectively. To better fuse multi-scale information, the en-
coded image features are fused by passing through the Multi-
Scale Fusion (MSF) block before being fed into the decoder.
Tierain = I + F(I) gives the final reconstructed structure,
where F(-) represents the entire network.

2.1. Gated Neighborhood Attention Transformer Block

Fig. 1 (a) and (b) present the details of the GNAT block.
GNAT block consists of three sub-modules. The first module
is the Neighborhood Attention (NA) [4] module, which com-
putes attention only among neighboring pixels to enhance
local modeling capability. The second module is the Dilated
Neighborhood Attention (DINA) [S] module, which expands
the receptive field and captures long-range dependencies to
learn global structures. The third module is the Simplified
Gated Feed-forward Network (SGFN), which controls in-
formation flow and strengthens the feature representations.
Layer normalization is applied before the attention oper-
ations, and residual connections are used to enhance the
feature learning. Formally, given the input features X" ~Lat
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the N/ block, the encoding process of the GNAT block can
be defined as:

it ="' + NA(LN(z]" 1)
m_ gm o SGFN(LN(Q/\?;”))
@t = 2" + DINA(LN (z]™))
= F 4 SGFN(LN ()

Where "' and z]" " denote the input and output features
of GNAT block, respectively.

Neighborhood Attention. The rain effect includes rain
streaks. Rain streaks cause reflections with neighboring im-
ages, resulting in the loss of image information caused by
specular highlights. To recover the lost information, explor-
ing more significant local information is necessary. There-
fore, we introduce the NA mechanism as the local attention
to capture local information and better restore and complete
the image information lost due to rain streaks. The NA mech-
anism can be formulated as follows:

)

8
I

(D

k
Vd

Where \/d is the scaling parameter. N Ay (i) represents the
neighborhood attention of the ¢-th token with a neighborhood
size of k. A¥ and V;* represent the weights and value of the
1-th token, respectively.

Dilated Neighborhood Attention. The rain effect in
the real world also includes the accumulation of rain bands,
which can result in a mist-like visual in the distance. Thus,
more rich features must be explored in a smaller field of view
to help restore this information. To address this, DINA is
introduced as the sparse global attention to capture global
information and obtain long-range dependencies. The DINA
mechanism can be formulated as follows:

N Ay (i) = softmaz(—=%)VF (2)
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Fig. 2: (a) shows the architecture of the MSF block. The
Stage ¢ Multi-Scale Fusion block details are illustrated in (b).

(k)

Vd

Where DIN A3 (i) denotes the J-dilated neighborhood atten-
tion of the ¢-th token with a neighborhood size of k.
Simplified Gated Feed-forward Network. As pre-
viously mentioned [6, 7], the standard Feed-forward Net-
work lacks the capability of control over information flow.
Thus, the designed SGFN aims to optimize the informa-
tion flow. For the given input X, a convolution with shape
1 x 1 is applied to expand the channel dimension (expan-
sion factor=2.66). The tensor is then split along the channel
dimension into X and Xl, which fed into two parallel
branches. Each branch performs a k x I and I x k depth-wise
convolution to extract features and better capture spatial in-
formation. A simplified gated mechanism is achieved through
element-wise multiplication, and finally, a / X I convolution
is used to reduce the channel dimension back to the original
size. Thus, the computation of SGFN can be represented as:

DINAY(i) = softmax(—= )V(k %) 3

(X}, X2 = Split(Convi 1 (X))
Xt = DWCOTL’kal(AX:ll)

X;* = DW Conuvy i, (X7)

X; = Convi (X © X})

Where C'onvy «1 represents I x I convolution , DW Conuvy x
and DW Conuvyx1 denote I x kand k x 1 depth-wise con-
volution, respectively, and ® indicates element-wise multi-
plication.

“

2.2. Multi-Scale Fusion Block

Previous research has indicated that incorporating multi-scale
information can enhance the effectiveness of single image
rain removal [8, 9]. However, more than simple fusion opera-
tions are required to utilize complementary information from
different scales effectively. Therefore, inspired by this insight

[10], we designed the MSF block. In the MSF block, the
upsampled or downsampled features from the encoder block
(EB) simultaneously at different scales block and the down-
sampled rainy image are used as the inputs; thus, learning and
leveraging the complementary information between these in-
puts can effectively guide the image restoration process. The
specific encoding process is as follows:

MSF = MSF(EBS™, (EBS"Y)', (EBS“)T, I')
MSFg" = MSF((EBy")", EB3", (EB3"")T, I')

MSFE?"* denotes the n-th output of the MSF block, and
EB2" represents the output of EB at the n-th level. Opera-
tions of up-sampling (1) and down-sampling (J) are applied
such that the features from different scales can be concate-
nated.

As shown in Fig. 2(a), the channels are first split into
m stages for fusion (m=3), progressively refining the feature
representation. The fusion details are illustrated in Fig. 2
(b), and finally, concatenation is performed along the chan-
nel dimension. The specific computation of MSF block is as
follows:

&)

X=X+ X,1
X; = Attn(EB{*W?, EBY“ WX, X,WV)  (6)
MSF,‘f“t = Concat[f@}izhm

2.3. Loss Function

The commonly used loss function in network training is L
loss. However, L, loss emphasizes low-frequency informa-
tion in images and weakens high-frequency features. There-
fore, Fast Fourier Transform (FFT) loss is incorporated to pre-
serve high-frequency details [8]. Thus, the comprehensive
loss function of our model can be represented as follows:
L= ||Ide'rain - Igt”l + )\H]:(Iderain) - ]:(Igt)Hl (N

where F denotes the FFT, I ; represents the target image,
Lgerqin denotes the output image from the deraining network,
Il - |1 denotes the L;-norm and A is set to 0.1.

3. EXPERIMENTS

3.1. Measures and Datasets

To evaluate the effectiveness of our MSF-GNAT, we con-
ducted experiments on three synthetic datasets (Rain200L
[11], Rain200H [11], DID-Data [12]) and one real-world
dataset (SPA-data [13]). We compared our method against the
state-of-the-art techniques, including MSPFN [9], IDT [14],
RCDNet [15], SPDNet [16], DualGCN [17], Restormer [6],
and DRSformer [18]. We employed two commonly used met-
rics, Peak Signal-to-Noise Ratio (PSNR) [19] and Structure
Similarity (SSIM) [20], for quantitative comparison. Further-
more, to validate the generalization of our MSF-GNAT, the
performance on the Internet-Data dataset [13] is also tested,
which does not contain ground-truth images.
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3.2. Implementation Details

MSF-GNAT is implemented in the PyTorch framework using
the AdamW optimizer. During the training process, we uti-
lized an NVIDIA GeForce RTX 4090 GPU with a patch size
of 128, iterating a total of 300K times.

Table 1: Average SSIM and PSNR comparison results on
Rain200L, Rain200H, DID-Data and SPA-Data. The best re-

sults are bolded, and the second best results are underlined.

Datasets Venue/Year | Rain200L Rain200H DID-Data SPA-Data

Metrics SSIM  PSNR | SSIM  PSNR | SSIM PSNR | SSIM PSNR
MSPEN CVPR2020 | 38.58 0.9827 | 29.36  0.9034 | 33.72 0.9550 | 43.43 0.9843
RCDNet CVPR2020 | 39.17 0.9885 | 30.24 0.9048 | 34.08 0.9532 | 43.36  0.9831
SPDNet ICCV2021 | 40.50 0.9875 | 31.28 0.9207 | 34.57 0.9560 | 43.20 0.9871
DualGCN AAAI2021 | 40.73 0.9886 | 31.15 0.9125 | 3437 0.9620 | 44.18 0.9902
IDT TPAMI2022 | 40.74 0.9884 | 32.10 0.9344 | 34.89 0.9623 | 47.35 0.9930
Restormer CVPR2022 | 40.99 0.9890 | 32.00 0.9329 | 3529 0.9641 | 47.98 0.9921
DRSformer ~ CVPR2023 | 41.23 0.9894 | 32.18 0.9330 | 3538 0.9647 | 48.53  0.9924
MSF-GNAT  Ours 41.57 09901 | 32.44  0.9362 | 35.59 0.9667 | 48.33  0.9935

DualGCN SPDNet IDT

DRS

Restormer Ours Ground truth

Fig. 3: Visual quality comparison on DID-Data dataset.

3.3. Results on Synthetic Datasets

Table 1 presents the quantitative results of different methods
on various synthetic datasets, including Rain200L, Rain200H,
and DID-Data. It can be observed that our proposed MSF-
GNAT achieves the best performance in terms of SSIM and
PSNR metrics. Fig. 3 shows that while the comparative
methods remove a significant portion of rain streaks, they
also result in the loss of some original texture information.
In contrast, our restored images exhibit more apparent edge
details and image textures.

3.4. Results on Real-world Datasets

To validate the effectiveness of our method in practical ap-
plications, we compare the performance of all competing
approaches in the last column of Table 1 on the SPA-Data
dataset. The results show that our method can compete with
previously popular rain removal methods. From the visual
quality comparison in Fig. 4 and Fig. 5, it can be observed
that our process removes a significant portion of rain streaks.
In contrast, other state-of-the-art methods still retain some
noticeable rain artifacts.

DualGCN

Fig. 4: Visual quality comparison on SPA-Data dataset.

Rain Image SPDNet

Restormer Ours Ground truth

Rain Image IDT Restormer DRS

Ours

Fig. 5: Visual quality comparison on Internet-Data dataset.

3.5. Ablation Study

To further investigate the effectiveness of different compo-
nents in MSF-GNAT, we conducted comprehensive ablation
experiments on the Rain200L dataset with consistent param-
eter settings. We verified the usefulness of the proposed MSF
block and SGFN, as well as the introduced DINA/NA. Exper-
imental results can be shown in Table 2.

Table 2: Comparison results with/without the proposed MSF
block and SGFN and the introduced DINA/NA modules.
Modules | Baseline Baseline+MSF  Baseline+MSF+SGFN  Ours

PSNR 35.74 37.39 39.42 41.57
SSIM 0.9719 0.9789 0.9855 0.9901

4. CONCLUSION

This paper proposes an MSF-GNAT framework for single im-
age deraining. The developed MSF block adopts a cascade
operation to fuse multi-scale information in different chan-
nels, and it can explore and use the complementary features
between different scales. The designed GNAT block uses al-
ternate NA and DINA to obtain long-distance dependencies
for local information modeling. Meanwhile, the designed
SGEFN controls information flow and suppresses the spread
of useless features. Performance comparison to SOAT shows
the effectiveness of our MSF-GNAT in both quantitative and
qualitative evaluations, and the ablation study shows the ad-
vantages of each designed module in MSF-GNAT.
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