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Single image rain removal based on cross scale
attention fusion

Ye Yuchao, Chen Ying’

Key Laboratory of Advanced Process Control for Light Industry (Ministry of Education), Jiangnan University, Wuxi,
Jiangsu 214122, China

Abstract: Single-image rain removal is a crucial task in computer vision, aiming to eliminate rain streaks from rainy
images and generate high-quality rain-free images. Current deep learning-based multi-scale rain removal
algorithms face challenges in capturing details at different scales and neglecting information complementarity
among scales, which can lead to image distortion and incomplete rain streak removal. To address these issues, this
paper proposes an image rain removal network based on cross-scale attention fusion, aiming to remove dense rain
streaks while preserving original image details to improve the visual quality of the rain removal image. The rain
removal network consists of three sub-networks, each dedicated to obtaining rain pattern information at different
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scales. Each sub-network is composed of densely connected cross-scale feature fusion modules. The designed
module takes the cross-scale attention fusion as the core, which establishes inter-scale relationships to achieve
information complementarity and enables the network to consider both details and global information. Experimental
results demonstrate the effectiveness of the proposed model on synthetic datasets Rain200H and Rain200L. The
peak signal-to-noise ratio (PSNR) of the derained images reaches 29.91/39.23 dB, and the structural similarity
index (SSIM) is 0.92/0.99, outperforming general mainstream methods and achieving favorable visual effects while

preserving image details and ensuring natural rain removal.

Keywords: machine learning; image deraining; multi-scale; attention mechanism; feature fusion
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Fig. 6 Rain200H typical picture examples
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Table 1 Comparison with other methods on synthetic datasets
Rain200H Rain200L Rain800
Params/M
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
JORDER!" 23.54 0.805 36.11 0.974 23.47 0.869 3.89
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MSPFN™ 28.64 0.899 37.67 0.975 25.49 0.861 13.35
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RSGN®" 28.31 0.905 37.65 0.981 26.37 0.893 4.16
EfDeRain®”! 25.54 0.884 31.51 0.957 24.16 0.839 27.61
MSAFNet 29.91 0.921 39.23 0.991 26.63 0.896 12.8
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Fig. 7 Results of different algorithms on Rain200H dataset
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Fig. 8 Different results of MSAFNet on DID-MDN dataset
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Table 2 Comparison with other methods on real dataset
Tk MSPFN!™ PReNet!” RCDNet*? MPRNet"*” MSAFNet
NIQE| 4.921 5.013 4.881 4.903 4.816
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Fig. 10 Experimental results of different algorithms on real-world dataset SPA-DATA
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Table 3 Results of ablation experiments on the Rain200H dataset
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Table 4 The effect of subnet and MFEB scale number on PSNR

S=1 S=2 S=3 S=4
K=1 26.57 27.22 27.86 27.79
K=2 27.87 28.24 28.56 28.46
K=3 28.23 29.13 29.91 29.64
K=4 28.47 29.22 29.78 29.51

75 ZREFM  MFA (Subnet) MFA (MFEB) PSNR/dB SSIM

1 x x x 26.76  0.871
2 J x x 27.83  0.881
3 x x N 27.92 0.884
4 J \ x 2851 0.898
5 J x V 2947 0916
6 J \ v 2991  0.921
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Fig. 11 Curve graph about the number of scales and subnets
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Single image rain removal based on
cross scale attention fusion
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Overview: Single-image rain removal is an important task in computer vision, aiming to remove rain streaks from
rainy images and generate high-quality rain-free images, which has extensive applications in video surveillance analysis
and autonomous driving. However, existing rain removal algorithms based on deep learning face challenges in obtaining
global information from rainy images, leading to issues such as loss of image details and incomplete rain streak removal.
To address these problems, many rain removal algorithms construct multi-scale networks to enhance the detailed
information for image deraining. Although these multi-scale deraining algorithms have achieved good results, directly
fusing information from different scales without considering the inter-scale relationships may lead to the loss of
background details and image distortion during the upsampling process. Therefore, it is important to consider how to
establish relationships across different scales to achieve scale feature complementarity, which enables algorithms to
balance both details and global information. In response to the above issues, this article proposes an image rain removal
network based on cross-scale attention fusion, which aims to remove dense rain streaks while preserving the details of
the original image as much as possible, improving the visual quality of the rain removal image. The network is based on
a cross-scale feature fusion module, which can effectively extract feature information at three scales. To solve the
problem of image degradation caused by neglecting scale correlation, the convolutions used in the module to extract
information at different resolutions are connected in a cross-scale manner, enhancing the ability to capture information
at different resolutions. The attention module added in cross-scale connections is used to enhance the feature
propagation between neighboring scales, achieving information complementarity across different resolution levels. The
rain removal network consists of three sub-networks which are composed of densely connected cross-scale feature
fusion modules, and each sub-network is used to obtain rain pattern information at different scales. Experimental results
demonstrate the effectiveness of the proposed model on synthetic datasets Rain200H and Rain200L. The peak signal-to-
noise ratio (PSNR) of derained images reaches 29.91/39.23 dB, and the structural similarity index (SSIM) is 0.92/0.99.
These performances outperform the general mainstream methods and achieve better visual effects in terms of preserving
image details. In terms of time efficiency, the proposed model also shows advantages compared to some baseline models
while ensuring natural deraining effects and maintaining processing speed.
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