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The image rain removal method based on multi-stage

progressive processing
LIAN Jihong, WANG Ping, LI Ying, LI Yunhong

(School of Electronics and Information, Xi’ an Polytechnic University, Xi’ an 710048, China)
Abstract Aiming at the problems of incomplete rain pattern removal and texture information loss in the exist-
ing image rain removal methods, this paper proposes a multi-stage progressive image rain removal algorithm,
which can simultaneously fuse the features of the upper and lower stages and greatly improve the performance
of the rain removal algorithm. The rain removal network model consists of three stages. In the first two stages,
the improved U-Net coder-decoder structure is used to learn multi-scale context information, and the efficient
channel attention network ( ECANet) is used for feature extraction, which can reduce the parameters of the
network model. In the third stage of becoming lighter, parallel attention subnet ( PASNet) is added, which
can generate high-resolution features while learning contextual information and spatial details, and can better
preserve the output details of images. At the same time, supervised attention module (SAM) is introduced to
strengthen feature learning. The experimental results show that the PSNR is 29. 37 dB and SSIM is 0. 88 on
the data set Rainl00H; The PSNR is 32. 50 dB and SSIM is 0. 93 on Test1200, which verifies the effective-
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ness of the proposed method in the task of image rain removal.
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Fig.1 Schematic diagram of the improved MPRNet architecture
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Tab.1 Comparison experiment between the proposed method and other methods
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Tab.2 Experimental comparison of algorithm performance

Method Backbone Models Parameters/10° Training Speed/ (h + Epoch™")
Original MPRNet 50 2.5
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Fig.9 Example of results on Rainl00H dataset
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Fig. 10  Example of results on Test1200 dataset
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Fig. 11  Example of results on real rain map
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Tab.3  Ablation experiment of this method
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Fig. 12 Example of ablation experiment results
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