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Image deraining algorithm with multi-scale expansion attention mechanism
HU Mengyue, JIA Dongli, ZHANG Heng

(School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, Hebei, China)

Abstract: The background information of rainy images is blurred due to the influence of rain lines, which affects the execution of
subsequent computer tasks. To solve this problem, Multi—Scale Dilated Attention Derain Network ( MSDA-DNet) is proposed.
The network adopts a multi—stage architecture and gradually learns the mapping process of images with rain and images without rain.
During the process, a multi—scale residual block is proposed, which uses expansion convolution to enlarge the receptive field, and
optimizes the performance of rainline detection without increasing the complexity of the model. In addition, the introduction of
attention mechanism and Spatial Pyramid Pooling Fast( SPPF) in the backbone of the network makes the network learn global and
local information more effectively and reduce information loss. The experimental results show that the proposed algorithm
outperforms other classical and novel algorithms in both subjective and objective evaluation indexes.
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Fig.1 Single image deraining integrated network structure of multi—scale dilated attention mechanism
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Fig. 3 Specific structure of SE attention mechanism
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Fig. 4 Original residual block and improved residual block
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Table 1 Comparison table of index values of each algorithm

PSNR/SSIM
Pataset RESCAN PRENet PCNet SAPNet 2R SO Y
Rain100H ' 27.858 8/0.876 7 28.042 4/0.881 6 19. 880 6/0.545 1 28.941 7/0. 888 4 29.017 1/0.889 9
Rain100L!M! 32.907 0/0.961 1 33.695 9/0.965 5 23.271 4/0.739 8 34.345 2/0.969 6 35.043 4/0. 969 8
Rain1201%! 34.361 9/0. 962 9 34.857 8/0. 963 8 24.001 7/0.721 9 35.176 1/0. 965 4 35.859 3/0.966 5
(a) Input (b) PCNet'™! (¢) PreNet''*) (d) RESNet (e) SAPNet!!"! (f) The proposed  (g) Groundtruth
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Fig. 5 Test results on the Rainl00H dataset
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Fig. 6 Test results on real-world dataset
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