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Research on De—rain Model for Single Image Based on RDSRCNN

FU Jibin, LI Chunhui
(School of Computer & Information Engineering , Henan University of Economics and Law , Zhengzhou 450046, China)

Abstract: Rainy weather will cause rain marks on the image, which will not only seriously affect the look and feel of the image, but also inter-
fere with subsequent image analysis and processing. Image rain removal has always been the focus of image restoration research. In view of
this, a single image rain removal model of RDSRCNN is proposed. In order to improve the feature extraction capability, ESIFEM, an en-
hanced feature extraction method, was used as the feature extraction means to achieve efficient feature extraction by utilizing its remote pixel
correlation capability and low local feature extraction cost. Meanwhile, the loss function constructed with the combination of the 1, and MSS—
SIM was used to optimize the training efficiency and ensure the visual friendliness of the output image. The above method is combined with the
enhanced DSRCNN rain removal network to form a single image rain removal model. The experimental results on the Rain100H dataset show
that this method can visually restore the image with dense rain distribution to a clean scene map with rich details, and compared with most
comparison methods, the cases of ghost and object edge deformation are reduced by more than 90%, and the clearance rate of background rain
marks is higher than 95%. In quantitative evaluation, the proposed method is superior to the comparison method in most aspects of peak SNR
and structural similarity parameters and is superior to Restormer method in space complexity.

Key Words: image inpainting; single image de-rain; deep learning; mixed loss function
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Table 1 PSNRs and SSIMs of comparation methods
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Fig. 4 Visual comparison of processing results by comparation meth-
ods
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