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Single image rain removal based on multi-scale convolutional neural network

GUO Jichang, GUO Hao, GUO Chunle

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: Rain weather will affect the quality of the outdoor images and blur and cover the image information. To
improve the clarity of outdoor images affected by rain streaks, restore image feature information and improve the
accuracy of many computer vision algorithms under rain weather condition, a single image rain streaks removal
method based on the multi-scale convolutional neural network is proposed. Firstly, the structure of the multi-scale
convolutional neural network is established and the method extracts information of images by multi-scale
convolution. The information is utilized to remove the rain streaks and reconstruct images. Then, the method
combines the features of rain which include low saturation and high intensity to train the network. The optimal
parameters can be obtained in this way. Finally the convolutional neural network can remove the rain streaks in
single images effectively. Experimental results show that the proposed method compared with the existing methods
has better performance about rain streaks removal. It can better maintain the original information of the image and
avoid blurring of the image. Meanwhile, using multiscale convolution to extract feature information can enrich the
feature information and it is beneficial to improve the rain removal ability of the convolution neural network.

Keywords: image feature information; computer vision algorithm; rain streaks removal; multi-scale convolutional
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Fig.2 Structure of multi-scale convolution neural network
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Tab.1 Parameter setting of multi-scale convolution neural network

BRE  BRER/N RHE4EEE e .7/ SR
Convll 3x3 128 1 1
Conv12 3x3 128 1 1
Conv21 3x3 128 1 1
Conv22 3x3 128 2 2
Conv31 3x3 128 2 2
Conv32 3x3 128 2 2
Conv2 1x1 512 0 1
Conv3 5%5 1 2 1
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Fig.4 Experimental results of simulated rain images
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Tab.2 PSNR of different methods

U {5 18 LY
%
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Bridge 27.71 35.06 36.89 39.82
Airplane 29.74 36.71 34.87 39.24
Boy 29.48 36.72 35.22 40.13

200 SRAEHIEE  30.96 32.65 36.05 37.14
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Tab.3 SSIM of different methods
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Bridge 0.88 0.97 0.97 0.98
Airplane 0.80 0.97 0.90 0.98
Boy 0.90 0.97 0.94 0.98
200 sRALHLER 0.87 0.94 0.94 0.96
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Tab.4 BIQI of different met
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Pedestrian 36.58 42.44 34.67 29.31 27.79
Traffic 48.68 44.76  47.56 36.73 36.55
Leaf 29.81 37.26 27.91 30.17 23.91
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