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Improved Convolutional Rain Removal Algorithm for Single Image
Based on Graph Network
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Abstract Image deraining is the process of reconstructing a high-definition background image by removing rain marks.
The deep convolutional neural network is now the most widely used to eliminate rain streaks. The core of the convolution
operation is parameters globally sharing, which remarkably reduces the amount of calculation and improves the
generalization ability of the algorithm. However, this also makes the convolution operation unable to effectively consider
the connections between local parts and the influence of the distant pixels on the operated region. This will result in an
over-smoothing phenomenon in single image deraining. Inspired by the great success that graph network has achieved in
recent years, we hope to improve the convolution method by combining the kernel idea of graph network. First, all pixels
are treated as graph nodes, the similarity between neighboring pixels is estimated, and the threshold value determines
whether or not an edge connection exists. After the graph structure construction is completed, the obtained adjacent matrix
and the similarity matrix will be used during the convolution operation, the parameters of the convolution kernel are
adjusted, and the connection between the pixels and the extraction of topological information are fully considered. The
intensive comparison experiments of several states-of-the-arts on several benchmark datasets show the effectiveness of the
proposed enhanced convolution, which can effectively promote the performance of various latest algorithms without
increasing a lot of computing resources.
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(@) original rain image DDN multi-scale non-local PReNet BRN

original background image DDN+ multi-scale non-local+ PReNet+ BRN+

(®)  original rain image DDN multi-scale non-local PReNet BRN
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Fig. 3 Visual comparison of several latest algorithms before and after improvement
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Table 1 Performance comparison results of several latest algorithms on four public test datasets

Algorithm ' . PSNR/SSIM _ '
Rain100L Rain100H RainLight RainHeavy

DDN 32.16/0.936 21.92/0. 764 31.66/0.922 22.03/0. 777
DDN-+ 33.45/0.944 24.02/0. 816 32.91/0.937 24.22/0.825
PReNet 37.48/0.979 29.45/0.905 37.93/0.983 29.36/0.903
PReNet+ 39.21/0.991 30.55/0.921 39.60/0.993 30.41/0.919
Multi-scale non-local 36.01/0.965 28.63/0. 884 36.39/0.968 28.47/0. 883
Multi-scale non-local+ 37.88/0.984 29.98/0.916 37.93/0.982 29.77/0.914
BRN 38.16/0.982 30.47/0.918 38.86/0.986 30.27/0.917
BRN+ 39.55/0.993 31.29/0.934 40.08/0. 996 31.11/0.925
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Table 2 Comparison results of computing time and GPU

memory of several latest algorithms before and after

improvement
Algorithm CorTlputing GPU memory /MB
Time /s
DDN 0.014 1242
DDN-+ 0.016 1305
PReNet 0.058 1897
PReNet+ 0.062 1994
Multi-scale non-local 0.104 4957
Multi-scale non-local+ 0.111 5135
BRN 0.089 2587
BRN+ 0.099 2643
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Table 3 Comparison results of performance of AODNet

Parameter AODNet AODNet+
PSNR 19. 6954 20. 1430
SSIM 0.8478 0.8539

4 AODNet SR 5 Y B[R] A 5 A7 X% H

Table 4  Comparison results of computing time and GPU

memory of AODNet before and after improvement

Parameter AODNet AODNet+
Time /s 0. 0087 0.0095
GPU memory /MB 587 614
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