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Multi-stage Image Rain Removal Network Based On NTEG-Net

SONG Jianhui,CAO Yinan,LIU Xiaoyang

( Shenyang Ligong University , Shenyang 110159 ,China)

Abstract; In order to solve the problem that the encoder-decoder structure is easy to lose image
details and the global semantic information is inaccurate due to the limited depth of the single-
stage network ,a multi-stage image rain removal network based on NTEG-Net was proposed. First-
ly,in the first two stages, the improved NTEG-Net encoding-decoding network based on U-Net
was used to learn the features of rain patterns at different scales. Secondly, in the third stage, the
reparameterized residual feature network was used instead of the encoder-decoder to generate
high-resolution and information-rich background features. Finally, in order to ensure the efficient
transmission of information at each stage,a cross-stage feature transfer module was added between
each stage to realize the transmission of information at different stages,and finally to realize rain
removal. Experimental results show that compared with the original network, the peak signal-to-
noise ratio of the proposed network on the datasets Rain100L ,Rain100H and Rain800 is increased
by 2.09 dB,0.24 dB and 0.27 dB, respectively, and the structural similarity is increased by
0. 009,0. 003 and 0. 006, respectively, which can effectively remove raindrops and restore the
background details of the image.
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Fig.1 The network structure of this article
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Table 1 Comparison of the rain removal effect based on different algorithms

N X Rain100L Rain100H Rain800
31 Bk
PSNR SSIM PSNR SSIM PSNR SSIM
DerainNet 27.03 0. 884 14.92 0.592 22.77 0. 810
AR B DIDMDN 25.23 0.741 17.35 0.524 22.56 0.818
DRDNet 29.27 0. 945 23.70 0. 880 23.06 0. 843
PreNet 32.44 0. 950 26.77 0. 858 24.81 0. 851
PCNet 34.35 0.983 28.34 0. 939 27.09 0. 908
SCHRT15] 36.79 0. 960 28.94 0.944 27.33 0. 830
2B s
SCHk[17] 35.54 0. 983 28. 68 0. 940 28. 86 0.923
MPRNet 36. 36 0.984 30. 66 0. 958 28.55 0.921
Ours 38.45 0. 993 30. 90 0. 961 28.82 0.927
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Fig.8 Test result on the Rain100H dataset
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Table 2 Rain removal evaluation results of real rain maps
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Fig.9 Test results on real-word dataset

2.2.3 FEMEREXTH

SR XoF L B AR A B TR R R T R Y 25
AR SCHEHL 100 X FT K EHG AT, BRIV
480 x 320, A M 7E GPU L iE4T, X He s
Rt 5 AR R 1155 5 ( GFLOPs ) . & (Pa-
rams) | SERFPE(FPS) (PSNR F1 SSIM, 45 S 4% 3
B o

*®3 Hikitsexdtt

Table 3 Algorithm performance comparison

#3  GPFLOPs Params/10° FPS  PSNR  SSIM
PreNet  155.3 0.17 13 32,44 0.950
PCNet  629.1 0. 63 26 34.35  0.983

MPRNet 1 285.9 3. 64 8 36.36  0.984

Ours 692.5 8. 18 2 38.45  0.993
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Table 4 Comparison of ablation experiment results

NTEG  CSFT RepRFN PSNR  SSIM
Netl x x x 36.36  0.984
Net2 \ x x 37.48  0.989
Net3 x v x 37.27  0.991
Net4 x x v 36.79  0.991
Net5 vV vV % 38.45  0.993
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Fig.10 The visual images of the ablation experiment
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