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Single image deraining based on the concatenation
residual network

CHEN Qing-jiang” , WU Tian-tian

(College of Science , Xi’an University of Architecture and Technology »
Xi’an 710055, China)

Abstract: In this paper, the mapping relation between the rainy image and the clear image is learned
through the improved residual network to realize the image rain removal, and a single image deraining
algorithm based on the concatenation residual network is proposed. Firstly, the improved residual
block is used to simplify the network module, reduce the network parameters and improve the net-
work training speed. Secondly, the designed concatenation structure not only realizes multi-feature ex-
traction, effectively reduces parameters, but also increases the output of feature map., which is benefi-
cial to retain more details of the image. Finally, the single-scale convolution is used to reconstruct the
image details, and further improve the visual effect of the de-rained image. Experimental results indi-
cate that the mean values of structural similarity and peak signal-to-noise ratio on the synthetic rainy
image sets are both higher than 0.95 and 33 dB, and the blind image quality evaluation values of real
rainy image sets are relatively low. The method can not only remove the rain in the image effectively,

the rain streak residue is less, but also keep more texture and edge details of the image, and the visual
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effect is clear and natural.

Key words: single image deraining; convolutional neural network; residual learning; concatenation

structure; multi-feature extraction; blind image quality evaluation
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Fig.1 Structure diagram of the concatenation residual network
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Tab.1 Convolution kernels setting of two concatenation structures

Network layer Filter size Network layer Filter size
Suml 16X 3 X 3 Sum? 48X 3% 3
Convi 16X 3 X 3 Conv8 16 X3 X 3
Conv5 16 X 3 3 Conv9 16 X 3 X 3
Concatl (16 +16 +16) X 3 X 3 Concat2 (48 + 16+ 16) X 3 X 3
*k2 HESRH
Tab.2  Algorithm steps
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(a) Rainy image  (b) Ground truth (c) Zheng
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(d) DerainNet (e) DDN (f) GCANet (g) Ours
B3 AR SR A B K EE Opera House 123

Fig.3  De-rained results of different algorithms on

synthetic rainy image “Opera House”
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(a) Rainy image  (b) Ground truth (c) Zheng
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il 2 “Wie 4 s
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B 4 ARV R XA B K K114 Spinal Building 9 23
W 4%

Fig.4  De-rained results of different algorithms on

synthetic rainy image “Spinal Building”
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(d) DerainNet i (e) DDN (f) GCANet i (g) Ours

B 5 AR XA R K EME Horses B 2< T 45 5
Fig.5 De-rained results of different algorithms on

synthetic rainy image “Horses”
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Bl 6 Rk A MO K P 1R Kids 1) 5 T 45

Fig.6  De-rained results of different algorithms on

(g) Ours

synthetic rainy image “Kids”

A TS B4 25 T AR,  (HR A AE A R B R A X T
GCANet LY (1 LR 45 2 L IR 43 i K B & 1
ATRIEE I BRI BT A T ORREM S, B
KRR . WA SCR A& M K E R
HA TR 5 RRCR L B0A Sk B L 4i
RIS EEYSRIRIETT
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Tab.3 SSIM and PSNR evaluation of the de-rained results on synthetic rainy images

Images Evaluation indicators Zheng DerainNet DDN GCANet Ours
PSNR/dB 28.426 3 29.106 4 32.433 5 30.187 5 35.301 8
Opera House
SSIM 0.897 1 0.933 9 0.946 6 0.886 8 0.959 5
PSNR/dB 27.749 8 27.190 3 30.995 6 28.834 2 34.338 7
Spinal Building
SSIM 0.894 6 0.908 1 0.931 9 0.857 0 0.958 7
PSNR/dB 24.866 8 26.247 4 27.812 6 27.073 6 33.817 6
Horses
SSIM 0.948 1 0.962 4 0.965 9 0.927 1 0.986 5
PSNR/dB 29.147 4 29.796 5 30.514 4 30.714 0 36.347 7
Kids
SSIM 0.944 6 0.963 0 0.965 3 0.935 2 0.984 3
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GCANet B35 B P 48 B AH XT38 /&1 5 1 48 SCH 7k
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SEAMEAE 0.95 5 33 dB KA b3 S5 R AR T H
b B UGB T AR SO R B A At . DT A
SE S FE PEVEA i, BRI T AR SRR T I 45 8 25
251 2T RVA I 2SI A AR T A B
42 EXWMXBEGHNETLERSHH

BT LS R IR B AR SO 5 A 5 s A
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Fig.7 De-rained results of different algorithms on real-word rainy images
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Tab.4 Quantitative evaluation of the de-rained results on real-world rainy images

Images Evaluation indicators Zheng DerainNet DDN GCANet Ours
Q 0.013 0 0.017 9 0.013 2 0.028 5 0.018 4
AG 0.014 7 0.025 8 0.021 8 0.026 1 0.026 3
A Rainy Night
NIQE 21.174 5 19.896 0 20.681 7 19.795 4 19.636 0
NBIQA 14.374 6 17.038 9 13.298 2 21.101 1 11.543 8
Q 0.011 9 0.022 7 0.021 7 0.021 8 0.029 3
AG 0.017 9 0.033 9 0.032 9 0.031 7 0.038 5
Road
NIQE 20.778 5 20.232 3 19.787 3 19.926 2 19.036 9
NBIQA 16.007 21.885 4 18.665 6 20.185 3 16.513 8
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Images Evaluation indicators Zheng DerainNet DDN GCANet Ours
Q 0.007 7 0.009 2 0.010 3 0.009 7 0.011 1
AG 0.016 1 0.029 5 0.029 5 0.030 1 0.030 9
Couple
NIQE 20.469 0 19.883 5 19.282 9 19.722 1 19.240 5
NBIQA 18.022 1 13.613 9 8.426 7 7.412 3 6.713 6
MR 4w LB B Y e TR A ) 1Y 2SR
WG E TR TR, W TA 5 % %w
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