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Method for Single Image De-raining Based on Deep Adjacently
Connected Networks
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Abstract Rain streaks result in the occlusion of image content, which seriously affects the human visual effect and the performance
of subsequent systems. Existing deep learning-based methods improve de-raining performance at the expense of complex network
structure and parameter burden, which makes these methods difficult for serving practical applications. In this work, a deep adjacently
connected networks is proposed for single image de-raining. By focusing on the relationship between the learned feature maps, a fusion

operation is designed to connect the adjacent features to obtain rich and effective representation. Experiments, which conducted on three
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public synthetic datasets and real-world rainy images, show that the proposed method improves de-raining performance on both
subjective and objective evaluations. The average structural similarity (SSIM) on the synthetic dataset Rain100H is 0.84, and the average
SSIM values on the synthetic dataset Rain100L and Rain1200 are 0.96 and 0.91, respectively. When testing on real-world rainy images,
the proposed method can effectively remove the foreground rain streaks while protecting background image information to obtain better
visual quality. Compared with JORDER, the proposed method achieves comparable de-raining results while can reduce the model
parameters and CPU runtime by one and two orders of magnitude, respectively. The experimental data demonstrates that fusing adjacent
features in the deep network can generate more effective representation. Therefore, although the proposed method contains relative few
parameters and simple neural network structure, it can still achieve better image de-raining performance and solve the problems of

parameter burden and complex network structure in existing methods. Moreover, the network structure design scheme in this paper can

also provide reference values for relative image restoration tasks based on deep learning.

Key words: Image de-raining, Deep learning, Convolutional neural networks, Feature fusion
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Fig. 1 The overall structure of the proposed deep adjacently connected network
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and dilated rates, shallow pixel values equal 0.
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DDN  JORDE FN

Lpil  cscer PP o :
P 237%  1.67<1 31210
) o 251 . 2.13
%P 0.21 023 0.19

S.3EIKELE

N T B IE AR SC BT R I 2% AE B S g o R dE
AR, RARSCHEE S Kb 4t e R
LA W ER BT, S RWESHR.
Horp, Es@AAWEE, Es5b)-B50H7 %
NLPELET, CSCHVAPI. DDN S ik 18],
JORDER S A ST fie th VA I 2 T 45 2R
WL ESRI, AXHEEELLEG EREH
LB, R R R EE REGNER,
i1 75 il s 1 A AL I Bl 1) 5 v U 4% 1E 25 R 4%
4 [7) I S B0V A AR AR B 2 R AR ST Bk
32 Ak B8 0 BE SR, A R R B R R 4k 35 B ik )
AN 5 BR AR -

W i

(a) (b) (c) (d) (e) ®
5 AN [A] ) 2 W9 77 95 78 0 SE 8Os B W OR BB

Fig. 5 Visual comparisons on real-world data.
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