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Single Image De-raining Using a Recurrent Dual-attention-residual Ensemble Network

ZHANG Xue-Feng, LI Jin-Jing

(School of Computer Science and Technology, Anhui University of Technology, Maanshan 243000, China)

Abstract: Rain streaks can severely degrade the quality of captured images and affect outdoor vision. However, due to non-uniform in
shape, direction, and density of rain in different images, it is a difficult task to remove rain from a single image. This study proposes a
single image de-raining using an ensemble recurrent dual-attention-residual network, called RDARENet. In the network, as contextual
information is very important for the process of rain removal, a multi-scale dilated convolution network is firstly adopted to acquire large
receptive field. Rain streaks can be regarded as the accumulation of multiple rain streaks layers, the residual of the channel attention and
spatial attention mechanisms are used to extract the features of the rain streaks and restore the background layer information. The channel
attention can assign different weights to rain streaks layers, and the spatial attention enhances the representation of the area through the
relationship between adjacent spatial features. With the deepening of the network, to prevent the loss of low-level information, a cascaded
residual network and a long-term memory network are used to transfer low-level feature information to the high-level and remove rain
streaks stage by stage. In the output of the network, ensemble learning method is adopted to weight the output of each stage through the
gated network, and add to get the clean image. Extensive experiments demonstrate that the effect of removing rain and restoring texture
details is greatly improved.
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Fig.1 Single image de-raining using a recurrent dual-attention-residual ensemble network structure
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Fig.2 Channel attention module and spatial attention module, (Srepresents Sigmoid function
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MARG)FR,G RABIIZA Ix1 BT TIEMLE o RGBS S I H 45 AL 3 49 AT g4
B BRI f 2 Rl A5 T i 1O 5 R R AT P, S 0 45 SR R W B A ) IR RO S i
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BEBENESSREHNEEE BB EEAES 3 WhImAKB I RE. 2 M BaR 5 MU a5 ok kB S I
25 RDARENet [ 4%, & BHL B — [ 570 45 K AR DL 453 5% v B50PT DAAR G H )1 5 0 4 451 2 o 250 24 3(6) Bl XU AR &
B LA 2D i AR XIS A L) 5 52 TE W PR
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3 %X I

2R S AE A7 2L R B0 B R 050 Y R B3R 42 I RDARENet W 4% i et 45 440 AH 1Ll BE (SSIM) I e {12 e L
(PSNR)VFA AN [E] £ 4 4 1= (14 2 L. (50 B 2 S0 10 592 5 0T 00 J LR S0 8 47 Lh 35 (a) TR A BT 2 (GMIM)
(CVPR’16)!'(b) ¥R /¥ 40 5 M 2% (DNN)(CVPR’ 1) (c) 18 ¥F 1 3 3K & R A1 $5 I 5 3% & W 4% (RESCAN)
(ECCV’18)!1;(d) #ii = M 4% (PReNet)(CVPR19)!'6!
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30K, S50 k. H 80 IEARK, 2] IR TR LL 0.2 FRAK.

FL S IREE AR AE SR A5 K i O TG Y AN I UG R ab £ P 075 35 A B0 4R 5 IR AR SO N 45 . Yang 55
NG 4 4 BU/NET Rainl0OL FIARY Rainl00H ¥ #, AN S 4245 100 TR IR K% Ren 25 AU R
Rain100H =5 A4 A0 (7] (¥ R, 8 X 45 5 B0 4 102 A0 A% 0 AE AR s o 156 FH ) 8088 /2 Ren 25 AR AL 10 4R
4, Zhang % AP 44 4 Rain800(& 7 700 3K I 45 EZ AT 100 3K MK B5 ) LA S A 5088 4 Rain12'L H SE
9 P15 A DO 268 IS 1D, P Rk Do) 4 2 7 JL S 5 R I 2 T e
31 MEF¥Y
3.1 PIRAESE

ANFI 4 M RDARENet 5P AL, 45 & B BEOE 3R TR B AN B B T 45 SR 5 48 jl s ST 45 -
B L%,

o TEMAHIIREL

I 2% A P v 3 T ZE R AN 0K 6.5 F BT 2580908 9 Rainl00L, L3R 1,T=3,4,5,6,7 {& ¥ I B, i@ VP4
F5 K% PSNR FI SSIM 18 i b 82, FE & FR ¥k 3 T=6,PSNR HI SSIM HIE #REUAS 55 47 HAR T Hodth, Bt DLIAE & X 4% B B
MBI I ECHN 6.

Table 1 Comparison of RDARENet models with different T stages
F 1 HWEAFEMBLX S RDARENet 54

Model RDARENet; RDARENet; RDARENets RDARENets RDARENet;
PSNR 37.887 38.378 38.003 38.547 38.341
SSIM 0.980 0.981 0.981 0.982 0.982

o PR BRI A g R

il 3 frzs, 78 Rainl00H YIZREE EIZRMIZE, 7 BEEC T BB 1. BB 3 FIRYER 6 o 5 DL R 4 i
H 4 7E PSNR I SSIM ¥4 H8 AR LA H B, 48 et BT P B W 2 v T Ho At % B B PSNR 1 SSIM {E 43
529: B 3(b),19.369/0.705; 18 3(c),25.918/0.842; 1 3(d),24.621/0.785; Kl 3(e),27.424/0.895.

;

!
lafh. | Hh l :E\
{ ii.hﬁd.i'.ﬁﬁ "1

(a) WA (b) BB 1 (c) M3 (d) BrEt6 OE 313

Fig.3 Comparison of the different stages outputs and ensemble output
B3 EBUAS R Bi Bc i e P A R AR i e %

3.1.2 BEREMEE

N T IR UE AN AS R R BRAE o0 26 v ) B A SCREAT T RlE A2 20 R 2 TR, £E Rain100L 4 4 B3 IEA
[ A R D) 286 1) A TR o Sl S P 6 N S8 I ke 22 I 6% (RB) AR Dl Bl 114 25 R I 4% 308 3 7 /1 7 22 T 4% [ ke 2
TS I 388 T VA R g R R R AR R A A 0 % B A M SV T R R AN T 5 PR A A M R X DA X g R R A
SRFAE. BT R R L . TR TS 70 0 52 2% M A SCHE A B 22 I 46 TS o 22 RUBE 7 TR B A(MSDC) R R &
R IR AT 2, JF HLBE G R D I 288 IR 32 s A0 2 4004 11 25 % A 22 RUBED 56 AR R ANV T 0 10 B 22 19X 2% 22 T 45
AL I 18] 142 W9 25 (LSTM). 2 B B 2% 9 109 4% £ B> B BUAR 1 2% R0 LR, T2 10 2% 00 T A B 3hd & 5 B B kW
PG T 1 22 e A A5 PR 25 T O RBOCR BE 4
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Table 2 Ablation study using different modules combinations

®2 eI FRA AR

(8 B S

RB V N N N N

Dual attentions X R \ R \

MSDC x x N N v

LSTM x x x N \

Gated network x x x x v
PSNR 37.382 38.118 38.004 38.452 38.547
SSIM 0.971 0.978 0.981 0.981 0.982

3.1.3 Kk

TE I S5 4 265 1) i o 2% R R A [ 45 R o 50 S IO 58 07 1 2 W, 3 R A 366 47 H‘Jé*fmmﬂ#(negative SSIM)-
Y77 1R 22 (MSE) B S 451 2k (perceptual losses). 413K 3 Az, 5 BISR FH # S5 /I AHALLE (SSIM) . S S5 iARALE 5 £
T BE 35 77 22 45 < (SSIM+MSE) Fll 1t 45 44 K0 18 B 15 8 501453 2 (SSIM+PL).#E Rain100L LB’mJﬁE KR HAR
FA T S5 A REACLRE — 45 2R B 30, 1ER 25 WU B AR /E PSNR AT SSIM 47 Al 453 2K R B 4H &

Table 3 Comparison of RDARENet with different loss functions
*3 BN FBUR A2 RDARENet 4 45

Loss SSIM SSIM+MSE SSIM+PL
PSNR 38.547 38.430 38.025
SSIM 0.982 0.982 0.981

32 (FEMMEESR
RDARENet X 2% 125 %1 43 %1 £ Rain100H. Rain100L 1 Rain800 ##E 4 F % % 4 fin. 41 75 GMMIY,
DDNI!' RESCAN!I1 PReNet! Vix 4 Fift 1 P {5 25 R 7 92 30 AT b A (20 60 0 3 €023 70 26 o A 0 AN EL V) 45 S

Table 4 Average PSNR and SSIM comparison on the synthetic datasets
R4 AL EHE PSNR AT SSIM ¥ 118

Method  GMM(CVPR’16)]  DDN(CVPR’17)!']  RESCAN(ECCV’18)!"”!  PReNet(CVPR’19)!® Ours
Rain100H 15.21/0.421 25.23/0.764 27.71/0.852 29.41/0.899 29.95/0.903
Rain100L 28.45/0.868 32.34/0.941 38.19/0.980 37.49/0.979 38.55/0.982

Rainl2 32.11/0.913 34.93/0.943 36.51/0.953 36.23/0.969 37.02/0.970
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Fig.5 Removal of rain streaks in real rainy images

K5 B R I RS B

AT T I T UG R T BB ZE R A 0 B 25 AR B i 4, SE DL T OB B Be R BR R H 10 M T i 2
RIEY BRI AT [RHCAZ 00 46 A0 23 1 0 00 5 22 X 296 2L Al ) i Ak ke 7 ) 2% A 1 = 2R P 4 1l 2 )

© PEBEERKEFIFEU  hapy/ www. jos. org. cn



RS FRATREEHEREEARE BB ETERNL 3291

() BARBE T I IHE 4%, B 3 2 ST R 20 e 4% A B BB R 4 A 9 B i S 35 R 5 1 95 ) 28 o I ) ASL L A 3fe
R 308 e 77 R S 1 R 0 S, 45 SRR AR SO T AR R T ST T Fe At BB 2% T T R TR 2% R RS
A1 DR 5 O B IUS T  ABR T AR R OR 0 AR R BATT R AR UL S B B W R BT S B P AR
(2% R, I8 9 47 0 20l B A BEAR S U BEAUL S s B2 4% B K )37 53¢, 75 SR 0 3 A DG B 1) W 246 27 2] 75 238 B B S 1
SN LR R 2 AR5

References:
[1] LiY, Tan RT, Guo XJ, Lu J, Brown MS. Rain streak removal using layer priors. In: Proc. of the IEEE Conf. on Computer Vision
and Pattern Recognition. 2016. 2736-2744.
[2] Gu SH, Meng DY, Zuo WM, Zhang L. Joint convolutional analysis and synthesis sparse representation for single image layer
separation. In: Proc. of the IEEE Int’l Conf. on Computer Vision. 2017. 1708-1716.
[3] Kang LW, Lin CW, Fu YH. Automatic single-image-based rain streaks removal via image decomposition. IEEE Trans. on Image
Processing, 2012,21(4):1742-1755.
[4] Luo Y, Xu Y, Ji H. Removing rain from a single image via discriminative sparse coding. In: Proc. of the IEEE Int’l Conf. on
Computer Vision. 2015. 3397-3405.
[5] Wang YL, Liu SC, Chen C, Zeng B. A hierarchical approach for rain or snow removing in a single color image. IEEE Trans. on
Image Processing, 2017,26(8):3936—-3950.
[6] Dong C, Loy CC, He KM, Tang XO. Image super-resolution using deep convolutional networks. IEEE Trans. on Pattern Analysis
and Machine Intelligence, 2015,38(2):295-307.
[71 Zhang K, Zuo WM, Chen YJ, Meng DY, Zhang L. Beyond a gaussian denoiser: Residual learning of deep CNN for image
denoising. IEEE Trans. on Image Processing, 2017,26(7):3142-3155.
[8] Tai Y, Yang J, Liu XM. Image super-resolution via deep recursive residual network. In: Proc. of the IEEE Conf. on Computer
Vision and Pattern Recognition. 2017. 3147-3155.
[9] Fu XY, Huang JB, Ding XH, Liao YH, Paisley J. Clearing the skies: A deep network architecture for single-image rain removal.
IEEE Trans. on Image Processing, 2017,26(6):2944-2956.
[10] Zhang H, Patel VM. Density-aware single image deraining using a multi-stream dense network. In: Proc. of the IEEE Conf. on
Computer Vision. 2018. 695-704.
[11] Fu XY, Huang JB, Zeng DL, Huang Y, Ding XH, Paisley J. Removing rain from single images via a deep detail network. In: Proc.
of the IEEE Conf. on Computer Vision and Pattern Recognition. 2017. 3855-3863.
[12] Yang WH, Tan RT, Feng JS, Liu JY, Guo ZM, Yan SC. Deep joint rain detection and removal from a single image. In: Proc. of the
IEEE Conf. on Computer Visionand Pattern Recognition. 2017. 1357-1366.
[13] Wang TY, Yang X, Xu K, Chen SZ, Zhang Q, Lau RW. Spatial attentive single-image deraining with a high quality real rain
dataset. In: Proc. of the IEEE Conf. on Computer Vision and Pattern Recognition. 2019. 12270-1229.
[14] Yang YZ, Lu H. Single image deraining using a recurrent multi-scale aggregation and enhancement network. In: Proc. of the IEEE
Int’l Conf. on Multimedia and Expo. 2019. 1378—-1383.
[15] Li X, Wu JL, Lin ZC, Liu H, Zha HB. Recurrent squeeze-and-excitation context aggregation net for single image deraining. In:
Proc. of the European Conf. on Computer Vision. 2018. 254-269.
[16] Ren DW, Zuo WM, Hu QH, Zhu PF, Meng DY. Progressive image deraining networks: A better and simpler baseline. In: Proc. of
the IEEE Conf. on Computer Vision and Pattern Recognition. 2019. 3937-3946.
[17] LiJJ. Research on single image rain removal based on convolutional neural network [MS. Thesis]. Maanshan: Anhui University of
Technology, 2020 (in Chinese with English abstract).
[18] Wang ZY, Ji SW. Smoothed dilated convolutions for improved dense prediction. In: Proc. of the 24th ACMSIGKDD Int’l Conf. on
Knowledge Discovery & Data Mining. 2018. 2486-2495.
[19] Shi XJ, Chen ZR, Wang H, Yeung DY, Wong WK, Woo WC. Convolutional LSTM network: A machine learning approach for

precipitation nowcasting. In: Advances in Neural Information Processing Systems. 2015. 802—810.

© TEBREEEEIEDT  htp/ www. jos. org. cn



3292 Journal of Software #2153k Vol.32, No.10, October 2021

[20] Woo S, Park JC, Lee JY, Kweon IS. CBAM: Convolutional block attention module. In: Proc. of the European Conf. on Computer
Vision. 2018. 3-19.

[21] Drucker H, Cortes C, Jackel LD, Lecun Y, Vapnik V. Boosting and other ensemble methods. Neural Computation, 1994,6(6):
1289-1301.

[22] Huang G, Liu Z, Weinberger KQ, Maaten L. Densely connected convolutional networks. In: Proc. of the IEEE Conf. on Computer
Vision and Pattern Recognition. 2017. 4700-4708.

[23] Fan ZW, Wu HF, Fu XY, Huang Y, Ding XH. Residual-guide network for single image deraining. In: Proc. of the 26th ACM Int’l
Conf. on Multimedia. 2018. 1751-1759.

[24] Wang Z, Bovik AC, Sheikh HR, Simoncelli EP. Image quality assessment: From error visibility to structural similarity. IEEE Trans.
on Image Processing, 2004,13(4):600-612.

[25] Liu GC, Lin ZC, Yan SC, Sun J, Yu Y, Ma Y. Robust recovery of subspace structures by low-rank representation. IEEE Trans. on
Pattern Analysis and Machine Intelligence, 2012,35(1):171-184.

[26] Xiao JS, Wang W, Zou WT, Tong L, Lei JF. Image deraining algorithm based on depth of filed and sparse coding. Chinese Journal
of Computers, 2019,42(9):2024-2034 (in Chinese with English abstract).

[27] He KM, Zhang XY, Ren SQ, Sun J. Identity mappings in deep residual networks. In: Proc. of the European Conf. on Computer
Vision. Cham: Springer-Verlag, 2016. 630-645.

[28] Fu XY, Liang BR, Huang Y, Ding XH, Paisley J. Lightweight pyramid networks for image deraining. The IEEE Trans. on Neural
Networks and Learning Systems, 2019, 1-14.

[29] Johnson J, Alahi A, Li FF. Perceptual losses for real-time style transfer and super-resolution. In: Proc. of the European Conf. on
Computer Vision. Cham: Springer-Verlag, 2016. 694-711.

[30] Corbetta M, Shulman GL. Control of goal-directed and stimulus-driven attention in the brain. Nature Reviews Neuroscience, 2002,
3(3):201-215.

[31] WangF, Jiang MQ, Qian C, Yang S, Li C, Zhang HG, Wang XG, Tang XO. Residual attention network for image classification. In:
Proc. of the IEEE Conf. on Computer Vision and Pattern Recognition. 2017. 3156-3164.

[32] He KM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the IEEE Conf. on Computer Vision
and Pattern Recognition. 2016. 770-778.

[33] Takikawa T, Acuna D, Jampani V, Fidler S. Gated-SCNN: Gated shape CNNs for semantic segmentation. In: Proc. of the IEEE
Int’l Conf. on Computer Vision. 2019. 5229-5238.

[34] Qian R, Robby TT, Yang WH, Su JJ, Liu JY. Attentive generative adversarial network for raindrop removal from a single image. In:
Proc. of the IEEE Conf. on Computer Vision and Pattern Recognition. 2018. 2482-2491.

[35] Zhang H, Sindagi V, Patel VM. Image de-raining using a conditional generative adversarial network. IEEE Trans. on Circuits and

Systems for Video Technology, 2019, 1-10.

Mt = 325 & STk
[17]  ZE 4 2 1 35 AP 8 190 4% 14 B P 1% 2% FRIE 78 (A 2 A 18 501 S 851 22 38 T alk K 25,2020
[26] B R, TS0 AR SV 38 AR, TR R 3 T LU FNRE I g AL (1) AR 25 O B0 T B HL 4 41:,2019,42(9):2024-2034.

WFEE(1978—), 5, 18 &, Bz, B EAT I
A3 9 B R ) R UL B S B RN L

e ok
He.

224 (1994 —), 5 i1, 3= B 50 4T N
THEAUAE S L2827 > LI 5.

© PEBEBPHIFST  hip:/www, jos. org. cn



