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Abstract: Objective Vision-based computer systems can be used to process and analyze acquired images and videos in
fuzzy weather like rainy, snowy, sleet or foggy. These image quality degradation issues derived from severe weather condi-
tions will significantly distort the image visual quality and reduce the performance of the computer vision system. Hence, it
is important to develop computer image deraining automatic processing algorithms. Our research focuses on the issue of sin-
gle image based removing rain streaks. The traditional image rain removal model is mainly based on the prior information to
remove the rain from the image. It regards the rain image as a combination of the rain layer and the background layer, and
defines the separation of the rain layer and the background layer by the image deraining task. Due to the existing differences
in related to direction, density, and size of rain streaks in rain images, a single image derived de-raining issue is a chal-
lenging computer vision task currently. Deep learning has benefited to de-raining images but existing models has challenges

like excessive rain removal or insufficient rain removal on complicated images scenario. The high-frequency edge informa-
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tion of some complex images is erased during the rain removal process, or rain components remaining in the rain removal
image. We propose this paper proposes the three-dimension attention and Transformer de-raining network (TDATDN) sin-
gle image rain removal network, which improves the image rain removal network based on the encoder-decoder architecture
and integrates 3D attention, Transformer and encoder-decoder take advantages of the structure to enhance the image to the
rain effect. Our training dataset consists of 12 000 pairs of training images (including three types of rain images with differ-
ent rain densities) , and 1 200 test set images are used to test the rain removal effect. The input image size is scaled to
256 x 256 for training and testing. Adam optimizer is used for training and learning. The initial learning rate is set to 1 x
107*, and its network epoch number is 100. The learning rate is multiplied by 0.5 when reach 15 times. Method Our
method melts the three-dimension attention mechanism into the residual dense block structure to resolve the challenge of
high-dimensional feature fusion via the residual dense block channel. Then, our proposed three-dimension attention residual
dense block as the backbone network to build an encoder-decoder-based architecture image de-raining network, and uses
Transformer mechanism to calculate the global contextual relevance of the deep semantic information of the network. The
Transformer obtained self-attention feature encoding by is up-sampling operation based on the decoder structure image resto-
ration path. To obtain a rain removal result with richer high-frequency details the up-sampling operation obtains the feature
map of the image is spliced in the channel direction with the corresponding encoder-based feature map. For the image high-
frequency information loss and the structure information is erased in the rain removal process, our problem solving combines
the multi-scale structure similarity loss with the commonly used image de-raining loss function to improve the training of the
de-raining network. Result Our TDATDN network is demonstrated on the Rain12000 rain streaks dataset. Among them, the
peak signal to noise ratio (PSNR) reached 33. 01 dB, and the structural similarity (SSIM) reached 0.927 8. A compara-
tive experiment was carried out to verify the fusion algorithm results. The result of the comparative experiment illustrated
that our algorithm has its priority to improve the effect of a single image oriented rain removing. Conclusion Our image
de-raining network takes the advantages of 3D attention mechanism, Transformer and encoder-decoder architecture into
account.

Key words: single image deraining; convolutional neural network ( CNN) ; Transformer; 3D attention; U-Net
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Fig. 1 The structure of three-dimension attention and Transformer deraining network ( TDATDN)
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Fig.2 3D attention local residual dense block map
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(3)
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Fig.3 Global residual dense block map
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ral network ) ( Fu %%,2017a) RESCAN ( recurrent se
context aggregation network ) (Li 4§,2018) . PReNet
(progressive recurrent network ) ( Ren %5, 2019) Fl
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12 000 XFYIZRPEEFN 1 200 XFIRPEE SR I (E
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I (structural similarity, SSIM) ( Wang 55,2004 ) £
FFEREPEAL 51
3.1.2 SRR E
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Table 1 Results of ablation studies based on loss

functions and three-dimension attention
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x VvV Vv Vv x 32.69/0. 925 6
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2)3 4E7E R 1, 3DAM ( Yang %5 ,2021) i i 41
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PRI RICHE T | AR SOl BT 4 Hh 458 2k eR BRI 25
A 3DAM [ ZF R4, LI 3DAM 78 25 AT 45 H
OEERCE

AN R BORI I 3DAM I 2445 5] 4 1 2%
EMRCRWE S, aTLUE 2 RS 7 2 51
TR PRECELA — 5 10 25 I RICR , (B ERUE s 4y
DX IRAAAE A 2 TR IR 300 8 40 T G T AR B L 2
B (S () ) s A B R S5 RA AR AR 461 5% ok R
FRCRAT B | UG R o3 R R 2 8
BRCEIS(d)) , B EG b2 TR B A B R T
SEAETIES = A K IR 1 O il 2 RUE
By 2% 22 ROBE 5 R ALY 353 % o B30I e 4 2 A+
255 07 MG N LRI (5 (e) ), AHFFRRUEE 2544
ARG, 2838 2 4 DX 3 ) A 1 i g B 440004 11
FETRGE R, Mo 37 A 00 = M8 X P 5 it — A
THBR s A Z2 RUBE 5 RA AR (U 361 % pR BRI 3 4 14 3
FIVNZRAF BN LT EE RO S (f) , P o 4 i3 it
T _EZTREE A B 2 A0, o T S A = AR X R
BT B A Y B 4R

SEU R, 2 RUBE S5 R AR U 0 Ok A R AR A
A0 LR 14 ) s ik 20 T e 35 DX sk O 52 ) B
2 REYIT 25 22 RUBE 45 K4 458 2 R gk 1468 2k AH 245
B A5 PRESCTE P90 28 45 K4 A R) 175 00T BP9 246 de
G0, AR SC R 4k B I R EUME R IT 4 i TDATDN
I 25 I b1 2% R

ik 3DAM FE RS AH S &, fi A RRIE &
F1E 3DAM A | {0 2% 105 % 2 R A 58 4 X I,
ANER T U MK A AR R BCER AR SCREZAIL A

1515



PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol.27,No.5,May 2022

K5 ARG G R RIS T Fh 52 36 25 FAICR A [E

Fig. 5 Results of ablation studies on the effects of different loss functions and modules

((a)rainy image; (b) ground truth; (c)baseline;(d)baseline + single-scale SSIM; (e ) baseline + multi-scale SSIM ;
(f)baseline + multi-scale SSIM +3DAM; ( g) baseline + multi-scale SSIM +3DAM + T1 ; (h) baseline + multi-scale
SSIM +3DAM + T2; (i) baseline + multi-scale SSIM +3DAM + T3)
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Table 3 Results of different deraining algorithms
on Rain12000 dataset
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Fig. 6 Results of different rain removal methods

( (a)rainy image; (b) ground truth; (¢)CNN;(d) RESCAN; (e)PReNet; (f) AFR-Net; (g)ours)
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Fig. 7 Detailed comparisons of rain removal effects of different algorithms

((a)rainy image; (b) ground truth; (¢) RESCAN; (d) PReNet; (e) AFR-Net; (f) ours)
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Fig. 8 Detailed comparisons of rain removal effects of different algorithms on real world

((a)rainy image; (b) PReNet; (¢) AFR-Net; (d) ours)
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