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#3235 A Wang M H, Ke F H, Liang Y, Fan Z and Liao L.2022.3D attention and Transformer based single image deraining network. Journal of
Tmage and Graphics,27 (05) :1509-1521 ( F-3E48 [ JLIE , B2, J18T, BEZE. 2022, fllfy 3D 15 J1 R Transformer A &% 25 W I 45 v [ 151 42 141
242,27 (05) :1509-1521) [ DOI; 10. 11834/jig. 210794 ]

A& 3D ;¥ = /10 Transformer HY [E 1% X1 M 2%

FEA AR RS e EE

1. EE R KRR S5 R, M 5106425 2. LSk RFT 240, sk 515063

M OE: Be PUNA R RIRAAE T 0] 5 BRI/ NG 2% 07 T Y 22 5, BRI P15 25 R TH & — > el P
WFFEIE, PR AETE R S 5 A R B AN AE o B 25l 25 A FE 45 R AL, 38 43 O 2 R i s 2 e IR B AE 25T
SRR, SRS PR B R AL Ay, EF X IR (AT, A SCHR Y = 4 7S ) T Transformer 25 FY 25 ( three-dimen-
sion attention and Transformer deraining network, TDATDN) , Fi% B =4E = YL 5k 22 B E RS AL S,
it e 5% 2 9 B BRI A0S R 40 B R A TR (] Transformer R AE 42 5 BV 5 £1 X 25 T 1 72 v 5 5 49 15 8
IR FNES AL B AIRBR 00 ) 3L, 5 22 KU S5 AR LB 2% 5 0 T IRTR 2T L 2R ek B2 6 2 5 L T 45 )11 25
R AU K TDATDN M4 7E Rain12000 M ZEEHE 46 it A750580, Horp, W H 15 M H (peak signal to noise
ratio, PSNR) 15 % 33. 01 dB, &5 Mg AHBIPE ( structural similarity, SSIM ) 355 0. 927 8, SZEGZ5 B H M | A S8 Bt L LU
TEHE TIRBE 2 S BRI 2 SR B0, 3 I T BRI R SRR . 8518 ARSCH Y TDATDN % 257 9 2%
587 3D WA JIHLE]  Transformer 14 A% — i it a5 2248 A 00 A, T 4004 58 LR MR 25 10 T4

KRR IR IR W BRI A M 4% (CNN) ; Transformer ;3D 23 /7 ; U-Net

3D attention and Transformer based single image deraining network

Wang Meihua', Ke Fanhui', Liang Yun', Fan Zhun’" , Liao Lei'

1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China;
2. College of Engineering, Shantou University, Shantou 515063, China

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
10™*, 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

Vol.27,No.5,May 2022

0 5

[l

T R X B 15 75 A ot i F b R iy, B
R R 25 TR VA 1 B2 « i A — R T R, 753
Xof 7 G 2 T 4 S, IR AT 55 R 5 A3 A0
PG 5 5 T 388 T BB BB B8 3k 958 17 M ( Yang
4 2019) .

HEG LW RIE R 23T EIR e K5 858
FWAESS , FOR EUR o T SR 2 | SR R L AT
F A 2 0 AT 55, Al 7 B 2E > i G B
(Li % ,2012; Luo % ,2015 ) 85 Wil & M 4% (Li %5,
2016) 2= 3 Sy SR, DA P R 2 T AT 553X —
FeAAeim) g, SR, ?waﬁr SAE AL LA %
UG Geit2A15 B, W F SR AR AR EA

WRIE 2 2] 1 — 2R 5 15 43 2% ( Rawat Fll Wang,
2017) . HARKEI ( Liu 25,2020 ) A& 1% 53 %] ( Lateef
F1 Ruichek, 2019 ) B AL AT 55 h KR %
V2 T UREE 2% 2] 1) BUSR 0 TAEBUS T NS AL

Fo Bln, BT RAE B9 A B 2R 25 (Fu
4% ,2017a;Zhang 55,2018 ; Yasarla F/1 Patel ,2019)
REFIRSAN 1Y 2R P4 (Ren %5 ,2019) (AT 5522 X
%% (Yang %5 ,2016) A3 TR 51 512 50 M
#% (Wang 45,2020 ,2021) ,

FETIREE 2 2] (MR 2 T M 28 BB T AN 1Y
i%ﬂﬁ%l%,{Ef)}ﬁ%%@%iﬁﬁﬁiﬁﬁxﬁﬁﬁ
P EEFAE, BAA SETE RS W R Ry B b
WRIHBR B B W A U7E 25 W B 4k B T W 4 2%
fHR . PUA R TIREE = 2] 1 T W 48 22 2 (A
T?%f”ﬁﬁ”@f%zﬁfﬁo SR, B B EAN I A S 4

SFAEMOHT, 24 R 4 R 5 BOX R ad A+
Eﬂﬂ,méﬁﬂﬂﬁﬁﬁﬁ?iﬂfcﬁizﬁﬁﬁﬁ%o K%
R DX Ik ] Bt B RS S0k B 5 B0 X A A0S

AT L B AR 3 G AT U PRR I B A

BRAS

Transformer V& LI & U BLTHL A8 BT
%% ( Vaswani 25,2017 ) , Fo¥s— AN B 904 Jda A
AR ICH A I R — It R 5 HARITTR BYRHE



g27E/F5H /2022 F5 8
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M, XA BT 1B iR R PR R A S AR e 8
1, ETHEHMZ M4 (convolutional neural net-
works , CNN) 4 25 [ J7 125 JF AN B AR AR AE A B Y
S, AR SCBF Transformer -5 2 5 #— i 5 s 45
PN T WA 55 v, LT G b il 20 25 W 2R KR G0
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ARSCER T B BT 45 £ W AT 55 42 1 TDATDN
(three-dimension attention and Transformer deraining
network ) X2 | 75— & W £ 25 [] N 55K T8 4 113) 9 4%
TR, B =4k S Transformer FLHI 5] A
BUR 2 T U, 16 U 28 G 5 o — i A5 45 R 4% 55
Transformer 4545 s If#E e 5| A Transformer ML S 2
AURFIE > BE AR R 0] 8T, TDATDN HA LLFRf A
1) {2t 25 4 B RRAE 52 ) £ F Transformer #1L
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FE MG R A8 P9 2 AR G 3] 25 R IR 1) 2 4 1)
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BIAL T S B0 4y R B L A 88K BR . Yang 45
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Fig. 1 The structure of three-dimension attention and Transformer deraining network ( TDATDN)
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T2 Yk 23 (8] 9 25 [ 3 B T (Woo 55,2018) , #H L
1 AEE T E S T8 2 dEas (R R HLH 3 4SS
AR IBORT A Y 1 5 A &, BBl 5 | 5 o 2 2 T
fE55 o A0 3 HETE R JIHLEI (3DAM) 5 5% 22 % 4R
Pahi G AR 3 4 ) Rk 22 AR L A FE %

EFELZ M3 R R IR R G Z, 3R E )R
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e s ot e S e et e -
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Fig.2 3D attention local residual dense block map
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B 3 P, R F 28 8 DenseNet [ 2% ( Huang %,
2017) RSk , B — B RE R 2 55— )2 it
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WE AL, XX, N DB RR T A RIE R,

X, Y HT RS ZE AR A . B B RUR
A B AIE T
X =o(W[X, X, X, ]) (D)

K, o N Leaky ReLU JIG PREL, W, WEE i NG
JERGE [ -] AR B DGE B 7 10 BREERHE

2)3 AEBIIFHERLG 2, B3 T2 AR

(A REAIE Fe BRGE T 7 1) PF 422, SRS fil T 3DAM R

BHE PR EE I E S Z MR, 541 x 1 BRER

REAF R R R0, RIS Bk 25 i Bk — 0 4
SIS B SN, 3 4EER I FHERL A 2 RS
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(2)

K, X, WERAHEREER, W, RRERLA

1 x 1 o(+) N 3DAM s L&, H

E)
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¢<X>=¢’( (P =) )+0_5)®X
wXxh-1

(3)

Ko, [ -] WRRIE DR AR, X 0 A R AR
d(+) A3 HEERIILEIHEAZRK, ¢ (+) H Sigmoid
WG PREL, v(+) MR IBAE T N B AR IE AL, p
St AR X 4 R 4% 3 PN A R AE RS 1
8, w F b 25 AFFAER X BUSERIES, A N HSEL,
O SRR S TR
2.2.2 LRkEELEDR

L JRBRZE AR 3 Y B R ik 25 AR
VE R SRS RS , (T FH 2 2 24 10 P % 2 2 2T B
PTM L PERE, ekt 3, R
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A, v, A& BEIEE, W, NERERG
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Fig.3 Global residual dense block map
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B—PHREKNA P x P, C HFHERGEIES, 2
B Z JFHHE RO N = HW/ PP oo HRLW 4y
SRR T 1) 1 R
2.3.1 Patch Embedding #:4F
et P e 28 I 26804 o) B AL Y 2D AR B S A 2k
PEZSIE] O T8 2D HRAE SR AT A5 A AL B 1E S e
i A oba S AL E IR AL B, o 5 2D FFE
Yo, 5k
z, = [x)E, x)E, -, x)E] +E_, (5)
Kb, zo RPN [0 85 B by 2D RS, x)
KN AKAN P x Py 2D FES, E e RO
PR WS 28 W KA, D SR 2R S (R 4E
E,. e R™ Jyzs[alf A5 B4
2.3.2 Transformer |2
Transformer H [8] )2 B 2 ]2 Transformer 2% EX 1M
., A Transformer )= 6145 £ 3k B 7 & 71 LI
(Vaswani 55,2017 ) Fl1 £ J2 JE&F0 4% 5 [0) B 25 9 4%
B W E 4, 5 i J2 Transformer 25 -~
zi= 7(@(z)) + 2,
z = P(e(z})) +z (6)
A H, 2z, , 4 Transformer 2 AFRE, () HZEk
H 1E & 77 ( multi-head self-attention, MSA ) HLH 148,
BARWE(T7), ¢ (+) RHZ)ZEHNLR (multi-layer per-
ceptron , MLP) #1 £ W 2% | LK WL (8) , o(+) N)Z
AL ERAE
7(Q,K,V) = W[h, - h.]

a5 )

A, @ LKV R AERE I query HiFE key

K 4 Transformer 2514 &

Fig.4 Transformer structure map

FEFEFN value 46/, Q. K, IV, 0B £k ATEE
T8 i Sk HERE I query FH 5  key Hi R4 A value
FEE, WO RS ATE , h, N5 SRR d R
ES SEN-WILIKSS XLV 35
p(x) =w(0,xW, +b) W, +b, (8)

K, w(+) A ReLU 347 sREL, W, Tl W, R lEns
WU, b, A1 b, J RS2
2.4 WKEE

ARSCHUR R T 2 ROBEMBIL 2 RE
SERAHRUREF 2 R0 2R o R 28 Zad B B AR
B, AN Zpas o e il Aef Y0 2 RASh B okt
D £ WL SKORI B T I 2 2 IR

D) ZRIEEMBIR, N T AER RS EAR 4
F SRS B RRAE R SCfF 8 T 12 Ju 8T
2 KA 2 (Wang 25 ,2021) , 115K

L =X AL, -1 (9)
s=0

K BR T I AR s i s — 2 B2 L
HORJE 55 A A B AG—2 HAb 3 A RE BRI
I, LR 55 R iR 2 7E 55 9 2 55 6 JZ A 3
277 A TR W BN 2y v ) 25 T TR, R
F B IR A TR 12 14 F01/8 1. 2K
AHNE RUBE T W B I 25 0 RS AR 25
2) ZREG ARSI, 12 0B SGE
P AHYN R FEARTRE , I 72 b b 52 B8 g i
SR, BRI 25 25 1 155 0 M LS TSR (B AR
Mk L T R A R, (H 2 PRTART o3 DX S 4 #4475 7T g 32 2]
W, ik, 51 AZSHIAHRUZE K (Ren 55,2019) ,
P& 4 22 RUBE S5 R ARARLRE 4 2K pR S, LA ) B e
CAE S ISR SIEE R e S AN AT Il Y i
AE 46 157
Ly =~ i Ao (I,17)
Ko (- ) NEFRUE T ERAE,
3) AR . % Wang %A (2021) B9 270 T
P, IR 2 LAR IR 4 2 T RS o o £
et R IR R 1A R
L, = [lp(1y) -pI) (11)
., p(+) A VGG( Visual Geometry Group) 16 #FH
FRIESR IS
285 A % pRBOHR h
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FxLe, ME, £=, TBE, BE
Bt& 3D iEEFN0 Transformer BIEIR AR ML

3 XWEERSH

3.1 SRIEAT

AR SR S A L5 25 R PN 246 il HH 65 1l o 4 3
AT LB RN ZRATMIR , 5 CNN ( convolutional neu-
ral network ) ( Fu %§,2017a) ,RESCAN ( recurrent se
context aggregation network ) ( Li 55,2018 ) , PReNet
(‘progressive recurrent network ) ( Ren 5%, 2019 ) Fl
AFR-Net( attentive feature refinement network ) ( Wang
452021 ) S5 MG HEA TR L
3011 Bl ARG

P15 2 TR 5B 4 O 6 TR 2 BOHE 4 T IRAE
Zhang il Patel (2018 ) i TAEh i, (245K H A0
1R 3 AN [7) 4 1| ° £ %% 5 AT R LB Al
12 000 XF YIZRPEEFN 1 200 JFREIG SR I (E
{5 M L ( peak signal to noise ratio, PSNR) 14544 #H
I (structural similarity, SSIM) ( Wang 45,2004 ) 1F
HFRREVEAL T
3.1.2 SEEAMIRIE

B R AR PR AR 256 x 256 123, M
2% SNSRI RO 100 Uk, M2 B E AR 15 Ry ) &
W LL 0.5 Al FHA MR G 0 e, 2 S HCR
H Uniform #14RA6T715, Adam fEAEARUIZR M 45, Ad-
am ZHEE N B, =0.9,8,=0.999 £ =1 x10* 4]

AR 1 x 107, S TS [RDRUEE X R 45 311

S5, B Wang 55 A(2021) 777, 20(9) iz (10)
Ay VAL A, FEA SEOHIECE R 1.0,0.8.0.6 Fil
0.4, F(12)H, BRHHRRPGE « BEEHN 0.1,

iz 17 B 5% 4 . Windows 10, Python 3.7, Pytorch
1.6,CPU: Inter (R) Core (TM ) 17-7820X, GPU.
NVIDIA TITAN Xp,RAM .32 GB,
3.2 HELKIG
3.2.1 R pRECS 3 4EERT

1)K R, 248 X5{E (Fu 55,2018) (¥ 75 2%
(Fu 5,2017a) FIEEH A I (Wang 45,2004 ) 4545
e pRECE FH T AWMLk, Z5F R 35 % R L
T T BURSEEE X LU EE RN ZS A AR AR BE , SH AT A
FMUERFIE o A SOR AR PR R RS At # ] 25
PR PRSI BT S I IR A Rk, E 5k
il P 22 RUBE 14 07 25458 2% R ORISR 1L 2 eR U
baseline , Jf-5 | AZ5FPER R pREL, SEHOEE R WK 1,

K1 KRR HEFEHEFTR
Table 1 Results of ablation studies based on loss

functions and three-dimension attention

SSIM {5 A% MSE Sk $8 45 (PSNR
MR ZRE ZRE BRE (/dB)/SSIM)

x x VvV vV x 31.57/0.904 9

vV x Vv Vv x 32.37/0.923 6
x vV vV \V x 32.69/0.925 6
x Vv vV vV V' 32.88/0.926 2

[P 1RSI S VA

2)3 Y S, 3DAM ( Yang 25,2021 ) i i 1
fefe R BT B A 4o ZE | Ja A 3 4
HEENBGE, H T A E A, fFEREm kL
RSO RUCPE T, A SCfdt BT 4 o 4 2K ek 501 25
A 3DAM [ ZFIMZ%, LA 3DAM 7 25 AT 55
A B

AN[FAR 2 BRBCRI I A 3DAM Il 2545 2] iy % 2%
EWRCERILE 5, FTLE 2 RER 2
NP PRECELA — 2 1 2 R, (H G 36 4y
DX IRAEAE A 25 T IR AR 30 15 38 W 2 T A i By 25
B (LS (e) ) s A B RS 25 Ra AR U1 35 2k o B
FRIRCRAF BN aR , BG  KH 7 U RO G
BrR(E5(d)), FlanEg b 2R 5 1 [ A F H
SEAETR = AR XIS i D5 il 2 RUEE
Yo7 2% 22 RUBE S5 RE AR DL 1A 453 2% pR B30I ER 0 48 2% A
56NN it (B 5 (e) ), AR B RBE 4544
FEARUMEAR 2R, 28 38 4 2 1 DX 3R A5 T i T B 4 v 1Y)
UG | T ST AT IO = A X 5 0k — 4
THBR s A Z2 RUBE S5 R4 AR AU PR 402 2% R ESCFN 3 4 30 3
FIUNGrAg 20 LTRSS SR UL 5 (f) |, Hp 5 47 ik it
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B3 20 e W O 4K
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5 N [1 % pR BRI B il S 96 25 FASCR X L

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

((a)rainy image; (b) ground truth; (¢)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)

TDATDN %2 it — B3 T R 46 5 MR BE
3.2.2 Transformer 25U EHE
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SR i A 19 3] 1Y) e 2 RHR R e B LA IR 4 R i
SUAE L SR o T e B 25328 20 1R 5 PR 381 i s i A
FUG 43 3%, f# H Transformer )42 JR) 1 2 1 L
THARHE NTEDCHR , 7R AR T 4 B BEXT /NG B AFAE

WA A e A5

AL Transformer BEH R AT IR BT, Ay ik B e
FERMIRCR, AR SCHE BT AS [A)EiCE (1 HK Trans-
former JZ LM 26 50R . 7N [F] Transformer JZ2 0|
A RN 2 L FRCR UL 5, AIA Transformer 5
Bl 2% BAT TR 4 Ry Re A DGR RE ), SR AME G 5
TR HBETHAAL/ N DX SRR AR D I6 Ay ke a2, D2 ) 2%
SRR AT A RIS, Y Transformer JZE00 1
WFCRETL) , EMRFRCR UK 5 (g) , AHXS T A IR
Sl Transformer 2 1 R 4% | 73 38 47 4 1 35 35 25 W 5 20
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Bt& 3D iEEFN0 Transformer BIEIR AR ML

ST RGE S R 2 SR %
2> Transformer 1% ] 315 B 47 1 2 F PR RE,
4 Transformer HERJZH0CH 3 B, PSNR 1 SSIM P4
BhR A R T B TEAUET B A7 3 A AT AR 2
J& A SCE A% $E Transformer RERJZEC N 2, £k
WSS B N 16, R 248 B E R 256,

* 2 AE#EE Transformer ZE7E
TDATDN 4% #15 R 3R
Table 2 Results of the TDATDN by different

numbers of Transformer layers

I AR SCHE HE A TDATDN 25 1 5332 6k Eb LA B 1]
G ETEIEIAT B S M se 2 Tt , HLr PSNR Fil SSIM
XLt AFR-Net [25 535427+ T 0. 67 F10.010 3, HL
3T HEAF I R TR,

£3 FEEWEXE Rainl2000 HIBFEHERHLE
Table 3 Results of different deraining algorithms
on Rain12000 dataset

e[ CNN RESCAN PReNet AFR-Net 483

Transformer 24X

PSNR/dB 22.55 3252  32.16 32.34 33.01

SSIM 0.8123 0.9116 0.9195 0.9175 0.927 8

et
1 2 3 4
PSNR/dB 32.88 32.94 33.01 33.00 32.98
SSIM 0.9262 0.9275 0.9278 0.9273 0.927 4

T I P SRR B AT el s

3.3 5EHMEMEENLL
3.3.1 A RA N EG SR

BT A A RN GRS 5 EmH I 2k, N SE5
450L3% 3 A i, CNN 5L PSNR {H Fil SSIM {H
K, HA L L T PERE A FRHE T ; PReNet 25 TR ) 26 X}
Lt RESCAN %7k SSIM A fir# 7, {H PSNR &4 f#

T IO P SRR B3 AT e o4

B T {3 /] PSNR Fil SSIM PEAR 8 bR T L, B AT
FE I B PR 25 W BB vE AR SC TDATDN Bk iR AT
EWREREMGE X e, X R LK 6, MNEE R L F
H, CNN B35 e IR IR R BAR, 3% i RS 5% B
KL ; RESCAN B3k B HUS AN EE I L IR, (1
AR USSR B T B Wi 55 ; PReNet Fl AFR-Net
F M EIE B BRI (H R AR 5 €0 ) K2 34 th
BT 25 T TR ORI 5 AR SCH % L PReNet il
RESCAN RS M R BEAR T R 25 3843 11 A Tk 4K
JRAE X R A B K SRR

K6 ARSI L HRCR A T
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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MEFR R 4035 & (] 7) i FE i, RESCAN Fl - RESCAN ,PReNet Fll AFR-Net 75 i 1 SC3AE F T 45
PReNet SR ERERRAL BAR KPR T WL ALt % MR GM R B EWSCR, R T %
CABIRRR; AFR-Net BARE TSGR BAH  FE IR T LW 80k 1 s thse fik
Oy WSO A D 2 B AR SCHE ) TDATDN Xf b HORGE,

7 ANV 25 I RCR 205 X L
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)

3.3.2  HSLHFUA TGS E R RS L, X T AR 2> LS B 5 PReNet |

AR B A W R LA T R FAUR X AFR-Net F14<3C TDATDN S #F REIUS AN HE 11 22 W
L, DUSIE TDATDN M2 L FIPERE, PIESCHER A R (WK 8 25 1 A7 KB s (HAE RS 5 T
GO L 2 B AR A 18], AR SO SRR AT AL Anl&l 8 25 2 A7 JEIR , X TR 4R 5 i A s AR L)

P8 ANIR] i Y L S T S R AR A 17 X H
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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Bt& 3D iEEFN0 Transformer BIEIR AR ML

M2k, PReNet il AFR-Net 25 WRLSR I A &, (H A
SCHEH R TDATDN 2 1 5532475 ] A5 %50 58 A 25 FR
55, AR B IR SO B Rl B i LB T2
VA= R B LU TS NSRS
3.3.3 HHAB B ATIE XS

B AT R R VAN 25 M A M RE I B AR AR,
FAB AT I [ 5 ol 54 e e A A S B 3 B WUAT: 55 v
., ARSCHAEEWE LB TR 275 e, HAR
MR K BT 5 I HE RSE R 256 x 256 18 2 Al
512 x S12 (R E M0A W MG b 58 i 25 T R [a) 3158, 4
AN I3 2 TR B ] 9 £ 4 4 62 7% 200 WE A R 1A
18, SRR A S AR )T Y38 47 s )V Sy
2 S QT TEe A DO AN X2 [P N ol = R = i)
(B UL 4, XF Lb 2% RRE A [E) AH 3 Y PReNet 4%, A 3C
A4S 2 B Al 25 T PR AR X LL IR A 25 TR R RE R 1Y
AFR-Net 4% , A SCH 76 0] A6 25 FR 1 BE 2 T 19 [m] B
W EATHFE], TDATDN B9k 78 2 WP RE B 174
R RIS RAF ¥, B — SR

x4 FREWMEZZEITHER
Table 4 Comparisons of running time of

different algorithms

/s
A/ 142 CNN  RESCAN PReNet AFR-Net 73
256 x256  0.020 0.031 0.036 0.079 0.041
512x512  0.060 0.109 0.140 0.293 0.180

T I PR AT AR

4 % it

B X A B P8 2 W I 2% 5 R AR 58 Al JiE
RFI)EL, #2117 TDATDN g ER LMk,
3 YRR ) 5 B AR PGS G i U R 4 R R AR LG )
RO AT FH B 22 7 AR Bl A B T U-Net 19 (145 25 7 1)
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2 Jey bR SOOI [A] i 4 22 RUBE S5 M AU 5
FET R KBS S 5 MK, P th
TDATDN FEE G LT W 4 456 17 3 de e =& bl
il  Transformer FNZmtc a5 —FFAD a5 2L {1 45, S0 2%
FUEM] TASCR AR, 2 SR R 25T
BRI ARXT Transformer N EHRE5 A TR AT 4k, X &
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