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Event Fusion-based Spatial Attentive and Temporal Memorable Network for Video Deraining

SUN Shang-Quan"?, REN Wen-Qi’, CAO Xiao-Chun’

!(Institute of Information Engineering, Chinese Academy of Sciences, Beijing 100085, China)

*(School of Cyber Security, University of Chinese Academy of Sciences, Beijing 100049, China)

*(School of Cyber Science and Technology, Shenzhen Campus of Sun Yat-sen University, Shenzhen 518107, China)

Abstract: In recent years, digital video shooting equipment has been continuously upgraded. Although the improvement of the latitude of
its image sensor and shutter rate has greatly enriched the diversity of the scene that can be photographed, the degraded factors such as rain
streaks caused by raindrops passing through the field of view at high speed are also easier to be recorded. The dense rain streaks in the
foreground block the effective information of the background scene, thus affecting the effective acquisition of images. Therefore, video
image deraining becomes an urgent problem to be solved. The previous video deraining methods focus on using the information of
conventional images themselves. However, due to the physical limit of the image sensors of conventional cameras, the constraints of the
shutter mechanism, etc., much optical information is lost during video acquisition, which affects the subsequent video deraining effect.

Therefore, taking advantage of the complementarity of event data and conventional video information, as well as the high dynamic range
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and high temporal resolution of event information, this study proposes a video deraining network based on event data fusion, spatial
attention, and temporal memory, which uses three-dimensional alignment to convert the sparse event stream into an expression form that
matches the size of the image and superimposes the input to the event-image fusion module that integrates the spatial attention mechanism,
so as to effectively extract the spatial information of the image. In addition, in continuous frame processing, the inter-frame memory
module is used to utilize the previous frame features, which are finally constrained by the three-dimensional convolution and two loss
functions. The video deraining method is effective on the publicly available dataset and meets the standard of real-time video processing.

Key words: video deraining; event data; multi-mode fusion; spatial attention; temporal memory
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FKEG R4 B, P T Softmax (QK ™) IV 3145 25 [REE 7 E = ), R AL M = (e B IE 4R FE T, 3 I TRkt
52 BHAUK S RME BRI G 2 0@ 8 41, BRI IR (38 18 v = 70 RRE AT DL2E 5] 3 25 (8134 2 77, DU B3
BEUR 5 R )6 P T S RS U [F R A P 02 a5 A AR SR R B A AR 1 R R A PR I A ) T R
AE, HIFEE IR NP S, — 38T GeLU Bud E 1521 — /M35, BB R 5 —HIEZ J5 il 5 — B8 B
2, T 5 55 NRRE AR IS SR S R

T 0 N TR UESCHE 1 - R R R A R 2 AR R IE I AR 8 5 5 L, LA Rl A AR e K.
Bl 6 i, s DU R A G AR 55 M R T, T W0 R R AIE [y, oo )RR 2205 PP WUV 3 LR AR AE Ly, € TR A 326
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AZL 7 Sk R, Sk i P HRFAER, R BT AE 35K, Sl 4 BB RRBEE R 20 R 88 11, AT, i1z
FLICAMEBIRA, T8I 2 30 (5) A4 K (9) FRAFRIN Z N — Wi 5 R B RFAE.

Event -image fusion attentive Transformer

Spatial attention layer Feed forward layer
> > > >
g 8 g g
g O O g O O
N RE FIvaViN R 2 Wb
e z "\ | 2 \L/ [\
3 £ = i 3 B | X x
o o o o
[ ~ ~ ~

Channel-wise split @ Matrix multiplication ® Point-wise addition @ Point-wise multiplication @ GeLU activation@

5 F-EUEIEE SIS Transformer [F45 1)

Inter-frame memory fusion
{}@ Channel-wise split
I % ;’ Concatenation

Point-wise additi
|Szgmozd | | Sigmoid | | tanh | ,Tgmﬁ/‘ oint-wise addition

v Conv } Conv Conv Conv

Point-wise multiplication
@ A A A A

Bl6  BEMUCIZ IR & BB 45 4

ODPOC

33 M= EMSRERH

S - T A A TR ST — W R 25 22 T TR 2 5, P MU 3 A e o R G AT =
UL, 43R F WBCR. N A EE I 1 AR, 2 S BUNIPER PReLU WO E4LR, th T H5HUE
KA RGB EIG BB AERE 3, JLit B GuH, S U B AR (02 1 4%, R e T 3L = 4 BBt
BRI, J LS R SORA A IR P B P45 24 R KR £, WLASTER) L 54 T AR5 (R A 2R T, Sk
3ok AT A T 5 ML % AR 0 B 4 A 1.

T JE AR 2 et T Ak B ) 40 ROV 48 2 6 0 R R D) FE e 24 72 20 R 50 i B
Charbonnier loss ¥4, % it 7 3N ULAT A BB R EA ot BEF- 01 BB, ARtk A3t (10)

%
L(1BYBIL) = Lowmwne([BIL1BIL) =2 3 (BB e (10)

ifii 5, R A LightFlowNet3® WE ARl v 5072, 45 214 il 365 55 68 80w, 54 7T LAt 1 23 W OEATUR B
Ja BESEWTHEAT HARXS 5, ElalktiﬁﬁfPﬁIEﬂﬁéf* fii"‘ﬁi HFRZAH A (1) 4

2( i 1) 6 - 1WB ~i+1+62__ Ws BM —E’i an
4, BT FARUR BRBUCN RTR B N5 BRI SRR, A (12) 43
L = a'.Cl +ﬁ,£2 (12)

Ferh, ol IR AR B BB, FLIB B AE S5 S04 . S, SEVE R BT H AN R B BT 4 8 B
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L F E eSS B R EE A At eI A (AR & @R % 9

4 SHHH

4.1 SR

VEHAEA TN L N EESE NTURain!" BT E B2, & 1 4 H 7 NTURain 205 T B EEGI(E &,
For, BATME <3 R A — BT A T 3 P R AR, ORI EME o B RR I ISR AR . AU R IR
IR AR DA B SRR IR, B 55 43 51 640 N1 480, WRAF I SR AL FH A AR 4 85 402 Adobe Effects 58/,
TEWNGRER LA — BT ARSI X B 3—4 FhBf N AR B IR AL, Y258 H A 3t 3 123 i G, Al R dE
1682 i, H SRR A 658 Wit E4.

# 1 SR HHE4E NTURain (RUATEIE e it

KA B 20 ) IR LS BEKig Mg WAt 44 PR AT A
g pote 3 3 tl 80x3
RELIE) o v
t2 112x3
N . , 3 128x3
Vgt BRI ) ees
KL RIES) < s
t6 138x3
t8 135%3
al 168
Ay e 3 3o a2 116
BRiusikizz) 23 125
o g R a4 298
BRI R TR A
bl 256
- b2 250
KB RIEE) o o
ML b4 250
ral 60
ra2 90
BRiusikizz)
ra3 80
LR IR AL ra4 108
bl 120
N DS Tl b2 60
b3 140

42 WNIEIRREERE

TEARSCH, AR FH AN IS MG 52 R AT 55 HR i FH B Fa A 06 {E (5 e LE (peak signal-to-noise ratio, PSNR) Fil4
FFIEAYE (structural similarity, SSIM) {E A AN AT 25 W SIA 16) 32 BEHR bR, 8 BB AR bR R A i [ 42 it
RRA 22 W 1) MG RE I, A s PEVR AR R 4B

VK A SO 2 W 00 A i S 0 AR AR R AT 1 B, A3 22 R 36 ARG i 4 i 00 (MSCS )™, i
BERIEIR L TAE (PReNet)™ . 4 1+ 5 (1818 26 7 CNN (SpacCNN)!'. B2 5] £ M % (SLDNet)'™. %
Wi Bt s 4 (MPRNet)™ !, 2 W BOULAT 22 W9 (S2VD) VRIS R i 25 32 HL M 4% (ESTINet)™). i1, MSCSC /2 4%
TR 7, H AR (2 T B 2 S 19 757 PReNet 1 MPRNet & 5[] 25 [ [0 2%, 4% J A4 22 R B2
43 IWHE

VEF BT GRS S 3BT R 7 1128 x 128 K /M) G B, batch size &4 4. % ] R E N 0.0005, 2445 5%
HRELE RSP epoch JR/IMIFEE/NT 1E-6 B, 22 ] 545/ 10 £5. HRAGARE A Adam™. 230 (12) ¥kl g5
BIBE A 1A 0.1, IR AR AT T 4E 1 5 55 AL . Y2 epoch 2ICA 50. Xt L A 7 v, 1E5 (-
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HFHARCE, FARYE TR AT MRS 2 AT ISR RIIR 56 15 % 8 ESIMM™ SRR 51 /b (1 S0, B 5256
7E— G 4% Nvidia Tesla V100 PCle 32 GB GPU Al Intel® Silver 4214 @ 2.20 GHz CPU RS54 L HHAT, RS 4% &
4t Linux Ubuntu 16.04.7 LTS. SZERAEFH 1R 8 52 SJHESE N PyTorch 1.9.1, #1173 % %% > FF-JE T & Torchvision
0.10.1. fUH% 2K AR AE https://github.com/sunsean2 1/EFSATeny/.
44 XWERSHH

VEE E XS HE T ASOE S EUVA T PSNR FEAR 022 5%, EATE NTURain S SCI0 25 R MK 2. W] LA
F A7 VAR A IR 345 T B s VT 4. T BB T AN SR BE RN B AT 4 SRR, A4S IEAE
AIHLIZ SR BB R I JE 4 AP 34 58 S B 5B, AN 7E b4 RS R A SO AR F 56 2 410 S2VD Sk 7
3.63 dB M BT, X458 25 TR X T WA LG i i) <A B mil & 1A RRI L, B B iiic A2 T sl A i et
— B, B e E R IR 4

R 2 ARTHESIAIUEMER & 5% PSNR PERELLER (dB)

Clip Rainy MSCSC PReNet SpacCNN SLDNet MPRNet S2VD ESTINet Ours
al 29.71 25.10 32.13 30.57 33.72 35.80 36.39 36.99 37.78
a2 29.30 26.77 30.41 31.29 33.82 31.83 33.06 34.48 34.71
a3 29.08 24.71 30.73 30.63 33.12 34.38 35.75 36.09 36.71
a4 32.62 31.65 35.77 35.30 37.35 37.71 39.53 40.00 41.56
bl 30.03 26.35 32.66 3226 34.21 36.75 37.34 37.15 38.76
b2 30.69 28.84 33.74 35.11 35.80 37.20 40.55 40.01 40.69
b3 32.31 26.63 3534 34.69 36.34 39.30 38.83 38.06 41.63
b4 29.41 26.61 33.17 34.87 33.85 35.93 37.53 36.81 41.16
Mean 30.41 27.08 32.99 33.11 34.89 36.11 3737 37.48 39.12

VE T A R L T AT MR 26 W 50k 5 AR ST vE 2 A) SSIML IR ZE 3, 45 R /RFER 3 . HEUEEFEN 0-1,
TR 2 EONER QIR R UE. A IR, 382 T LU AR SOEATAE K 2 Bl A HUS T i R SSIM
TabrduE, HARNLE il BRI b A SOE I e U528 SE N 2.

3 ARSI YRS & W ELI% R SSIM T fE FLik

Clip Rainy MSCSC PReNet SpacCNN SLDNet MPRNet S2VD ESTINet Ours
al 0.9149 0.7635 0.9511 0.9334 0.9508 0.9649 0.9658 0.9698 0.9745
a2 0.9284 0.8242 0.9375 0.9356 0.9512 0.9495 0.9519 0.9611 0.9636
a3 0.8964 0.7326 0.9316 0.9247 0.9404 0.9539 0.9564 0.9649 0.9665
a4 0.9381 0.9327 0.9700 0.9620 0.9722 0.9756 0.9779 0.9795 0.9843
bl 0.8956 0.7954 0.9491 0.9454 0.9482 0.964 6 0.9712 0.9683 0.9758
b2 0.8874 0.8860 0.9557 0.9677 0.9595 0.9659 0.9821 0.9752 0.9811
b3 0.9299 0.8142 0.968 1 0.9566 0.9614 0.9740 0.9754 0.9740 0.9838
b4 0.8933 0.8029 0.9526 0.9536 0.9469 0.9613 0.9657 0.9653 0.9805

Mean 0.9108 0.8189 0.9520 0.9475 0.9540 0.9637 0.9683 0.9700 0.9763

9T FEIEMT AT LT L, PR AR T LR 25 W BHE R p, Hxt LhEITE R 7 R, 7RSS 1 sk LR, T
LR B4 a5 b B IR 2 % ERIWIR, O 3 MOrES L3 el e ek, AR5 LUEIX L 535 5
P 22 TR R 20 A6 SR AR AE — R I MR 52 B TE B TIE S 2 Bt b e, bl D E AR Z R, OfF 5kt
MPRNet A S2VD ¥4 JLAL B 5 ) R JR A RE 2B, T ESTINet BARGER A L BN, HEEFEANBELHE N T
1R 2 2 BUIREARZ, (5 41% - AL BR TR A —, 52 % b, A0 R T 525 BB — B R 2%
R, GETEWRTE A 2.

T 2B ML 2 I SRR S N IR AR L AR, B B R T — 9K NTURain f0 B SE R R AL %


https://github.com/sunsean21/EFSATem/

Fh B EHakA 5 ERNEE ) AR REIL ) $ALIR & T W 4% 11

A EWEERIRCRN L E, £ 8 1 RoR. 7EF 8 AT LA H Bkl HuR% #% A 5 B 356 IR A —BON B4R
I Ji, PReNet F1 MPRNet BT %A % [& 2 (8] I P15 8, HT0IEA R B WIE, 1 S2VD BAR AT L& B b i
T 1) 5 g B S R, (LR o T b 0 B T P O IR 400956 AR B8, 77 BSTINet M AR A LR T 2 NI, (H2H)
BA T — SRk R, R

ESTINet

I8 LA W SR I FLSE W R & BRACR = 0 e

4.5 HRLSCIS

N T ISR BT S AR A RO, A AT T A [ W 4 S A A K R BB B T IV Al s g BR T R RAR
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PR VR E T b 5 AR B, 7E Model 0 W58 2 5 BR A 400 1) i, £ Model 1 S 4F- EHEE R
fill & Transformer BEH A I & e il T S HE MG W EFZBEYL £ Model 2 Hol S iiic 42 77 b & B 52 9 7
7E Model 3 HUIFEIC 12 71 A B B 3 il T S8 AHIE B R E B 78 Model 4 ¥4 Charbonnier 4725 B %
##p MSE (mean square error) $ 2K R 2. fe 445 BRARTER 4, FRIE XS b g S nT DUR I A EG 3 = &
Transformer #5802, T 5 WCAZ 77 Fil A [F) R A 0K .

R4 AFBCE TAITEIERE L

Metric Model 0 Model 1 Model 2 Model 3 Model 4 Ours
PSNR (dB) 36.39 37.48 37.66 38.35 39.05 39.12
SSIM 0.9671 0.9689 0.9695 0.9729 0.9755 0.9763

4.6 SFEFILL

VR WA 5 A BI5AE NTURain WAL FHET T8 B0 AR 5 J: FE IR LL, X L4 R /RTESR 5
Z AL AR SO RN T AR = GRS AR, AR5 VRIS SO AR T AR A AT A B SRR, R R R R
FZ IR BE B AZ B R 7 R B i S R, SR 2 A SO IR B T ARSI 25 Y 384 i U

R 5 ARITTE S BUA RG2S AR U AT I R) A A2 2% 2 bR AL
Metric MSCSC  PReNet SpacCNN  SLDNet MPRNet S2VD  ESTINet  Ours

Time (s) 1533 0.18 8.23 2.65 0.15 0.14 0.27 0.03
Param (M) - 0.17 - 4.00 3.64 0.53 0.44 0.44
FLOPs (G) - 2174 - 4782 18003 336 153 64

47 ARFHHIE

B — £ P EUROR S B AH0R T — Bt &5 7 RS0 (SR T AL, 45 B 0 i, RAE B T
PR 56 S, T LUt — 8 S T 2R D0 25 HF 36 4, Ptk ESTINet SV 2 I R LG U T 28,
7 V0 Pl 5 .

FIERE RS Rainy Event ESTINet Ours

Ko SRR E HSCHARI — SR 25 AR 7R

5 2 4

ne

B Xt 224 BRI 25 W S92 (R P ST 1 88 25 2 S B A 2 ARV B R el 1 1 i, A =45 FH <A il i 3
ASVEREL I 18] 23 9 2 e R i, R MM JE UL AR R T U 0 D WOE I P57 X, JF 5 BT AT 2 (AR 3
X2 A, A B AL TR (I PP A S AT R RS AR BEAT A SRR B, R it T AR R e
Transformer BRI W AZ Sy filt LT, 2164 BRIk A Biodia i 45 5 22 18] 5 70 R [8) 242 0 B RRA 25 19 94
2%, SN e RO S UM R & A SRR 2 b I RRAE, HLIX SRR T B T G BB IR SR
LB H I KIS AZ AL X L i Ok, SEEL TR AR SR B e i SR~ A, e A P JE = 4B S
ot 25 R AR ey vk A A A B P58y i 3] 17 S s B 0 R
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