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

« SEEWH: FRARREIES (62172409); AP RHE TR (JCYI20220530145209022)
A Z A LRGN S Al A BR G R A TR R ALV BOR  RFIEIFE T 57 s . THRF IR . driE s
W 8] : 2023-04-07; AU [H]: 2023-06-08; K A [H]: 2023-08-23; jos FELk tH Al [7]: 2023-09-11
CNKI P48 K i [a): 2023-11-23

© TEBREEEEIEDT  htp/ www. jos. org. cn


mailto:renwq3@mail.sysu.edu.cn
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
http://www.jos.org.cn/1000-9825/7023.htm
mailto:jos@iscas.ac.cn
https://doi.org/10.13328/j.cnki.jos.007023
http://www.jos.org.cn

(a3

Fh B F EH eSS ERNEE ) AR RIGEI ) AR & T W 4 2221

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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I, J9ii b 2 AN B R K5 S TUAR AN TS S, S S A PR AN 5 HAR A A JS I R ER,

=
B I 4% = 4 43 A

Eliken
R RS B - B G EE A A HF- GBI

K4 HOEEESPBEGHTDN &I ATE

3.2 FEPEEASHENRIZA

FAF ] LU AR R Rk 2 5, AT T 5 T H AR G 5 28 (R R A (]2 7 A5 25 7
2 i 1 pR. H A TS - B E RS Transformer BEERAL N, 3+ H A A 3 KB R RAEE A U-Net FE 3.
HAAF-EREZ IS Transformer BRI 25 M MITE B 5 R FEOR, B2 25 1099 2 00 5 5 0 i 0 A e 2 1)
Transformer W 4%, /116 5] H Z 45 #E1L (layer normalization) IR FERFEBEAT PR AEAL. I3 B SR H IZ s G R E
B PE AR Z 20 A SR BURHE 1 22 (8] 5 I8 T8 AE B, IR RERINEIP TR O v KA VX 3 ANTRERHE, ¥
O MK $e#4i J , FIEAT Softmax (QK™) WIHRAESRAF 25 RIEIE T & 07, S M e & DRl iE 4 R I, 3 IKF
KA 2 BTS2 EME BIRSR IR A 2@ E 4L, KX RE 1l 18 v 2 71 [RRE o] D22 3] B 25 [a)33 72 71, LA )
TR IR SR 70 B T4, TS AT BRI R R I SR SRR G AR 2 1 R DR A R A R 5 e
FHE, Hr @B R N, — 308 GeLU s BF2— N5, BB R Ll 5 —SHIEZ 5@l 7 — B Ak
FRUZ, B 5 55 NIRRT I H SR ZE R

T SN P IO ) - RS R D Rl A B TR AR 1A 8 5 A8 T, FRESWCAZ ) A AR SE R 0
Bl 6 s, AR LS AR R I A S a5 K F TF, 1 P WA AR AE [y, oo ) FHAE 2205 F7 U 30 HR ARRAE [y, e, ] BOIAE
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8 AL BT Sk BOR, Se B e AR AE by AU ETARAE S B, B 4 B RREE E R E T T,
TEIZ B e AR GEARZS, T REE AR (5) FIA R (9) IR N ZE T — il TH 5 R BEASAE.

Event -image fusion attentive Transformer

Spatial attention layer Feed forward layer

E
Layer norm
Point-wise Conv
Point-wise Conv
-

Van
L/

E
Layer norm
¥

S

\L/
k4

ol 1N
B

Point-wise Conv

Point-wise Conv

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

K5 FE-EM&ERE 14 Transformer 45

Inter-frame memory fusion
{}@ Channel-wise split
I 5 ;’ Concatenation

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

v Conv } Conv Conv Conv

Point-wise multiplication
@ A A A A

6 EEWUCIZ IR GBI E5 R

OSPICIS

33 WA= HERSREEH

ST - P o A A B A4 T RO 0205 2 W PR 2, R PR WA 3 A ot 2 5 PR A =
YENUATAL BT, R ACR. A ATER] | AR, P2 =B BN )2 PReLU MO JZ 4Lk, T K5 RUE
K RGB G BB AERE 3, JLit B GUHAN, S WU B 1) F A (02 14, (RIS ph T30 = 4 BB it
AL, J ELS R SORA A I IR P B V453 24 R KR £, WLASTEK) ST 5 4 T AR R A 2R T, Sk
325 BTSN A B 5 RLAR 5 R LA B 450 e A

T FE AT o 7 Ak B8 O 0 440 RO AR 4402 0SR20 OO 9 24 B 8
Charbonnier loss FIFK, % it 7 Wiz ALY B (B AT IOMBEF S UL B (B, , HAIAR M AR (10)

gyt
L(1BYABIL) = Lowmwae([BIL1BIL) =2 3 (BB e (10)

ifii 5, FI Al LightFlowNet3P ey 6 Il vH 532k, 15 B HL %S 55 680 Wi , FATTAT LASE 46t 10 25 REARATUY BRI i
JEVEBEMUIEAT HARXT 5%, st BEAT i a) e SR P 1 o, A A (1) 45

2( ,:1) 621 IWB i+1+gz_7 Wg Bi+l _Bi (11)
&, BT IR R BR BON RTIR PS5 e B SR, A5 (12) et
L=al,+pL, 12)
b, o R B A2 PR B BB, FLB B AR 5 SCaa . R, SR AR BT A0 R B OB 4 8 B
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PAVE A TP 2 9 AR 4R NTURain'™ RHEAT 5 859250, 3% 1 451 T NTURain HUR 4 FT 3 R VE4I(E B,
o, MU <3 R Al — Be TS MU 1 3 AR RALS, AR & 73 BRI 24 BT
(1R DA R S R (IR AE, B A 56 43 il 640 T 480, 40T Y JRASEFOL FH AL 47140 48 % 14+ Adobe Effects 5¢ i,
FENZRdE LA — BOT 1 AU I 3—4 FhEEHLAE B R TR, I ZR4k t AT 3% 3123 mUlEHR, SRR INRSEA

1682 M, FLSZFIRMREE R 658 MIHLAG K14,

F 1 R HIESE NTURain ISR St ih

KA B 20 ) IR LS BEKig Mg WAt 44 PR AT A
i e 3] S tl 80x3
RELIE) b, R
2 112x3
N . , 3 128x3
Ve BN R ) 363
KB RIES) © s
t6 138x3
t8 135%3
al 168
Ay e 3 3o a2 116
BRiusikizz) 23 125
s _ a4 298
LAV R IR ARSI
bl 256
L b2 250
KB RIEE) o o
bR b4 250
ral 60
ra2 90
BRisikizz)
ra3 80
LR IR AL ra4 108
bl 120
N DS =Tl b2 60
rb3 140

4.2 THiERR R EERE

TEARSCH, FRATME FH AN IS G 52 R AT 55 HR i FH B0 Fa A 06 {H (5 M LY (peak signal-to-noise ratio, PSNR) Fil4
FARABLIE: (structural similarity, SSIM) AE AT AR50 25 Y B I L ZEARAR, 38 35 0 Fa bn o8 R i . R 4 4t

MU W ) BB, VD5 PE VR A 0.

FRA TR A ST 2 B 005 A i S 0 AR AR R AT 1 B, A3 22 R 36 ARG i 4 i S0 (MSCSO)!™), i
BERIEIR L TAE (PReNet)™ . 405 1+ (1818 24 7 CNN (SpacCNN)!'. B2 5] £ M4 (SLDNet)'™. %
M BEAT i s 4% (MPRNet) ™, 2 I B LA 2 W9 (S2 VD)V RIE S ) 23 22 LM 4% (ESTINet)™. Jr, MSCSC A2 %
TR 72, H AR (2 T B 2 S 1975 7. PReNet A1 MPRNet 2 5[] 25 [ [0 2%, 4% J A4 22 R A2

43 LW

FRATRE BT I ZRALAIA ST R BT 7 T 128 x 128 K/NHITEIR IR, batch size 267 4. 2% > HBLE N 0.000 5, 244
REAHUEAEZESE WA epoch JR/NIEE /N T 1E-6 I, 5 1545/ 10 £, R AIE ] Adam™. A3 (12) i) o I
BB 1A 0.1, IR FEA KA AT e 1 55 U5 AR R, IIZ5UE epoch H0h 50. X FXF L KIBLA 7 ik, 3d1T
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TR B L RAG T E, FEARYE S TR A SIS AT ISR AR 5256 BAE F ESIMUP DRI FF 51 vh 1 4. Tl
SZYGAE— G #4 %% Nvidia Tesla V100 PCle 32 GB GPU Al Intel® Silver 4214 @ 2.20 GHz CPU IR 55 % L 34T, k%%
AR S0H Linux Ubuntu 16.04.7 LTS. SIS VR FE %% S HESL N PyTorch 1.9.1, fl ] TR B 5 5 R T A
Torchvision 0.10.1. fXA% 2L K A #E https:/github.com/sunsean21/EFSATem/.
4.4 LRSS

PATE SN 7 AT 5 BUE 7 1) PSNR 4R 1 22 57, ‘EAI1#E NTURain WA 1) S2 50 45 5 3 2. 7T B
F ARSI ETE A WA 38 3/ 48 T Sems (0T 2. T BAR R T HEALIE SR S 55/ N R 4 AN, A7 VETE
MINUE IR KRG 4 MU 35 5 N 8, BIAN7E b4 I b A ST A T 45 2 4/ S2VD Bk 1
3.63 dB M BT, X 45 25 T FRATXS T WA G o ) <4 B i & 8RR, BB S iiic A2 T sl A i et
—E T B, BT e A SE I 25

R2 ATESIAVIIEE & M%) PSNR PERELLAL (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 32.26 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

PRI G SCELR T AT W2 W S50k 5 AR ST vE 2 A) SSIML I ZE5E, 45 R /RFESR 3 . HEUEE N 0-1,
TR 2 HONES CHRIE S UE. A IR, 38R W] LU A SORETAE K 2 Bl A HUS T i R SSIM
fabrduE, HARNLE Sl BRI b A SOIE I LS U528 SE B 2.

3 OARTTESPAMIIEG L R SEAR) SSIM PERELLER

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 FEIE M AT LT L, FA AR T LR 25 R BHE R, ot L EITE R 7 B EoR. 7RSS 1 sk L R, T
LR A a5 b B IR 2 % ERIWIR, QA M 3 MOrES LG e e £k, RAART 5 LUE XL 55 5
P 22 TR R 20 O 6 SR AR AE — R I MR S B TE B, TIE S 2 Bt L e, dm D E AR Z R, OfF Fikd
MPRNet A S2VD ¥4 JLAL B 5 H) IR AR RE 2B, T ESTINet BARGER A L BN, HEEFEANBELHE N T
1R 2 2 BUIREARZ, (5 41% T FOAGVH BR TR B A —, 52 % b, A0 R T 525 BB — B R 2%
R, GETEWRTE A 2.

T 2B TR 2 I SRR S MR AR AR, BRATTE AR T — 9K NTURain f0 B SE R R AL %
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LW EERIBOR X LL I, AR 18] 8t s, £E 18] 8 Fml A HY Bt . g i T ANAT i 5 B 2 A R A — O 4R
fAIF IR, PReNet A MPRNet (1 T-50A 25 & BIMTRIIN 545 8, TCA R L BRI MR, 10 S2VD EAR AT BL % Br i i
T P 8] f5e g B A 0 R, LR S T st MR T A R R A B0 AR B, 10 ESTINet M B ARFEAC LR 1 2 HMIR, (H2 A
AT S rRE, R

ESTINet
B8 WM M SR K ST SE R R BR R S o

4.5 HRASELD

N T ISR BT S AR A RO, FRATTEAT T A [ W 45 S5 A A4 K R BB B T IV Al s g, BR T B ROAR
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PIRERY FRATE X T b 5 AR E, 7E Model 0 W58 2 £ BR800 09T, 72 Model 1 Helg S 4E- B = )
fill& Transformer BEHAHE B 3 il T S EE M T WETZ R 7E Model 2 HOR B iic 42 77 & B 52 2 9 77
£ Model 3 HU¥ B IiC 12 77 Bl BB 3 il 1 S 80 A0 IR 1B Z B 78 Model 4 H1#4 Charbonnier 457 25 % 3
& % MSE (mean square error) T 25 BRI, i 225 RRIRIESR 4w, IR3E XS Lo 25 S mT LUK I Sk G = Ik
Transformer #5805, T 5 TIC 12 77 il A R RE 6 K T,

®4 AFRBETAIEER 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 SFEFTLL

BA VAT 25 905 % AE NTURain MHIREE BHET 1 da S AR 52 2% FE A6t b, St L4 R RTE SR 5
Z . AR SO VEAS T B = 4E AR, 2R T 1008 S B AR T AR AL B SR, R AT A B B R E
FZIR BE AR B BE A 7 3 B i I R, S 2 A SCRTR K B T PRSI 25 W 484 i 0.

K5 ARITTIES DA PRG35 M SVA ) B WIUE AT I [E) RS2 52 2% B2 L R
Metric MSCSC  PReNet SpacCNN  SLDNet MPRNet S2VD  ESTINet  Ours

Time (s) 15.33 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 0.4
FLOPs (G) — 2174 — 4782 18003 336 153 64

47 ESSEHHE

FAVEA — G F B GRE RSN T BOE 7SS HE LR M RN, 4R 0K 9 fors, REFINH
PRt SO R, W DUE I AR AR A A 22T A, tHit ESTINet Jovh A R L BRIZ MBS I £k,
T T3R5 5 U B 2 .

HRERS Rainy Event ESTINet Ours

Ko SRR G HLIAF—SRIUIIMIN 2 F AR R

5 B £

X 2 AR 2% W S92 (U] P AT 1 R 25 2 S BREARS 2 RS B R e S I i, AT 50 P <A il vt 3
ANV L IR TE) 739 2 e R A, R A B R R T aUR e o WU IE BB R 3K, -5 % U UEE 4T 2 (e 4R 3R
XS54, AP X H AL ) BB P £ SR 22 A AR AR AT b 78 A B R BEi T -G R RS
Transformer BEHRNES M1 AZ /0 Bilva LD, 26 4 Bk A Biodia A 45 5 2 180 5 70 RN 8092420 PR 25 79 94
2%, SN e RO S UM it & A SRR Rz P I 2R, HIX SRR T B T G BB IR SR
BRI HIE . KIS IZ AU X LG Ok, SEEL TR AR AR B e i S0P 4, e A P JE = 4E UG
it 25 R ARIRNR. BT iR AR A B P2y i 3] 1 SN s R A R
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