wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BFWENTICIEMERHBEFRAREIEN
[A3E, BARE, BB, BEE

5IAEX

[BxiE, ARE BB, &EE ETWEDNTICIZNENSEEWMSERNI]. HERE 2024,
51(1): 243-251.

ZHOU Wenhao, HU Hongtao, CHEN Xu, ZHAO Chunhui. Weakly Supervised Video Anomaly Detection
Based on Dual Dynamic Memory Network [J]. Computer Science, 2024, 51(1): 243-251.

BN EEE (SERXINEE IE JENBEENE)

Similar articles recommended (Please use Firefox or IE to view the article)
R BUREARGRIA

Survey on Generative Diffusion Model

HENRSE, 2024, 51(1): 273-283. https://doi.org/10.11896/jsjkx.230300057

PRAELEX BB AR RLRIR

Survey on Domain Limited Relation Extraction

HENRSE, 2024, 51(1): 252-265. https://doi.org/10.11896/jsjkx.230200100

EFirENs s EE 8RB FNGE

FeaEM:Feature Enhancement-based Method for Weakly Supervised Salient Object Detection via
Multiple Pseudo Labels

IHEHEIE, 2024, 51(1): 233-242. https://doi.org/10.11896/jsjkx.230500035

A SCi B E B G SURE RITE
Raindrop In-Situ Captured Benchmark Image Dataset and Evaluation

HENRSE, 2024, 51(1): 190-197. https://doi.org/10.11896/jsjkx.230500125

—H S RERHBERRILIINSS/NBRENTTE

Method of Infrared Small Target Detection Based on Multi-depth Feature Connection

HEHNRIE, 2024, 51(1): 175-183. https://doi.org/10.11896/jsjkx.230200037


https://www.jsjkx.com/CN/10.11896/jsjkx.230300134
https://www.jsjkx.com/EN/10.11896/jsjkx.230300134
https://www.jsjkx.com/CN/10.11896/jsjkx.230300057
https://doi.org/10.11896/jsjkx.230300057
https://www.jsjkx.com/CN/10.11896/jsjkx.230200100
https://doi.org/10.11896/jsjkx.230200100
https://www.jsjkx.com/CN/10.11896/jsjkx.230500035
https://doi.org/10.11896/jsjkx.230500035
https://www.jsjkx.com/CN/10.11896/jsjkx.230500125
https://doi.org/10.11896/jsjkx.230500125
https://www.jsjkx.com/CN/10.11896/jsjkx.230200037
https://doi.org/10.11896/jsjkx.230200037

http: /www. jsjkx. com

+ #u £
O tﬁlm wic? DOL.: 10. 11896/jsikx. 230300134

N

ETREHHICICMENFEERHRE RN

AxiE WMEE K B BREE
WML AFEGAMES TREFER MM 310027

(zhouwenhao@ zju. edu. cn)

B OARFFAMNERAERARTRANMBRNGFFAA., BREFEFEMNER S FF AR, 3 AR LR AF LD 442
A AR A B EN T EFRAE T EHMAGEE, AR . B BEEMNRFFAN T ERLEFRIARMKPES, B 7=
THREBEHRGEMNAR AR TARAEMGEZEL . FRAFELEEA, AR IFTERRBT—HEATREDIZCILAL G B L
BALIR 5+ F A kil it R A AT R AR IC M A R AR KR P KW EF TS, AT ERNRAFIE
Fa i IR 49 - F) B AT L R R i 3R AR K TR e B M P 99T 10 R AT AL IR W A9 A AR B 4T 38 3% L R R B 3R AE K T ALIR ML AR AE ST e R 4Y
NEFATEH AN RICRAOKTLEN GO TR PLIESAENRES RRAMRBEL TN ER, BN, ZHES>EHE
¥t le M @ 6 Ko . MR E BRI R M AR EBRRAAM G LA E K R EHGELEN, EAAATHHEE
BARF FHNHEE LG EREREN TR T ERTHAERE NG R ML RARBEEE AT ZLBARZGE ST,
KEIRMAFFAEMN; BREF TR ME; $7HFTRAEFT
FESES TP183

Weakly Supervised Video Anomaly Detection Based on Dual Dynamic Memory Network

ZHOU Wenhao, HU Hongtao, CHEN Xu and ZHAO Chunhui
School of Control Science and Engineering,Zhejiang University, Hangzhou 310027, China

Abstract Video anomaly detection aims to identify frame-level abnormal behaviors from the video. The weakly supervised me-
thods use both normal and abnormal video supplemented by the video-level labels for training, which show better performance
than the unsupervised methods. However.the current weakly supervised video anomaly detection methods cannot record the long-
term mode of the video. At the same time,some methods use the information of future frames to achieve better detection results,
which makes it impossible to apply online. For this reason,a weakly supervised video anomaly detection method based on dual dy-
namic memory network is proposed for the first time in this paper. The memory network containing two memory modules is de-
signed to record the normal and abnormal modes of video in the long term respectively. In order to realize the collaborative update
of video features and memory items,the read operation is used to enhance the features of video frames based on the memory items
in the memory module,and the write operation is used to update the contents of memory items based on the features of video
frames. At the same time, the number of memory items will be dynamically adjusted during the training process to meet the needs
of different video monitoring scenarios. In training,a modality separation loss is proposed to increase the discrimination between
memory items. During the test.only memory items are needed without the participation of future video frames,so that accurate
online detection can be achieved. Experimental results on two public weakly supervised video anomaly detection datasets show
that the proposed method is superior to all online application methods,and also has strong competitiveness compared with offline
application methods.

Keywords Video anomaly detection, Weakly supervised learning, Memory network.Multiple instance learning,Deep learning
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AUC-ROC K+ 7R 70 K 4 1 PERE B AR . S BRIT 30w o
K o3 28 4% B B0 Sl o BB 8 O A A5 BB AR X D
AR,
4.4 BSESW

R T TG X B R AT LW AR X SO W R i S R
BEAT SR UE S M, EE AR IE AR AR RAE DB T ATy AL
AR E A A LR B (E 7. LS 2R ek B R B A
Asgp s A AN SEIGZEIRANK 1K 5 A,

# 1 UCF-Crime 04 £ L RAEAHO0 S MO 0 45 R
Table 1  Experimental results of hyperparameter sampling on

UCF-Crime dataset

RAEANK(Ta—Tx) W AUC-ROC/ %
6 %R 82.86
8 7% B 83.07
10 A 83.15
12 %R 83.11
14 7 % 82.98

# 2 UCF-Crime $¥ 4 b AUE R B (EH 2 5055 50
Table 2 Experimental results of weight coefficient threshold

hyperparameters on UCF-Crime dataset

WERKEME A % E AUC-ROC/ %
0.01 % B A 83.13
0.02 %A 83.15
0.03 % B A 82.85
0.04 7 % R 82. 66

# 3 UCF-Crime $0H 45 LA BLEE (50 (6 88 5050 g 45 1
Table 3 xperimental results of similarity threshold

hyperparameters on UCF-Crime dataset

MU ERE < W AUC-ROC/ %
1.5 LN A 83.14
2.0 % A 83.08
2.5 EEBA 83.15
3.0 % 82.78
3.5 EL A 82.45

# 4 UCF-Crime 4 4 B SHUR REUIE REUE SRR 45 R
Table 4 Experimental results of total Loss function weight
coefficient hyperparameter on UCF-Crime dataset

E A AP HHRAR

£ Hac £ g W AUC-ROC/ %
1 0.05 e vyl 83.05
1 0.10 % B A 83.15
1 0.15 & %A 83.04
1 0.20 b vyl 82.88
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5 UCF-Crime $di % FAE 73 B 1K R OB R R B0 S 40
Table 5 Experimental results of modal separation loss weight

coefficient hyperparameter on UCF-Crime dataset

AWM K@ HEAEH L EH

£ g P i E AUC-ROC /%
0.05 1 7 % 83.12
0.10 1 %R 83.15
0.15 1 % B 83.09
0. 20 1 7 % 83.09
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Table 6 Experimental results comparison on ShangHaiTech

dataset

A W E AUC-ROC/ %
MLEPC!3] LR MR 76. 80
Sultani % [12] %A 86. 30
AR-Net[30] &R 91. 24
MISTE31) % 94. 83
GCN*/—\nomalyrl 1] B &R 84. 44
Purwanto 4[15] EESN 96. 85
RTEFMLI6] L3N 97. 21
Ours %A 97. 10

MFE 7GR E LLE 1), fE UCF-Crime #0484 1, & 3¢
D5 A WG BE v T TR AR B . 5 B AR B H T
TE LR DU B 7 AR LA DUORS FE RS I T 4. 15%0, S B n A
B 7 W A L o AR ST 3k A e UK B R 5 T A e R I T vk
A EE H A BE B 1 Purwanto 45 4 10 R B R & 2R RAE
BRI T R B T RS 2%,
F# 7 #F UCF-Crime B4 b 9250 % H 25 1

Table 7 Experimental results comparison on UCF-Crime dataset
HA % AUC-ROC/ %
Sultani %121 %R 75. 41
TCN-IBLE2! %N 78.66
Motion-Awarel33] T &R 79.00
GCN-Anomalyt14] CEYA: 82.12
Wu %123 EE Y08 82. 44
RTFML6] R Yol 84.03
Purwanto % [15] EEAN: 85.00
Ours EE A 83.15
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Fig. 4 Visualization results of ShanghaiTech
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Fig. 6 Diagram of memory item feature dimension reduction

of ShangHaiTech
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Fig. 7 Diagram of memory item feature dimension reduction

of UCF-Crime
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Table 8 Ablation experiment results
%)
EXRFENE RZHA%E RE  #HA SHT UCF
X X X X 71.35 60.23
J X X X 86.13 75. 84
N N X X 93.27 80. 21
N X NG X 95.74 82. 36
N X NG NG 97.10 83.15

M8 BT LA Y, 7E S 3 E /Y 4 HE 2 I (Shang-
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