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Abstract: In order to improve the accuracy of video anomaly detection, a novel video anomaly detection method based on
global-local self-attention network was proposed. Firstly, the video sequence and the corresponding RGB sequence were fused
to highlight the motion change of the object. Secondly, the temporal correlation of the video sequence in the local area was
captured by the expansion convolution layer, along with the self-attention network was utilized to compute the global temporal
dependencies of the video sequence. Meanwhile, by deepening the basic network U-Net and combining the relevant motion
and representation constraints, the network model was trained end-to-end to improve the detection accuracy and robustness of
the model. Finally, experiments were carried out on the public data sets UCSD Ped2, CUHK Avenue and ShanghaiTech, as
well as the test results were visually analyzed. The experimental results show that the detection accuracy AUC of the proposed
method reaches 97.4%, 86.8% and 73.2% respectively, which is obviously better than that of the compared methods.
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I3, BERZHAEAE UCSD Ped2 H1 Avenue $idfite b1k
REXTELUNER 2 Fm . B N4 e O AUC 1XUA
/NIEFRTE, #£ UCSD Ped2 | AUC #2717 0.7%, F#
SE AR AEgRID 5, BRI SR B R,
4> JRFFIE AR SZ B s TR SR B o, B 14w
TRFER(E S A ) B S J3OLE T 4R b B |, fdAsisy
PERER]RARTE, 7 UCSD Ped2 EIERESRTFT 1.6%.
SREEIRR I, WA R R BRI G
£ UCSD Ped2 F IR INACRIEZIERAR, H 97.4%.

2 1RBUAHE UCSD Ped2 #0 Avenue 2HEEE HMEREXTEL

R A AUC
U-Net v J J J
AR R IR X v X v
Jei R R SR X X v J
UCSD Ped2 95.2% 95.9% 96.8% 97.4%
Avenue 82.8% 83.3% 85.4% 86.8%

AR SCAE A S A AR BT, KLY
Bk i) Rt 20 UCSD Ped2 $ud 4 k4T 70
WAPERE M, HARWIER 3 fro. 8 s s al
F T WL HIR S, o W0 4% 1) Al 2 v 3Rk B8 1 B 4,
REfE 5 o) T G R AR AE AR 4, T BB AF ML & 55
FBVRETES N, 25 T X 4% PRI IR s S 2R 4G 0 44 R
PFT 0.3%. 52 M gD 2 - L ARRD A5 AR LL,
AR SL R FH B R 2 i 4 A X o i A BT O
BEMK RGB B4, A A B FRHIES B
AR N 2 PG B A SR EEARANGE,
AT REAE SR BGE 2 T B3 AEH, JLHEXTE )
5O eE, AR T M A T G B 2% 46 A 4
F7T 0.8%.

=3 RBUZGHERA A REXT EE

RS AUC
4 JZ U-Net 97.1%
5 /2 U-Net 97.4% (10.3%)
HYmAD A 96.6%
e IR 97.4% (10.8%)

3.5 ALt

ALY FEE AT AE UCSD Ped2 Al Avenue %4
£ E AL Rt AT T A . B 3 SRR T
UCSD Ped2 £# 4 b 15 MoURH 578 ot fro RS 45 S
Hh BA R WAT AR H AR R O T RESEAT T bR
W, B3 AT R RO T R EoR R
PERAEINIE, K rT R I SR U6 R [ i 4y 2
HEE, EEME R ZEN R R, R
WIEOL R, B wRA, BRI 2 ih 2k K
WFE AL E, XN ERE, AR E R,
B A A ) () €% 22 S K BUH R], W 3(a) B
FENATHOE L IE S BN IEEITEMEN: 2F
S RAER, RAEREINE SRR AR,
WK 3(b)w, HHERRELA NE R, BEAEAN
ITHOE F 3 HAT ERDUIER . B 4 BIRT Avenue
AR W50 947 NIEEATER,
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