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Improved spatio-temporal graph convolutional
networks for video anomaly detection

Zhang Hongmin', Yan Dingding, Tian Qiangian
School of Electrical and Electronic Engineering, Chongqing University of Technology, Chongqing 400054, China

Abstract: An improved spatio-temporal graph convolutional network for video anomaly detection is proposed to
accurately capture the spatio-temporal interactions of objects in anomalous events. The graph convolutional
network integrates conditional random fields, effectively modeling the interactions between spatio-temporal features
across frames and capturing their contextual relationship by exploiting inter-frame feature correlations. Based on
this, a spatial similarity graph and a temporal dependency graph are constructed with video segments as nodes,
facilitating the adaptive fusion of the two to learn video spatio-temporal features, thus improving the detection
accuracy. Experiments were conducted on three video anomaly event datasets, UCSD Ped2, ShanghaiTech, and
IITB-Corridor, yielding frame-level AUC values of 97.7%, 90.4%, and 86.0%, respectively, and achieving accuracy
rates of 96.5%, 88.6%, and 88.0%, respectively.
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Fig. 1 Improved spatio-temporal graph convolutional network model framework

240034-3



TR, 45 e TR, 2024, 51(5): 240034

https://doi.org/10.12086/0ee.2024.240034

3.2.3 HENMNZEMAEE
25 (A AR LI A 1 AR BN A9 i S AR
ERYNTEORIKOC R, IS Rl T WU B AE
5 i R, A B e R S IR
PRzl pyih . BRIt X5 T O 5 ST 5
P (18 2 T AR B — 1% EsF TR L A7 A — i 8 )
B, ZHR Zhou %" 4R 7k, A SCHRH—Fhicl
B Sy 2R G s R AR L] 5 s TRl Ro ] =K
T AEASEIERE A, Ap € RM™M | A3g R 2] AR
W, € RMM 5 W, e RMA g B bs € RMWM 5 p. e RMM |
13 B PSR HE FEME R, =l 3) iR
{ ps = o(softmax(WsAg + bg))
pr = o(softmax(WrAr + b)) ’
Hrr: oy sigmoid PTG PREL, KSR BT 20, 1119
SYATYEI . S TIPS SR RN, A
FIn=EE A, W03 4) PR
Ap = (Ps + (PS)T) *Ag+ (PT + (PT)T) * At . 4)

A B Gr = (V, Ep) MRS IR 5 SRR R SR,
oy e VARER LA B e S, ARE:
HISB R RE Ap € RMM | 9 —AL S5 15 2N HEREAp, N
X (5) FiR:

3

A =DIA,D] )
H . Ap= Ap+ TR AR, Dol R
JE R

3.3 CRF-GCN #&1k

7 E G =1{A,X}, GCNRHJZEHFE AKX N
H = o (AHOW®), Jirh, oy sigmoid S B,
HO} GCN 7655 [ 2, HO = F, WD e RMM
R+ VZ P R . AHOIRRB G BT
SURAIE, HWSOFIRIE ALt AR b TR PRI

o
=
D
S8 = it

Graph
convolution

T R A I AR AR A AN R S R AR DG R

T 5 5 AT DLE R 24X 52 22 ] ) B 25 A
YERITE R, DRI T g A AR T X 52 22 [) A PR 7 G 2R X
TSR A HA E R L, CREYY VR LT o E 1y
HER A FIRRL . HA R EDE LR, nlisd 5]
AT S ] B SIS S M 5 S I RHE SRR, IF R
KL 5 LTS ER HEWr . L 5] A CRF
JZUY R GON A, {fi45 GCN 525U B Ji 3 517 55
Z IO AN 25 5 B, AU 7 41 i
(] 52 22 SO 2R o etk 5 ) CRF-GCN A4
2 Pis o

CRF M LR . g AZdlix,, CRF i
RALFZAE P (yilx) = 271 (x) exp (—E (v,|x) Ky Ho oy
Bebrye HAEylx)Fnies ks, z(x)NH—1k
Ay PR, X —N 438 A9 CRF iR, HAEHE
=t (6) FrRt".

EQilx) = ) el + Y ¢, 0nyilx),  (6)

N =N

Hr. o, i) A—ICHER, FRTEL E AN 7
BLbR &y i ik, (HIRT B AMNEE;
@, Oy, X, N ZTCHER, FRTEH IR A x5 x M
PEMHTHE T O EARZE y T e, %8 T 58 %
B EFSUE R .

FIE—H W RFREX = 10,1}, Hrp 0 fURIEHR,
LARESH . B GON LRSS 12 (10% H HOM R BEHLAE
R{H"), P HOR WY (17, XA G i i
T AR T, X LEREHLAS f A2 T B IR AIE
{Fy R stk 3T LikEA, 1435 CRF-GCN AN
T, HPEHF) R EGERRE, Hh—Ioita ke,
H ZICHE I BRI &, PITR3 2H A -

Coarser distribution

—

Graph
convolution

=

|:>|:>

B 2 GCN ##3t 5 CRF-GCN A3k 2t b,

Finer grained distribution

SO
convolution o %
o

(a) GCN 423£; (b) CRF-GCN #ik

Fig. 2 Comparison between GCN module and CRF-GCN module. (a) GCN module; (b) CRF-GCN module
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% 1 UCSD Ped2. ShanghaiTech #= IITB-Corridor 4% &
Table 1 UCSD Ped2, ShanghaiTech and IITB-Corridor datasets

YIS U7 Ey it GrHER LSl
UCSD Ped2 4560 2010 Frame-level 360x240 B BAT 4 /N AR
ShanghaiTech 317398 2016 Frame-level 480x856 BiEAT4e, S, TR
IITB-Corridor 483566 2020 Frame-level 1920%1080 P, 4T3 BBE
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BLIEIR 166 4>, TR h EALZE I 126 S BUHTHY
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£k (receiver operating characteristic curve, ROC), T
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{HAE A B AL I 25 R X LS ], AUC {H B (e 455 74
(R -

42 KWSHIZE

SCRY PR . SCE IR 55 AR BC SN 12 vCPU Intel(R)
Xeon(R) Silver 4214R CPU @ 2.40 GHz, GPU % Hi
RTX 3080 Ti(12 GB), W f£ 90 GB. Ml % #% >k H
Ubuntu 18.04 & 4t , %i 2 ¥ 5 24 Python 3.8.10,
CUDA 11.1, Pytorch 1.9.0,

SR PRI T EOR AR, AN
h224x224, il it £ SportsIM B 4R b BN 2k B4
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AR B R K=4, WE dropout #2403, R H
T adagrad PRALSE L, JFHEAT T 28 ) R, WG

2JEN 0.001, FECRK 4e-5. R T H LML ILAR AL,
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AMRIRECE R 4. 16 Al 15, FEEA I Zhad 72 rp AL ik
17T 600 4~ epoch FII %,

4.3 RWERSHF
4.3.1 FFiEXT A

1) UCSD Ped2 %#li % . AR5 AH A 52 AE UCSD
B AR IR TA SO R i, AR 2 R, A
SCHTHR T e 36T R R 4% A 6 Rl TR 08 T 4%
R B TR s (R DGR, B T 97.7% Rmig
A AUC H1 96.3% [HEREZE . FTLUE Y, SCHk [28] 2
T IO B 0 5 A HEA T S5 R DU B i 5 1) AUC 50
TR AR, IR TEIRNMERE, ASCOErikm
ML AUC HHEE T MBI 7R 07k m i 4.5%,
BT 3CHR [33] B it 0.3%, T AR 550 50 v
6.2% F1 0.2%. SCHK [7] @3 R 55 n 12 i Y 2R 0000
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Table 2 Comparison results of different methods on
UCSD Ped2 dataset

Wt gyt R H 7 FHERLIROT AUCI% HERH/%

Hasanfj 5 %% - 900 895

S Gong%ﬁiﬁ‘”‘ - 94.1
Yuffy 77 - 973 956

Taghinezhadfy 5" Encoder 97.6
GCN-Anomaly®” TSN 93.2 90.3

Sultanif J7 " 13D 92.3

B RTFM®? TSN 96.5 -

Chenp 7 £ C3D 974  96.1
Wangi#) 75 5 Encoder 97.7 93.4
AT Cc3D 97.7 96.5
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Improved spatio-temporal graph convolutional
networks for video anomaly detection

Zhang Hongmin", Yan Dingding, Tian Qiangian
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Improved spatio-temporal graph convolutional network model framework

Overview: Video surveillance systems are increasingly widely used in public places and play an important role in
maintaining social security and stability. However, the collection and labeling of anomalous videos are subject to
subjective factors, resulting in video data containing only video-level labels and lacking detailed information, limiting
the intelligent analysis of videos, especially in the field of anomaly detection, where richer data information is needed to
improve model performance.

Video data is typical spatio-temporal data, the spatio-temporal features shown by the abnormal events in the video
have significant correlation, and the connection between the segments in the video can be constructed by introducing
the graph structure in both time perspective and space perspective, but the traditional convolution operation can not be
directly applied to the graph. Although Graph Convolutional Neural Network (GCN) can effectively process data with
the graph structure, it is still deficient in capturing the intrinsic relationship between objects in neighbouring frames,
especially in coping with the complex spatio-temporal dependencies between frames in a video sequence. To model the
spatio-temporal correlations of video segments more reasonably under the graph structure, and then effectively detect
and locate video anomalies, this paper proposes an improved video anomaly detection method with spatio-temporal
graph convolutional networks. Each clip in the video is regarded as a node; two key graph models, a spatial similarity
graph, and a temporal dependency graph are constructed. The video features are learned by adaptive fusion based on the
consideration of spatio-temporal connections between clips. Since anomalous events can be formed through spatio-
temporal interactions between multiple objects, taking advantage of the good graph modeling benefits of Conditional
Random Field (CRF), a CRF layer is introduced into the GCN model to model the interactions between spatio-temporal
features across frames to capture their contextual relationships, thus improving the detection accuracy of the model.

Experiments were conducted on three video anomaly event datasets, including UCSD Ped2, ShanghaiTech, and IITB-
Corridor. The frame-level AUC values reach 97.7%, 90.4%, and 86.0%, respectively, and the experimental results verify
the effectiveness of the proposed method.
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