130 20263 068 AOEDO|CIO{ XA

2AYE 7|W ST GCNF} d5 A2E 2~ 52 o4
A G olw% A
(Surveillance video anomaly detection using skeleton based ST GCN and multi instance
learning)

HPs, SEMy, BHE, HEE

(Mu-Hveok Bvun*, Hyun-Sung Yang*, Se-Hoon Jung#*, Chun-Bo Sim#**)

2 oF
B =i Al QA ol EsS "AE] gk 2 E VW oAk Sk A E AlRbgh
7]1% RGB(Red Green Blue) 9|3 7] Wb o)t Wslo)] Fofalal /AAR wF o] k= A7)
EA5c) Aok WS QAo B4 HERHE] ST GCN(Spatial Temporal Graph Convolutional Network)
AL TFetaL, 9 T thEvks AR the Ql=' 2 S5(Multiple Instance Learning,
e} =3 7] RGB 340 AgE MIL &4 s47F 228E 18 dolg e E4
SHA] ¢F2-2- ablation study® ¥53taL o] & AEAGE &4 S5 Aqksi) Ad Ay A<k
WHE UCF Crime dlelElAloA Z#9] 4% AUC ROC(Area Under the Receiver Operating
Characteristic Curve) 08368 2/d3te] 13D 7]k wo]2eRle] 0.79355 S71glon, il A& wo] 2
gRRlFte] vl ¥ & Ass HAuth

B o] @ 9 ol ddlls B4 ; 2AYE Vi A 04 ; ST GON ; th QB 8y A% sy
Abstract

This paper proposes a skeleton-based weakly supervised learning framework for detecting
abnormal behavior in surveillance footage. Existing RGB (Red Green Blue) appearance-based
methods have limitations, such as vulnerability to changes in appearance and the risk of personal
information exposure. The proposed method learns spatiotemporal features from human joint
coordinates using a Spatial Temporal Graph Convolutional Network (ST GCN) and trains the
model using Multiple Instance Learning (MIL), which utilizes only image-level labels. Furthermore,
through an ablation study, we demonstrate that the MIL loss function established in the existing
RGB environment does not fully reflect the characteristics of skeleton input data, and we propose
a redesigned loss function. Experimental results show that the proposed method achieved a
frame-level AUC ROC (Area Under the Receiver Operating Characteristic Curve) of 0.8368 on the
UCF Crime dataset, surpassing the I3D-based baseline’s 0.7935 and demonstrating higher
performance compared to the latest weakly supervised baseline.

B keywords : Video Anomaly Detection ; Skeleton-Based Behavior Recognition ; ST GCN ; Multiple Instance Learning ;
Weakly Supervised Learning
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