¥4l Ho il
Vol. 41 No. 6

VPN S 4
JOURNAL OF SHANDONG UNIVERSITY (ENGINEERING SCIENCE)

2011 4 12 A
Dec. 2011

(T % W)

X EHE:1672-3961(2011)06-0024-07

TH [a] SR 42 ARSI AT A #R 42 1R

REY A, FEE,KRE
(TR R (5 R 56 SRR, T ot 410073)

BEATABXZBEE AR R BB EL SO TEUAR, W T AR R Z 5RHE LR R, EAERE L
SBAMATEALR G LM I, B AR AR ZH RS R LB A2 R TFATABX, T LB 5w
) A A% R By SR AR AR ) R I IE T AT IRAL A A B Sh AR X, R ARG T AEXEEHAZ S T H
FOHEEFHEL, MBIATAH T AEGE ZHESHE—F LT BKE s &R,

FER AT I M R B ATRARA 47 A XS

HE 5K S TP391 LERFRAE S : A

An activity mining model for surveillance video

LIANG Hao-zhe, XU Shu-kui, LI Guo-hui, ZHANG Jun
(School of Information System and Management, National University of Defense Technology, Changsha 410073, China)

Abstract: The activity pattern mining technique is the key component of semantic analysis for surveillance video. Be-
cause of the lack of prior and high-dimensional feature constraints, the complexity of the model structure of the paramet-
ric mining model is difficult to be precisely defined. Non-parametric clustering of motion feature by infinite Gaussian
mixture was used to get the elementary activity patterns, based on which duration distribution was estimated. The par-
tial-dimension test for feature validated the motion similarity hypothesis existing in the mining model. The results

showed that the obtained activity patterns precisely reflected motion semantics of the scene, and that the multi-modality

temporal distribution existing in activity can be further used to discover the hidden knowledge of motion.
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Fig.1 6-dimentional contour feature of trajectory
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Fig.2 Visual motion similarity of surveillance
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Fig.3 Test of I-GMM clustering
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Fig. 6 Clustering result for direction component
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Fig.7 Clustering result of component size
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Fig.8 Clustering result based on motion contour
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