2% HSW AMERZS5BEFEREFER Vol.12,No.5

20144 10 A Journal of Terahertz Science and Electronic Information Technology Oct. ,2014

XE4S: 2095-4980(2014)05-0721-05

ETZBEEBIIXRITAHRNEXTENHN
Pl F #?, ox B
(LA PSS B 0% 5 FSERUR 2 B8, Il 4R 621000

2P E TRy MR T TR, I 4R 621999;
.MU fF B, )N 4R FH 621008)

OB A TFAMALEERYA RIS R Rk, HRE
ERFABS RN EDEEREARKIAENELLE, RABIHLERBANEEE
T WIE B W En HM He, WIS 5 BN EMBAK G A RAHERRE. ExEn B
He A NEBZEREE, HEBMT LR A — N RE, KA SR TS 8 H0h 9 BT
5B, FESHANERSE, FAXBERRFNAARALE, ALLBEAT SH47 4%
ESHMER, AXESEFNT URBDEE, LRERENITHRF AL TA,

E@A: WHEE, REANERFN; FHE; SEBHAE ENZALE; BRER
)

FE 4SS : TN911.73; TP391 X HERFRIRFAD : A doi: 10.11805/TKYDA201405.0721

Moving object behavior recognition algorithm evaluation based on cloud model
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Abstract: Abnormal behavior recognition algorithm evaluation of robustness, accuracy, and speed in
video surveillance is proposed. Moving object parameters such as moving types in image sequence are
collected and inputted into backward cloud generator. The quantitative representation of qualitative
concepts, expectation Ex, entropy En, and super entropy are obtained. These parameters are adopted to
simulate the moving object behavior representation parameters. Ex, En, and He are inputted into normal
cloud generator. Each moving object is designed as agent that could adjust behavior parameters by sensing
environment and auto excitation. These behavior parameters are adopted to evaluate some classics
algorithm; the experiment results show that this evaluation methodology is effective and practical.
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