Fa2E HESH

3

Computer Science

Vol. 42 No. 5

201545 H May 2015

ETHHENSHTESHRE/IEZEZ BiREN

BB T OB ¥ BN
(BRELUAFMAER %A% 150001)

W OE 2500 MNE LA ARRE MABEN A, AMNEATHNRAOBAAES BTN RL, R
T—HATHOHEAPLHZTHEAANK ALY EHE SRS E. ARTNFESR LS G THA, RS HAFLRM L
BeyE e, FANAAGBRLE AN HAROEYTHH S F AR AE LB RB KL LT LA . REEFHE
ARG E ., FRERAV . ZE R ARG RSERNES BTSN IR EA E e n R B o £ 450945 M
R, HBAR T AR RE, LA OB R E S B A7, E R TE5) 84768 L b,

XA EHEAAELER,HHARSEY, 5 REE, 48R

hEZS%£S TP391 XERERIRAD A DOI 10, 11896/j. issn. 1002-137X. 2015. 5. 058

Moving Target Detection Based on Improved Gaussian Mixture Model
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Abstract

algorithm for moving objects detection based on block and the self-adaptive number of Gaussian mixture model was pro-

Moving object detection is the basis for object tracking and video surveillance, An improved Gaussian mixture

posed, aiming at the deficiency of moving target detection algorithm based on Gaussian mixture model. Idea of video im-
age blocking is used to improve efficiency of target detection and at the same time realize video filtering processing. And
self-adaptive operation based on number of Gaussian distribution in Gaussian mixture model is used to reduce complexi-
ty of algorithm, improve speed of moving target detection. Experimental results indicate that the improved Gaussian

mixture algorithm possesses faster detection speed, better detecting effect, and reduces detection noise. It can detect

moving target effectively,and is suitable for real-time detection of moving targets.
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