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Foreground Detection Based on Improved Gaussian Mixture Model

FENG hua-wen, GONG Sheng-rong, LIU Chun-ping
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

[Abstract] In view of Gaussian Mixture Model(GMM) is slow speed of execution and easily lead to “ghosting” and other issues when detecting
foreground object. This paper proposes an improved GMM method. Through giving the constraints on the weight of the Gaussian distribution and
survival time, it establishes a mechanism for exiting the Gaussian distribution. The model selected the number of Gaussian distribution according to
the scene for each pixel number. The model removes the Gaussian distribution of surplus and accelerates the pace of implementation of the

algorithm. In the model update process, through integrating with the frame difference, each frame is divided into pixels, background pixels, pixels of

non-real movement. Experimental results show the method can get better object detection performance.
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