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A novel background Gaussian mixture model

Bai Xiangfeng, Li Aihua, Li Xilai, Li Renbing
(502 Faculty, Xi’ an Institute of High Technology, Xi’ an 710025 China)

Abstract: A deficit of classic Gaussian mixture model in background subtraction is the high computation cost. To solve this
problem, a novel algorithm is proposed in this paper. A threshold parameter corresponding to the mean of deviation is
utilized to judge whether a model matches the current pixel intensity. The new algorithm efficiently reduces the calculation
burden of the operation of square and exponent with classical model; meanwhile, a non-linear weight updating approach is
adopted, with the notion of sustain stationary time introduced in, and hence the quick converting of a relative long still
object in scene into the background is achievable. Experimental results show that the new algorithm has significantly
improved the calculation efficiency of background model.
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Fig. 1 Learning rate curve of weight
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Fig.5 The comparison between two models
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