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Abstract; The algorithms of detecting the moving objects in the intelligent video surveillance system are mainly studied. The Non—nega-
tive Matrix Factorization (NMF) algorithm is introduced into the moving target detection algorithm for modeling the background of a
video sequences,and the background subtraction method is used to obtain the moving target by comparing the differences of the current
video frame and the background model. In order to solve the problem of the NMF algorithm with a batch process,a moving target detec-
tion algorithm of NMF based on sliding window is put forward, which controls the size of the decomposed matrix in NMF matrix decom-
position model by adjusting the length of the sliding window. The proposed algorithm can reduce the computation and space complexity,
and to some extent, it can increase non—memory characteristic of the model. The experiments show that the proposed method can adap-
tively change the background model and has better detection effect when there is light change and small moving target in video scene.
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