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[ Abstract] In order to reduce the high false alarm rate on foreground detection in dynamic scenes, this paper proposes an
improved foreground detection algorithm, considering the high temporal redundancy of background images in the video
sequence. Firstly ,the Micro Video Block Element( MVBE) groups are formed by the sliding window technique and the
redundancy values of each MVBE are computed by Spatio-Temporal Sum of Absolute Difference (STSAD) method.
Secondly , The MVBE groups of low redundancy are modeled by Dynamic Texture (DT ), and the DT parameters are
estimated by Batch-Principal Component Analysis( Batch-PCA) . Thirdly, the saliency value of every pixel in the MVBE
is calculated by the observability measure method to realize foreground detection. Experimental results show, compared
with the KDE, GMM algorithm, the algorithm has better inhibitory effect in dynamic scenes and a robust foreground
detection result is obtained.
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