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A Block-sparse RPCA Algorithm for Moving Object Detection Based on PCP

Huang Xiaosheng', Huang Ping',Cao Yiqin®, Yan Hao'

(1. School of Information Engineering, East China Jiaotong University, Nanchang 330013, China; 2. School of Software, East
China Jiaotong University , Nanchang 330013, China)

Abstract: Aiming at the shortcoming of being unsuitable for dynamic background for the existing RPCA based
block-sparse moving object detection method, this paper proposes a PCP based block-sparse RPCA object detec-
tion algorithm. First, the observed image sequence was regarded as the sum of a low-rank background matrix
and a sparse outlier matrix, and then the decomposition was solved by the RPCA method via PCP. According to
the consistent optical flow of motion saliency, by imposing spatial coherence on these regions, the rough fore-
ground regions were obtained. Finally block-sparse RPCA algorithm through PCP was used to estimate fore-
ground areas dynamically and to reconstruct the foreground objects. Extensive experiments demonstrate that
our method can exclude the interference of background motion and change, simultaneously improving the detec-
tion rate of small targets.

Key words: object detection ; robust principal component analysis; principal component pursuit; block-sparse
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