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Video Foreground-Background Separation via Weighted Schatten-p
Norm and Structured Sparsity Decomposition
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Abstract In the scenes of dynamic background or measurement noise, the movement background or noise is easily
regarded as a part of the foreground. Simultaneously, it is separated by the background modeling algorithm via
decomposition of low-rank and sparsity based on the nuclear norm. This algorithm has poor performance in
modeling capability of complex backgrounds. To tackle this issue, a video foreground-background separation
algorithm via decomposition of weighted Schatten-p norm and structured sparsity is proposed. First, the
background matrix is constrained by the weighted Schatten-p norm, which has a better performance for restraining
measurement noise than the nuclear norm. Second, the foreground matrix is constrained by the structured sparsity,
which uses a structured prior knowledge that the foreground changes continuously in space, and a video background
separation model is established. Finally, a decomposition algorithm of the weighted Schatten-p norm and structured
sparsity is designed using an augmented lLagrangian method and a generalized soft-thresholding algorithm. The
numerical experiment results show that, compared with five other main algorithms, the proposed algorithm can
separate objectives more accurately in the scenes of dynamic background.
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Fig. 1 Structured figures based on 3 pixel X 3 pixel overlapping group. (a)(b) Two different foreground distributions;

(c)(d) overlapping group of two different distributions
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Table 1 Information of 9 video datasets for comparison

Dataset Video resolution /(pixel X pixel) Scene feature
Alirport 176 X144 Dynamic background, changing time information on the frame
Bootstrap 160 X120 Static background, some moving people in the room
Curtain 160 128 Dynamic background, the curtains moving slowly and light change
gradually
SwitchLight 160128 Dynamic background, light mutation
WaterSurface 160128 Dynamic background, water surface fluctuation
Highway 320 X240 Dynamic background, the high speed vehicle and the moving shadow
Office 360X 240 Static background, a people moving locally with strong light
CamouFlage 160120 Dynamic background, background with a changing screen
WavingTrees 160X 120 Dynamic background, the swinging branch
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Table 2 F ... values of six algorithms

Video
GoDec LSD PCP WNNM WSNM Proposed
Airport 0.6601 0.7273 0. 6601 0.6601 0.6166 0.7103
Bootstrap 0.5110 0.5126 0. 5088 0. 5088 0. 4866 0.5135
Curtain 0. 8307 0. 8596 0. 8309 0. 8307 0. 8270 0.8614
SwitchLight 0.1268 0. 7884 0.7966 0.7989 0.1290 0.1322
WaterSurface 0. 8739 0.9170 0.8677 0. 8661 0.8412 0.9096
Highway 0. 8052 0. 8862 0. 8887 0. 8894 0.8143 0. 8869
Office 0.4913 0.4647 0. 3777 0. 3792 0. 4943 0.4648
CamouFlage 0. 0000 0.0767 0.1153 0.1146 0. 0000 0. 9487
WavingTrees 0. 7057 0.7213 0.4129 0.4146 0.7081 0.7208
Average 0.5561 0.6615 0. 6065 0.6069 0.5463 0.6831
* Note: bold data represent best, and data with underline represent second-best.
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