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Background subtraction based on tensor nuclear norm and 3D total variation
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Abstract: Concerning the fact that common background subtraction methods ignore the spatio-temporal continuity of
foreground and the disturbance of dynamic background to foreground extraction, an improved background subtraction model
was proposed based on Tensor Robust Principal Component Analysis (TRPCA). The improved tensor nuclear norm was used
to constrain the background, which enhanced the low rank of background and retained the spatial information of videos.
Then the regularization constraint was performed to the foreground by 3D Total Variation (3D-TV), so as to consider the
spatio-temporal continuity of object and effectively suppress the interference of dynamic background and target movement on
the foreground extraction. Experimental results show that the proposed model can effectively separate the foreground and
background of videos. Compared with High-order Robust Principal Component Analysis (HoRPCA) , Tensor Robust
Principal Component Analysis with Tensor Nuclear Norm (TRPCA-TNN) and Kronecker-Basis-Representation based Robust
Principal Component Analysis (KBR-RPCA) , the proposed algorithm has the F-measure values all optimal or sub-optimal.
It can be seen that, the proposed model effectively improves the accuracy of foreground and background separation, and
suppresses the interference of complex weather and target movement on foreground extraction.

Key words: background subtraction; Tensor Robust Principal Component Analysis (TRPCA); tensor nuclear norm; 3D
Total Variation (3D-TV); Alternating Direction Multiplier Method (ADMM)
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Tab. 1 Comparison of objective evaluation indicators of different algorithms
FIPEHIFE bR *F b AE SnowFall Skating Traffic Boulevard CopyMachine Backdoor PETS2006 Highway
HoRPCA 0.554 0.521  0.469 0.319 0. 602 0.382 0. 487 0. 682
TALM-RPCA 0.762 0.871  0.476 0.322 0.841 0.398 0. 643 0. 854
eall TRPCA-TNN 0.525 0.515  0.525 0.622 0.710 0.776 0. 647 0. 876
KBR-RP CA 0.393 0.778  0.517 0.501 0.725 0. 625 0. 680 0.720
ik (4158 0. 860 0.552  0.393 0.702 0. 705 0. 606 0.222 0. 632
LGRS 0. 880 0.802  0.689 0.954 0.997 0.963 0. 682 0.910
HoRPCA 0.550 0.523  0.410 0.507 0. 440 0.553 0.759 0. 548
IALM-RPCA 0. 342 0.638  0.551 0.590 0.948 0.703 0. 877 0. 870
N TRPCA-TNN 0. 662 0.550  0.550 0.738 0.811 0.834 0.882 0.923
precision KBR-RP CA 0.444  0.801  0.592 0. 661 0.725 0.772 0. 809 0. 856
SCik[4 )5 0.303 0.407  0.678 0.997 0.982 0.993 1 0. 993
AR SCE: 0. 882 0.864  0.569 0. 885 0.918 0.839 0. 845 0.875
HoRPCA 0.552 0.522  0.369 0. 391 0.508 0. 452 0.593 0.755
TALM-RPCA 0.472 0.737  0.567 0.413 0.891 0.509 0.741 0. 856
i TRPCA-TNN 0.585 0.532  0.550 0.675 0.757 0. 803 0.746 0. 899
KBR-RP CA 0.417 0.789  0.570 0.570 0.715 0. 691 0.739 0.783
SCHk[4 )58 0.327 0.473  0.498 0.823 0. 848 0.753 0.363 0.773
A 0. 881 0.832  0.623 0.919 0.947 0. 897 0.754 0.892
HoRPCA 3.96 5.97 2.12 3.54 3.89 5.32 2.39 5.74
TALM-RPCA 0.04 0.05 0.04 0.04 0.04 0.05 0.04 0.05
e TRPCA-TNN 0.42 0.43 0.55 0.50 0.50 0.42 0.40 0.40
IBATRER /s
KBR-RP CA 0.95 0.95 1.19 1.37 1.37 1.03 0.56 0. 63
SCHk[4 15 2.25 2.03 1.37 2.17 2.17 2.52 1.74 2.18
ARSI 0.72 0. 64 1.29 1.26 1.26 0.72 0.52 1.06
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