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[Abstract] The conventional background subtraction.madel éxtracts the foreground more effectively when the
background is static and the foreground object propagates rapidly. However, when the background is dynamic or the
foreground object propagates slowly, the dynamic background can be easily misjudged as the foreground or more
foreground voids are detected. To address the decreasing foreground detection accuracy of conventional background
subtraction models in cases involving a dynamie, background and slowly propagating foreground objects, a background
subtraction model based on the /,,, norintand saliency constraints is proposed. The observation data are classified into
three types: low-rank background,motion foreground, and dynamic interference. The /,,, norm is used to constrain the
motion foreground and hence strengthenithe foreground sparsity , which effectively suppresses the interference caused by
the dynamic background to the foreground extraction and improves the performance of the motion foreground in the
dynamic background. A saliency constraint for each frame of video is introduced, and slowly propagating objects are
detected by performing low-rank sparse decomposition on each frame of images. Experimental results show that the
model is highly adaptablento, complex scenes, effectively removes the interference of dynamic background on the
foreground, and detects slowly propagating foreground objects rapidly. Compared with the [, ,-RPCA background
subtraction model, the proposed model improves the average recall, precision, and F-measure by 9, 14, and 10
percentage points, respectively.

[Key words] low-rank and sparse decomposition; foreground detection; l,, norm; saliency constraint; background
subtraction
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Fig.2 Comparisomof visual effects of video sets under different algorithms

Xt F A LB 3 L4 4E . FRME JKBR-RPCA ./, , .-
RPCA . TRPCA $& U if SOAEES2E, iz 3 H A th A7 7
B 0 25 3R L% s HORPGA \JALM-RPCA 2 HU i iz
Bl B AR R FE R TRk PR 4SS U 45 43 7 S e
Wiz Bl H bR s A SCRERIPE L BRTE 5 T4 09 [, 4 By
15 Zf) H AR RS 5 iy, 8 A B 5 A A A D 80CR

XF T % 3 2% 1% 4 % . FRMC . KBR-RPCA |
TRPCA #& it 1Y iz 3l H b5 St = 58 % 14 ; HoRPCA F
1,,,-RPCA 8 & 43 7 5t 1% H R A7 5t H #5 ; IALM-
RPCA Fl A S 42 IR 117 57 % G2 #48 hy 52 388 K
TNRG B B I e 1 At 4 B BE R (H AR SO LA A
= B F-measure {H o

T Eh AT A4 ,FRMC . KBR-RPCA . TRPCA
e 00 S AR ORG BE 4 2%, 32 Bl H AR BN B s HORPCA |
1,,,-RPCA TALM-RPCA U A 5 B b ¥4 He 4 1 i
e #E 0 5 A SO AU 3k 3 PR A 52 S S 75 5t iE
Wi 4 PR, 480 22 115 SR A Az 3 H R s A SR
RULE R BR 2 A S TR R, $2 00 32 2h H bkl B
L= S N R S S ZE DR alllb 3 €

X 4 KA 4 - FRMC L KBR-RPCA |
TRPCA .HoRPCA .[,,,-RPCA 2 B i Aij 5 %f 4 vh 23
T3 K, &R K& Y AT {5 & s ITALM-RPCA H HA
5 R R 4R B A2 2l B BR 58 B AN AEAE ™ H Y 25 3 [R]
RO, (E A 8 43 5 S5 1R ) O T S 5 AR SO Y B O A A5



Fast ol

5K BE , R ES PR

AEE 1 TR R PR AR 1T 58 R 267

YRR P, BRI 5% A RS B A ) B X 38 5% 190 158 ) %
R 3UNEES SR E ST vk €
42 EWHH

W A SRR R R H At 6 R Y T AT L AL, PR A 4
PR an 2 1 fros , b i £ s A SR B AUAE I R
VLB ACR KA . IR 1T LLFE L, AR H A

F TR (1 recall {8 1 precision {H A Lt AS SCAE T & (1) 1
O, HZR SCHY recall {5 Fil precision {E 7F L B0 T JE AR
0 Ab TR PR , T HLAS SCHEAY ) F-measure {B 34 5
TIHAMALRY DL U BT AR SORE R AR 3 3 AT S
A R TR DL K H b R I S R R RURS B B I 1Y
LA RO BT

F1 TREETHEIITN SRR

Table 1 Data comparison of objective evaluation index under different models
S UR R L7 Fi 7 Boulevard Traffic CopyMachine Backdoor Fountain021 Boats Skating SnowFall
[,,,-RPCA 0.594 0.522 0.608 0.596 0.532 0.608 0.504 0.420
KBR-RPCA 0.475 0.522 0.551 0.458 0.536 0.616 0.428 0.443
IALM-RPCA 0.591 0.564 0.771 0.800 0.819 0.521 0.470 0.492
precision HoRPCA 0.615 0.547 0.737 0.614 0.853 0.586 0.357 0.414
FRMC 0.336 0.427 0.330 0.322 0.630 0.346 0.299 0.403
TPRCA 0.483 0.270 0.321 0.377 0.397 0.357 0.216 0.382
AR AR 0.694 0.673 0.854 0.807 0.829 0.612 0.678 0.610
l,,,,-RPCA 0.848 0.546 0.578 0.576 0.570 0.534 0.585 0.455
KBR-RPCA 0.853 0.309 0.582 0.483 0.437 0.187 0.474 0.710
IALM-RPCA 0.916 0.666 0.947 0.812 0.989 0.804 0.529 0.740
recall HoRPCA 0.514 0.423 0.448 0.694 0.241 0.498 0.594 0.671
FRMC 0.809 0.191 0.633 0.718 0:379 0.695 0.541 0.573
TPRCA 0.802 0.300 0.749 0.758 0.819 0.640 0.649 0.744
A AR 0911 0.753 0.958 0.829 0.979 0.863 0.832 0.858
I,,,-RPCA 0.724 0.616 0.619 01533 0.550 0.538  0.578 0.439
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IALM-RPCA 0.719 0.611 0.854 0.814 0.902 0.632 0.498 0.591
F-measure HoRPCA 0.560 0.477 0.557 0.652 0.376 0.539 0.445 0.512
FRMC 0.475 0.264 0.431 0.445 0.474 0.462 0.385 0.473
TPRCA 0.603 0.280 0.449 0.503 0.535 0.458 0.321 0.505
AR AR A 0.756 0.711 0.903 0.820 0.898 0.660 0.747 0.713
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Fig.3 Curve comparison of objective evaluation index

under different models
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Fig.4 F-measure changing with parameters value
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