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Moving Object Detection Based on Continuous Constraint Background Model Deduction
ZHU Xuan WANG Lei ZHANG Chao MEI Dong-feng XUE Jia-ping CAO Qing-wen
(School of Information Science and Technology, Northwest University,Xi’an 710127 ,China)
Abstract Moving target detection is one of the key technologies in the field of machine vision. Moving object detection

is widely used in video moving object detection,remote sensing information processing and military reconnaissance.etc.
Considering that the background similarity of adjacent video frames is high, and the shadow and noise are disconti-
nuous, this paper proposed a low-rank decomposition background updating model with time continuity constraint, and
applied it to the moving object detection of background subtraction. Firstly, low-rank components and sparse compo-
nents are obtained by using low-rank decomposition. Then the background is constructed by updating the low-rank com-
ponents based on time continuity constrained. Finally, moving object is obtained by background subtraction and adaptive
threshold segmentation. Experimental results show that both the FM index and the ROC curve reflect that compared

with the state-of-the-art background subtraction methods. this method can effectively overcome the influence of shadow

and noise,reduce holes,extract moving objects more accurately,and has good robustness.
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Motion object detection by deducing continuous constraint background
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Fig. 2 Results of moving target detection on real video shoot
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Table 1 FM and T values of six target detection methods

Video TALM(FM/T) PSPG(FM/T) RPCA(FM/T) GoDec(FM/T) MAMR(FM/T) Ours(FM/T)

Bootstrap 0.6079/9.97s 0.5604/25.45s 0.5691/19.63s 0.5806/6.78s 0.5109/22.66s 0.6953/34.22s
Camouflage 0.3027/9.78s 0.6248/24.09s 0.2858/19.66s 0.7051/6.49s 0.6527/22.86s 0.7768/33.65s
Foreground i _ _ - . .

Aperture 0.6729/8.10s 0.6945/23.48s 0.3011/17.09s 0.295/6.76s 0.7166/21.63s 0.7206/32.49s
LightSwitch 0.6480/9.99s 0.5756/23.85s 0.6255/15.86s 0.3855/6.69s 0.5473/21.76s 0.7181/34.10s
MovedObject 0.8744/8.95s 0.7285/24.19s 0.8923/15.79s 0.5354/6.77s 0.8153/21.61s 0.8972/31.17s
TimeofDay 0.6724/9.77s 0.6715/23.22s 0.6715/15.28s 0.5158/6.98s 0.6712/22.23s 0.6733/32.41s
WavingTrees 0.6567/8.83s 0.5529/23.69s 0.7177/17.55s 0.5065/6.66s 0.6976/24.77s 0.7629/34.10s
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