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A Stepwise Background Subtraction by Fusion Spatio-temporal Information

CHU Jun? YANG Fan! ZHANG Gui-Mei! WANG Ling-Feng?

Abstract In a natural scene, it is difficult to create a background model for the presence of illumination variation and
irregular motions including waving trees, rippling water, etc. This paper proposes a new stepwise algorithm by fusing
spatio-temporal information. In the time domain, we characterize the temporal information in the color space which is
invariant to photometric changing. On this basis, we propose a clustering criterion of codeword which is adaptive to noise
and illumination variation, and present a novel adaptive background updating strategy. Then a temporal information
background model which has a better adaptability to noise and photometric invariants is constructed. In the spatial
domain, we first divide the test frame into two sub-images by sampling and then utilize temporal information to detect
one of them. Furthermore, we regard the detection results as priori information of the other sub-image and adopt Markov
random field to restrict it simultaneously, then detect its state. Extensive experiments are conducted on several test video
sequences. Compared with the mixture of Gaussians (MOG), standard codebook model (SCBM), and improved codebook
model (ICBM), the results show that out algorithm has better adaptability to the illumination variation and irregular
movement in natural scenes.
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Fig.1 Flowchart of background subtraction by fusion spatio-temporal information
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(a) The 1 401th frame
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(b) The 1 416th frame
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(¢) The 1 431th frame

6 RdEsh ik L R )
Fig.6 Detection moving object (The black is detection foreground.)
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(a) The 250th frame

(b) 55 255 M

(b) The 255th frame
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(¢} The 260th frame
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Fig.7 Experiment about noise (The white is detection foreground.)
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Fig.8 Experiment about irregular movement of tree (The gray is detection foreground.)
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(a) 5% 192 Wi
(a) The 192th frame

(b) 4% 208
(b) The 208th frame

(c) 45 214 i
(c) The 214th frame

B9 RTKmSCEL R SR (FLrha e R DTt

Fig.9 Experiment about texture of water surface (The black is detection foreground.)
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Table 1  The similarity degree

MOG SCBM ICBM Our method
i 2 0.2080 0.1832 0.1604 0.7177
P 3 0.3214 0.1640 0.5634 0.7671
S 4 0.8102 0.9137 0.9402 0.9432
LK 5 0.5508 0.5042 0.5397 0.6934
M 0.4726 0.4413 0.5509 0.7804
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Fig. 10 False positive and false negative

*K2  HIRCPEEE (fps)
Table 2  Processing times of algorithm (fps)

S 2 S 3 S 4 S 5

MOG 21.09 21.76 62.33 26.52

SCBM 20.27 18.95 54.93 26.31

ICBM 6.90 6.11 17.17 8.49

Our method 19.30 17.50 53.82 25.24
4 e
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