0 Vf :ﬁ- *fh 1‘*‘ ? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 190800014

ETMEHESMETEATENZBANE=EERTIE

T B B OB
MEREILAFITENAFEIESR B F 210094
(1747058726@qgq. com)

W OE AR T AR SGE AR R GE R R, AT ﬁﬁl#ﬂ"zﬁ"ﬂ:«ﬁifﬁé’vlﬂ;‘%ﬁ,&&i’ AP F W £ S Ao thit B

FEGZGENRE FEET F, AT H E%ﬁﬁ%ﬁﬁ % B AR M BRIEAE 400 RAF TR . PT4R v sk 4 e ) A i
EZHERBEARPHEMNGRKEHRBAE AT FES B 47, F A Iﬂ%ﬁﬁf@%‘:ﬁiﬁﬁ»éﬁ REAASAKRES,#/75 FBIEGF
FOAmRBRESETE KR FENTRAL, SCAFTFEREFTEAT U ERLEREAV A LALL BB T . EALE

WATRERW AR REYF P I RFIERTUARRESAET I AMEREL ST T H%,
KGR AAI; MR £ 5t Ay A RER
FEZESES TP391

Method for Traffic Video Background Modeling Based on Inter-frame Difference and Statistical
Histogram

WANG Qia and QI Yong
School of Computer Science and Engineering, Nanjing University of Science and Technology,Nanjing 210094 , China

Abstract Aiming at the problem of inaccurate foreground object detection caused by the difficulty of extracting traffic back-
ground directly from urban road traffic video,a method for traffic video background modeling based on the combination of inter-
frame difference and statistical histogram is proposed. A good background modeling method is conducive to the smooth develop-
ment of subsequent object detecting and tracking tasks. Firstly,it uses inter-frame difference method to extract the approximate
motion region of each frame in the video as the foreground moving object. Then.it uses statistical histogram to obtain the gray
value distribution state of the image and estimates the background image, thereby a background image with high cleanliness and
low noise points is extracted. Compared with the existing background modeling method, the experimental results show that the
proposed method can extract the background image with higher matching degree with the real background,both in the ordinary
traffic scenes and the typical traffic scene where vehicles are moving slowly.

Keywords Traffic video,Inter-frame difference, Statistical histogram,Background modeling
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Fig.1 Proposed background modeling algorithm flow
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Table 1
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Histogram similarity 0.685 0.732 0.461 0.987
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