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Adaptive and E fficient Background Subtraction U sing M ultiM odels

LIANG Hua LU Yun-hui
{College of E lectronic Science and Engineering, N ational University of D efense T'echnology, Changsha 410073)

Abstract This paper presents an efficient background subtraction algorithm using multiple scene models to cope w ith
variations of noises n a background A mechanisn has been developed to add and delete scene models so that the
distrbution of the models is adaptive to the background characteristics The calculation for the model paran eters has been
optin ized so as to avoil tine-consum ing floating point caleulation W e mtroduced the living tine and recurrent frequency to
the models so that the algoritm can suppress high frequency background noises effectively by controlling the model
recurrent frequency. Experments using video data have been conducted to canpare the perfomance of our algoritm w ith
that of the m xture Gaussian model algoritm. The experimental results demonstrated that our algoritm can extract the
foreground contour more precisely efficiently and with less manory while mantanmng the advantages of the m xture
G aussian model algorithm. It was also found that high frequency noises that cannot be rejected by the m kiure G aussian
model can be suppressed
Keywords VSAM ( video surveillance and monitoring), background subtraction m xture gaussian model fast algorithm
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