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Vehicle tracking based on background modeling

LI Xiaodong, LIU Chang, LIU Peng
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Vehicle tracking is faced with complex background, fast motion, and disturbers. Background model is proposed for
vehicle tracking. The target information and background information have different functions in object tracking. Exploring the
relationship between the target and the background can promote robust tracking results. With kernelized correlation filters, the vehicle
target and background models can be trained and updated efficiently. The vehicle target and background models are fused with a
Bayesian framework. Experimental results show that the proposed vehicle tracking method based on background modeling can
improve the tracking performance and robustness.
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Fig. 1 Framework of vehicle tracking based on background modeling
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Tab. 1 Average center location errors of the three trackers in ten

vehicle videos &%
s PEH Ik SAMF KCF
BlurCarl 4.30 4.60 5.10
BlurCar2 3.86 4.26 6.81
BlurCar3 3.93 3.60 4.14
BlurCar4 6.39 6.80 9.91
Carl 1.24 1.52 42.43
Car2 1.75 1.75 3.97
Car4 2.66 2.21 9.47
Car24 2.43 12.03 4.10
CarDark 1.43 2.76 5.76
CarScale 7.11 8.41 16.14
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Fig. 3 Tracking results in videos Carl, Car24, and CarScale
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