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A Real-time Video Target Tracking Algorithm and Its Implementation
Combining Mean-shift and Particle Filter

WANG Danling
(College of Art and Design, Eastern Liaoning University, Dandong Liaoning 118003, China)

Abstract : Due to get rid of the constraint condition of Gauss distribution, particle filter has become a mainstream, target-oriented
nonlinear motion tracking algorithm, widely used in video compression and retrieval , intelligent video surveillance, intelligent hu-
man-computer interaction and other areas, the drawback is the high computational complexity and huge amount of computation,
can not meet the needs of real-time applications. In this paper, the problem of particle filter in computational complexity, real-
time and particle degradation is proposed. The Mean-shift algorithm is embedded in the particle filter, and the importance sam-
pling distribution is optimized. Video target tracking is achieved with less sampling particles. The simulation results show that the
joint Mean-shift particle filter algorithm has good real — time and robustness in the process of target tracking.

Keywords : video tracking; particle filter; mean-shift; Markov Chain Monte Carlo; resampling
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