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Improved Compress Tracking Algorithm Based on PSO

LIU Shaotao, YAO Canrong

(College of Computer Science and Technology, Huagiao University, Xiamen 361021, China)

Abstract: For the searching and matching problem in multi-scale space of online detecting tracking method, a
robust multi-scale tracking algorithm was proposed based on particle swarm optimization (PSO) and compress
sensing. Firstly, feature was sampled with particles in multi-scale space. Then feature was extracted by com-
press sensing. Finally, targets would be searched quickly and robustly after calculate the best fitness and posi-
tion of all the particle. The experimental results demonstrate that the proposed algorithm can adapt target in
multi-scale change and has a better performance in robustness and rapidity.
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