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Abstract: TLD (Tracking— Learning— Detection) is a stable and reliable single—target tracking algorithm for long— term online

(Harbin University of Science And Technology, Harbin

tracking. The algorithm can effectively solve the problems such as deformation and occlusion of the target object in the process of be-
ing tracked. In this paper, the TLD algorithm is transplanted into the embedded development board and its real — time performance is
improved: the target model is optimized in order to make the system initialize faster. In order to shorten the computation time , using
CUDA to perform parallel computation in the variance classifier. The collection classifier uses distance clustering algorithms to reduce

unnecessary waste of resources. In addition, building a server based on a P2P model, which can remote monitor the target in real

time.
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