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Object tracking research based on on-line learning

QI Zhi-quan, SONG Ye, WANG Lai-sheng’
(Dept. of Mathematics, College of Science, China Agricultural University, Beijing 100083, China)

Abstract; To video object tracking problem, this paper proposed an on-line learning tracking method based on co-training
framework. First of all, the method adopted two different local features to build on-line Boosting model, and then, would train
samples making use of co-training learning framework, which avoided the cumulative error of the model and dropping frames
problem effectively. Furthermore, some experiments have been maded and the results implyed that the new method is very effi-

cient.
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