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[ Abstract] The visual learning method based on deep learning has achieved good tracking performance on multiple benchmark
databases. Especially, the object tracking method based on Siamese framework is a breakthrough. In order to improve the tracking
effect and solve effectively the interference and occlusion problems in tracking, a SiamRPN ( Siamese+RPN) object tracking method
based on Kalman filtering is proposed. Firstly, the trained SiamRPN tracking algorithm and the Kalman filter tracking model are used
to track the object respectively, and the confidence of the results of the two tracking algorithms is obtained. Then, the final tracking
frame is obtained based on the confidence weighted fusion model. The Kalman filter can predict the position of the object under
certain occlusion interference. The regional candidate network RPN in SiamRPN algorithm is used to convert the tracking of each
frame into a local detection task, and obtain the position and scale of the tracking frame both quickly and accurately. The
conventional inefficient and time—consuming multi—scale test and online fine—tuning is abandoned. The new method includes the
advantages of two excellent tracking algorithms. Thus, not only the tracking speed is fast, but also the anti - interference and
occlusion capabilities are significantly improved. Experimental results on the classical database verify that the proposed algorithm
significantly improves the tracking effect in the condition of fast object motion, strong interference and occlusion. The performances
such as success rate and accuracy are greatly achieved without decreasing the tracking speed obviously.
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