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Abstract Visual tracking is an important research direction in the field of computer vision. In view of the problems such as poor
robustness of the current algorithms to object appearance changes, this paper proposes a cascaded Siamese network visual trac-
king method based on information entropy. Firstly,the deep convolution feature is extracted from the first frame target template
and the area to be detected of the current frame by using the Siamese network,and the response map is calculated by correlation.
Then, the quality of the response map is evaluated according to the defined information entropy and the average peak coefficient,
and for the response map with poor quality,the model factor of convolution feature is updated. Finally, the final response map is
used to determine the target position and calculate the optimal scale. The experimental results on VOT2016 and VOT2017 data-
sets show that the proposed method is superior to other algorithms on the basis of ensuring real-time operation.
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Fig. 2 Visualization of information entropy
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