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Long-term Object Tracking Based on Kernelized Correlation Filter and Hierarchical Convolution Features
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Abstract Aiming at the problems such as deformation, scale variation, target occlusion,and out of sight during long-
term object tracking, this paper proposed a long-term object tracking algorithm based on kernelized correlation filter and
hierarchical convolution feature. Firstly,the pre-trained convolution neural network is applied to extract the hierarchical
convolution feature,so as to train correlation filter and estimate location. Then the target scale pyramid is constructed to
estimate scale. In order to prevent tracking failure caused by target occlusion and tanget leaving the field of vision,an
online support vector machine is trained for target re-detection to achieve long-term tracking. Experimental results on
long-term object tracking dataset show that the accuracy of the proposed algorithm is 7% ,15%,17%,21% and 50%
higher than that of HCF,LCT,DSST,KCF and TLD.
Keywords Kernelized correlation filter, Hierarchical convolution features, Support vector machine, Long-term object

tracking
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