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Target Tracking Algorithm Using Complementary
Features of Kernelized Correlation Filter

XIE Weibo, XIA Yuanxiang, .LIU Wen

(College of Computer Science and Technology. Huagiao University, Xiamen 361021, China)

Abstract: In order to improve the performance of tracking algorithm, a correlation filter tracking algorithm
with multi-kernel and multi-channel using an adaptive weighted fusion method based on color feature and histo-
gram of oriented gradient (HOG) feature is proposed. As kernelized correlation filter can extract few features,
this algorithm presents target appearance by using complementary kernel features. According to the magnitude
of the response values of the complementary features, the weights of the complementary kernel features and
updating model are adaptively assigned, improving the robustness of the algorithm. The results of experiments
show that the proposed algorithm not only can handle changes of object’s appearance, but also completely meet
the tracking demand of real-time scenario.
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Fig. 2 Performance comparison of complementary features algorithms
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Fig. 3 Performance comparison of updating model
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