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Object Tracking Based on Cost Sensitive Structured SVM
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Abstract: Object tracking based on structured SVM attracts much attention due to its excellent performance.
However, the existing methods have the problem of imbalance between positive and negative samples. To solve
the problem, a cost sensitive structured SVM model is proposed for object tracking. Secondly, an algorithm for
the proposed model is designed via dual coordinate descent principle. Finally, a multi-scale object tracking
method is implemented using the proposed cost sensitive structured SVM. The experimental results on OTB100
datasets and VOT2019 datasets show that compared with the correlation filtering trackers, the proposed

method has higher tracking accuracy, and has the advantage of speed compared with the deep object trackers.
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