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Kernelized Correlation Filters Tracking with Scale Compensation

ZHANG Run-dong ZHANG Feng-yuan
(College of Information Science and Technology,Beijing University of Chemical Technology,Beijing 100029, China)

Abstract Kernelized correlation filters is a very useful tracking algorithm in practice, whose algorithm is simple and re-
quires only one dense sampling in the next frame for tracking, however the applicability is insufficient when tracking ob-
ject with scale changes. In this paper,we used kernelized correlation filter tracking algorithm with scale compensation to
improve the original algorithm. Firstly, we used point tracking compensation mechanism for this algorithm to compen-
sate for scale changes and shift change. Secondly, we modeled the target with features extracted from compressed sen-
sing and detected the tracking object in key frame for the sake of error in the scale estimation. The algorithm is tested in
standard tracking library and compared with original tracking tracking algorthm in center error and the actual over-
lapped rate. The results show that the tracking algorithm with scale compensation in this paper improves accuracy and
practicality when used in vedio with scale attributes.
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