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Object tracking based on multi-modality dictionary learning
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Abstract .

However, the over complete dictionary mode is single and data is large, and the sparse coeffi-

Sparse representation-based methods have been successfully applied to visual tracking.

cients need to be solved by the complex optimization algorithm, which will limit their tracking
performances. In this paper, within the tracking framework of particle filter, we propose a track-
ing method based on the multi-modality dictionary learning. Firstly, a long and short period of
object templates are created, combined with background templates to form a multi-modality dic-
tionary to characterize the current state of sampled object. Secondly, according to the multi-mo-
dal coefficients between the sampled objects and the dictionary, the target is tracked roughly with
the candidate tracking results obtained. Finally, the observation likelihood functions of the candi-
date tracking results and the multi-modality dictionary are constructed by using LOMO features,
and the candiadate tracking result with the maximum likelihood is taken as the final tracking re-
sult. Experimental results demonstrate that the proposed method has strong tracking robustness
in the case of occlusion, illumination change and background interference.
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Fig. 2 Tracking error plots for all test sequences
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