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Abstract: To improve robustness and accuracy of original compressive tracking algorithm in complex
scenes, improvement measures were carried out from three aspects in this paper. First, a compressive
tracking algorithm combining with online feature selection was introduced,then the confidence level of
the feature was measured by calculating Hellinger distance in the Gaussian distribution curve to which
the same dimensional features of two adjacent frames. By selecting the feature with higher confidence
level from the feature pool to construct the Bayesian classifier through integrating the confidence lev-
el; then, covariance matrix was introduced under the compressive tracking framework to enhance ex-
pressive ability of the algorithm towards the target, subsequently, combined Haar—like with covari-
ance matrix to create the target model and selected the candidate sample corresponding to the maxi-
mum response value as the tracking results; finally, updated mode of the classifier parameters was op-

timized: adaptively updating of the classifier parameters was implemented in accordance with similari-
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ty between the target template and tracking results. It indicates that compared with original algo-

rithm, average success rate of proposed algorithm is improved by 25%, and the average tracking accu-

racy is improved by 22%. Hence, the algorithm proposed in this paper can achieve higher robustness

and accuracy than the original compressive tracking algorithm.

Key words: Compressive tracking; online feature selection; covariance matrix; classifier; adaptive up-

dating
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Fig. 1 Diagram of compression feature generation
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