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Abstract; This study improved the tracking robustness and real-time performance of a tracking-learn-
ing-detection (TLD) algorithm for a wide range of scenarios by considering two important aspects,
namely, the tracking and learning modules. The study proposed a TLD particle swarm optimization

(PSO) target-tracking algorithm using a sample deletion mechanism. First, the original tracking mod-
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ule of a TLD algorithm was replaced by a color-feature-based PSO target-tracking algorithm, which
enhanced the tracking performance of the TLD algorithm in terms of target non-rigid deformation,
scale variation, rotation, and occlusion. Second, a sample deletion mechanism for the learning module
of the TLD algorithm was introduced. During the tracking process, a threshold was set for the posi-
tive and negative samples. When both the positive and negative samples reach their respective thresh-
olds, the sample deletion mechanism was initiated. The image blocks to be classified into the sample
library were then graded, and those with a weak representation ability for both positive and negative
samples were deleted. Finally, we matched the positive and negative samples in the sample library
with the current target and delete the samples with low representational ability to the current target.
Experiments on OTB2013 and OTB2015 datasets show that the one-pass evaluation (OPE) accuracy of
the proposed algorithm reaches 0. 687, the OPE success rate of the algorithm is 0. 488, and the opera-
tion efficiency is improved by 25. 64% on average. This essentially satisfies the robustness of target

tracking in a wide range of scenarios and significantly improves the computational efficiency of the al-

gorithm.
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Fig.4 Non-rigid deformation tracking results
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