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Abstract

Intelligent video surveillance is a key technology in public security, traffic management and
EIAER .
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community security, where real-time moving target tracking serves as a core component. The tradi-
tional MeanShift algorithm has the advantages of simple calculation, strong real-time performance and
partial occlusion resistance. However, in complex surveillance scenarios, it suffers from tracking drift,
targetloss and error accumulation under fast target motion, scale variation, background interference
and illumination fluctuation, resulting in insufficient tracking robustness. Therefore, an improved
MeanShift tracking algorithm with feature matching-assisted initialization is proposed in this paper.
The algorithm quickly locates the target motion region via feature matching, obtains the target cen-
troid through morphological processing to dynamically generate the iterative initial position, and re-
alizes precise target tracking combined with weighted kernel histogram modeling and Bhattacharyya
similarity measurement. Experimental results show that the improved algorithm effectively sup-
presses error accumulation and significantly enhances the tracking stability of fast-moving targets
with stable single-frame time, meeting the real-time and robust tracking requirements of intelligent
video surveillance.
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Figure 1. Flowchart of the proposed target tracking algorithm
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Figure 3. Tracking results of the proposed algorithm
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Figure 6. Iteration diagram of the proposed algorithm
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