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Research on pedestrian multi-target tracking algorithm based on improved YOLOVS and DeepSORT
ZHAO Jianguang, FAN Jingjing, HAN Zeshan
(Hebei University of Architecture, Zhangjiakou 075000,China)
Abstract: Target tracking algorithm has always been a difficult and hot topic in the field of computer vision, but the tracking
effect is not good because of the influence of people's own and surrounding factors. This paper uses the tracking framework
based on detector to track the target. Firstly, the YOLOVSs algorithm was improved, and GhostNet lightweight model was
introduced to reduce the calculation amount of the model. P-CBAM attention mechanism was added to enhance the effective

feature extraction of the detector. Then the tracking information uses DeepSORT algorithm to track pedestrians.
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