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Target Recognition and Tracking Method
Based on YOLOVS Deep Learning Model

Li Fulu', Ji Zhe', Duan Xiusheng’

(1. School of Mechanical Engineering, Shijiazhuang Tiedao University, Shijiazhuang 050043, China;
2. Department of Electrical And Information Engineering, Hebei
Communications Vocational and Technical College, Shijiazhuang 050035, China)

Abstract: Aiming at the low accuracy and real-time performance of dynamic target recognition and
tracking of gun barrel, a target recognition and tracking method based on yolov5 deep learning model
was proposed. The process and basic idea of target recognition were analyzed. The multi-scale processing
of target sample image was carried out through grid model, and the fusion prediction was carried out by
pyramid model. The research built the yolov5 network model and optimized the component settings. The
influence of loss function on the recognition effect of anchor frame was compared, and the optimized CI-
OU was selected as the loss function of the model. Finally, the model was trained, and the trained mod-
el was used to identify and track the dynamic target. The visual analysis of the experimental results
shows that the target dynamic recognition and tracking rate can reach 99.3% , and the dynamic real-time
tracking effect is good.

Key words: YOLOv5; barrel target; deep learning; target identification; dynamic tracking



