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Abstract

To address issues such as frequent occlusions and sudden changes in illumination in multi-object
vehicle tracking within complex tunnel traffic environments, this paper focuses on multi-object
tracking technology based on YOLOv5 ByteTrack. By analysing the characteristics of tunnel envi-
ronments, an algorithm framework incorporating object detection and tracking association was de-
signed, using YOLOV5 as the object detector and ByteTrack as the tracking algorithm. Experimental
results show that under extreme conditions of occlusion and traffic density, the ID retention rate of
YOLOv5 ByteTrack (95.7%) is significantly higher than that of YOLOvV5 DeepSORT (71.4%); under
the influence of vehicle speed changes and motion blur, the ByteTrack algorithm is less dependent
on image clarity and exhibits better tracking continuity. This technology provides an effective solu-
tion for tunnel traffic monitoring and is of significant practical importance for enhancing tunnel
traffic safety monitoring, recognising abnormal behaviours, and promoting the transition of tunnel
traffic towards automated and intelligent management.
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Figure 1. Tunnel environmental conditions
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Figure 2. Overall algorithm structure diagram
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Figure 3. YOLOVS5 algorithm architecture diagram
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Figure 4. Bytetrack algorithm
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