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[Abstract] In order to improve the environmental perceive ability and better predict the behaviors of dynamic vehicle
targets, a YOLOX model, as the front—end detector, combined with the optimized DeepSort method was proposed to develop the
research of dynamic vehicle Multi- Object Tracking. In the process of features matching for dynamic vehicles, the change
information of vehicles in the degree of light and shade was extracted to improve the object matching accuracy by adding
Haarlike features. Furthermore, based on the application of DeepSort RE-identification network, the improved ResNet13 model
was adopted as the backbone network for feature extraction, and SENet was introduced to adjust the feature weight of different
channel dimensions. The results show that, compared to the conventional DeepSort method, by using the real on-road video
data, the Multi-Object Tracking Accuracy (MOTA) and IDF1 indicator of the proposed algorithm increased by 1.4 percentage
points and 7.7 percentage points respectively.
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