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Abstract

With the increase in the mileage of expressways and traffic flow, safety issues caused by abnormal
vehicle driving events have become increasingly prominent. Traditional monitoring methods suffer
from low efficiency, high missed detection and false detection rates, while computer vision technol-
ogy based on deep learning provides a new approach to solve this problem. This paper proposes an
improved YOLOv8-based method for detecting abnormal vehicle behaviors on expressways by in-
troducing the Swin Transformer structure to replace the backbone network, enhancing the model's
ability to model long-range features and spatio-temporal correlations. A dataset of 400 images of
vehicle driving events on expressways was constructed, covering different time periods, weather
conditions, and vehicle types. Experimental results show that the improved model significantly out-
performs the original YOLOv8 model in terms of precision (92.5%), recall (98%), and mean average
precision (mAP 0.5: 94.4%), effectively improving the detection accuracy and reliability of abnor-
mal vehicle behaviors on expressways. This study provides technical support for real-time moni-
toring and accident prevention in intelligent transportation systems.
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Figure 1. YOLOvVS8 algorithm structure diagram
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Figure 2. Structure diagram of the improved YOLOVS algorithm
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Figure 3. Flow chart of data set establishment
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Figure 4. An image of the highway section was captured
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Figure 5. Calibration of image data
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Table 1. Experimental environment configuration table
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Figure 6. Model training diagram
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Figure 8. Visualization of the detection results
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Figure 9. Abnormal number of vehicles
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