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Abstract: Aiming at the problems of high cost, difficult implementation and low efficiency of preventing traffic accidents,
this paper proposes a deep learning object detection algorithm based on yolov5, which realizes the detection of dangerous
driving behavior. Firstly, the dangerous driving data set is labeled and segmented , and re-clustered by K-means method.
Secondly, the Non-maximum suppression in yolov5 algorithm is optimized into full category Non-maximum suppression.
Finally, the data set is put into the model for iterative training, and the optimal weight is taken. In the test set results, the
average accuracy of this algorithm is 97.8%, the average detection time of each image is 8.1ms, and the model size is 13.7mb.
Under the same data and experimental environment, this paper compares with the most common dangerous driving behavior
detection algorithms such as SSD, yolov3 and yolov4. The results show that this algorithm is better than several common
dangerous driving detection algorithms in accuracy, detection speed and model size. In the actual driving process, the
algorithm applied in this paper can better meet the requirements of real-time detection and judgment accuracy. Because the
model is smaller, the deployment cost in car is lower, and meets the actual requirements.
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