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Implementation of bad driving behavior detection algorithm based on
YOLOvV5 improvement
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Abstract: In order to solve the problems of excessive model parameters, high computational complexity, poor real — time
performance, and difficulty in deploying to edge devices in existing bad driving behavior detection algorithms, the article proposes
an improved algorithm for bad driving behavior detection based on YOLOvS, YOLOv5-MBI. In this model, the YOLOvVS backbone
network is replaced with a lightweight MobileNetV3 network module to reduce training parameters. At the same time, the Neck
layer in YOLOVS5 is combined with the BiFPN feature fusion network to improve its performance, achieving bidirectional fusion of
deep and shallow features from top to bottom and bottom to top. Finally, relevant tests are conducted on the improved model and the
original network to verify the effectiveness and real-time performance of the modified method. The experimental results show that
the YOLOvVS5-MBi algorithm has an accuracy of 93.3% on the State Farm dataset. Compared to the original YOLOVSs algorithm,
the parameter count is reduced by 46. 7% compared to the original network, and the number of frames transmitted per second is
increased by 53. 3% compared to the original network. Experiments have demonstrated that the improved algorithm can ensure high
detection accuracy while significantly reducing the number of model parameters, which can better meet the real —time detection
requirements and has important practical application value in traffic safety.
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Table 3 Performance index comparison table

o) 25 AL 7 P/% R/% mAP@0. 5/% RERIR AN /M FPS
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YOLOv5s—MobileNetV3 91.8 92.6 91.9 7.1 25
YOLOv5s—BiFPN 95.1 95.2 95.6 14.1 12
YOLOv5s-MBi 93.3 9.3 93.2 7.3 23
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