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elt detection in the traffic safety monitoring image can help the traffic management
department to regulate the¥driver's driving behavior. Aiming at the problems of small target size, difficult feature
alignment and slow detection speed in the detection of automobile driver's safety belt, this paper proposes a lightweight
and efficient end-to-end rotating frame safety belt detection algorithm, by introducing the Oriented RCNN rotating
frame target detection algorithm and proposing the Attention Feature Fusion Module (AFFM), based on the
MobilenetV2 lightweight backbone network. The average precision (AP) of the algorithm reaches 0.905, the recall rate
(Recall) reaches 0.949, the parameter quantity (Params) only requires 18.54 MB, and the end-to-end detection and
inference speed (FPS) reaches 14.6 images per second. The experimental results show that this algorithm effectively
improves the detection performance of car driver safety belts in monitoring images, and has certain competitiveness in
practical applications.
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Tab. 1 Comparison of experimental data
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