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Improved Motorcycle Helmet Wearing Detection Algorithm of YOLOVSs
ZHANG Xin'’, ZHOU Shunyong'’

(1. School of Automation and Information Engineering, Sichuan University of Science & Engineering, Yibin

644000, China; 2. Artificial Intelligence Key Laboratory of Sichuan Province, Yibin 644000, China)

Abstract: Aiming at the low accuracy and slow detection rate of motorcycle helmet wearing detection, an
improved motorcycle helmet detection algorithm based on YOLOvSs has been proposed. Firstly, a shallow
detection scale and a 4-fold upsampling feature fusion structure are added in the multi-scale feature detection of
YOLOVSs, to improve the detection accuracy. Secondly, the Convolutional Block Attention Module (CBAM) is
introduced to improve the focus on the aggregation target, which effectively solves the problem of missed
detection and false detection caused by occlusion and overlap. Finally, the block structure of MobilenetV3 is used
to replace the bottleneck structure in the backbone network and neck, achieving the purpose of reducing the
amount of network parameters. The experimental results show that, compared with the YOLOvVS5s algorithm, the
mAP of the improved algorithm is increased by 2.91%, and the detection rate reaches 36 frame/s. The detection
accuracy is higher with ensuring a higher detection rate, which exhibits certain application value.

Key words: helmet detection; YOLOvSs model; CBAM attention mechanism; MobilenetV3 network



