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Electiric Bike Helment Wearing Detection Alogrithm Based on Improved YOLOv5
XIE Puxuan'*,CUI Jinrong"* and ZHAO Min’

1 College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China
2 Guangzhou Key Laboratory of Intelligent Agriculture, Guangzhou 510642 ,China

3 Shenzhen Institute of Artificial Intelligence and Robotics, Shenzhen, Guangdong 518129, China

Abstract In electric vehicle traffic accidents,craniocerebral injury is the main cause of death of electric vehicle riders,and most
electric vehicle riders rarely wear helmets. Therefore,it is of strong practical significance to supervise the helmet wearing situation
of electric vehicle riders by combining the target detection algorithm with road cameras. For the current problems of electric vehi-
cle helmet wearing detection: the high leakage rate of targets blocking each other,and the high leakage rate of smaller targets., this
paper proposes an improved YOLOv5 target detection algorithm to achieve the detection of electric vehicle helmet wearing. The
method first adds the channel attention mechanism ECA-Net to the YOLOvS5 network,so that the model can detect the target fea-
tures, thus improving the model detection performance; the Bi-FPN weighted bidirectional feature pyramid module is used to
achieve a balance of the importance of features at different levels, which is conducive to improving the small target miss detection
problem;the loss function of Alpha-CloU Loss is used to improve the accuracy of model localization. Experimental results show
that the detection accuracy of the method is higher than other models for the helmet wearing situation of electric vehicle riders in
all three scenarios,with an average accuracy of 95. 8% , which is higher than the original network detection accuracy,and achieves
high accuracy detection of electric vehicle helmet wearing situation.

Keywords Deep learning. Helmet wearing detection, YOLOvV5,Bi-FPN, ECA-Net, Alpha-CloU
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Table 3 Detection effect of each model in test set
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Fig. 7 Detection effect diagram of each model with passengers

in back seat
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Table 6 Detection effect of each model for small target conditions

BAr & & A s BEE /0 #el EHRE /X

SSD 83 23.06 26 69.72

360 Faster-RCNN 79 21.94 22 71.94
YOLOVS 67 18.62 14 77.50

KX F & 59 16. 39 18 78.61
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Fig. 8 Detection effect of each model for small target conditions
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