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An Electric Vehicle Helmet Wearing Detection Method
Based on Improved YOLOvSs

XU Dong', CHEN Zheng-yu**
(1. Nanjing University of Posts and Telecommunications, Nanjing 210023, China;
2. Jinling Institute of Technology, Nanjing 211169, China)

Abstract: Aiming at solving the problem of wearing helmet detection of electric vehicle drivers
and passengers, a wearing detection method of electric vehicle helmet based on improved
YOLOv5s model is proposed. Based on YOLOv5s model, firstly, the network structure re-
places convolution module in YOLOv5s with GhostBottleneck module to reduce the amount of
parameters. Secondly, the GhostCSP-Bottleneck structure is designed to optimize feature ex-
traction. Finally, attention mechanism is added in the backbone network to improve the detec-
tion accuracy. Experimental results show that the mean average precision of the improved mod-
el is 84. 2%, which is 1. 3 percent points higher than that of YOLOv5s. The parameters and
weight of the model are compressed to 51. 39% and 47. 95% ., which makes the model show
good generalization in the scene of small targets and dense targets. The model is transplanted
to the development board NVIDIA Jetson Xavier NX, and can achieve a detection speed of
28.2 FPS, which is able to meet the detection requirement of real-time and accuracy.
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params/M FLOPs/G weight/MB
YOLOv5s 7.2 17.1 14. 4
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2 YOLOVvSs
mAP0.5)/% recall/ % FLOPs/G weight/MB
YOLOv5s 82.9 78.7 17.1 14.4
YOLOvSs+SE 85.3 76.9 17.1 14.5
YOLOv5s+ GhostCSP 82.5 76.5 10.5 10.1
YOLOv5s+ GBk+ GhostCSP 82.1 75.8 8.2 7.5
YOLOv5s—+ SE+ GBk+ GhostCSP 84.2 75.4 8.2 7.6
2 , SE , YOLOv5s mAP 2.4
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size mAP0.5)/% recall/ % params/ M FLOPs/G weight/MB
YOLOv5s 640 82.9 78.7 7.2 17.1 14.4
YOLOv5s 640 84.2 75.4 3.7 8.2 7.6
YOLOvi-tiny 640 83.5 81.9 6.4 21.8 123
MobilenetV3-YOLOv5s 640 82.1 73.6 3.5 6.3 7.4
1 3 , mAP 84.2%, , 1.3
, 3.3 . . Mobile-
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YOLOv5s, .
NVIDIA Jetson Xavier NX , . 4
., 640X640 s , YOLOv5s 20. 2 FPS,
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4
FPS
640 X640 512X512
YOLOvV5s 20. 2 28.6
YOLOv5s 28.6 36. 3
YOLOv4-tiny 26.1 32.4
MobilenetV3-YOLOv5s 21.8 27.8
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