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Research on safety helmet wearing detection method
based on improved YOLOvS model

ZHENG Kaidong, MA Lina

(School of Computer Science, Xi’an Shiyou University, Xi'an 710065, China)

Abstract; Due to the complexity of construction sites, existing safety helmet detection algorithms struggle to maintain accuracy and
real—time performance in such environments. To address this issue, an improved safety helmet detection model based on YOLOvVSs
is proposed, named YOLOvVS5s—-REG. Firstly, a C3_Res2Block module based on the Res2Net network is introduced to replace the
C3 module in the backbone network, capturing richer feature information. Secondly, an ECA attention mechanism module is
incorporated into the backbone network to enhance the model’s focus on channel features. Finally, a GSConv module is introduced to
replace the Conv module in the neck network, reducing the model’s parameter count. Experimental results show that the improved
model achieves an average precision mean of 94.2% , while reducing the floating—point operation count to 14.4 G. This indicates that
the proposed model successfully reduces model complexity while meeting the requirements of detection accuracy, making it suitable
for edge devices with limited computational resources at construction sites.
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Table 1 Comparison of ablation experiment results
TYNEE TN TP REHI RN
i Res2Net  ECA  GSConv  M§HIR  HIH/% e e e

IE(50) {H(50-95) BEER/G MB
YOLOv5s X x x 93.437 89.224 93.755 63.410 15.800 14.400
YOLOv5s-R Vv X X 93.496 89.447 94.047 64.115 14.900 13.900
YOLOv5s-E x vV X 94.149 88.817 94.077 63.689 15.800 14.400
YOLOv5s-G X X Vv 93.304 89.511 93.827 63.807 15.200 13.500
YOLOv5s-REG vV Vv vV 94.453 89.244 94.227 64.466 14.400 13.000
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