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Algorithm of Safety Helmet Wearing Detection Based on Improved YOLOvV7

YANG Dawei,ZHANG Chengchao

( Shenyang Ligong University , Shenyang 110159, China)

Abstract: In order to improve the detection accuracy of safety helmet wearing in workplace, an
improved algorithm based on YOLOvV7 network architecture is proposed. Firstly, an convolutional
block attention module(CBAM) is introduced into the feature extraction network to replace the o-
riginal convolutional module (CBS) in the backbone network of YOLOV7, so as to enhance the
feature extraction capability of the network and enhance the recognition ability of the target and
background. Secondly, in order to solve the problem that the small target features weaken or even
disappear due to the deepening of the number of network layers, a small target layer is added to
further preserve the small target features through the integration of shallow network features and
deep network features. The mean average precision of the original YOLOv7 detection model for
safety helmet wearing is 86. 1% . The experimental results show that detection accuracy has been im-
proved to 93.4%.
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Table 1 Comparisons of four experimental results %
hat person
LAY
Precision Recall mAP Precision Recall mAP
Hi— 2 83.2 86.9 88.6 93.2 81.4 91.5
B )2 84.4 87.6 87.8 92.4 78.4 89.9
B =2 84.0 89.2 91.8 95.6 85.8 95.2
gy 81.5 89.6 90.4 94.1 84.8 94.2
T2 AEEERNERITLE
Table 2 Comparisons of detection results with different algorithms %
hat person
sl
Precision Recall mAP Precision Recall mAP
YOLOvVS 84.1 90.3 90.1 95.2 88.9 94.5
YOLOvV7 80.9 84.9 86.1 89.7 78.7 87.6
YOLOvVS8 85.0 90.3 91.0 95.4 81.9 93.3
S EERCS 85.4 90.7 93.4 96.6 87.8 96.6
x3 AEMFHFXEUERITEE
Table 3 Comparisons of detection results with different improvement methods %
) hat person
1BETE
Precision Recall mAP Precision Recall mAP
YOLOV7 80.9 84.9 86.1 89.7 78.7 87.6
¥ CBAM 75.3 87.1 79.0 86.9 78.1 84.4
Hhn—~/NBAR)ZH CBAM 73.6 85.3 74.2 89.7 78.3 87.2
PSS B FR 2 AVg R CBAM 78.6 84.9 86.6 93.3 85.2 93.0
EN @RS 85.4 90.7 93.4 96.6 87.8 9.6
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