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Abstract: In recent years, helmet wearing detection has been widely studied in the field of deep learning. In order to solve the problems of
low accuracy, weak anti-interference ability, and poor portability of existing helmet detection algorithms, an improved YOLOvS5 based object
detection algorithm is proposed. Firstly, the residual module is introduced to connect deep feature information with shallow feature informa-
tion, enhancing information exchange between networks; Then, combined with the coordinate attention mechanism (CA), the model’s feature
extraction ability is improved without increasing computational complexity ; Finally, optimize the loss function curve to improve the regression
effect of the model. The experiment shows that the proposed model improves the detection accuracy by 3.6% compared to the traditional YO-
LOvS method, and can quickly and accurately detect safety helmets, making it more suitable for solving practical engineering problems.
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Fig. 12 Comparison of partial model detection results in different sce-
narios
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Table 1 Results of ablation experiment

R1 HEXRER

Jr ik FRZEMYE  CA R REL mAP@0.5/% ms
YOLOvS 86.4 25
ik 1 N 87.1 23
k2 N 88.6 26
ek 3 N 86.7 23
et YOLOVS N N N 90.0 28
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Table 2 Performance comparison of mainstream target detection

models
F2 ERBEFRQNEEMERELLE
i) FFM% mAP@0.5/% FERIA AN
SSD Vggl6 75.7 188
Faster R=-CNN Resnet10 64.3 166.3
YOLOv3 Darknet53 82.1 247
YOLOv3-SPP Darknet53 83.7 247.6
YOLOv4 CSPDarknet53 85.2 251
YOLOvS CSPDarknet53 86.4 15.3
ARIT5 vk CSPDarknet53 90.0 16.0
Table 3 Comparison of different improved helmet detection algo-
rithms
#3 AR EIBENE X LR
RSy mAP@0.5/% mAP
k-means 282 83.26 53.17
k—means++3 84.38 56.42
B A EE AL 86.12 55.79
HEERAE 86.93 55.32
SE-Net 13 J 4L 87.87 58.03
AR5k 90.0 60.12
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Table 4 Comparison of different small target detection algorithms

F4 FREEAMNBERENE RS

HHY K RERR T % FERIF N HIE/FPS
YOLOv5-C! 1.3 14.8 75
YOLOv5-dress'" 1.6 17 70
YOLOv5-K!?2 2.6 19 54
YOLOv5-QFBC!? 2.1 21 69
A 3.6 16 73
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