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Mining Safety Helmet Detection Method Based on Multi-Dimensional Expansion and Lightweight YOLOV9
ZHONG Bin s YU Bo, BAI Shuiquan s YANG Yawei , ZHANG shuai » HAO Jianlong

(Guodian Construction Investment Inner Mongolia Energy Co., Ltd., Ordos, Inner Mongolia 017209, China)

Abstract: A multi-dimensional expansion lightweight model MD-YOLO based on YOLOv9 model was proposed to address the
issues of low detection accuracy, missed detection and false detection of personnel wearing safety helmets in complex mining
environments. To solve the problems of low image clarity and dust obstruction, the original feature extraction module was
improved by introducing a multi-dimensional expansion module, which enabled the model to obtain a larger receptive field when
detecting safety helmets and enhanced the ability to capture global features. To address the missed detection of small and
density targets, a dynamic detection head (PD Dyhead) with attention mechanism was constructed, which enhanced the feature
extraction ability of the model from three aspects of scale, space and task perception. The use of exponential moving average
sample weighted loss function (EMA SledelLoss) improved the shortcomings of YOLOv9 model in dealing with sample
imbalance problems. The experimental results show that compared with the YOLOv9 model, the detection accuracy of the MD-
YOLO model reaches 92.5% , with an increase of 2.8 percentage points. The parameter quantity decreases by 26.6% , and has a
27.0% increase in detection speed. The MD-YOLO model can effectively monitor the wearing of safety helmets in various
complex environments, with the best comprehensive performance.
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Fig.6 Loss variation curves
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Table 2 Comparison of different object

detection models property

P/ R/ mAP/ SR/

L % v % (x108) FPS
Faster RCNN 76.4 79.6 80.2 136.7 34
SSD 78.7 75.3 76.2 23.7 47
YOLOv7 84.6 78.9 85.1 37.2 63
YOLOvVS 89.2 83.2 88.4 27.8 69
YOLOvV9 89.8 90.1 89.7 31.9 74
MD-YOLO 91.7 90.4 92.5 23.4 94
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Fig.7 Comparison of model detection results
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Table 3 Results of ablation experiment

o A B C m%w f}j% (;*;g FPS
YOLOV9 — — — 89.7 31.9 74
R 1 Ni — — 90.1 26.8 80
T 2 — N — 91.2 24.6 85
PR 3 — — J 90.5 31.9 78
FERY 4 NG N — 90.8 23.4 87
A5 NG — N 91.1 26.8 83
LA 6 N N 91.7 24.6 90
MD-YOLO </ N N/ 92.5 23.4 94
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