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Abstract: Personnel detection is an important aspect of ensuring coal mine safety production and constructing
intelligent mines. Given the complex underground environment of coal mines and the difficulties in personnel
detection, an improved YOLOvVS8-F personnel detection method for coal mine underground environments is
proposed. The MobileNetV4 efficient network is integrated into the YOLOvS8 backbone to improve accuracy
while reducing computational cost. To ensure thorough feature extraction, a DAttention mechanism fused with
DCNV4 is added, improving the accuracy and completeness of feature information. Finally, by introducing
a boundary loss function, the precision of the bounding boxes is improved, achieving accurate personnel
detection. Experimental results show that, on a specific dataset of coal mine workers’ actions, compared with
the baseline model YOLOv8n, the YOLOvS8-F model’s accuracy, recall, and mAP improved by 3.2, 2.7,
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and 2. 3 percentage points, respectively, while the floating point operations (GFLLOPs) decreased by 1.4 G.

The improved model achieves a great balance between detection accuracy and model lightweightness, verifying

the effectiveness of the new algorithm.

Key words: personnel detection; YOLOv8; MobileNetV4 efficient network; attention mechanisms; loss
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Tab.1 Test comparison of different backbone networks

FF M FLOPs/G mAP@0.5/% P/% R/%
YOLOV8n(baseline) 8.3 88.6 86.4 83.4
YOLOv8n-EfficientViT 8.1 88.9 85.9 76.7
YOLOv8n-EfficientFormV?2 6.1 79.5 80.3 68.1
YOLOv8n-Vanillanet 7.9 89.2 86.6 83.8
YOLOv8n-MobileNetV4 7.1 88.3 87.5 84.5
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Tab.2 Comparative tests of attention mechanism

R FLOPs/G mAP@0.5/% P/% R/%
YOLOVS8n(baseline) 8.3 88.6 86.4 834
YOLOv8n-SimAM 6.8 78.6 69.5 725
YOLOv8n-MLCA 8.9 82.5 80.6  80.8
YOLOv81-CPCA 9.1 90.7 88.5 735
YOLOv8er'CNV4* - 0.6 483 843
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Tab.3 Ablation experiments
MobileNetV4 DCNV4-DAttention Shape-ToU FLOPs/G mAP@0.5/ % P/% R/%
8.3 88.6 86.4 83.4
N/ 7.1 88.3 87.5 84.5
NG 7.4 89.6 88.3 84.3
N 8.0 89.3 87.6 83.9
N N 7.2 90.2 88.8 85.7
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N N N 6.9 90.9 89.6 86.1
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Tab.4 Comparison of different models

TR FLOPs/G ~ mAP@0.5/% P/% R/%
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