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Abstract ; The existing models for detecting the behaviors of personnel in coal mine wells suffer from is-
sues such as low accuracy and significant computational load. Therefore, a real-time detection algo-
rithm for the behaviors of underground personnel based on YOLOv8-ECW is proposed. Based on
YOLOv8n, the backbone network is enhanced by presenting the multi-scale convolution module EMSC.
It is combined with the C2f convolution to design the C2f_EMSC module, effectively capturing the
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multi-scale features of the target and reducing the computational volume and parameter quantity of the

model. The CGBlock downsampling module is introduced into the network to fuse the global context in-

formation. The WloU loss function is incorporated to enhance the positioning accuracy of the detection

box and the convergence speed of the model. Experiments conducted on the self-established dataset for

detecting the behaviors of personnel in coal mines reveal the following results: (D Compared with the
baseline YOLOv8n model, the average precision mean ( mAP50) of the YOLOv8-ECW model for vari-
ous targets is 92. 4% , an increase of 2. 1% ; and the mAP50-95 is 75.4% , an increase of 4.0%. 2
The detection speed of the YOLOv8-ECW is 238 frames per second, which is 5 frames per second high-

er than that of the YOLOv8n model. 3 Compared with the mainstream network models such as
YOLOv6 and YOLOv7, the detection performance of the YOLOvS-ECW model is the best and it exhib-

its better robustness.

Key words : coal mine underground ; YOLOv8 ; behavior detection ; C2f_EMSC ; WloU ; feature fusion
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Fig. 11 Example of CMPBD dataset image
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Fig. 12 Bounding box size distribution
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Fig. 13 Number of eight behavior labels
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Table 1 Experimental results of different loss functions
P2 R AL SloU EloU AlphaloU WiloUvl WloUv2 WloUv3
mAP,/% 90.5 90. 6 88.4 90. 8 90.9 91.2
mAP_os% 73.0 73.2 73.3 73.5 73.5 73.6
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Table 2 Results of ablation experiments

PR C2f EMSC  CGBlock  WIOUv3  mAPsy/% mAPs /% SHE/M 118 &/GFLOPs Mg g/ (F - s7h)
NI - - - 90. 3 71.4 3.01 8.1 233
N2 Vv - - 91.4 73.2 2.72 7.6 256
N3 - v - 90.7 71.8 2.14 6.5 263
N4 - - vV 91.2 73.6 3.01 8.1 244
N5 Y vV - 91.6 74.3 3.31 8.4 233
N6 Y - v 91.3 73.5 2.72 7.6 250
N7 - Vv v 91.5 73.8 3.6 8.8 233
N8 Vv vV Vv 92. 4 75. 4 3.31 8.4 238
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Table 3 Comparison of experimental results

B mAPsy/  mAPsy o5/ B/ REE/
% % M (F-s™"

Fast—RCNN 82.8 59.4 134.7 26
SSD 84.6 61.5 57.5 84
YOLOvSs 88.4 67.8 7.2 192
YOLOX-S 87.8 65.3 9.0 116
YOLOv6s 89.1 70.3 18.5 123
YOLOv7~-tiny 88.7 71.5 6.02 208
YOLOv8-ECW 92.4 75.4 3.31 238
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Fig. 14 Heat map visualization effect
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Table 4 Experimental results on the VOC 2012 dataset
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