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UMTC-net Design and Engineering Application for Intelligent Detection of Underground Mine Tunnels Cracks
DUAN Yujing
(Xinxiang Vocational and Technical College, Xinxiang, Henan 453000, China)

Abstract: Aiming at the engineering problems such as insufficient crack detection accuracy and limited real-time performance in
the complex geological environment of underground mine tunnels, an underground mine tunnel crack-segmentation network
(UMTC-net) integrating multi-scale feature perception and adaptive attention mechanism was proposed. This network can
realize cross-scale feature extraction of crack images from local texture to global structure through hierarchical cascading of
Swin Transformer module groups. Meanwhile, a scaling cosine attention mechanism encoded by relative positions in logarithmic
space was introduced to effectively suppress the interference of abnormal pixels. In addition, a codec framework based on
dynamic patch merging/expansion was constructed, which solved the problems of ambiguous boundary positioning of fine
cracks and high false detection rate in complex backgrounds in traditional methods. The results show that the UMTC-net has an
accuracy of 85.15% , an average intersection-union ratio of 85.78% , and an F, value of 83.27% in the Crack500 dataset, and an
accuracy of 87.51% , an average intersection-union ratio of 79.98% , and an F, value of 86.95 % in the MineTunnelCrack-2000
dataset. It exhibits stronger robustness, especially in low light and high dust environments. This network achieves an inference
speed of 38.9 ms on the RTX 3060 mobile graphics card, occupying only 5 230 MB of memory and reducing deployment costs
by more than 40%. It meets the real-time and low-power requirements of portable detection devices, and has a higher cost-
effectiveness for adaptation. In the field test, the detection efficiency of UMTC-net is 8 times higher than that of manual
inspection, and the missed detection rate is reduced from 18% to 3.2%. The research results provide an efficient and accurate
new scheme for crack detection in underground mine tunnels, which is helpful to find potential safety hazards in time and
ensure the safety of mine production and stable operation of equipment.
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Fig.3 The working process of the patch merge layer
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Table 1 The ablation experiment results of the parameters
R/ % SRR L/ %
a B MineTunnel MineTunnel
. - . -
Crack500 Crack-2000 Crack500 Crack-2000
0.4 0.6 82.18 85.78 83.47 78.24
0.5 0.5 83.92 86.13 84.21 78.65
0.6 0.4 85.15 87.51 85.78 79.98
0.7 0.3 84.56 86.89 85.02 79.12
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Table 2 Performance comparison results of five

networks in the Crack500 dataset

) £ WeWR/ % B/ % F1{E/% FEHEH/ %
UMTC-net 85.15 80.13 83.27 85.78
ik Deep Labv3+  83.45 80.09 82.95 83.56
U-Net 77.21 71.18 74.23 77.51
SegNet 79.41 77.82 78.54 81.55
TFCN 84.65 79.89 83.77 84.52
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Fig.6 The segmentation results of different networks in the Crack500 dataset
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Table 3 Performance comparison results of five

networks in the MineTunnelCrack-2000 dataset

) % W/ v A=/ % FLE/ % F¥EF /%
UMTC-net 87.51 86.17 86.95 79.98
R HE Deep Labv3—+  74.46 77.15 75.56 74.06
U-Net 73.18 70.13 71.17 70.59
SegNet 74.56 72.51 73.52 71.65
TFCN 85.61 84.12 83.62 78.25
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Fig.7 Segmentation results of different networks in the MineTunnelCrack-2000 dataset
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Table 4 Comparison of inference speed and parameter

scale of different network models
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UMTC-net 48.7 68.2 12.5 G 20.5
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U-Net 55.3 34.7 6.2 G 18.1
SegNet 42.6 45.8 9.1 G 23.5
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Table 5 The performance index of UMTC-net on different GPU

GPU # 5 I E/ms  BAHH/MB W EHIFE/W

RTX 3090 20.5 4 820 280
RTX 4080 15.2 3980 250
Tesla V100 32.7 6 510 300
RTX 3060 Laptop 38.9 5230 115
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Table 6 Comparison of key indicators of efficiency and cost
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TFCN 14.1 2 200+700 17 970(RTX 4 090)
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