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Abstract

The research on coal-rock identification can locate the interface between coal and rock seams and
determine the cut-off position, thus guiding the coal miner to automatically adjust the height
and realize a higher level of intelligent unmanned mining. Ground-penetrating radar (GPR) is a
non-destructive means of detection, which can obtain the information about underground rock lay-
ers and identify the lithology. However, the resolution of GPR is limited by signal frequency and
wavelength, the data obtained from different equipment measurements differ, and the signal is easily
interfered by noise. In this study, a neural network algorithm with a U-Net structure is used to pro-
cess the wireless antenna GPR data, so that the signal quality is close to the level of the signal meas-
ured by a wired antenna, and the signal is denoised using an improved U-Net network to realize
the wireless-to-wired conversion and denoised image. The results show that after U-Net processing,
the quality of the wireless signal is greatly improved, the average peak signal-to-noise ratio (PSNR)
of the radar signal image is improved by about 4 dB and the average structural similarity index (SSIM)
reaches 0.935, which proves that the GBR data with reduced data discrepancy has a better denoising
effect.
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Figure 1. Coal-rock model structure and dimensions (Unit: cm)
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Figure 2. Layout of measuring lines
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Figure 3. Wireless data and optimized post-presentation
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Figure 4. Residual block U-Net network framework
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Figure 5. Original image-predicted image-noise
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Figure 10. Decline curve of loss function
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Table 2. Comparison of different algorithms on the same dataset
= 2. El—HBETRE AL

PNSR (dB) SSIM
AE U-Net 4t U-Net AE U-Net ik U-Net
S — 27.84 27.32 31.90 0.854 0.904 0.937
S — 25.36 27.69 32.88 0.880 0.917 0.941
Sl = 28.92 28.31 32.57 0.850 0.896 0.928
S Y 26.91 27.66 32.87 0.867 0.907 0.945
S AL 28.13 26.51 31.85 0.868 0.900 0.944
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