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severely hinder traditional seismic methods from acquiring high-resolution images of underground buried objects.
To address this challenge, we propose a data-driven neural network-based full waveform inversion (DNFWTI)
method, which integrates deep neural network signal denoising with pre-trained DeepDenoiser, coupled with a
tailored big data deep learning model and optimized neural network architecture. For validating its effectiveness
and performance in practical detection, two electric excitation modes—horizontal shear wave (SH-wave) source
and vertical source—were designed, and acoustic detection tests were conducted on buried steel oil pipelines in
sand formations. By analyzing the collected acoustic signals, key parameters including the sensor transfer
function of buried objects, ground properties, surface wave velocity, surface signal time-histories, and power
spectra were derived. The imaging results of the two excitation modes were compared using DNFWI. Our
findings indicate that the depth attenuation rate is approximately 20-25 dB/m for horizontal excitation and 10-20
dB/m for vertical excitation, with a spatial attenuation rate of ~11 dB/m for surface waves. Notably, SH-wave
inversion yields stronger reflected signals due to the larger shear wave impedance contrast with steel pipelines,
enabling clearer localization of buried objects and outperforming vertical wave inversion in pipeline positioning.

Compared to traditional FWI, DNFWI enhances positioning accuracy by 66.7% , reduces convergence

iterations by 59.7% , and shortens computation time by 60.8%.

Keywords: underground oil pipeline; acoustic detection; big data; deep learning; full waveform inversion
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Fig.17 Inversion imaging comparison of oil pipeline
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Table 3 Comparison of calculation results between
traditional FWI method and DNFWI method
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