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Research on defect detection method of natural gas
steel pipeline based on deep learning

Liang Haibo Wang Yi

(College of Mechanical and Electrical Engineering, Southwest Petroleum University, Chengdu 610500, China)

Abstract: In the ultrasonic detection of corrosion defects of natural gas steel pipelines, the conventional pattern recognition method
adopts the method of manually extracting echo signals, which has the problems of strong subjectivity and low universality. Based on this,
this paper proposes a method to extract the features of echo signals by using one-dimensional convolutional neural network and classify the
features by combining with random forest. Firstly, according to the noise of the echo signal, the wavelet packet transform is used to
denoise the signal. The denoised signal is decomposed and reconstructed by variational modal decomposition to obtain a smooth signal.
Finally, the processed echo signals are extracted by 1D-CNN network features and classified by random forest. The experimental results
show that the identification accuracy of the method based on VMD-1D-CNN-RF is 85. 71% for artificial defects and 71. 05% for pipeline
defects in natural gas stations, indicating that the pipeline condition can be preliminarily identified without expert identification.
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Fig. 1 Defects of artificial steel plate
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Fig.2 Principle of ultrasonic defects
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Fig.3  Ultrasonic testing process
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Fig.4 Experimental diagram of ultrasonic detection
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Fig. 5 Ultrasonic echo detection after redundancy removal
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(a) Denoising results of the first four different wavelet basisfunctions
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Table 2 Comparison of denoising effects

of wavelet basis functions
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Table 3 Correlation coefficients between reconstructed

signals and original signals

i LB i XA
1 0.9915 7 0.991 6
2 0.9917 8 0.992 0
3 0.9918 9 0.990 7
4 0.991 3 10 0.991 7
5 0.9919 11 0.991 4
6 0.989 7 12 0.992 0
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