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Indirect Inspection Signal Diagnosis of Buried Pipe Coating Flaws
Using Deep Learning Algorithm
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ABSTRACT

In this study, a deep learning algorithm was used to diagnose electric potential signals obtained through CIPS
and DCVQG, used indirect inspection methods to confirm the soundness of buried pipes. The deep learning algorithm
consisted of CNN(Convolutional Neural Network) model for diagnosing the electric potential signal and Grad
CAM(Gradient-weighted Class Activation Mapping) for showing the flaw prediction point. The CNN model for
diagnosing electric potential signals classifies input data as normal/abnormal according to the presence or absence
of flaw in the buried pipe, and for abnormal data, Grad CAM generates a heat map that visualizes the flaw prediction
part of the buried pipe. The CIPS/DCVG signal and piping layout obtained from the 3D finite element model were
used as input data for learning the CNN. The trained CNN classified the normal/abnormal data with 93% accuracy,
and the Grad-CAM predicted flaws point with an average error of 2m. As a result, it confirmed that the electric
potential signal of buried pipe can be diagnosed using a CNN-based deep learning algorithm.
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Fig. 2 Examples of CIPS and DCVG signals in
buried pipe with coating flaws
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Fig. 3 Schematic diagram of CNN algorithm diagnosis
of electric potential signal
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