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Abstract: Aiming at the problems of automatic extraction of magnetic memory signal features and
quantitative identification of defect levels in oil and gas pipelines, a multimodal fusion model was proposed
combining residual neural network and graph neural network(ResGNNet). The original magnetic memory
signals of defects of different depths on LL245N pipeline steels were collected by metal magnetic memory de-
tector. In order to realize automatic feature extraction, the complete information of the original magnetic
memory signals was retained , and the relationship among samples was taken into account. The original sig-
nals were converted into a node graph by K nearest neighbor-dynamic time warping, and the original sig-
nals were converted into a 2D image by Gram angle field. The designed graph neural network and residual
neural network may automatically extract the embedded feature vectors of 1D signals and 2D images respec-
tively. The multimodal embedded feature vectors were fused, weighted and screened by multi-head self-
attention mechanism, and then input into the Softmax classification module to complete the defect level
identification. The model verification results show that the accuracy of quantitative identification of pipeline
defect levels reaches 93%.

Key words: oil and gas pipeline; metal magnetic memory technology; defect level; graph neural net-
work; residual neural network
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Fig.1 Schematic diagram of prefabricated defects of

different depths and detection directions
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Fig.2 Schematic diagram of defect detection
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Fig.3 Tangential component of the magnetic field for
the same defect in 8 detection directions
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Tab.1 Peak-to-peak values of the tangential component
of the magnetic field for the same defect in 8

detection directions
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Fig.4 Magnetic field peak-to-peak values for defects of

different depths in the same detection direction
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Fig.5 ResGNNet model architecture
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Fig.6 Constructed based on K-DTW node graphs
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