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Graph Convolutional Network Detection Model for Pipeline Defects
Based on Improved Label Graph

Zeng Baozhi, Luo Jiangiao, Xiong Ying, Li Bailin"
School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, Sichuan, China

Abstract A drainage pipe image contains many defects, such as deformation and leakage. Considering that existing
convolutional neural networks (CNNs) ignore the label relationships and make it difficult to accurately detect multilabel
pipeline images, graph convolutional networks (GCNs) were introduced to model the relationships between different defect
labels and improved label graph GCN (ILG-GCN) model was proposed. First, the ILG-GCN model introduced the GCN
module based on the original CNN model. GCN used label graphs to force classifiers with symbiosis to be close to each
other and obtain classifiers that maintain semantic topology, thereby improving the probability of predicting symbiotic
labels. Second, the label graph used by the GCN module to update node information was improved. The improved label
graph calculated the adaptive label symbiosis probability for each defect based on the symbiosis strength of the main related
labels and assigned different weights to the main related labels according to their symbiosis strength. The experimental
results show that the mean average precision value of the proposed model is 95.6%, suggesting that the model can
accurately detect multiple pipeline defects simultaneously.

Key words image processing; pipeline defect detection; multi-label learning; label relation; graph convolutional network
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GAP: global average pooling;
t-SNE: t-distributed stochastic
neighbor embedding;
DCFM: defect co-occurrence
frequency matrix;

LG: label graph;

_x: image feature;

y: predicted results;
H" node representation at
the nth layer

Bl ILG-GCN FRIAE 4L
Fig. 1 ILG-GCN model framework
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Table 1 Dataset partition

Item Training set  Validation set ~ Testing set
Picture number 6668 2223 2223
Label number 3154 1067 1055
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