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Intelligent defect recognition method for underground drainage pipelines
based on improved ResNet network
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(1 School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China;
2 Internet of Things R& D Technology Center, Third Research Institute of the Ministry of Public Security,
Shanghai 200031, China)

Abstract: In response to the issues of low automation, dependence on manual intervention, and low efficiency in the detection of
defects in urban sewage pipelines, this study proposes an improved approach for automatic recognition of sewage pipeline defects
based on the ResNet50 image classification network. The network is optimized according to the texture features of sewage pipeline
defects. By improving the basic residual blocks, the model ‘s ability to extract texture features of pipeline defects is enhanced.
Additionally, improved channel and spatial attention mechanisms are embedded to allow the network to adaptively adjust feature
weights and improve the network ‘s feature representation capability. Furthermore, a feature preservation module is introduced to
enhance the network s feature extraction ability and improve the model s classification accuracy. Experimental results demonstrate
that the proposed classification model achieves an identification accuracy of 96. 34% for pipeline defect images. Compared with the
ResNet50 algorithm, the improved model shows a 1. 76% increase in classification accuracy, indicating better recognition
performance.
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