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Abstract

With the accelerating urbanization process, water supply and drainage networks—as critical com-
ponents of urban infrastructure—play a pivotal role in ensuring safe, efficient, and stable opera-
tions that directly impact residents' quality of life, urban ecological sustainability, and overall urban
resilience. Traditional hydraulic modeling methods exhibit significant limitations when addressing
large-scale, highly nonlinear network operations, including time-consuming parameter calibration,
high computational costs, and delayed responses to sudden failures, making them inadequate for
modern smart urban pipeline management requirements. In recent years, rapid advancements in
machine learning technologies—particularly deep learning and graph neural networks—have lev-
eraged their robust data mining, feature learning, and complex pattern recognition capabilities to
provide innovative solutions for critical operations tasks such as leakage detection, pipe rupture
identification, water quality monitoring, water demand forecasting, and urban flooding prediction.
This paper systematically reviews five years of research progress in machine learning applications
for water supply and drainage networks, comprehensively examining the developmental trajecto-
ries and core strengths of traditional machine learning, deep learning, graph neural networks, and
physical information neural networks at the methodological level, while focusing on cutting-edge
research achievements and practical implementations in key scenarios—including leakage identi-
fication and localization in water supply networks, pollution event detection, water demand fore-
casting, pipeline defect detection, and flood prediction. Finally, this study conducts an in-depth anal-
ysis of the practical challenges faced by existing research methodologies—such as data scarcity, in-
sufficient model interpretability, and weak cross-scenario generalization capabilities—and out-
lines future prospects for integrating physical information graph neural networks with digital twins.
These insights provide valuable references for advancing the deep application and industrial im-
plementation of machine learning technologies in urban water supply and drainage network sys-
tems.
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Figure 1. Water supply and drainage networks: the “blood vessel” system of modern cities
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Table 1. Comparison of machine learning methods applied to water supply and drainage networks
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Figure 2. Application of machine learning in the safety and operation and maintenance of water supply networks
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Table 2. Comparison and critical review of representative studies on leakage detection and localization
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Figure 3. Application of machine learning in drainage networks
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