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Abstract

Underground water and wastewater pipelines are vital for city operations but
plagued by anomalies like leaks and infiltrations, causing substantial water loss,
environmental damage, and high repair costs. Conventional manual inspections
lack efficiency, while dense sensor deployments are prohibitively expensive. In
recent years, artificial intelligence has advanced rapidly and is increasingly applied
to urban infrastructure. In this research, we propose an integrated AI and remote-
sensor framework to address the challenge of leak detection in underground water
pipelines, through deploying a sparse set of remote sensors to capture real-time
flow and depth data, paired with HydroNet—a dedicated model utilizing pipeline
attributes (e.g., material, diameter, slope) in a directed graph for higher-precision
modeling. Evaluations on a real-world campus wastewater network dataset demon-
strate that our system collects effective spatio-temporal hydraulic data, enabling
HydroNet to outperform advanced baselines. This integration of edge-aware mes-
sage passing with hydraulic simulations enables accurate network-wide predictions
from limited sensor deployments. We envision that this approach can be effectively
extended to a wide range of underground water pipeline networks.

1 Introduction

Urban underground water and wastewater pipelines are critical infrastructure for city operations,
enabling the efficient transport of water and wastewater. However, these systems are costly to
construct and maintain, and as they age, they become increasingly vulnerable to fractures and faulty
connections. Such anomalies—including leaks, infiltrations, and blockages—result in substantial
water loss, environmental contamination, and rising repair costs. Given these challenges, accurate
detection of faulty connections and fractures is essential. Traditional approaches, however, are
limited: manual inspections often suffer from delays and incomplete coverage, while dense sensor
deployments remain economically prohibitive due to high installation and maintenance costs. Other
assessment techniques, such as closed-circuit television (CCTV) surveys and smoke testing Beheshti
and Sægrov [2019], offer more comprehensive diagnostics but are both costly and labor-intensive

In recent years, AI has advanced rapidly, and developing dedicated AI techniques for urban applica-
tions offers a promising solution. To address this challenge, we present an AI-enhanced monitoring
system that deploys sparse sensors at manholes to collect real-world water (RWW) data such as
inflow and depth, augmented by hydraulic simulations for full network coverage. This RWW data
then feeds into HydroNet, our spatiotemporal graph neural network that represents the water and
wastewater network as a directed graph—nodes as manholes, edges as pipes with physical attributes
(diameter, slope, material). By incorporating these pipeline properties directly into message passing,
HydroNet learns normal hydraulic patterns and flags anomalies through deviation detection. We
deployed this integrated AI and remote-sensor framework on a campus network and collected over a
year of real-world data for modeling and evaluation. Experimental results demonstrate that the system



effectively captures spatiotemporal hydraulic data and enables HydroNet to achieve high precision,
with the best MAE of 0.0085 ft for depth and 0.0038 cfs for flow. These results confirm that the
system successfully provides data with strong predictive utility, supporting asynchronous forecasting
and anomaly detection in pipeline flow. This work represents a successful practice of AI for urban
underground water monitoring.
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Figure 1: Graph representation of the campus sewer network. Nodes represent manholes with flow
and depth measurements, while directed edges represent pipes with physical attributes.

2 Methodology

Our system operates in three interconnected stages: first, sparse remote sensors collect real-time
flow and depth data from key network locations, augmented by hydraulic simulations for full
coverage; second, this data is fused with pipeline attributes in a graph-structured format for spatio-
temporal modeling via HydroNet; and third, the model learns to accurately predict normal hydraulic
patterns. This end-to-end pipeline balances cost-efficiency with accuracy, leveraging physical domain
knowledge to enhance AI predictions. We detail each component below.

2.1 Remote Sensing System

We deployed SmartCover sensors Figure 2(a) in the underground wastewater system of a university
campus. The network is modeled as a directed graph G = (V,E), where V denotes manholes (nodes)
and E represents pipes (edges) for downstream message passing (Figure 1). This structure enables
propagation of anomaly impacts, e.g., from an upstream leak to downstream nodes.

Sensors are affixed to manhole interiors, as shown in Figure 2(c), avoiding pipeline entry and
minimizing installation risks. To optimize costs, each sensor measures only flow velocity and water
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Figure 2: Schematic of the remote sensor system and its deployment configuration.

2



depth, as shown in Figure 2(b). Data are transmitted in real time via antenna, as shown in Figure 2(d),
eliminating manual retrieval. The devices are battery powered with a two-year lifespan, supporting
sustained monitoring without frequent maintenance.

2.2 RWW Dataset: Collection and Characterization

We collect Real World Water (RWW) data from a wastewater network with 22 vitrified clay pipes and
23 nodes (22 manholes plus 1 outlet, with invert elevations -1.69 to 0.56 m; Figure 1). SmartCover
sensors were deployed at 5 selected manholes, recording water depth and flow rate at 10-minute
intervals from October 1, 2023, to January 31, 2024, as shown in Figure 3(a). A calibrated PCSWMM
hydraulic model provided data for the remaining 18 nodes at the same temporal resolution, demon-
strating effective sparse sensing augmented by simulation. Node features include time-series data
(17,706 steps) of water depth and flow rate; edge features include static attributes as shown in Table 1.

Table 1: Node (time-series) and edge (static) features in the RWW dataset.

Node Water depth, Flow rate

Edge Length, Roughness, Diameter (Geom1), Slope, GIS Length, Max
Flow, Max Velocity, Max / Full Flow, Max / Full Depth

This data monitors hydraulic behavior, capturing daily and seasonal variations in hydraulic flow, as
illustrated in the sewer pipe hydraulics schematic in Figure 2(b) . Site-collected features include
pipe length, diameter, and slopes. The dataset shows consistent oscillatory patterns from short- and
long-term flow variations, influenced by operational schedules, diurnal cycles, or external factors (e.g.,
rainfall). Leveraging this data refines predictive models for anomaly detection, peak load forecasting,
and water infrastructure management optimization.

We used the autocorrelation function (ACF) to analyze water depth and flow rate across nodes,
observing stability and temporal evolution, as shown in Figure 3(c) for node 92090090 in Figure 1(a).
Most nodes show high short-term autocorrelation (first 100-200 hours), indicating initial oscillations
from environmental or random factors, followed by cyclical variations after 2-3 days, signaling
periodicity. Flow rate data exhibits similar trends with slightly more early variability than water depth.

Figure 3: Analysis of the RWW dataset features: (a) Time-series visualization of aggregated flow rate
across the network, highlighting periodic variations; (b) Average daily flow patterns by day of the
week; (c) Example autocorrelation functions for depth and inflow at node 92090090, highlighted in
Figure 1(a); (d) Correlation matrix of edge features
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The edge features correlation heatmap in Figure 3(d) reveals significant relationships, including
strong negative correlations (-0.95 between slope and diameter (Geom1); -0.72 between max flow and
slope) and positive correlation (0.83 between max flow and velocity), highlighting diverse hydraulic
behaviors. Figure 3(b) shows average daily flow patterns by day of the week, with daytime peaks
from increased activity, early-morning troughs, and fluctuations reflecting varying consumption
habits influenced by operational or community activities. This RWW dataset has also been used for
modeling and benchmarking in [Guo et al., 2025, Guo and Wang, 2024], and is publicly available at
https://github.com/VV123/STEPS.

2.3 HydroNet Modeling

HydroNet processes graph-structured time-series via two ST-MPNN blocks and an output layer. Each
block combines gated temporal convolutions for capturing time dependencies with a custom MPNN
for spatial propagation. The temporal component processes a lookback window of L time steps (set
to 12 in our experiments) to learn patterns in the time series. For spatial modeling, we incorporate
the edge features from Table 1 as vectors aij for each edge (i, j). These attributes are transformed
through a learnable embedding matrix Wa and integrated into the message passing:

h
(t)
i = TempConv(x(t−L:t)

i ), mij = fmessage(h
(t)
i ,Waaij)

h′
j = fupdate

h
(t)
j ,

∑
i∈N (j)

mij


where fmessage and fupdate are learnable functions. The nine edge features in aij are jointly embedded
via Wa to learn their relative importance. This design enables HydroNet to learn complex spatio-
temporal patterns while respecting the physical constraints encoded in pipe attributes.

3 Evaluation

We evaluate the predictive modeling capability of our AI-powered sensor network system using the
Real World Water (RWW) dataset. Both advanced baseline models and our proposed HydroNet were
trained and tested for comparison. The dataset was split into training, validation, and testing sets
in a 7:1:2 ratio, with a lookback window of 12 time steps to forecast the subsequent 12 steps. All
experiments were conducted on a high-performance server equipped with NVIDIA A6000 GPUs (48
GB VRAM). Early stopping based on validation loss was applied to ensure fair comparison. Table 2
reports the forecasting performance for water depth and flow rate. HydroNet consistently outperforms
baselines across all metrics, demonstrating the effectiveness of edge-attribute-aware message passing
in capturing spatiotemporal hydraulic dynamics.

Table 2: Performance on the RWW dataset.
Depth(ft) Flow(cfs)

Method MAE RMSE MAPE MAE RMSE MAPE

CaST [Xia et al., 2024] 0.0186 0.0298 0.0747 0.0077 0.0138 0.0358
GMAN [Zheng et al., 2020] 0.0186 0.0140 0.0130 0.0168 0.0181 0.1255
ST-SSL [Ji et al., 2023] 0.0196 0.0230 0.0273 0.0150 0.0322 0.1313
STG-MAMBA [Li et al., 2024] 0.0176 0.0296 0.0120 0.0098 0.0166 0.1373
STGCN [Yu et al., 2017] 0.0123 0.0324 0.0657 0.0066 0.0158 0.0709

HydroNet 0.0085 0.0178 0.0454 0.0038 0.0094 0.0408

4 Conclusion

We introduced an AI-powered monitoring framework for urban underground wastewater pipelines that
combines sparse sensing with hydraulic simulations for cost-effective data collection. The collected
measurements are modeled by HydroNet, an edge-aware spatiotemporal graph neural network that
incorporates pipeline attributes to improve predictive accuracy. Experiments on a real-world campus
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network show that the framework achieves highly precise flow and depth forecasts, providing strong
predictive utility. These forecasts provide a robust foundation for downstream tasks such as anomaly
detection, offering a scalable, data-driven solution to enhance urban water infrastructure security.

Limitations

While our approach shows promise, it has several limitations. The system was tested on a campus-
scale network, which may not fully represent larger urban environments with more complex topologies
or variable conditions. Data collection relied on specific sensors, and performance could vary with
different hardware or environmental factors like extreme weather. The models assume accurate
pipeline attribute data, which may not always be available or up-to-date in real-world scenarios.
Additionally, the high-level focus means that fine-grained optimizations for specific anomaly types
are not explored, and further validation on diverse datasets is needed to ensure generalizability.

Ethics Statement

This research adheres to ethical standards in AI and environmental engineering. Data collection was
conducted on a university campus with proper permissions, ensuring no disruption to operations or
privacy concerns, as no personal data was involved. The system’s goal of anomaly detection promotes
water conservation and environmental protection, aligning with sustainable development objectives.
However, we acknowledge potential dual-use risks, such as misuse of sensor data for unauthorized
surveillance, and emphasize the need for secure data handling. Bias in modeling could arise from
incomplete datasets, so we recommend ongoing audits. Overall, this work aims to benefit society by
enhancing infrastructure resilience without compromising ethical principles.
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\begin{abstract}
Underground water and wastewater pipelines are vital for city operations but plagued by anomalies like leaks and infiltrations, causing substantial water loss, environmental damage, and high repair costs. Conventional manual inspections lack efficiency, while dense sensor deployments are prohibitively expensive. In recent years, artificial intelligence has advanced rapidly and is increasingly applied to urban infrastructure. In this research, we propose an integrated AI and remote-sensor framework to address the challenge of leak detection in underground water pipelines, through deploying a sparse set of remote sensors to capture real-time flow and depth data, paired with HydroNet—a dedicated model utilizing pipeline attributes (e.g., material, diameter, slope) in a directed graph for higher-precision modeling. Evaluations on a real-world campus wastewater network dataset demonstrate that our system collects effective spatio-temporal hydraulic data, enabling HydroNet to outperform advanced baselines. This integration of edge-aware message passing with hydraulic simulations enables accurate network-wide predictions from limited sensor deployments. We envision that this approach can be effectively extended to a wide range of underground water pipeline networks.
\end{abstract}


\section{Introduction}

Urban underground water and wastewater pipelines are critical infrastructure for city operations, enabling the efficient transport of water and wastewater. However, these systems are costly to construct and maintain, and as they age, they become increasingly vulnerable to fractures and faulty connections. Such anomalies—including leaks, infiltrations, and blockages—result in substantial water loss, environmental contamination, and rising repair costs. Given these challenges, accurate detection of faulty connections and fractures is essential. Traditional approaches, however, are limited: manual inspections often suffer from delays and incomplete coverage, while dense sensor deployments remain economically prohibitive due to high installation and maintenance costs. Other assessment techniques, such as closed-circuit television (CCTV) surveys and smoke testing \cite{beheshti2019detection}, offer more comprehensive diagnostics but are both costly and labor-intensive

In recent years, AI has advanced rapidly, and developing dedicated AI techniques for urban applications offers a promising solution. To address this challenge, we present an AI-enhanced monitoring system that deploys sparse sensors at manholes to collect real-world water (RWW) data such as inflow and depth, augmented by hydraulic simulations for full network coverage. This RWW data then feeds into HydroNet, our spatiotemporal graph neural network that represents the water and wastewater network as a directed graph—nodes as manholes, edges as pipes with physical attributes (diameter, slope, material). By incorporating these pipeline properties directly into message passing, HydroNet learns normal hydraulic patterns and flags anomalies through deviation detection. We deployed this integrated AI and remote-sensor framework on a campus network and collected over a year of real-world data for modeling and evaluation. Experimental results demonstrate that the system effectively captures spatiotemporal hydraulic data and enables HydroNet to achieve high precision, with the best MAE of 0.0085 ft for depth and 0.0038 cfs for flow. These results confirm that the system successfully provides data with strong predictive utility, supporting asynchronous forecasting and anomaly detection in pipeline flow. This work represents a successful practice of AI for urban underground water monitoring.

\begin{figure*}[!h]
  \centering
  \includegraphics[width=1\linewidth]{figure1.pdf}
\caption{Graph representation of the campus sewer network. Nodes represent manholes with flow and depth measurements, while directed edges represent pipes with physical attributes.}
  \label{fig:water-gnn}
\end{figure*}

\section{Methodology}

Our system operates in three interconnected stages: first, sparse remote sensors collect real-time flow and depth data from key network locations, augmented by hydraulic simulations for full coverage; second, this data is fused with pipeline attributes in a graph-structured format for spatio-temporal modeling via HydroNet; and third, the model learns to accurately predict normal hydraulic patterns. This end-to-end pipeline balances cost-efficiency with accuracy, leveraging physical domain knowledge to enhance AI predictions. We detail each component below.



\begin{figure*}[b!]
    \centering
    \includegraphics[width=1\textwidth]{figure2.pdf}
    \caption{Schematic of the remote sensor system and its deployment configuration.}
    \label{fig:sensor}
\end{figure*}

\subsection{Remote Sensing System}

We deployed SmartCover sensors Figure~\ref{fig:sensor}(a) in the underground wastewater system of a university campus. 
The network is modeled as a directed graph $G=(V, E)$, where $V$ denotes manholes (nodes) and $E$ represents pipes (edges) for downstream message passing (Figure~\ref{fig:water-gnn}). This structure enables propagation of anomaly impacts, e.g., from an upstream leak to downstream nodes.

Sensors are affixed to manhole interiors, as shown in Figure~\ref{fig:sensor}(c), avoiding pipeline entry and minimizing installation risks. To optimize costs, each sensor measures only flow velocity and water depth, as shown in Figure~\ref{fig:sensor}(b). Data are transmitted in real time via antenna, as shown in Figure~\ref{fig:sensor}(d), eliminating manual retrieval. The devices are battery powered with a two-year lifespan, supporting sustained monitoring without frequent maintenance.

\subsection{RWW Dataset: Collection and Characterization}

% SmartCover sensors (Badger Meter, CA, USA) were installed at selected manholes, with PCSWMM hydraulic model simulating the remaining nodes to ensure full coverage across all 23 nodes.

We collect Real World Water (RWW) data from a wastewater network with 22 vitrified clay pipes and 23 nodes (22 manholes plus 1 outlet, with invert elevations -1.69 to 0.56 m; Figure~\ref{fig:water-gnn}). SmartCover sensors were deployed at 5 selected manholes, recording water depth and flow rate at 10-minute intervals from October 1, 2023, to January 31, 2024, as shown in Figure~\ref{fig:analyze}(a). A calibrated PCSWMM hydraulic model provided data for the remaining 18 nodes at the same temporal resolution, demonstrating effective sparse sensing augmented by simulation. Node features include time-series data (17,706 steps) of water depth and flow rate; edge features include static attributes as shown in Table~\ref{tab:features}.

%such as length, roughness, diameter (Geom1), slope, GIS length, max flow, max velocity, max / full flow, and max / full depth. 

\begin{table}[h!]
\caption{{Node (time-series) and edge (static) features in the RWW dataset.}}
\label{tab:features}
\centering
\small
\renewcommand{\arraystretch}{1.2}
\begin{tabular}{>{\bfseries}m{1cm} m{8cm}}
\toprule
Node & Water depth, Flow rate \\
\midrule
Edge & Length, Roughness, Diameter (Geom1), Slope, GIS Length, Max Flow, Max Velocity, Max / Full Flow, Max / Full Depth \\
\bottomrule
\end{tabular}
\end{table}

This data monitors hydraulic behavior, capturing daily and seasonal variations in hydraulic flow, as illustrated in the sewer pipe hydraulics schematic in Figure~\ref{fig:sensor}(b)
. Site-collected features include pipe length, diameter, and slopes. The dataset shows consistent oscillatory patterns from short- and long-term flow variations, influenced by operational schedules, diurnal cycles, or external factors (e.g., rainfall). Leveraging this data refines predictive models for anomaly detection, peak load forecasting, and water infrastructure management optimization.

\begin{figure}[b!]
\centering
\includegraphics[width=1\linewidth]{figure3.png}
\caption{Analysis of the RWW dataset features: (a) Time-series visualization of aggregated flow rate across the network, highlighting periodic variations; (b) Average daily flow patterns by day of the week; (c) Example autocorrelation functions for depth and inflow at node 92090090, highlighted in Figure~\ref{fig:water-gnn}(a); (d) Correlation matrix of edge features}
\label{fig:analyze}
\end{figure}

We used the autocorrelation function (ACF) to analyze water depth and flow rate across nodes, observing stability and temporal evolution, as shown in Figure~\ref{fig:analyze}(c) for node 92090090 in Figure~\ref{fig:water-gnn}(a). Most nodes show high short-term autocorrelation (first 100-200 hours), indicating initial oscillations from environmental or random factors, followed by cyclical variations after 2-3 days, signaling periodicity. Flow rate data exhibits similar trends with slightly more early variability than water depth. The edge features correlation heatmap in Figure~\ref{fig:analyze}(d) reveals significant relationships, including strong negative correlations (-0.95 between slope and diameter (Geom1); -0.72 between max flow and slope) and positive correlation (0.83 between max flow and velocity), highlighting diverse hydraulic behaviors. Figure~\ref{fig:analyze}(b) shows average daily flow patterns by day of the week, with daytime peaks from increased activity, early-morning troughs, and fluctuations reflecting varying consumption habits influenced by operational or community activities. This RWW dataset has also been used for modeling and benchmarking in \citep{guo2025efficient,guo2024hydronet}, and is publicly available at \url{https://github.com/VV123/STEPS}.




\subsection{HydroNet Modeling}
HydroNet processes graph-structured time-series via two ST-MPNN blocks and an output layer. Each block combines gated temporal convolutions for capturing time dependencies with a custom MPNN for spatial propagation. The temporal component processes a lookback window of $L$ time steps (set to 12 in our experiments) to learn patterns in the time series. For spatial modeling, we incorporate the edge features from Table~\ref{tab:features} as vectors $\mathbf{a}_{ij}$ for each edge $(i,j)$. These attributes are transformed through a learnable embedding matrix $\mathbf{W}_a$ and integrated into the message passing:
\[
h_i^{(t)} = \text{TempConv}(x_i^{(t-L:t)}), \quad
m_{ij} = f_\text{message}(h_i^{(t)}, \mathbf{W}_a \mathbf{a}_{ij})
\]
\[
h_j' = f_\text{update}\left(h_j^{(t)}, \sum_{i \in \mathcal{N}(j)} m_{ij}\right)
\]
where $f_\text{message}$ and $f_\text{update}$ are learnable functions. The nine edge features in $\mathbf{a}_{ij}$ are jointly embedded via $\mathbf{W}_a$ to learn their relative importance. This design enables HydroNet to learn complex spatio-temporal patterns while respecting the physical constraints encoded in pipe attributes.



\section{Evaluation}
We evaluate the predictive modeling capability of our AI-powered sensor network system using the Real World Water (RWW) dataset. Both advanced baseline models and our proposed HydroNet were trained and tested for comparison. The dataset was split into training, validation, and testing sets in a 7:1:2 ratio, with a lookback window of 12 time steps to forecast the subsequent 12 steps. All experiments were conducted on a high-performance server equipped with NVIDIA A6000 GPUs (48 GB VRAM). Early stopping based on validation loss was applied to ensure fair comparison. Table~\ref{tab:rww_results} reports the forecasting performance for water depth and flow rate. HydroNet consistently outperforms baselines across all metrics, demonstrating the effectiveness of edge-attribute-aware message passing in capturing spatiotemporal hydraulic dynamics.

\begin{table*}[h!]
\caption{Performance on the RWW dataset.}
\label{tab:rww_results}
\centering
\small
\setlength{\tabcolsep}{3.5pt}
\renewcommand{\arraystretch}{1.1}
\begin{tabular}{l@{\hspace{4pt}}ccc@{\hspace{10pt}}ccc}
\toprule
& \multicolumn{3}{c}{\textbf{Depth(ft)}} & \multicolumn{3}{c}{\textbf{Flow(cfs)}} \\
\cmidrule(lr){2-4} \cmidrule(lr){5-7}
\textbf{Method} & MAE & RMSE & MAPE & MAE & RMSE & MAPE \\
\midrule
CaST~\citep{xia2024deciphering}       & 0.0186 & 0.0298 & 0.0747 & 0.0077 & 0.0138 & 0.0358 \\
GMAN~\citep{zheng2020gman}            & 0.0186 & 0.0140 & 0.0130 & 0.0168 & 0.0181 & 0.1255 \\
ST-SSL~\citep{ji2023spatio}           & 0.0196 & 0.0230 & 0.0273 & 0.0150 & 0.0322 & 0.1313 \\
STG-MAMBA~\citep{li2024stg}           & 0.0176 & 0.0296 & 0.0120 & 0.0098 & 0.0166 & 0.1373 \\
STGCN~\citep{stgcn}                   & 0.0123 & 0.0324 & 0.0657 & 0.0066 & 0.0158 & 0.0709 \\
\midrule
\textbf{HydroNet}                     & 0.0085 & 0.0178 & 0.0454 & 0.0038 & 0.0094 & 0.0408 \\
\bottomrule
\end{tabular}
\end{table*}



\section{Conclusion}
We introduced an AI-powered monitoring framework for urban underground wastewater pipelines that combines sparse sensing with hydraulic simulations for cost-effective data collection. The collected measurements are modeled by HydroNet, an edge-aware spatiotemporal graph neural network that incorporates pipeline attributes to improve predictive accuracy. Experiments on a real-world campus network show that the framework achieves highly precise flow and depth forecasts, providing strong predictive utility. These forecasts provide a robust foundation for downstream tasks such as anomaly detection, offering a scalable, data-driven solution to enhance urban water infrastructure security. 

\section*{Limitations}

While our approach shows promise, it has several limitations. The system was tested on a campus-scale network, which may not fully represent larger urban environments with more complex topologies or variable conditions. Data collection relied on specific sensors, and performance could vary with different hardware or environmental factors like extreme weather. The models assume accurate pipeline attribute data, which may not always be available or up-to-date in real-world scenarios. Additionally, the high-level focus means that fine-grained optimizations for specific anomaly types are not explored, and further validation on diverse datasets is needed to ensure generalizability.

\section*{Ethics Statement}

This research adheres to ethical standards in AI and environmental engineering. Data collection was conducted on a university campus with proper permissions, ensuring no disruption to operations or privacy concerns, as no personal data was involved. The system's goal of anomaly detection promotes water conservation and environmental protection, aligning with sustainable development objectives. However, we acknowledge potential dual-use risks, such as misuse of sensor data for unauthorized surveillance, and emphasize the need for secure data handling. Bias in modeling could arise from incomplete datasets, so we recommend ongoing audits. Overall, this work aims to benefit society by enhancing infrastructure resilience without compromising ethical principles.
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% \appendix
% \section{Appendices}

% \subsection{Related Work}\label{Related-work}
% \subsubsection{Spatial-temporal Graph Neural Networks (ST-GNN)}\label{sec:ST-GNN}

% GNNs, initially introduced by \cite{gori2005new} and further developed by \cite{scarselli2008graph}, are neural network architecture specifically designed to model dependencies within graph-structured data through the propagation of neighboring node features iteratively. Inspired by the success of convolution neural network (CNN) in structured data analysis, Graph Convolutional Networks (GCNs) were developed to apply convolution operation directly to graph data. Early works mainly focused on spectral graph convolution introduced by \cite{bruna2013spectral}, leveraging eigen-decomposition of the graph Laplacian. However, these spectral methods were found to be computationally inefficient, particularly when applied to large graphs. 

% To address this limitation, \cite{welling2016semi} proposed a simplified GCN framework by introducing a localized first-order approximation of spectral graph convolutions.

% Building upon these foundational developments, Spatial-Temporal Graph Neural Networks (ST-GNNs) have emerged to handle graph data with both spatial and temporal dependencies. Early works, notably Spatio-Temporal Graph Convolutional Network (STGCN), proposed by \cite{stgcn}, integrated graph convolution with gated temporal convolutions resulting in rapid training and enhanced forecasting accuracy in traffic prediction tasks. Likewise, Graph WaveNet, developed by \cite{graphwavenet}, learns spatial relationships adaptively through node embeddings and captures long-term temporal patterns using dilated convolutions. It achieved state-of-the-art results in traffic forecasting tasks. Similarly, to address two common problems in ST-GNNs, the divergence of future conditions from training data and the temporal evolution of spatial connections, Causal Spatio-Temporal Networks (CaST) was proposed \cite{xia2024deciphering}. It employed a causal methodology to effectively distinguish between the stable and dynamic components of the input. Additionally, it utilized a specialized edge-level convolution technique to capture the propagation of changes throughout the system. 

% Beyond deep models, adaptive graph signal processing methods have also been proposed for online spatio-temporal forecasting. For instance, the Graph-Sign algorithm \citep{yan2022adaptive} and its diffusion variant \citep{yan2023fast} provide efficient and robust estimation of time-varying graph signals under impulsive noise, while recent work extends to joint estimation of temporal vertex and edge signals \citep{yan2025adaptive}. These advances highlight complementary directions for robust and adaptive modeling of dynamic graph signals, relevant to infrastructure sensing and anomaly detection.


% \subsubsection{Modeling Hydraulic System with Graphs}

% Traditional physic-based models, based on hydraulic principles, are computationally demanding and often unsuitable for real-time applications or large scale simulations. They require extensive calibration and are limited in handling dynamic or sparse data \cite{zhang2024graph}. Conversely, GNNs offer a data driven alternative that is well suited to networked systems utilizing both topological structure and physical attributes for efficient hydraulic modeling.

% In water distribution systems (WDS), GNNs are adopted for reconstructing nodal pressures~\cite{hajgato2021reconstructing}. With an edge-weighting mechanism, this approach exhibits robust nodal pressure recovery performance, even with limited instrumentation. GNNs are also utilized to integrate water network partitioning and dynamic district-metered areas ~\cite{rong2021graph}. Notably, besides supervised learning, semi-supervised learning is also explored for state estimation in WDS using graph neural networks~\cite{xing2022graph}. GNN-based approaches have showcased effectiveness in optimizing WDS management and responding to emergencies.

% Another line of research combines GNN with recurrent processing units to capture spatial and time-series temporal relations. For example, a Graph Convolutional Recurrent Neural Network (GCRNN)~\cite{zanfei2022graph} is proposed for water demand forecasting, outperforming traditional LSTM models, especially during sensor malfunction conditions. Additionally, Graph Neural Rainfall-Runoff Model (GNRRM)~\cite{xiang2021high} is another GNN based model for high-resolution rainfall-runoff modeling. It enables the use of spatial relations from high-resolution precipitation data, including flow direction and geographic features.

% A specialized ST-GNN, Graph WaveNet~\cite{graphwavenet}, utilizes dilation to condense time-series data before passing it to a GCN, enabling the capture of spatial-temporal dependencies. Its effectiveness has been demonstrated in precise groundwater level forecasting~\cite{bai2023graph} and predicting streamflow in basin-scale river networks~\cite{sun2022graph}. ST-GNNs have demonstrated superior performance in hydraulic modeling compared to traditional methods. However, many of these models fail to leverage critical graph features, such as edge information.


% \subsubsection{Message Passing Neural Networks (MPNNs)}

% MPNNs have been employed in computational chemistry to predict the molecular properties \cite{gilmer2017neural,st2019message, jo2022flexible}. \cite{gilmer2017neural} formulated a common MPNN framework for learning in graph structured data. It consists of two phases: message passing phase over  $T$ time  steps and a readout phase to generate the prediction.

% During message passing, each node $v$ updates its hidden state $h_v^t$  by aggregating the messages from its neighbors.
% $$
% m_v^{t+1} = \sum_{w \in \mathcal{N}(v)} M_t(h_v^t, h_w^t, e_{vw}) 
% $$

% $$
% h_v^{t+1} = U_t(h_v^t, m_v^{t+1}) 
% $$
% where $M_t$ is the  message function, $U_t $ is the update function and $e_{vw}$  denotes the edge features. After $T$ iterations, a readout function $R$  computes the graph level output:
% $$
% \hat{y} = R\left(\{ h_v^T \mid v \in \mathcal{G} \} \right)
% $$
% $M_t$, $U_t$  and $R$ are learnable differential functions.

% The authors  applied this framework to predict quantum chemical properties of molecules in the QM9 \cite{ramakrishnan2014quantum} dataset. They explored several novel MPNN variants, such as different message functions, virtual edges, different readout functions, achieving state-of-the-art results, suggesting it as a flexible and powerful tool \cite{gilmer2017neural}.

% Similarly, a duel branched MPNN architecture combining standard MPNN and a separate MLP branch  for molecular property prediction was proposed \cite{jo2022flexible}. The MPNN captured the interatomic interaction using edge features:  distance and angle while MLP modeled the single-atom features to mitigate over smoothing. 

% Likewise, \cite{st2019message} also implemented MPNN to predict the optoelectronic properties of over 91,000 organic molecules using only 2D molecular structures.  The results showed that the MPNN, trained on 2D structures with discrete nodes (atoms) and edge (bond) features such as bond type, conjugation and atom pairs, demonstrated similar accuracy to that of  models that utilized 3D geometric, thereby significantly reducing the computational cost. The edge features were encoded as learned weight metrics to modulate the message passing process between the atoms.

% These studies highlight importance of edge features, especially in chemistry, where they significantly affect the molecular behavior.  The result showed that MPNNs are well suited for this domain as they allow integration of such edge information into the learning process.

% This concept can be extended to water and wastewater systems, where the hydraulic behavior between the manholes is influenced by not only node properties  but also the  characteristics of connecting pipe. Features like pipe length, slope, material, diameter determine how the flow propagates in the system.  Therefore, by enabling the inclusion of  pipe features, MPNNs offer a powerful and flexible approach to capture the hydraulic dynamics in the sewer system.


% \subsubsection{Recent Major Leak Incidents}

% Recent major leak incidents in the United States highlight these issues: in Houston, Texas, a 96-inch water main break prompted a city-wide boil-water advisory and flooded streets and a major freeway segment~\cite{case15}; in Dallas, Texas, a leak in a treated water pipeline led to an estimated 3.6 million gallons lost, creating swamp-like conditions in a forested area~\cite{case16}; in Tuscaloosa, Alabama, a 275,000-gallon sewer line leak triggered emergency repairs~\cite{case17}; in Atlanta, Georgia, water main issues led to boil advisories in affected neighborhoods, including Buckhead, disrupting homes and businesses~\cite{case18}; in Richmond, Virginia, a winter-storm-related power outage at the water treatment plant caused widespread service loss and a boil-water advisory across the region~\cite{case19}; in Washington, DC, water main breaks shut down a section of Martin Luther King Jr. Avenue SE, closing roads and disrupting local service~\cite{case20}; in Carnelian Bay, California, a sewer spill of tens of thousands of gallons closed beaches, prompted health advisories, and led to an \$850,000 settlement~\cite{case21}; and in Detroit, Michigan, a major water main break affected nearly 400 homes, requiring evacuations and emergency sheltering while causing property and infrastructure disruption~\cite{case22}. Furthermore, Some pipeline anomalies manifest as background leakage—small, diffuse leaks occurring at joints or minor structural defects, which typically remain hidden, undetected by instruments, and unnoticed at the surface until they have polluted the environment, wasted water resources, or gradually undermined adjacent structural integrity. Other incidents are visible leakage, where the leakage becomes apparent to observers. Crucially, many severe visible leaks have their origins in background leakage that has progressively worsened. These cases demonstrate how undetected or slowly addressed leaks can result in widespread service disruptions, environmental contamination, and significant financial burdens, underscoring the urgent need for more accessible and cost-effective detection solutions.
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