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Abstract

Water Distribution Networks (WDNs) are vital for urban sustainability, but
monitoring them is challenging due to sparse sensors and complex hydraulics.
While traditional models handle forward problems well, reconstructing network
states from limited measurements (the inverse problem) is less developed. Current
machine learning methods often overlook physical laws. We introduce a novel
framework that integrates hydraulic principles directly into the graph structure
of a Graph Neural Network (GNN), enabling accurate reconstruction of nodal
pressures from sparse data. Our approach includes a Dirichlet-based method
for generating realistic demand and leakage scenarios and a new benchmarking
protocol tailored to operational needs. Experiments on standard benchmarks
demonstrate superior performance with fewer sensors compared to conventional
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GNNs, and our evaluation framework links model errors to network characteristics,
providing actionable insights for deployment. This physics-infused GNN paradigm
advances WDN monitoring and leak detection.

1 Introduction

WDN s are critical urban infrastructures that supply clean water through interconnected pipes, pumps,
and valves [[1]. Essential for public health and urban resilience, WDNSs face challenges from aging
infrastructure, water scarcity, and rising maintenance costs [2]]. Efficient monitoring for anomaly
detection (e.g., leaks) and maintenance is vital but difficult due to limited sensor deployment,
complicating real-time system understanding.

Operational tasks like pressure monitoring and leak detection rely on hydraulic modeling. Traditional
models like EPANET [3] solve the forward problem, computing pressures from known inputs, but
practical monitoring requires solving the inverse problem: inferring network states from sparse
measurements. This underdetermined problem challenges traditional optimization-based methods,
which are computationally intensive, require manual recalibration, and are sensitive to noise [4].
GNNs leverage WDNs’ graph structure for modeling [5]], but Physics-Informed Neural Networks
(PINNSs) focus on forward problems and face computational inefficiencies [6]. A gap exists in
applying physics-informed methods to the inverse problem efficiently.

We propose a physics-infused GNN framework that embeds hydraulic laws into the graph structure,
enabling accurate pressure reconstruction from sparse sensors. Our contributions include:

* A graph structure embedding hydraulic principles for GNNs.

* A method to transform heterogeneous WDN graphs for GNN compatibility.

* A benchmark suite for evaluating pressure reconstruction with sparse sensors.
* Superior performance over conventional GNNs with fewer sensors.

* A problem formulation aligned with operational needs for practical deployment.

Within the physics-driven machine learning literature, the term physics-informed typically refers
to neural models that enforce physical constraints by introducing governing equations—such as
conservation laws—directly in the loss function [[7} |6]. In contrast, our use of physics-infused
specifically denotes the embedding of hydraulic principles into the graph structure and feature
space itself, rather than through the learning objective. This allows the GNN to encode network
physics natively in its topology and message passing, distinguishing our approach from existing
physics-informed GNNs and preventing ambiguity in terminology.

This work advances WDN monitoring and supports sustainable urban infrastructure management.

2 Related Work

GNN applications in WDNSs address two key problems:

1- State estimation involves computing complete hydraulic states from known inputs. Traditional
hydraulic models require calibration and are computationally intensive. GNN-based metamodels
have emerged as faster alternatives [18, |9} [10], with physics-informed approaches showing particular
promise. Physics-informed GNNs embed hydraulic laws into learning, achieving faster computation
than simulators like EPANET while maintaining accuracy and robustness to varying demands [6].

2- State prediction (inverse problem) infers network states from sparse measurements, a critical
challenge for urban water monitoring. Traditional optimization-based methods face computational
bottlenecks and calibration issues. Recent GNN approaches include pressure reconstruction [11}112]],
leak detection [[13| [14], and sensor placement [15} [16]. However, among few studies that have
explored GNN-based pressure reconstruction, the explicit integration of governing physical laws
remains largely absent. Furthermore, while robust benchmarks exist for state estimation (forward
problem), appropriate benchmarking for the inverse problem is still lacking.



3 Methodology

WDNs

are modeled as undirected graphs G = (V, E), where nodes V' represent junctions, reservoirs,

and tanks, and edges F represent pipes with hydraulic attributes (e.g., length, diameter, roughness) [6]].
The physical behavior of WDNSs is governed by conservation of mass and energy, ensuring consistent
pressure and flow dynamics across the network.

Problem Definition: We address the inverse problem of reconstructing nodal pressures in a WDN
from sparse sensor measurements, given known reservoir pressures and pipe attributes, but unknown
consumer demands. This task is crucial for operational applications like leak detection and network
control under limited sensor coverage. Our approach introduces three key innovations:

* Realistic Demand and Leakage Modeling: Unlike prior works using simplistic Gaussian
noise, we model demand and leakage under night flow conditions, where leaks dominate
due to low consumer demand, using a Dirichlet-based scenario generator to simulate diverse,
realistic patterns (Appendix B).

* Systematic Sensor Placement: We propose the Conceptual Ranking Method (CRM) for
efficient sensor placement, prioritizing nodes based on their sensitivity to leaks and network
dynamics, outperforming random or optimization-based methods (Appendix [A).

* Physics-Infused Graph Structure: We embed hydraulic laws directly into the graph
topology and edge weights, enabling a GNN to learn physically consistent pressure
relationships, enhancing accuracy and interpretability.

3.1 Physics-Infused Graph Construction

Our no

vel graph construction pipeline, illustrated in Figure T|using the Kadu benchmark, transforms

a WDN into a physics-infused representation through five steps:

1.

Network Import: We import the WDN model using WNTR [17], computing edge weights
as hydraulic resistance f - L/D, where f is the friction factor, L is pipe length, and D is
diameter. This encoding ensures that the graph represents the hydraulic resistance of each
pipe, directly linking the edge attributes to the physical principles governing pressure loss.

2. Directed Graph Construction: We convert the undirected graph G into a directed graph

G’ = (V, E’) by simulating diverse demand scenarios (e.g., 1,000 realizations). Primary
pipes, with consistent flow direction, are assigned single directed edges, while secondary
pipes, with variable flow, are represented by bidirectional edges (Figure[Tal).

3. Sensor Placement via CRM: Our CRM ranks nodes by their sensitivity to leak magnitude

and hydraulic changes, ensuring uniform sensor distribution for robust monitoring
(Appendix [A). This computationally efficient method enhances diagnostic capability
compared to prior approaches [[15]].

4. Measurement Integration: We connect measurement points to all nodes via shortest

hydraulic paths, with weights reflecting cumulative resistance, propagating sensor data
effectively across the network (Figure [Tb).

5. Node Feature Assignment: Sensor nodes are assigned observed pressures, while

unmeasured nodes receive features as weighted averages of sensor pressures, computed using
hydraulic path weights. By incorporating a pressure feature that captures both the physical
relationships between nodes and the influence of sensor locations, our method provides
the GNN with richer, physics-informed input. Importantly, this formulation transforms the
original heterogeneous graph-with distinct node types (consumer junctions and sensors) and
edge types (pipes, weighted paths)-into a homogeneous graph structure. This conversion
eliminates the need for specialized heterogeneous message passing layers, which can
complicate the implementation of edge weights and increase model complexity [14].

3.2 GNN for Pressure Reconstruction

We develop a Graph Convolutional Network (GCN) operating on the physics-infused graph G’. The

model

uses three GCN layers with residual connections and batch normalization to predict nodal

pressures, leveraging the embedded hydraulic laws for accuracy. We train with a combined mean



squared error and Huber loss for robustness, using the Adam optimizer with a learning rate scheduler.
This approach achieves superior pressure reconstruction with fewer sensors, supporting operational
tasks like leak detection.
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Figure 1: The data generation and graph construction pipeline. (a) Primary and secondary (red) pipes
in the benchmark network. (b) 3D visualization of measurement points and connections.

4 Experiments

We evaluate our physics-infused GNN framework across eight benchmark WDNs: Alpervoits,
Anytown, Baghmalek, BAK, Hanoi, Kadu, Modena, and Zhi Jiang. These span diverse scales for
comprehensive assessment. Details on network structures and sensor placements are in Appendix [D]
Datasets are available in Supplementary Materials.

4.1 Data Generation and Baseline

Data generation emphasizes midnight flow conditions, where flat gradients challenge inverse
reconstruction but enhance leak detectability. We use Dirichlet-based allocation for realistic,
simultaneous anomalies across junctions (details in Appendix [B). Each network yields 10,000
scenarios (60/20/20 split). The baseline is a standard GNN without physics-infused structure, trained
identically for fair comparison.

4.2 Evaluation Metrics and Benchmarking

We use regression metrics like MAE, NMAE, MAPE, and thresholded accuracy (formulas in
Appendix [C). Our task-oriented protocol specifies accuracy thresholds (e.g., MAE < 0.5m, Acc@2%
> 90%) and reports minimal sensors needed, aligning with operational needs.

4.3 Results and Discussion

Table[T]and [A-T]in Appendix [E]compare our PhyInGNN with a standard GNN across eight benchmark
WDNs under varying sensor masking ratios. PhyInGNN consistently outperforms the baseline,
achieving significantly lower MAE (e.g., 0.250 m vs. 6.440 m on Anytown at 90% masking) and
higher Acc@2% (e.g., 0.986 vs. 0.274), critical for operational tasks like leak detection. This
advantage persists at high masking ratios, demonstrating robustness due to physics-informed graph
structures embedding hydraulic principles. Compared to prior GNN-based pressure reconstruction
studies, PhyInGNN excels: it achieves MAPE of 0.1-2.0% with a single sensor, versus 5% at a 5%
sensor ratio in [[L1], and surpasses 87% accuracy at 10% error in [12] with over 90% at a stricter 2%
threshold [12]. Our task-oriented benchmarking protocol, requiring MAE < 0.5 m and Acc@2% >
90%, aligns with real-world needs, optimizing sensor placement for cost-effective monitoring.



Table 1: Performance comparison for eight benchmark WDNSs.

Network Model Mask Ratio MAE (m) Acc02 Network Model Mask Ratio MAE (m) Acc02
Alprovits  GNN 71.4% 0.360 0.905 Baghmalek  GNN 97.3% 1.230 0.413
PhyInGNN 71.4% 0.070 1.000 PhyInGNN 97.3% 0.320 0.905
Anytown  GNN 90.0% 6.440 0.274 Kadu GNN 84.0% 0.650 0.950
PhyInGNN 90.0% 0.250 0.986 PhyInGNN 84.0% 0.110 0.999
BAK GNN 88.6% 0.440 0.962 Modena GNN 97.0% 1.080 0.626
PhyInGNN 88.6% 0.230 0.984 PhyInGNN 97.0% 0.190 0.988
Hanoi GNN 90.6% 0.500 0.972 ZhiJiang GNN 96.5% 1.080 0.626
PhyInGNN 90.6% 0.100 0.998 PhyInGNN 96.5% 0.190 0.988

To assess the contribution of each architectural and methodological component of our physics-infused
framework, we conducted a detailed ablation study on the Kadu benchmark with two optimally
placed sensors. We systematically varied the inclusion of physics-based edge weights, residual
connections, GNN depth, measurement site selection, batch normalization, and dropout. Results
demonstrate that each element, especially the physics-based edge weights and sensor placement by
CRM, measurably improves predictive accuracy and robustness in sparse-sensing regimes. Removing
any of these components led to increases in MAE, NMAE, and a reduction in R2. For example,
omitting physics-based edge weights increased MAE from 0.14 to 0.17 m and reduced R? from
0.982 to 0.976. A full quantitative breakdown of all configurations is provided as Table[A.2]in the
Appendix.

To conclude, PhyInGNN enables efficient leak detection by identifying pressure anomalies,
streamlining rehabilitation planning, and delivering significant cost savings for water authorities. Its
framework, applicable to gas and electricity networks governed by Kirchhoff’s laws, advances smart
infrastructure management. Visual Rz maps reveal error patterns tied to network topology, guiding
sensor deployment (Appendix [E)). Future work includes real-world validation and incorporating
additional physical laws such as conservation of mass.

5 Conclusion

This work introduced a novel physics-infused GNN framework for pressure monitoring in WDNSs,
addressing critical challenges at the intersection of hydraulic modeling, machine learning, and
practical utility. By embedding physical laws directly into the graph structure and grounding the
problem formulation in real-world operational requirements, our approach achieves superior accuracy
with minimal sensor coverage compared to conventional GNN method. Extensive experiments
on diverse benchmark networks demonstrate the robustness and scalability of our method, while
the proposed benchmarking protocol ensures that model evaluation remains closely aligned with
industry needs and downstream tasks. Beyond advancing the state of the art in WDN monitoring,
our findings highlight the importance of problem-driven research and the integration of domain
knowledge into machine learning architectures, paving the way for more reliable, interpretable, and
impactful solutions in smart infrastructure management.
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Appendix

A Conceptual Ranking Method (CRM) for Measurement Site Selection

The Conceptual Ranking Method (CRM) is a computationally efficient approach for optimal sensor placement
in water distribution networks. CRM prioritizes candidate measurement nodes based on their sensitivity ranks to
key decision variables (e.g., leak parameters, pipe friction factors), rather than absolute sensitivity values. This
rank-based approach mitigates the influence of extreme sensitivities and promotes a uniform spatial distribution
of sensors.

Pseudocode for CRM:

1. Compute the sensitivity matrices S (to leak areas) and S7 (to pipe friction factors) for all candidate
nodes.

2. For each row (parameter) in S® and S7, rank the candidate nodes by sensitivity (most sensitive gets
rank 1).

3. For each node, sum its ranks across all parameters to obtain Sum, and Sumy.
4. Select the node with the lowest total rank (highest priority) as the next measurement site.

5. Remove all rows (parameters) from the rank matrices for which this node had rank 1 (i.e., is most
sensitive).

6. If any parameters remain uncovered, repeat steps 3—5; otherwise, stop.

7. Return the ordered list of selected measurement sites.
CRM Pseudocode (compact form):

Input: Sensitivity matrices S~a (leak), S°f (friction), candidate nodes
OQutput: Ordered list of measurement sites

1. For each parameter in S~a and S~f, rank nodes by sensitivity (rank 1 = most sensitive)
2. While uncovered parameters remain:

a. For each node, sum ranks across all parameters (Sum_a, Sum_f)

b. Select node j* with lowest total rank

c. Add j* to measurement site list

d. Remove parameters for which node j* has rank 1
3. Return ordered measurement site list

Notes:

* CRM avoids mathematical programming or iterative optimization, reducing computational complexity.

* For frequency-domain analysis, CRM can be adapted to rank nodes by sensitivity in the frequency
response diagram.

¢ Nodes selected earlier have higher diagnostic priority.

B Mathematical Details of Dirichlet-Based Scenario Generation

Our data generation process is designed to rigorously benchmark inverse pressure reconstruction in WDNs, with
a particular focus on the operationally critical midnight flow regime. During these low-demand hours, legitimate
consumption is minimal and system pressure is high, creating quasi-steady-state conditions that amplify the
hydraulic signature of leaks. However, this regime also introduces significant numerical challenges: the hydraulic
gradient across the network flattens, making pressure less sensitive to local withdrawals and rendering the inverse
problem highly ill-posed. As a result, traditional solvers often converge poorly or yield non-unique solutions,
especially in large-scale or looped networks. In contrast, peak demand periods feature more pronounced
hydraulic gradients and improved pressure observability, but the dynamic and heterogeneous nature of legitimate
consumption blurs the distinction between leaks and normal usage. This trade-off underscores the strategic
importance of midnight flow-based analysis for robust and interpretable leakage detection.

To realistically capture the unpredictability of leaks and demand anomalies under these challenging conditions,
we employ a principled scenario generation approach based on the Dirichlet distribution. For each scenario,
the total extra demand, representing the aggregate of all possible leaks and anomalies, is allocated across all
junctions using a uniform Dirichlet distribution. This enables simulation of multiple, simultaneous anomalies of
arbitrary size and location, exposing the model to a broad and physically plausible range of hydraulic conditions.



Statistical testing confirms the uniformity and robustness of this allocation. For each benchmark network, we
generate 10,000 scenarios, split into training (60%), validation (20%), and test (20%) sets. This domain-informed
and physically grounded data generation strategy is essential for developing and evaluating inverse methods that
are robust to the ill-posedness and operational realities of real-world WDNSs.

Let n denote the number of junctions in the network. For each scenario, we allocate a total extra demand diotal
across the n junctions. The allocation vector p = (p1, . .., pn) is sampled from a Dirichlet distribution with
parameter vector o« = 1,:

p ~ Dirichlet(1,)

The Dirichlet distribution Dirichlet(ex) is defined over the (n — 1)-dimensional simplex:

z; >0, imizl}

=1

A= {() e

with probability density function

a;—1

i=1

where B(a) is the multivariate Beta function. Setting c; = 1 for all ¢ yields a uniform distribution over the
simplex, ensuring that every possible partition of di,i among the junctions is equally likely.

The extra demand at each junction is then given by:
dexlra,i =Pi- dotal

To verity the uniformity of our demand generation, we performed statistical tests over nsm scenarios. The
average extra demand per junction approaches %, and the minimum and maximum demands reflect the
expected spread of the Dirichlet distribution:

dtolal . .
avg_demand = —, min_demand = min dexira,i, max_demand = max dexira,i
n K3 [3

As ngm increases, the empirical distribution of extra demands converges to the theoretical uniform distribution
over the simplex.

C Evaluation Metric Formulas

We report standard regression metrics including mean absolute error (MAE), root mean squared error (RMSE),
mean absolute percentage error (MAPE), and R?. In addition, we focus on several case-specific metrics that are
particularly relevant for pressure monitoring in WDN:

Thresholded Accuracy. We report the proportion of nodes where the predicted pressure deviates from the
true value by less than a specified percentage threshold. To facilitate both benchmarking and operational
relevance, we consider two thresholds: 0.1 (enabling comparison with existing literature) and 0.05 (reflecting
practical requirements for downstream tasks such as leak detection and control). This metric directly captures
the operational reliability of the model under real-world accuracy constraints.

Maximum Percentage Error (MaxPE). MaxPE quantifies the largest relative error observed among all nodes
in a scenario. This is especially important for leak scenarios, where pressures near leakage points can deviate
substantially from normal conditions. Accurate prediction of these extremes is crucial for reliable leak detection
and network safety.

Normalized Mean Absolute Error by Pressure Range (NMAE). To enable fair comparison across WDNs
with varying pressure ranges and topographies, we introduce a normalized mean absolute error metric. NMAE
computes the mean absolute error normalized by the range of predicted pressures (i.e., the difference between
the maximum and minimum predicted pressure values). This scale-invariant metric is especially useful when
comparing performance between flat networks (with little pressure variation) and networks with significant
elevation differences.

Mean Absolute Error (MAE):
N
1
MAE = — T ArL‘
~ ; lyi — il
Root Mean Squared Error (RMSE):

RMSE = (yz - yi)Q
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Mean Absolute Percentage Error (MAPE):

100 ¢ y i
Coefficient of determination (R?):
N
R2 —-1— Z’L:l( )2
21:1( -y)?
Thresholded Accuracy:
N
Acc(@ipresn) = Z (lys = 9i] < Otnwesh - |yil)

Maximum Percentage Error (MaxPE):

MaxPE = max (% x 100)
Yi

k3

Normalized Mean Absolute Error by Pressure Range (NMAE):
Lo~ l5i— il
NMAE = — R LA N
N ; max; gj — minj Qj

where N is the number of predictions, y; and g; are the true and predicted values, 4 is the mean of the true
values, and I(+) is the indicator function.



D Case Studies: Benchmark Networks, Sensor Placement, and
Reconstruction Results

For each benchmark network, we present (a) the base graph topology with optimal sensor placement and (b) the
spatial distribution of R? scores for nodal pressure reconstruction using our physics-infused GNN.
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E Comprehensive Benchmark Results

This appendix provides the complete quantitative results for all evaluated models across the eight benchmark
water distribution networks. The table below reports detailed performance metrics for both the standard GNN
and the proposed physics-infused GNN (PhyInGNN) under various sensor configurations.

F Ablation Studies

Interpretation. The ablation results demonstrate that each component of our framework is critical for robust
and accurate pressure reconstruction under sparse sensing:

+ Physics-based edge weights: Removing them increases MAE and reduces R?, confirming the value
of embedding hydraulic knowledge in the graph.

* Residual connections and GNN depth: Excluding residuals or using fewer layers significantly
degrades performance, highlighting their necessity for stable and expressive learning.

* Measurement site selection: Randomizing sensor placement nearly doubles the error, underlining the
importance of systematic, physically informed sensor selection.

* Batch normalization and dropout: Removing normalization or dropout leads to substantial
performance drops, showing their role in generalization and training stability.

Overall, the full model achieves the best or near-best results across all metrics, validating the synergistic effect

of combining physics-based graph construction, architectural innovations, and principled measurement design
for the inverse problem in WDNSs.
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Table A.2: Ablation study on the Kadu network with two sensors. Best results in bold.

Configuration MAE NMAE MAPE MaxPE Acc@10% Acc@5% Acc@2% R?

Full Model 0.140 0.0052 0.0015 0.0527 1.000 1.000 0.999 0.982
No edge weights 0.169 0.0063 0.0018 0.0536 1.000 0.9999 0.998 0.976
No residual connection 0.388 0.0144 0.0040 0.0538 1.000 0.9999 0.991 0.898
Random measurement site  0.312 0.0116 0.0032 0.0670 1.000 0.9998 0.995 0.934
2 GNN layers 0.180 0.0067 0.0019 0.0536 1.000 1.000 0999 0.975
1 GNN layer 0.422 0.0156 0.0044 0.0543 1.000 0.9999 0.988  0.881
No batch normalization 0.710 0.0263 0.0074 0.0576 1.000 0.9998 0.954  0.703
No dropout 0.421 0.0156 0.0044 0.0539 1.000 0.9999 0.986  0.878
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