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Abstract

Urban wastewater systems are critical infrastructures whose mon-
itoring is complicated by sparse sensing, stochastic inflows, and
complex hydraulic behavior. Physics-based hydraulic models pro-
vide accurate simulations but are computationally demanding and
unsuitable for real-time operation. We adapt a graph neural net-
work surrogate model GATRes to wastewater networks and train it
on synthetic data generated from calibrated hydraulic simulations.
The approach is evaluated on two wastewater systems: a municipal
network in the Netherlands and the open Shunqing stormwater
dataset from China. In the Dutch network, the model achieves esti-
mation errors within 20-50 cm across multiple rainfall scenarios,
which aligns with the precision expected by water domain experts.
Results demonstrate strong overall accuracy under sparse sensing
and across unseen rainfall scenarios, while highlighting challenges
near hydraulic structures such as pumps and outfalls, where errors
are higher but remain within acceptable ranges. These findings
show that GNN surrogates can provide an accurate and scalable
approach for state estimation in wastewater networks, contributing
to monitoring and operational decision-making in smart cities.
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1 Introduction

Access to clean water and sanitation is critical for ensuring health,
food security, livelihoods, industry, gender equality, education, and
environmental sustainability [1]. Yet, the ongoing global water and
sanitation crisis threatens these objectives, as poor water manage-
ment amplifies risks across all aspects of life. According to the
UN, over 80% of wastewater (and up to 95% in some of the least
developed countries) is discharged into the environment without
treatment or reuse [4]. Recognizing the severity of this issue, ac-
cess to clean water and sanitation was established as one of the 17
Sustainable Development Goals (SDGs) in September 2015, target-
ing fair access to safe, high-quality potable water, good sanitation,
and proper hygiene for everyone by 2030 [1]. One key pathway to
achieving this target is the development of efficient urban wastew-
ater systems.

Urban wastewater systems are essential components of smart
cities and critical infrastructures, where reliable monitoring is nec-
essary to reduce risks of flooding, combined sewer overflows, and
infrastructure failure. In smart city contexts, these systems must
operate efficiently under various conditions while maintaining ser-
vice reliability. Yet, despite their importance, water systems are
often inefficient, with 10-40% lost through leaks and only 1.7%
of water being reused, making monitoring and management even
harder [10]. Achieving reliable monitoring remains difficult due to
three main challenges: (i) sensor coverage is sparse because of cost
and maintenance constraints, (ii) inflows are highly stochastic and
vary with weather, and (iii) flow dynamics are shaped by complex
hydraulic interactions involving pumps, weirs, and outfalls. These
challenges make it difficult for operators to obtain a complete and
timely picture of system states such as flood depths and flows, lim-
iting their ability to make informed decisions for infrastructure
management and emergency response.

Physics-based hydraulic modeling platforms such as InfoWorks
Integrated Catchment Modeling (Infoworks ICM) or Storm Water
Management Model (SWMM) are widely used by municipalities to
simulate and manage urban drainage. While they provide accurate
estimations when carefully calibrated, they are computationally
demanding and unsuitable for real-time decision support [7]. This
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creates a gap between the need for scalable monitoring of wastew-
ater networks and the practical limitations of physics-based tools.

Digital Twins (DTs) have been proposed as a promising paradigm
to address such challenges. One way to enable DTs is by coupling
physical systems with data-driven models that support continuous
monitoring, estimation, and control [18]. However, developing DTs
for urban wastewater systems requires reliable and efficient surro-
gate models that can estimate complete network states from sparse
sensor observations in real time.

Data-driven surrogate models have recently emerged as an ef-
ficient alternative. By learning from synthetic or historical data,
surrogates can provide rapid estimates of network-wide states from
limited sensor inputs [7]. Graph neural networks (GNNs) are partic-
ularly suited for this task because wastewater networks are inher-
ently graph-structured, with nodes (e.g., manholes, pumps, outfalls)
connected by links (e.g., pipes, conduits). Prior studies have demon-
strated the effectiveness of GNNs in water distribution systems [11,
16]. In particular, GATRes, a physics-aware graph attention residual
network, has shown strong pressure-estimation performance under
sparse sensing via robust training with random sensor placement
[16]. However, wastewater networks present unique challenges:
they are gravity-driven, subject to stochastic inflows, and prone
to overflow events. These properties make wastewater modeling a
distinct problem that requires dedicated solutions.

In this paper, we adapt the GATRes model to urban wastewater
networks and evaluate it on data generated from calibrated hy-
draulic simulations. This represents the first application of GATRes
to wastewater systems, extending its proven capabilities from water
distribution networks to the distinct challenges of gravity-driven
drainage systems. Our main case study is the Heusden network in
the Netherlands, developed in collaboration with the local munici-
pality. The model is further tested on the open Shunqing stormwater
dataset from Sichuan, China [19], enabling validation across differ-
ent infrastructures and contexts.The contributions of this paper are
as follows:

(1) GNN-based surrogate for wastewater state estimation:
We develop a deployable learning framework for gravity-
driven wastewater systems using the GATRes architecture.
The pipeline introduces (i) a graph-snapshot representa-
tion derived from hydraulic simulations, (ii) an outfall-value
completion step to ensure full graph connectivity, and (iii)
masking-based training to emulate sparse sensing and enable
virtual sensing at non-instrumented nodes.

(2) Expert-validated estimation accuracy: The proposed sur-
rogate achieves estimation errors within 20-50 cm across
multiple rainfall scenarios in the Heusden network. This
range was validated by domain experts as operationally suffi-
cient for decision-making in smart wastewater management.

(3) Generalization across heterogeneous wastewater sys-
tems: We evaluate the approach on two distinct networks,
the Heusden wastewater system (modeled in InfoWorks ICM)
and the Shunqing stormwater system (modeled in SWMM).
Consistent results across differing topologies, flow regimes,
and simulation platforms confirm the model’s robustness
and external validity.
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This work establishes a validated surrogate modeling framework
for state estimation in wastewater systems. By combining physics-
based simulations with graph-based learning, it advances data-
driven digital twins for urban water management.

2 Related Work

Research on digital technologies for smart cities spans transporta-
tion, energy grids, and water distribution networks, with data-
driven models enabling resilient and adaptive monitoring. For
wastewater systems as critical infrastructures, recent approaches
cluster into four directions: (1) simplifying physics-based simula-
tions, (2) leveraging machine learning for predictive analytics, (3)
applying graph-based deep learning to capture network-wide dy-
namics, and (4) integrating Digital Twins (DTs) for decision making.

(1) Physics-Based Surrogates and Hybrid Models: Reducing Cali-
bration Burden. To address the computational cost of detailed urban
drainage simulations, Meirlaen et al. [12] introduced mechanistic
surrogate models, simplified yet physically consistent represen-
tations calibrated on virtual data from high-fidelity simulations.
Likewise, Vaes et al. [17] used non-linear reservoir models, cali-
brated against hydrodynamic references, to assess combined sewer
overflow (CSO) impacts on receiving waters, showing that simpler,
well-calibrated models can outperform highly complex ones when
drivers (e.g., rainfall) are uncertain.

(2) Machine Learning for Rapid Process Estimation: Bridging Data
Gaps. Zhao et al. [20] estimate readily and slowly biodegradable
COD in municipal wastewater using ORP-based features with en-
semble learning, demonstrating accurate surrogate sensing for bi-
ological processes. Inbar et al. [9] develop a generalizable BOD
estimation model across 30 plants using routinely measured water-
quality variables, illustrating how ML can enable real-time control
without explicit mechanistic modeling, though interpretability and
robustness under distribution shifts remain challenges.

(3) Graph-Based Deep Learning: Capturing Network Topology and
Nonlinear Dynamics. Recent work employs Graph Neural Networks
(GNNis) to exploit infrastructure topology. Chen et al. [3] propose
a dynamic attention GCN for early sludge bulking diagnosis, and
Baskar et al. [2] design a node-level capsule GNN for effluent COD
in papermaking wastewater treatment, both focusing on plant-level
subsystems. At the network scale, Li et al. [11] use a gated GNN for
real-time water-quality estimation in water distribution networks
(WDNs) under sparse sensing. Truong et al. [16] address WDN
pressure estimation with a physics-aware GNN and robust ran-
dom sensor-placement training; their approach was tested within a
DT context for a Dutch WDN [6]. In contrast, urban wastewater
(gravity-driven, overflow-prone) remains comparatively underex-
plored at full-network scale.

(4) Digital Twins for Water Infrastructure: Toward Graph-Based
Integration. DT platforms increasingly combine IoT data streams
with Al for forecasting and decision support. Homaei et al. [8] out-
line a DT architecture for water systems that integrates time-series
learners (e.g., LSTM, gradient boosting) to support operational use
cases. Complementarily, Ngo et al. [13] survey how GNNs can
empower DTs by modeling structural dependencies across assets.
Beyond urban drainage, Roudbari et al. [15] couple GNN-based
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ood forecasting with interactive visualization to inform policy
and emergency planning.

Collectively, physics-based surrogates reduce simulation cost
while preserving interpretability; ML bridges sensing gaps for fast
estimation; and GNNs capture spatial dependencies essential for
system-wide modeling. Yet most studies target treatment subsys-
tems or potable WDNs, leaving an opportunity to extend graph-
based surrogates to wastewater networks at city scale.

3 Proposed Pipeline

The overall pipeline architecture and methodology used in this
study, from dataset generation to model design and training, are
shown in Figure 1. The topology of the system (e.g., pipes, man-

holes) alongside static and dynamic parameters such as roughness,

water levels, and in ltration rates, serve as inputs to the pipeline.
These elements are fed into physics-based modeling platforms (e.g.,
InfoWorks ICM, SWMM), comprehensive tools for urban drainage
and water-network modeling [21, 22], which generate a synthetic
dataset designed to span a wide range of the system's hydraulic
behaviors and operational conditions. By covering both typical and
extreme scenarios, this dataset captures the relationships between
inputs and outputs, and the resulting system states in each scenario
are used as independent snapshots for spatial state estimation.

Following the simulation, the dataset is preprocessed to clean,
normalize, and format the data into graph snapshots that represent
the state of the network at di erent timestepg {*)2* """ *3). These
snapshots are used as inputs to a GNN training module, where a
masking strategy is applied to hide certain node values (e.g., water
levels) during training. The GNN learns to infer or reconstruct the
masked values based on the known parts of the graph. The model's
estimations are then compared to the ground truth (clear target),
and the loss is minimized iteratively. The performance is nally
evaluated through model validation, completing the pipeline for
robust and generalizable spatial state estimation in urban water
networks.

4 Implementation on a Use Case

We implement the pipeline on two case studies: (i) the Heusden
wastewater network (The Netherlands), simulated with Infoworks
ICM; and (ii) the Shunging stormwater network (Sichuan, China),
modeled in SWMM using the dataset from [19]. For the Heusden
dataset, we generate synthetic hydraulic states under multiple rain-
fall scenarios and parameter variations. For the Shunging case, we
use the dataset provided in [19], which is based on observed rainfall
events. In both settings, the data are preprocessed into graph snap-
shots for GNN training, with separate train/validation/test splits
and model instances. We then describe the state-estimation GNN,
including inputs, architecture, and training procedure.

4.1 Dataset

4.1.1 Heusden. For the rst dataset, this paper creates a synthetic
yet realistic dataset that captures the dynamic behavior of a wastew-
ater system under varying conditions, enabling robust training
and evaluation of GNN models for water-level estimation using
Infoworks ICM. The wastewater network model is based on the
infrastructure from the Heusden municipality in the Netherlands,
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Table 1: Structural details of the network within Heusden,
the Netherlands.

Nodes Links
Entities Amount Entities Amount
Manholes 873 Pipes 928
Channels 14
Storages 9 Orices !

Pumps 13

Outfalls 12 Weirs 11

Flap Valves 1

Total Nodes 894 Total Links 968

including key elements such as outfalls, manholes, pipes, and pump-
ing stations. The model captures the structural and spatial com-
plexity of a real-world urban drainage system, making it a suitable
basis for testing data-driven estimation methods. The structural
details of the network are summarized in Table 1.

To ensure the dataset captures a wide range of system responses,
we simulate multiple rainfall events following classi cations from
the Dutch technical guidelines, speci cally Rainfall Events #01 to
#10 [14]. These events vary in intensity and duration, allowing us
to assess model performance under di erent hydraulic loading con-
ditions. Additionally, we vary several parameters commonly used
in hydraulic model calibration tasks, as listed in Table 2, follow-
ing guidance from [5]. Other parameters, such as pipe diameters,
slopes, and network connectivity, are con gured in consultation
with domain experts in water engineering.

The simulated outputs consist of water-level values at various
nodes, which serve as the target variables for our state-estimation
model. Data are recorded at 5-minute intervals to capture short-
term variations in water levels. Through the variety of rainfall
events, the dataset includes both normal and extreme system con-
ditions, providing a comprehensive foundation for training and
evaluation.

Although the simulations produce time-series data, each timestep
is treated as an independent system state for model training. Using
di erent rainfall events and the parameter variations listed in Ta-
ble 2, we generate a total of 255 unique InfoWorks ICM simulation
scenarios, resulting in 19,320 di erent snapshots.

To evaluate generalization across hydraulic scenarios, we split
the dataset by rainfall event (bui) index, ensuring each event
is assigned exclusively to either training (9,660 states), validation
(3,864 states), or testing (5,796 states) without any snapshot overlap.

Each rainfall scenario (Bui#01 Bui#10) represents an actual rain
event in The Netherlands characterized by a speci c return period,
which indicates how often an event of that intensity is expected
to occur. Based on standard hydrological classi cations [14], we
assign the following intensity categories:

Low intensity: Bui#01 Bui#04 (0.25 0.5 year return period)
Medium intensity: Bui#05 Bui#06 (1 year)

High intensity: Bui#07 Bui#08 (2 years)

Extreme intensity: Bui#09 Bui#10 (5 and 10 years)
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Figure 1: Proposed pipeline of GNN-based state estimation for Urban Wastewater Digital Twin.

Table 2: Scenarios parameter values.

Parameters Values

Bottom Roughness Ranged between 2.0 mm and 8.0 mm

Top Roughness Ranged between 2.0 mm and 8.0 mm
Discharge Coe cient Ranged between 0.2 and 2.0

Initial In Itration Ranged between 2 mm/h and 20 mm/h

The parameter ranges in Table 2 were de ned in consultation with
water engineering experts to ensure hydraulically realistic condi-
tions. Using this classi cation, we de ne our data split as follows:

Training: Bui#01 (low), Bui#03 (low), Bui#05 (medium),
Bui#07 (high), Bui#09 (extreme)

Validation: Bui#04 (low), Bui#06 (medium)

Testing: Bui#02 (low), Bui#08 (high), Bui#10 (extreme)

This split provides a balanced representation of rainfall intensities
across all subsets while maintaining strict separation between sce-
narios, allowing us to test how well the model generalizes to unseen
hydraulic conditions.

Table 3: Structural details of the network within Shunqing,
China.

Nodes Links
Entities Amount Entities Amount
Junctions 105 Conduits 131
Outfalls 8
Total Nodes 113 Total Links 131

the region's climate. The Shunging scenarios are based entirely on
these observed rainfall events, with the SWMM model parameters
held constant. This approach allows for evaluating the model's
performance against realistic, historically recorded conditions. The
SWMM simulations were run at a high temporal resolution, with
hydraulic states recorded every 1 minute. The target variable for the
model is the nodal ood volume (measured in m3), which represents
the volume of water exceeding the capacity of a given node at each
timestep. This high-resolution data allows for a detailed analysis of
the system's dynamic ooding behavior. From these simulations, a

4.1.2 Shunging. For the second case study, this paper uses a reablomprehensive dataset of 10,522,560 hydraulic snapshots was gen-

world urban drainage network from the Shunging districtin Sichuan
Province, China, to validate the GNN-based hydraulic estimation
model under authentic operational conditions [19]. The network
is modeled in the SWMM, a widely used physics-based simula-
tor for urban drainage systems. The model accurately represents
the city's stormwater infrastructure, with structural details pro-
vided in Table 3. This established model provides a high- delity
environment for generating realistic hydraulic data. The dataset
is generated by simulating the network's response to 148 distinct,
real-world rainfall events monitored on-site. These events vary
signi cantly in duration, ranging from 6 to 24 hours, and capture

a wide spectrum of meteorological conditions representative of

erated. A key characteristic of this real-world dataset is its sparsity;
only 21% of the snapshots (2,186,206) correspond to active ooding
events (i.e., non-zero ood volumes), making the estimation task
more challenging and realistic. To ensure a robust evaluation of
the model's generalization capabilities, the 148 rainfall events were
chronologically split into training, validation, and testing sets. The
rst 70% of the events were allocated for training, the next 15% for
validation, and the nal 15% for testing. This chronological split
ensures that the model is evaluated on its ability to estimate un-
seen events, which is critical for real-world deployment. Unlike
the Heusden dataset, the Shunging dataset is based on observed
rainfall events rather than systematic parameter exploration.
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4.2 Pre-processing channels. Node values represent observed or unobserved hydraulic

Simulation exports are handled per dataset: the Heusden model States (ood depth for Heusden, cumulative volume for Shunqing).
produced by InfoWorks ICM [21, 22] and the Shunging model pro-
duced by SWMM [19] are each transformed into graph snapshots
for separate GNN training. In both cases, every record in the ex-
port corresponds to the hydraulic state of one network element at
a single timestep. We apply two preprocessing steps, with minor
dataset-speci ¢ adjustments where needed.

Learning setup and masking. To emulate sparse sensing, a xed
subset of node¥ ops + is randomly chosen as sensors, and their
values are provided as input. The model is trained to estimate the
states of all other nodeR; 2 + n Vops. A xXed masking strategy
ensures consistency across timesteps within each scenario. Train-
ing minimizes the mean absolute error between estimated and

Outfall-level imputation. For the Heusden dataset, Infoworks ICM simulated values.
does not compute valid values for the water level at outfall nodes, This setup trains and evaluates the surrogate separately on each
which appear adNaNor negative entries. To avoid disconnecting  dataset under the same masking protocol and loss, enabling a con-
parts of the graph, missing values are completed usingreearest- sistent comparison across simulation frameworks and targets and
neighbor ( = 5) imputation based on nearby nodes, and a binary an assessment of robustness under sparse sensing.
mask is retained to mark imputed entries. The Shunging dataset, in
contrast, provides complete hydraulic states directly from SWMM 5 Results

simulations and does not require this step. . . . .
g P For both datasets explained in Section 4, we apply the same train-

Feature normalisation. For Heusden, the target is ood depth, ing/validation protocol, sensor-availability settings (10 40% of nodes

which accounts for terrain elevation. It is computed as follow: observed), and evaluation metrics (MAE, RMSE). Each dataset is
trained and assessed independently with its own model instance.
FloodDepth!C® = Level!C° FloodLevel” @) All experiments are conducted using the same reproducible con-

guration: GATRes models with either small (15 blocks, 64 hidden
channels, 300K parameters) or medium (20 blocks, 128 hidden
channels, 500K parameters) architectures, trained with the Adam
optimizer (learning rate 1 103, weight decay 1 10°), batch
sizes of 4 8 depending on network size, for up to 500 epochs with
early stopping (patience of 50 epochs, minimum delta 10°).
Training is performed on GPU-enabled nodes (NVIDIA A100) using
PyTorch 2.1.2 with CUDA 12.1.1. Data is split into 70% training,
15% validation, and 15% test sets, with node features normalized
using StandardScaler (Z-score normalization) with statistics com-
puted on the training set only. The random seed is xed to 42 for
reproducibility across all experiments.

We report three complementary views: (i) performance as sensor
availability decreases, (ii) spatial distribution of errors, and (iii)
ability to reproduce hydraulic dynamics.

For Shunqing, the target variable is cumulative ood volume

as provided in the dataset [19]. For both datasets, values are stan-
dardised to zero mean and unit variance using statistics from the
training split only, which are reused during validation and testing

to avoid leakage.

Terminology (Stormwater vs. Wastewater). In urban drainage, we
distinguish (i) stormwater networks that convey rainfall runo
from streets and roofs to receiving waters, with intermittent, event-
driven ows; (ii) wastewater (sanitary) networks that convey domes-
tic/industrial sewage to treatment, with continuous diurnal ows;
and (i) combined systems that carry both. In this paper, the Shun-
ging case is a stormwater drainage model (runo only), whereas the
Heusden case is an combined wastewater and stormwater drainage
system with wet-weather response. Both are gravity-driven pipe
networks; the di ering hydraulics motivate our distinct targets
(ood volume vs. water level) and help interpret spatial error pat- 5.1 E ect of Sensor Availability

terns near control structures. Heusden (water level, m). We investigate the MAE achieved by
the GatRes model across di erent sensor coverage levels, as shown
4.3 Methodology in Figure 3. Under a 70% masking rate, corresponding to 30% sensor

This study adapts the GATRes model [16], Origina”y deve|oped availability, the model achieves a low MAE of 0.1059 meters. Figure
for water distribution networks, to wastewater and stormwater 3 also illustrates the performance degradation as sensor coverage
systems. GATRes was selected because prior work [16] shows that decreases. However, even with only 10% sensor availability, the
it achieves state-of-the-art performance compared to several alter- model achieves a mean absolute error of 0.1753 meters (17.53 cen-
native GNN architectures on water distribution networks: since timeters) across all masked nodes, which remains low and within
urban drainage networks share similar sparse, graph-structured the acceptable range de ned by water engineering experts.
topologies and hydraulic dependencies, we assume that the same ) )
inductive biases will transfer well. We use GATRes as a surrogate  Snunding (ood volume, A Under 70% masking (30% sensors),
learning framework, focusing on its applicability to multiple urban ~ the model achieves an MAE of453 n? and an RMSE of'245 n?
drainage systems. For architectural details, we refer readers to the (Table 4). Given observed ood volumes up to 1WI? with a
original paper. mean _of 2m8 m’” the MAE corresponds to 2'2% of the mean event
magnitude. Figure 2 shows that performance decreases gradually
Graph representation. Each network is represented as a directedas sensor availability is reduced from 40% to 10%; even with only
graph = 4+ ©  where nodes correspond to manholes, pumps, 10% of sensors, the MAE remains modest (€7§19n%) relative to
or outfalls, and edges to physical links such as pipes, conduits, or typical event sizes.
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Shunging. At the same 30% coverage, node-level errors are well
contained and more uniformly distributed across the network (Fig-
ure 5). This pattern re ects the smaller stormwater network and the
volume-based target, while still illustrating the surrogate's ability
to interpolate across sparsely sensed areas.

5.3 Hydraulic Dynamics

Heusden. Figure 6 compares GNN's-perestep estimation with
Infoworks ICM simulation results at two representative nodes. Fig-
ure 6(a) shows that the GNN is able to estimate the increase and
decrease of water level indicating that the GNN model able to learn
well from the existing sensor data. However, the node nears the
ow-altering structures, Figure 6(b), shows a signi cant di erence
especially on a high water level conditions. This result indicates that

Figure 2: Impact of sensor coverage on MAE for the Shunging our GNN model are still not be able to fully capture the changing
network. dynamics around complex hydraulic structures.

Shunging. In the everdriven stormwater setting, the target
is cumulative ood volume per timestep and per node. The low
MAE/RMSE in Table 4, together with the bounded spatial errors in
Figure 5, indicate accurate magnitude estimates across 148 rainfall
events with diverse durations and intensities.

Summary. Across two networks, target variables (level vs. vol-
ume), and senseavailability settings, the surrogate yields accurate,
spatially coherent sequences of peimestep estimates from sparse
observations, providing a practical basis ra&he monitoring needs
in urban drainage.

6 Discussion

The experiments highlight the value of graph neural networks as

surrogates for wastewater digital twins. Four themes emerge: cal-

ibration and learning challenges, behavior under extreme versus

routine conditions, applicability across di erent network archi-
Figure 3: Impact of sensor coverage on MAE for the Heusden tectures and simulation frameworks, and broader implications for
network. smart infrastructures.

6.1 Implications for Calibration and Learning

Table 4: Performance of GATRes on the Shunging dataset The results reveal important insights for calibration and learning
(70% masking). in wastewater digital twins. Estimation accuracy is not uniform
across the network, with errors clustering near pumps, weirs, and
— 3 outfalls. This pattern re ects localized nonlinear dynamics and the
Sensor Availability MAE (m %) RMSE (%) limited in uence of sparse sensors on complex hydraulic structures.
30% (70% masking) 0.453 2.145 The spatial error distribution suggests that calibration strategies for
wastewater DTs should explicitly incorporate hydraulic structures
and ow paths when retraining or adapting models, potentially
requiring weighted loss functions or targeted training-data aug-
. L. . mentation near critical infrastructure elements.
5.2 Spatial Distribution of Errors The learning process bene ts from the graph structure's ability
Heusden. With 30% sensor coverage (268 sensors out of 8940 propagate information across the network topology. However,
nodes), most nodes show low MAE values (Figure 4), ranging from the concentration of errors near control structures indicates that the
0.0162 to 0.3554 meters. This indicates that the GNN model can e ec- current approach may need additional training diversity or special-
tively capture the relationships between connected nodes. However, ized attention mechanisms to better capture the nonlinear behavior
closerinspection of the areas with higher errors reveals that they are  at these locations. Future work could explore adaptive masking
concentrated near hydraulic control elements (e.g., pumps, weirs) strategies that provide more training exposure to challenging re-
and outfalls, where nonlinear behavior due to the ow-altering  gions. In addition, extending GATRes to a heterogeneous variant
e ects of these components. that explicitly models di erent node and edge types (e.g., pumps,
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