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Abstract

Drinking water is a vital resource for humanity,
and thus, Water Distribution Networks (WDNs) are
considered critical infrastructures in modern soci-
eties. The operation of WDNs is subject to diverse
challenges such as water leakages and contamina-
tion, cyber/physical attacks, high energy consump-
tion during pump operation, etc. With model-based
methods reaching their limits due to various uncer-
tainty sources, AI methods offer promising solu-
tions to those challenges. In this work, we intro-
duce a Python toolbox for complex scenario model-
ing & generation such that AI researchers can eas-
ily access challenging problems from the drinking
water domain. Besides providing a high-level inter-
face for the easy generation of hydraulic and water
quality scenario data, it also provides easy access
to popular event detection benchmarks and an en-
vironment for developing control algorithms.

1 Introduction
The operation of Water Distribution Networks (WDNs) aims
to ensure a reliable supply of drinking water, which is vital
for modern societies. WDNs are typically modeled as graphs
where the nodes (i.e. junctions) correspond to consumer de-
mands (e.g. households consuming water) and the edges cor-
respond to pipes. Hydraulic models are used to model wa-
ter flow and pressure in the network, considering water con-
sumption and operation of pumps and valves. Moreover, wa-
ter quality is modeled using partial differential equations de-
scribing the chemical reaction and transport of different sub-
stances through the network. The schematics of a WDN are
illustrated in Figure 1. In practice, WDNs are operated and
monitored by humans, which are supported by software, such
as basic control algorithms and event detectors, relying on a
few sensors in the WDN. However, given the rapid growth of
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Figure 1: Illustration of the L-Town [Vrachimis et al., 2022] Water
Distribution Network together with the flow at pipe ”p227”.

urban areas, WDNs are becoming more complex, and mod-
eling uncertainties prevent their efficient operation. Besides
classic event detection and isolation (e.g. leakage detection),
control tasks such as pump scheduling, as well as model-
ing/prediction/forecasting of water quality states in WDNs
are becoming more challenging. Climate change and rapid
population growth significantly affect the quality of source
water and the ability of WDN operators to predict and detect
water quality issues. With increasing and time-varying un-
certainty, new AI and data-driven methods provide promising
tools for tackling such challenges. Currently, non-water ex-
perts such as AI researchers face several challenges when de-
vising practical solutions for water system applications, such
as the unavailability of tools for easy scenario/data generation
and easy access to benchmarks, that hinder the progress of ap-
plying AI to this domain. Easy-to-use toolboxes and access to
benchmark data sets are extremely important for boosting and
accelerating research, as well as for supporting reproducible
research, as it was, for instance, the case in deep learning and
machine learning where toolboxes such as TensorFlow and
scikit-learn had a significant impact on boosting research.

The contributions of this paper are two-fold: First, we in-
troduce AI researchers to emerging problems in the drinking
water domain where AI can have a significant impact. Sec-
ond, we provide a toolbox for generating and accessing data
to build AI-based solutions for those challenges.
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2 Related Work
The modeling and simulation of hydraulic and water qual-
ity dynamics in water distribution networks have progres-
sively advanced with the introduction of simulation soft-
ware. Notably, EPANET [Rossman, 2000] and its exten-
sion EPANET-MSX [Shang et al., 2008] are foundational
tools in this area. These are complemented by tools that
make use of high-level programming languages, such as the
EPANET-MATLAB Toolkit (EMT) [Eliades et al., 2016], the
Object-Oriented Pipe Network Analyzer (OOPNET) [Steffel-
bauer and Fuchs-Hanusch, 2015], and the EPANET-Python
Toolkit (EPyT) [Kyriakou et al., 2023]. These tools are in-
strumental in facilitating research into WDN resilience and
response to various operational challenges. These tools,
however, lack support for the creation of realistic (bench-
mark) scenarios by missing implementations of essential as-
pects such as realistic fault models (of leakages and sensor
faults), various sensor configurations, custom control mod-
ules, and other events such as changes in water quality caused
by external factors. A first step towards such software for
scenario creation is the Water Network Tool for Resilience
(WNTR) [Klise et al., 2017], which facilitates the simula-
tion of hydraulic dynamics, and in addition, it allows the
simulation of various events such as pipe breaks, disasters
such as earthquakes, power outages, and fires. However, it
currently does not support quality dynamics and also misses
other crucial aspects such as sensor configurations, and in-
dustrial control modules. The creation and adoption of stan-
dardized benchmarks, like LeakDB [Vrachimis et al., 2018]
and BattLeDIM [Vrachimis et al., 2022] represent significant
strides toward enabling comparative studies and enhancing
reproducibility in the field. LeakDB, created using the EMT,
offers a rich set of realistic leakage scenarios, aiding in the de-
velopment and evaluation of anomaly detection algorithms.
Similarly, BattLeDIM provides a dataset for benchmarking
algorithms’ ability to detect and isolate (i.e., localize) leak-
ages, contributing valuable insights into the effectiveness of
different methodological approaches. However, several chal-
lenges remain unaddressed. The field lacks easy accessibility
to realistic datasets that encapsulate the complexity of real-
world water distribution systems, limiting the development
and benchmarking of algorithms and methodologies. There’s
a critical need for comprehensive benchmarks and software
for scenario generation that can serve as common grounds
for developing, testing, and evaluating algorithms. Reflecting
on the state of the field, it is evident that, while existing tools
have provided significant capabilities, the integration of real-
istic scenario generation with real-time data acquisition and
advanced analytics into these platforms is crucial for the next
leap in water network management and research.

3 AI in Water Distribution Networks
Artificial Intelligence (AI) has emerged as a key tool for
WDNs, providing potential solutions for water demand man-
agement, leak detection, pump optimization, and infrastruc-
ture resilience. AI methodologies like machine learning and
deep learning excel at analyzing complex data from diverse
sources. This ability is especially useful in WDNs where un-

certainties such as fluctuating demand, variable water quality
supply conditions, increasing infrastructure complexity, and
a relatively small number of measuring devices, prohibit the
extraction of valuable predictive insights and risk assessment.
AI applications extend to the development of surrogate mod-
els [Zanfei et al., 2023; Ashraf et al., 2024], which speed up
complex simulations and enable real-time decision support.
Moreover, AI can assist in modeling the complex dynamics of
water quality and predicting potential issues, enabling proac-
tive actions [Li et al., 2024]. One of the critical applications
of AI is in the detection, isolation, and localization of events
like leakages. A recent example [Rajabi et al., 2023] investi-
gates the application of conditional convolutional generative
adversarial networks for real-time leak detection and localiza-
tion using hydraulic model-based image conversion and the
structural similarity index. Moreover, events such as contam-
ination [Li et al., 2023], and cyber-physical attacks [Taormina
and Galelli, 2018] have also been benefited by AI-driven sys-
tems that analyze sensor data in real-time, detecting devia-
tions that may indicate such events, thereby facilitating rapid
and informed responses to mitigate impacts on public health
and network integrity. Additionally, AI can enhance the con-
trol of network components like pumps and valves, optimiz-
ing their operation based on predictive models and real-time
data. Such AI-enhanced control systems may be able to dy-
namically adjust operational parameters, improving resource
efficiency, and reducing costs [Guo et al., 2023].

4 EPyT-Flow: A Python Toolbox
In this paper, we propose a Python toolbox called EPyT-
Flow that provides a high-level interface for the easy gen-
eration of WDN scenario data, but also provides access to
low-level functions for maximum flexibility as needed by do-
main experts – by this we aim to satisfy different needs and
make it a toolbox for ”everybody”. In addition, its design
and object-orientated implementation makes it easy to cus-
tomize existing functionalities and implement new ones. Our
proposed toolbox EPyT-Flow builds upon EPyT which itself
provides a Python interface to EPANET and EPANET-MSX
– see Figure 2 for an illustration. The toolbox currently in-
cludes 16 WDNs that can be used for scenario generation.
However, it also goes beyond pure scenario generation by
providing access to 7 popular and widely adopted bench-
marks on event detection and localization (incl. their eval-
uation metrics) – ready to be utilized for building and evalu-
ating AI models. It also comes with an implemented residual-
based sensor interpolation event detection method that can be
used as a baseline for any event detection benchmark. Fur-
thermore, it also provides an environment (inspired by the
OpenAI Gym) for developing and implementing control al-
gorithms – i.e. a gym for training reinforcement learning
agents to solve some given control tasks such as energy ef-
ficient pump scheduling. In order to support modeling a wide
variety of scenarios, the toolbox comes with 4 different event
types and a total number of 13 pre-defined and implemented
events ready to be utilized in custom scenarios: 3 different
leakages, 3 actuator events, 5 sensor faults, and 2 commu-
nication events. Furthermore, all those events can be eas-
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Figure 2: Illustration of the functionality of the proposed toolbox
EPyT-Flow.

ily customized as needed by the user. Since the quantities
in the real world are always subject to uncertainty, the tool-
box comes with 11 pre-defined types of uncertainties ranging
from classic Gaussian noise to different types of (very) deep
uncertainties that can be applied to hydraulic parameters such
as pipe length, diameter, and roughness, water quality param-
eters, such as reaction coefficients, and sensor noise. The pro-
posed toolbox (incl. the detailed documentation) is available
at https://github.com/WaterFutures/EPyT-Flow.

5 Use-Case – Event Detection in WDNs
Here, we demonstrate how the proposed toolbox can be uti-
lized to easily set up an event detection scenario and apply a
baseline event detection method.

We load the popular L-Town network [Vrachimis et al.,
2022] (785 nodes and 909 pipes – see Figure 1) with the de-
fault sensor placement from the BattLeDIM competition (29
pressure and 2 flow sensors) and demand patterns for model-
ing a realistic water consumption behavior:

cfg = load_ltown(use_realistic_demands=True,
include_default_sensor_placement=True)

We create a new scenario (14 days long with 5min time steps)
based on this configuration:

sim = ScenarioSimulator(scenario_config=cfg)

params = {

"simulation_duration": to_seconds(days=14),

"hydraulic_time_step": to_seconds(minutes=5)}

sim.set_general_parameters(**params)

The first week of data in this scenario does not contain any
events, in the second week, however, we add a small abrupt
leakage, and a slightly larger incipient leakage:

sim.add_leakage(AbruptLeakage(link_id="p673",

diameter=0.001,

start_time=to_seconds(days=7),

end_time=to_seconds(days=8)))

sim.add_leakage(IncipientLeakage(link_id="p31",

diameter=0.02,

start_time=to_seconds(days=11),

end_time=to_seconds(days=13),

peak_time=to_seconds(days=12)))

Moreover, a flow sensor fault is included:

sim.add_sensor_fault(SensorFaultDrift(coef=1.1,

sensor_id="p227",

sensor_type=SENSOR_TYPE_LINK_FLOW,

start_time=to_seconds(days=9),

end_time=to_seconds(days=10)))

Finally, we run the simulation to obtain the data (i.e. sensor
readings) as they would be received in an operator’s Supervi-
sory Control and Data Acquisition (SCADA) system, and are
processed by the event detector:

scada_data = sim.run_simulation()

As a classic baseline, our proposed toolbox already imple-
ments a residual-based interpolation detection method – this
method tries to predict the readings of a given sensor based
on all other sensors: f : x⃗t \ {i} 7→ (x⃗t)i, where x⃗t refers to
these sensor ratings at time t, and x⃗t \ {i} denotes these sen-
sor readings without the i-th sensor. An alarm is raised (i.e.
event detected) whenever the prediction and the observation
of at least one sensor differ significantly:

∃i : |f(x⃗t \ {i})− (x⃗t)i| > θi (1)

where θi > 0 denotes a sensor-specific threshold at which the
difference is considered as significant. For this, the detection
method has to be calibrated (i.e. fitted) to a time window of
(ideally event-free) sensor readings to determine a suitable
threshold θ that does not raise an alarm when the network
is in normal operation (i.e. no events present). We split the
simulated data into half – the first half corresponds to the first
week where no events are active and the second half contains
some leakages and sensor faults as described above.

X = scada_data.get_data() # 4000 time steps

X_train, X_test = X[:2000, :], X[2000:, :]

The first half of the data is event-free and is used to calibrate
(i.e. fit) the event detector:

detector = SensorInterpolationDetector()

detector.fit(X_train)

, which then is applied to the second half in order to detect
suspicious time points where an event might have been active:

suspicious_time_points = detector.apply(X_test)

The results are visualized in Figure 3. The event detection
method does a good job of detecting the abrupt leakage (first
event), as well as the sensor fault (second event). However, it
fails in case of the incipient leakage – note that incipient leak-
ages are expected to be more challenging due to the gradual
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Figure 3: Evaluation of the event detection on the second week of
the simulated scenario.

change in the sensor readings instead of an abrupt change.
Also, the method yields a few false positives as well.

An AI researcher could develop and apply more sophis-
ticated event detection methods and compare their perfor-
mance against this baseline.

6 Conclusion & Summary
In this work, we introduced a Python toolbox for realistic sce-
nario data generation and access to benchmarks of WDNs,
that AI researchers can utilize to develop methods to support
human WDN operators in various real-world challenges.

Our long-term vision for this toolbox is to split it into three
parts to further facilitate the unfolding of the huge potential of
AI in WDNs: 1) A core part for data generation (i.e., scenario
simulation); 2) A BenchmarkHub as a platform for accessing
and sharing WDN benchmarks; 3) A ModelHub as a platform
for accessing and sharing AI & classic models and algorithms
for different tasks in WDNs.
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