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Abstract: Water distribution systems (WDS) are vital for urban societies by providing clean and safe drinking water. Water utilities have
to carefully control the injection of disinfectants such as chlorine to effectively deal with natural contaminants and accidental pollution
affecting the drinking water quality. This, however, constitutes a challenging task due to sparse sensor readings, complex system dynamics,
and various sources of uncertainty. Despite the importance of this problem, the field lacks realistic, publicly available benchmarks to
systematically evaluate and compare automated chlorine injection control strategies. To address this gap, we introduce a comprehensive
benchmark specifically designed for chlorine injection control. It features realistic operational scenarios based on the Cyprus Disinfection-
By-Product (CY-DBP) network, a state-of-the-art model derived from a real-world WDS. The benchmark incorporates sparse sensing con-
ditions, realistic water demands, fluctuating source water quality, and multiple wastewater contamination events. Standardized evaluation
metrics, focusing on different desiderata, enable consistent and reproducible assessment of chlorine booster station control strategies, facil-
itating rigorous comparison across methods. To stimulate cross-disciplinary innovation, we also hosted the benchmark as a competition at a
leading artificial intelligence (AI) conference, fostering collaboration between the Al and water engineering communities. Although partic-
ipants proposed diverse data-driven control approaches, none achieved fully satisfactory performance, underscoring the complexity and open
challenges of the task. By providing a realistic and demanding testbed, this benchmark establishes a foundation for advancing the research
on intelligent and reliable chlorine booster station control strategies. DOI: 10.1061/JWRMDS.WRENG-7562. This work is made availa-

ble under the terms of the Creative Commons Attribution 4.0 International license, https://creativecommons.org/licenses/by/4.0/.

Introduction

Water distribution systems are critical infrastructures responsible
for delivering clean drinking water to consumers. Maintaining water
quality is vital for public health because contaminants can arise
from natural sources or accidental pollution, such as wastewater
intrusion. To protect water quality, in many countries, water utilities
commonly use chlorine as a disinfectant to prevent bacterial growth
and mitigate virus infections as water flows through distribution
networks (WHO 2004). In this context, the key task is to keep
chlorine residuals within tight bounds (Gani et al. 2024); more
importantly, it is key to keep chlorine residuals above a certain level
(e.g., >50 mg/L is a common guideline) throughout the network,
without exceeding some safety levels. This must be maintained

across vast, sparsely sensed networks, and under substantial uncer-
tainties, such as changing water consumption, changing water
sources, changes in environmental conditions, and aging assets.
Besides complex system dynamics, rapid urban population
growth and climate change further increase the complexity of water
quality dynamics, posing significant challenges for conventional
monitoring and control methods (Eliades et al. 2023). In this con-
text, artificial intelligence (AI) methods, such as physics-informed
deep neural networks (Cuomo et al. 2022) and reinforcement
learning (RL) (Arulkumaran et al. 2017), present promising (but
yet underexplored) opportunities to enhance and refine traditional
chlorination control strategies. Most importantly, physics-informed
deep neural networks can integrate complex physical-priors, such
as water (quality) dynamics, into the Al method. In addition, RL
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methods can learn on the fly from data and automatically adapt to
changes in the system without requiring manual adjustments. The
development of such Al-based methods, however, requires realistic
benchmark scenarios from which large amounts of training data
can be extracted (Garzon et al. 2022). Furthermore, clear evaluation
metrics are required to guide the development of Al-based methods
for comparison purposes. To the best of our knowledge, no such
benchmark on water quality monitoring and control exists.

This work introduces a realistic and comprehensive benchmark
for supporting and boosting the research and evaluation of Al-based
methods for water quality control, particularly booster chlorination
control algorithms (Polycarpou et al. 2002). Beyond its ability to
handle deep uncertainties, the benchmark also evaluates the ability
to address multiple objectives, including costs and fairness, thereby
forming an ideal testbed for complex control and optimization
methods. Given the huge potential of Al in this context, we hosted
the proposed benchmark as a competition at the International
Joint Conference on Artificial Intelligence (IJCAI) 2025, a premier
Al conference, to introduce the Al community to this important
problem and build a bridge with synergistic effects between the Al
and water-engineering communities.

Engaging the Al community in solving water-distribution-
system challenges is essential because it accelerates innovation in
both fields: Al researchers gain access to rich, real-world problems,
and the water sector benefits from cutting-edge methods capable
of transforming system performance and resilience. Although the
primary focus of the proposed benchmark (and the hosted competi-
tion) is controlling the chlorination booster stations, the benchmark
can also be used out of the box for benchmarking state estimation
and event diagnosis methods, both of which are critical subtasks for
successful water quality control.

As evidenced by the submitted approaches, it forms a suitable
testbed for diverse methods targeting complex control and opti-
mization tasks, including reinforcement learning, mixed learning
and optimization methods, as well as hybrid approaches based
on more classical control methods. Finally, by providing an
easy interface to the scenario generation of the proposed bench-
mark, we aim to establish a flexible testbed for water quality
control that can be utilized beyond the particularities of the
hosted competition.

The remainder of this paper is structured as follows: First, we
elaborate more on the background, importance, and challenges of
controlling chlorination booster stations. The competition itself is
then described in full detail, whereby we dedicate a separate section
to the evaluation metrics. Finally, we briefly discuss the submitted
methods and their performance, before closing with a summary
and conclusion.

Background and Related Work

Chlorine injection control, also referred to as chlorine disinfection
control, constitutes a subfield of water quality analysis (Kang et al.
2017; Eliades et al. 2023) and is closely linked to contamination
detection (Zulkifli et al. 2018) because chlorine concentrations are
used as a proxy for detecting contaminations (Jonkergouw et al.
2004). Chlorination booster stations allow the injection of additional
chlorine into the water network, and disinfection control (i.e., chlorine
injection control) then refers to operating those booster stations for
reacting to hydraulic and contamination events that threaten the
water quality (Karamouz et al. 2021). Closely related is the concept
of chlorination scheduling or chlorine disinfection schedules, in
which the chlorine injection is done without relying on chlorine
sensor measurements. In contrast, chlorine injection control refers
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to feedback control, in which the controller adjusts the injection in
real-time based on chlorine sensor readings (Polycarpou et al. 2002).

In general, chlorine disinfection control constitutes a complex
problem that can be approached with different techniques. Many
different chlorination strategies have been developed over time,
often specific to particular water distribution systems (Polycarpou
etal. 2002; Lindmark et al. 2022; Kingham 1995; Gamizet al. 2012;
Zidan et al. 2018). The key challenges here are scalability in time
and space, as well as dealing with various sources of uncertainties,
such as water demands, chlorine decay rates, and so on (Boindala
et al. 2025a).

There is extensive literature that uses genetic algorithms for
computing (optimal) chlorine disinfection schedules (Seo et al.
2019; Maheshwari et al. 2020; Ostfeld and Salomons 2006).
In addition, other methods for disinfection scheduling, such as
convex optimization and heuristics (Pecci et al. 2022; Sert and
Altan-Sakarya 2017), constraint-based pruning methods (Li et al.
2022), and input—output models of water quality (Vrachimis et al.
2024) have been investigated. For chlorination control, many exist-
ing approaches rely on model predictive control (MPC) (Wang
et al. 2021; Xie and Brdys 2015; Polycarpou et al. 2002). Those
methods, however, struggle to scale in time and space (i.e., across
large networks and long time horizons), and often also struggle in
handling uncertainties due to varying water flows and unknown
chlorine decay dynamics, thus limiting their applicability and
impact in practice.

In this context, there is a huge, but mostly unexplored, poten-
tial of Al in water quality in general, and also in chlorination
disinfection control (Pérez-Beltran et al. 2024). The few exist-
ing approaches include MPC with a simple surrogate model for
predicting chlorine residuals based on support vector regression
(Wang et al. 2020), novel data-driven control methods such as
data-enabled-predictive-control (DeePC) (Perelman and Ostfeld
2025), and methods based on Gaussian process regression (Moeini
et al. 2023). In this context, (Deep) RL (Sutton and Barto 2018)
constitutes a promising, but so far unexplored, approach for learning
chlorine injection control functions. In RL, the system/environment
is modeled as a Markov decision process (MDP) containing a set
of environment states, a set of possible control actions, a state tran-
sition function, and a real-valued reward function for representing
an immediate evaluation after executing a control action in the
current state. The learning method iteratively observes its current
state, chooses an action that causes a transition to a new state, and
observes a reward depending on the quality of the chosen action
in the current state. By design, RL offers real-time responsiveness
and can adapt to new emerging information, including changes
in the system, without the need for reoptimization to capture
future possibilities. This also makes RL adaptive to uncertainties in
the system.

All existing work on water chlorination control, however, uses
different, often private or proprietary, benchmarks for evaluating
their proposed methods. Although there exist a large number of
general benchmark networks, i.e., .inp files (Artelt et al. 2025b;
Sivakumar and Prasad 2014; Haghighi et al. 2011; Haghighi and
Shamloo 2011), there is still a lack of publicly available and
standardized water quality control benchmarks, where not only
the hydraulic dynamics are specified, but also the water quality
dynamics, chemical injection/control elements, sensor locations,
operational scenarios, and standard evaluation procedures. This
lack of complete benchmark specifications hinders the reproduci-
bility and comparability of reported results in this domain.

Furthermore, it puts an additional burden and responsibility
regarding the creation of realistic benchmark scenarios (together
with reasonable evaluation metrics) on the shoulders of the
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Fig. 1. Different components of the benchmark.

researchers. In this work, we address this limitation by proposing an
open, easily accessible, and realistic benchmark for water chlorina-
tion control that other researchers can use for reproducible research.

The Benchmark

The proposed benchmark consists of different components (Fig. 1),
including scenario modeling and generation, a stepwise and
interactive scenario simulation in which control actions can be
executed by the user, and an evaluation component.

Task and Materials

The benchmark focuses on regulating disinfectant concentration
in drinking water while ensuring robustness against wastewater
contamination events. More specifically, the challenge is about
controlling the chlorination in the Cyprus Disinfection-By-Product
(CY-DBP) water distribution system model (Pavlou et al. 2024)
(Fig. 2 illustrates its topology), which is based on a real system in
Cyprus. The task is to control the injection of chlorine (Cl) at five
booster stations, based on the readings of 17 strategically placed
chlorine and two flow sensors only, such that chlorine residuals stay
within a tight bound. The localizations of chlorine booster stations
and sensors are shown in Fig. 2 and also given in Table 1.

Scenario Generation

To ensure realistic scenarios, we utilize a model of a real-world
water distribution network (i.e., the CY-DBP network), and use the
stochastic modeling from Paraskevopoulos et al. (2024) for repli-
cating real-world challenges, such as variable and realistic water
demands, and variability in the chlorine decay rate due to the use
of water from different sources—i.e., we varied the water quality
source by introducing various levels (depending on the season) of
total organic carbon (TOC) entering the water distribution system
(WDS). We also adopt the wastewater contamination modeling
by Paraskevopoulos et al. (2024) for modeling the contamination
events. More specifically, we incorporate stochastic water demand
profiles to capture daily and seasonal variability in consumption.

ASCE 04026059-3

Regarding chlorine, we introduce both bulk- and wall-decay
reactions, including the influence of natural organic matter through
fast- and slow-reacting fractions of reducing agents. This allows the
benchmark to reproduce realistic spatial and temporal variability in
chlorine residuals across the network. We consider the intrusion of
wastewater in the network as a contamination event, which includes
pathogens (e.g., Campylobacter and Cryptosporidium) as well as
organic matter (i.e., chlorine-reducing agent) that interacts with
chlorine and thus exacerbates the challenge of maintaining adequate
chlorine residuals throughout the network.

The locations of the monitoring sensors and chlorination boos-
ters were not selected ad hoc, but were obtained via established
placement methodologies that explicitly target observability and
controllability objectives under realistic network dynamics. Specif-
ically, the 17 chlorine sensor locations were computed with the
S-PLACE sensor placement toolkit (Eliades et al. 2014), which
formulates sensor placement as an optimization problem over
multiple contamination scenarios and selects a limited set of nodes
to maximize the effective monitoring coverage of the network
and to improve the expected time-to-detection of contamination
intrusions. This sensor configuration should be seen as a benchmark
design choice derived through formal placement optimization under
the selected network and scenario assumptions. It is not meant to
suggest that all utilities use the same sensing density, but to provide
a sparse yet informative observation setting that makes the control
problem meaningful and comparable across methods.

The five chlorine booster stations were determined via a simula-
tion: an optimization approach based on genetic algorithms, follow-
ing a general booster placement methodology under extended-period
simulation, as in related literature (Ohar and Ostfeld 2014). In this
work, the optimization objective was to improve controllability of
residual chlorine across the network, i.e., maximizing the number
of demand nodes at which a controller, given a limited number
of injection locations (five), can achieve at least the minimum
desired residual while simultaneously ensuring that the maximum
allowable residual is not exceeded at any time step. This was assessed
under a nominal diurnal demand pattern and under the simplifying
assumption of a single-species first-order chlorine decay model with
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Fig. 2. CY-DBP network, containing one reservoir, one tank, 256 demand nodes, and 335 pipes, together with the location of the five chlorine booster
stations, two flow sensors, and 17 chlorine sensors.

Table 1. Locations of sensors and chlorine booster stations

constant chlorine decay parameters. This simplifying assumption
applies only to the booster-placement design stage.

Type Location .
- The benchmark scenarios used for controller development and
Cl sensor dist423 evaluation include richer water-quality dynamics, including sto-
Cl sensor dist225 chastic demands, bulk and wall chlorine decay, fast- and slow-
Cl sensor dist989 reacting chlorine-reducing agents, and uncertainty in water-quality
Cl sensor dist1283 conditions. For simulating the hydraulic and water quality dynam-
Cl sensor dist1931 ics, we use the Python version 3.10 package EPyT-Flow version
Cl sensor dist342 0.14.1 (Artelt et al. 2024), which builds on top of state-of-the-art
Cl sensor dis27S simulation software EPANET version 2.3 (Rossman 2000) and
. EPANET-MSX version 2.0 (Shang et al. 2008). The benchmark
Cl sensor dist354 . . .
can be used as a realistic and reproducible testbed for developing
Cl sensor dist885 and comparing methods, not as a full digital replica of utility
Cl sensor dist485 operations. Although it is based on a real-world network model and
Cl sensor dist631 realistic hydraulic and water-quality dynamics, the sensing setup,
Cl sensor dist1332 control settings, and evaluation scheme were chosen to support
Cl sensor dist1607 observability, controllability, and fair comparison across methods.
Cl sensor dist1459 Use in a specific utility would therefore require calibration and
Cl sensor dist1702 validation with utlhty—.spemﬁc da.ta, along W.Ith adaptation to local
) sensor layouts, operational practice, supervisory control and data
Cl sensor dist1975 acquisition (SCADA) constraints, and regulatory requirements.
Cl sensor dist1903 We generated a total of 12 scenarios (Table 2), all based on the same
Flow sensor 5 network topology (i.e., CY-DBP) and containing the same sensors and
Flow sensor p-1144 chlorine booster stations. The sampling rate for the sensors is always
Cl booster station dist423 5 min, i.e., sensor readings are provided in 5-min intervals. However,
C1 booster station dis225 the scenarios feature slightly different dynamics due to th.e §tf)chastlc
. . modeling of the demands and other parameters such as the initial water
ClI booster station dist989 . . . . .
quality and chemical reaction rates. The first 10 scenarios are 6 days
Cl booster station dist1283 long and contain a single wastewater intrusion event in the last 3 days;
Cl booster station dist1931 the place and time of the event are fixed but differ for each scenario.
ASCE 04026059-4 J. Water Resour. Plann. Manage.
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Table 2. Overview of the metadata of all scenarios

Scenario ID Duration (days) Number of contamination events

1 6 1
2 6 1
3 6 1
4 6 1
5 6 1
6 6 1
7 6 1
8 6 1
9 6 1
10 6 1
11 365 15
12 365 15

Note: The network (i.e., CY-DBP) and the sensor locations and chlorine
booster stations are the same for each scenario.

Furthermore, we also created two full-year (i.e., 365-day) sce-
narios, each with 15 contamination events, whereby the time and
location of the contaminations have been randomized. The second
of those full-year scenarios (i.e., Scenario 12) was held back and
used for the evaluation of the submitted methods. In all scenarios,
we use a constant chlorine injection at all booster stations in the first
3 days to let the system converge to a reasonable initial state before
the participants can start observing states and interacting with the
system by controlling the chlorination booster stations, i.e., the first
3 days are hidden from the participants.

After the competition, we released the well-documented code
for generating the scenarios, ensuring full transparency of the
competition. Furthermore, this also allows researchers to generate
their own version of the benchmark, focusing on different cases;
for that, we provide an easy interface for changing the sensor
configuration, initial concentrations and patterns of TOC, and full
control over all parameters of the contamination events (i.e., size,
location, time, and so on). This aligns with the goal of establishing
a flexible testbed for researching computational methods for water
quality control. In addition, the benchmark was made available on
the WaterBenchmarkHub platform (Artelt et al. 2025b), to make it
easily findable by other researchers.

Material Provided to the Participants

Participants were provided with 10 of the 6-day scenarios and the
first full-year scenario, together with a comprehensive background
documentation on the scenarios and on water distribution systems
in general. Additionally, a Python (Van Rossum et al. 2007) inter-
face was provided for a step-by-step simulation of these scenario
configurations, which can be used to develop a control policy for
the chlorine injection at the booster stations. The provided Python
interface (Fig. 3) abstracts away from all WDS details, such that
participants can solely focus on developing the control policy.
This was of particular importance because we expected that most
participants from the AI community would have no or very little
background knowledge about water distribution systems.

The Python interface (Fig. 3) is implemented utilizing the
EPyT-Control version 0.4.0 package (Artelt 2025) (building on
top of EPyT-Flow), which is fully compatible with the Gymna-
sium interface (Towers et al. 2024) and integrates the popular
Stable-Baselines3 version 2.7.0 package (Raffin et al. 2021) for
reinforcement learning. The evaluation metrics (section “Evalua-
tion Criteria”) were also already implemented. Participants had to
implement (and submit) their control logic as a custom class in order
to be able to run the implemented evaluation metrics (Figs. 4 and 5).

ASCE 04026059-5

# Load the first environment (i.e., scenario 0)
with WaterChlorinationEnv(**load_scenario(scenario_id=0)) as env:
# Reset environment and observe initial sensor readings
# obs: 19 dimensional array (one dimension per sensor) --
# first 2 dimensions contain the flow sensors, and the remaining 17
dimensions the chlorine concentration sensors

obs, info = env.reset()

for _ in range(20): # Run environment for up to 20 time steps
# TODO: Your control logic goes here

act = env.action_space.sample() # Sample random action

# Apply action, observe new sensor readings and receive reward

obs, reward, terminated, _, _ = env.step(act)

if terminated is True:

break

Fig. 3. Example of how to use the provided Python interface for
interacting with the scenario simulation.

class ChlorinationControlPolicyRandom(ChlorinationControlPolicy):
Random control policy -- picks random control actions.
def compute_action(self, observations: numpy.ndarray) -> numpy.ndarray

return self. _gym_action_space.sample()

# Apply to the environment of scenario 0
with WaterChlorinationEnv (**load_scenario(scenario_id=0)) as env:
# Create new random policy

my_policy = ChlorinationControlPolicyRandom(env)

# Reset environment

obs, info = env.reset()

# Run simulation for 20 time steps
for _ in range(20):
# Apply policy
act = my_policy.compute_action(obs)

obs, reward, terminated, _, _ = env.step(act)

if terminated is True:

break

Fig. 4. Example of how to implement the control logic in a custom class.

Challenges

Apart from the general complex reaction dynamics and long time
horizons, the key challenges in the proposed benchmark stems
from the limited observability due to the sparse sensor placement.
Furthermore, the uncertainties in the water demands and chemical
reaction parameters also add another layer of complexity to the
benchmark. Finally, given that the simulation of the complex system
dynamics is time-intensive, brute-force approaches, as well as
data-hungry methods, are not easily applicable. Altogether, those
aspects mimic the challenges that occur in the real world, making
this benchmark a nontrivial but realistic testbed for developing and
evaluating chlorination control methods.
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# Create & fit or load policy

my_policy =

# Load one environment for evaluation

env =

# Evaluate policy
print (evaluate(my_policy, env))

Fig. 5. How to run the evaluation in Python.

Evaluation Criteria

Considering the requirements and goals in practice, the primary
goal and evaluation metric is to control the chlorine booster stations
such that the chlorine residuals stay within tight and predefined
bounds (WHO 2004). However, to mimic real-world constraints
and additional desiderata, we also propose additional evaluation
metrics, turning the control problem into a multiobjective problem.
In practice, the stakeholders might decide to assign individual
weights (i.e., importances) to those objectives, but here, we used a
simple uniform weighting scheme in the competition. This choice
was made for the competition to keep the ranking transparent and
directly comparable across submitted methods. It should not be
interpreted as implying that all objectives carry the same importance
in real utility operation, where public health protection and regula-
tory compliance would often take priority.

In the hosted competition, the submitted control strategies and
methods were evaluated on those aspects and criteria separately, and
participants were ranked according to their performance on those
individual aspects, whereby all aspects are weighted the same in the
ranking. The evaluation was done only on the held-back full-year
scenario to evaluate the generalization capabilities of the methods,
i.e., a proxy for evaluating the sim-to-real gap.

In the following subsections, we describe each evaluation met-
ric separately.

Chlorine Residuals

In order to ensure safe drinking water at all times, the chlorine
concentration at junctions (i.e., demand nodes) must be within a
tight bound: Too low chlorine concentrations cannot ensure safe
drinking water, whereas too high chlorine concentrations and their
disinfection by-products (Du et al. 2017) are known to be unhealthy
for the human body (Gopal et al. 2007).

Formally, for each junction v € V in the network, the chlorine
concentration ¢, must be within a given interval [a, b] at all discrete
times T ={1,...,T}

T
R CO) (1)
t=1

where 1y, (c,(t)) = 1 <> ¢,(t) € [a,b] and zero otherwise. We
aggregate the chlorine bound violations over all junctions V by tak-
ing the average of Eq. (1)

In the competition, we set [0.2,0.4] mg/L as the desired chlorine
concentration bounds at every junction, which are inspired by
regulations such as those by the World Health Organization (WHO
2011). These bounds are used here as representative operational
targets for benchmark evaluation and do not reflect all utility- or
jurisdiction-specific regulatory requirements.

Fairness

Besides evaluating the chlorine residuals at a particular junction, we
also evaluate their spatial variations. By this, we evaluate some form
of water quality fairness (Boindala et al. 2025b) where we measure
the worst-case of how different all junctions (i.e., consumers) are
treated; ideally, all consumers should receive the same water quality,
no matter of their distance to the treatment plant

max |sv1 - sv2| (3)
vijhv2 ev

where s, = mean chlorine bound violations at junction v € V
[Eq. (2)], and smaller values of Eq. (3) correspond to better fairness.

Chlorine Injection Pump Operation Constraints

From an operational point of view, it is unhealthy or even unrealistic
for chlorine injection pumps to have large changes/jumps in the
injection rate. We therefore evaluate the smoothness of the chlorine
injection over time.

The average rate of change with respect to the chlorine injection
u, at junction v € V is evaluated as follows:

T-1
= 2 LD — w(r+ D) )

t=1

In this benchmark, we have five chlorine injection pumps to be
operated (v, ..., vs). To properly consider all of them and to avoid
any averaging-out effects, we take the maximum over their average
rate of Change 4 as the final evaluation, which is to be minimized

T-1
max 7 35 ()t + D) )

VE vy, ., vs t=1

Cost of Control

Here, we model the cost of control, which is to be minimized,
as the amount of injected chlorine mass at the chlorine booster
stations V, C V, which here is V;, = {1y, ..., v5}, using the follow-
ing equation:

T
Y 2w (6)

t=1v;€V,

Infection Risk

The infection risk is an evaluation metric that quantifies the public
health impact by estimating the probability of an individual getting
infected after exposure to pathogens during a contamination event.
Following the Quantitative Microbial Risk Assessment (QMRA)
framework (Haas et al. 2014; Paraskevopoulos et al. 2024), it
combines the pathogen concentration, the tap water volume, and

T
5, 1= _1 2 2 114, 5)(c,(D) () dose-response modeling. Dose-response modeling describes how
TV Vevioa an organism responds to the exposure of a microbial contaminant.
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Here, we want to model the risk of getting infected when consuming
a specific dose of microbial contaminant.

For the purposes of this benchmark, we focus on enterovirus, a
common waterborne pathogen thatis known to survive in distribution
systems, is infectious even at low doses, and reacts with chlorine
during disinfection. The dose for each individual is calculated by
multiplying the pathogen concentration in drinking water by the
ingested volume (tap water) across multiple daily consumption events
during a contamination event (starting at time 7y and ending at t1),
totaling up to 1 L per person per day. The assumed daily ingestion
of up to 1 L/person is distributed across multiple stochastic tap-water
consumption events of various timing, consumed volume and dura-
tion, thereby preserving temporal and interindividual variability in
exposure (Paraskevopoulos et al. 2024). For each junction v € V,
person p € P(v), and time step ¢ € 1y, 1;], we have

Dose(v,t,p)=Volume(v,t,p) X PathogenConcentration(v,t) (7)

The probability of infection is then obtained using the exponen-
tial dose-response model (Haas 2015) as follows:

Risk(v, 1, p) = 1 — exp(—r X Dose(v, t, p)) )

where r = 0.014472 represents the pathogen-specific infectivity
(Paraskevopoulos et al. 2024). The infection risk is then defined as
the ratio of expected infections to the total population as follows:

ZV Zp(l - Ht(l - RiSk(V’ t, P)))
2 | PO

In contrast to other water quality metrics, this indicator directly
reflects the potential health consequences of a specific contamina-
tion and is therefore computed separately for each contamination
event. Although we focus on enterovirus here, the framework can
be readily extended to other pathogens and dose-response models.
Finally, a lower infection risk indicates that the booster control
strategy has been more effective at mitigating public health risks
during undetected contamination events.

InfectionRisk =

X100 (9)

Table 3. Results per team

Submissions and Results

A total of six teams participated in the competition at
IJCAI-2025. Participating teams had to submit a short written
report, the source code of their proposed method, and the final
(trained) controller/policy for evaluation by the organizing com-
mittee. All submissions, including reports, source code, and final
evaluation results, have been published on the competition’s
webpage (Artelt et al. 2025a).

Submitted methods featured a wide variety of different
approaches, including deep reinforcement learning, rule mining,
evolutionary methods, and modern control theory. Notably, all
participating teams employed some form of surrogate model to
estimate the effect of control actions. In the competition, we per-
formed a global evaluation of all submitted methods, and the results
are presented in Table 3. For the purpose of better comparability,
we also include a simple baseline in which we use a constant
chlorine injection at the booster stations as it was done during the
initialization phase (i.e., first 3 days). We also evaluate the statistical
significance (by means of the Mann-Whitney U-test) with respect to
the baseline of all submitted methods.

In addition, in this paper, we also performed a more detailed
evaluation, in which we assess the methods’ performance under
different operation conditions, such as peak demand versus normal
demand and no contamination versus a contamination event present.
This allows us to better analyze the performance of the submitted
methods in dependence on the WDS state. The results are given in
Tables 4 and 5, in which we also evaluate the statistical significance
of the difference by means of the Mann-Whitney U-test. We restric-
ted this additional evaluation to the reasonable methods (including
the constant baseline), i.e., we do not consider any methods that do
not inject any chlorine at all.

The winning team developed a rule mining approach, guided
by a long-short-term-memory (LSTM)-based surrogate model, for
generating the final control rules of the chlorine booster stations.
In the following, we briefly describe the approaches of the three
top-performing teams. More detailed information can be found in
their reports and related publications.

Team ID Cost of control | Control smoothness | ClI bound violations |, Cl bound violation fairness | Average infection risk |,
1 31,048,978.00"*" 5.93718 0.103"** 0.17718 6.656™

5 209,191.72%** o 0.171"* 0.199s 9.0827

3 19,098,485.02"** 50.36"" 0.150"** 033118 8.067"

2 0" o 0.171"* 0.1997s 9.085™

4 0" o 0.171"* 0.1997s 9.085™

6 J— R N J— .

Baseline 56,297,160.00 0 0.147 0.196 7.478

Note: Each evaluation metric is shown separately, and smaller numbers are better in all cases. We also show the statistical significance (with respect to the
baseline) according to the Mann-Whitney U-test [not significant (ns) = p-value > 0.05; *p-value <0.05; **p-value <0.01; and ***p-value <0.001]. Team 6
did not submit any source code, and therefore, we were unable to run and evaluate their method.

Table 4. Absolute difference in performance for two different operation phases: Peak demand versus normal demand

Team ID Average cost of control Control smoothness Cl bound violations Cl bound violations fairness Average infection risk
1 4,564 4.64315 0.009™** 0.029" 0.54718
5 0.004™* 0.0017$ 0.008™** 0.0017 0.647"
3 0.01 0.1 0.001*** 0.133" 0.616"
Baseline 0" ons 0.008™** 0.007" 0.615"

Note: We show the difference together with the statistical significance according to the Mann-Whitney U-test (ns = p-value >0.05; *p-value <0.05; **p-value
<0.01; and ***p-value <0.001).
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Table 5. Absolute difference in performance for two different operation phases: Contamination event versus no-contamination event

Team ID Average cost of control Control smoothness Cl bound violations Cl bound violations fairness
1 4.410™ 1.44118 0.016™" 0.0177

5 0.002"** 0ns 0.008™* 0"

3 0.017 0.1 0.007"** 0.125"

Baseline ons 0ns 0.009"** 0.001"

Note: We show the difference together with the statistical significance according to the Mann-Whitney U-test (ns = p-value >0.05; *p-value <0.05; **p-value

<0.01; and ***p-value <0.001).

Team 1

The winning team explored classic deep reinforcement learning
algorithms (Arulkumaran et al. 2017), such as proximal-policy-
optimization (PPO) (Schulman et al. 2017), as well as classic
model-predictive control (Schwenzer et al. 2021). However, those
methods did not perform well (probably due to their sample inef-
ficiency), and this is why they decided to develop a rule mining
approach for generating control rules. To guide the rule mining
approach, they developed a simple LSTM-based surrogate model
for predicting chlorine concentration states.

Team 5

This team heavily used evolutionary methods. Similar to the other
teams, they also developed an LSTM-based surrogate model for
predicting the effect of control actions on the chlorine concentra-
tions; however, they used evolutionary surrogate-assisted prescrip-
tion (Francon et al. 2020) for training this model. The final policy
was then trained by neuroevolution of augmenting topologies
(NEAT) (Stanley and Miikkulainen 2002).

Team 3

Team 3 relied on control theory methods. More specifically, they
used DeePC (Coulson et al. 2019; Perelman and Ostfeld 2025) in
conjunction with a fallback proportional-integral-derivative (PID)
controller. For DeePC, they also built a surrogate model for approx-
imating the system dynamics; for this, they relied on Hankel
matrices for reconstructing the system dynamics from historical
input—output trajectories.

Discussion

From Table 3, it becomes apparent that only the first three teams
(Team 1, 5, and 3) submitted a nontrivial solution. The solutions
submitted by Teams 2 and 4 do notinject any chlorine into the network
for the evaluation scenario (i.e., the cost of control is zero). Although
this does not constitute an interesting submission, it serves as an
additional baseline that allows to quantify how much better the other
submissions are compared with doing nothing. Most remarkably,
none of the submissions obtained a perfect solution, which would be
near-zero infection risk and chlorine bound violations.
Furthermore, only the submission by Team 1 (the winning team)
outperformed the constant chlorine injection baseline. Teams 5 and
3 (i.e., evolutionary method and DeePC) performed worse than the
constant chlorine injection baseline and only performed slightly
better in minimizing the infection risk compared with the baselines,
whereas Team 1 (rule mining + surrogate model) yielded a signifi-
cant improvement over all other submitted methods. In particular,
the chlorine concentration bound violations were statistically sig-
nificant with respect to the baseline. This indicates that it seems
to be challenging to detect the wastewater contamination events

ASCE 04026059-8

early enough to take appropriate countermeasures (i.e., increasing
chlorine injection). Similar effects can be observed for the chlorine
concentration bound violations, including their spatial variations.
Furthermore, it seems to be difficult to satisfy the bounds at all
nodes. This was also noted by Team 3, who observed that the
chlorine concentrations at some nodes (mostly dead-ends) in the
network are very resilient to changes in the chlorine injection rates.

Most interestingly, all teams developed and employed a data-
driven surrogate model to predict chlorine concentrations over
time. This highlights the potential of machine learning/data-driven
approaches for substituting time-consuming simulations for effi-
ciently learning control rules.

Finally, Tables 4 and 5 indicate that there were statistically
significant differences in different operation phases (i.e., peak
demand versus normal demand, and contamination event versus
no-contamination event) for almost all submitted methods. In
particular, the statistically significant changes in the cost of control
indicate that the methods were not only able to react to changes
in the demands but also able to detect and react to the presence
of contamination events. However, the difference in the statistical
significance and the order of magnitude in the difference itself
(higher for differences in demands than for contamination events)
provides further evidence that the submitted methods struggled to
reliably detect contamination events. Altogether, the results indicate
that the proposed benchmark is indeed nontrivial and leaves work
for future research.

Conclusions

This paper introduced a realistic benchmark for controlling chlorine
booster stations in a WDS under various uncertainties and random
wastewater intrusion events. The benchmark contains several simu-
lation scenarios and comes with an intuitive interface for developing
and benchmarking control algorithms. Scenario simulation and
evaluation methods have already been implemented to facilitate
easy usage. This benchmark is the first publicly available one in
the domain of drinking water quality control, addressing the urgent
need for benchmarks on water quality control to boost and promote
reproducible research in this area.

The presented benchmark was hosted as a competition at
IJCAI-2025, a premier Al conference, for promoting the use of
Al methods and building a synergistic bridge between the Al
and the water system communities. Submitted solutions featured
a wide variety of different methods, with the winning solution
being based on a rule mining approach in conjunction with a
surrogate model for replacing the time-consuming simulations for
predicting the effect of control actions on the chlorine concentra-
tions. Nevertheless, none of the submissions managed to develop
a satisfactory control method that performed well in all evaluation
metrics. This highlights how challenging water quality control is
and opens the opportunity for follow-up work and research on this
important problem.
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A useful direction for future work is to extend the evaluation frame-
work beyond the uniform weighting used in the competition and exam-
ine alternative prioritization settings that are closer to real operational
practice, such as safety-first, compliance-first, or cost-constrained
evaluation schemes. Future benchmark versions could also explore
a broader set of pathogen-specific and utility-specific evaluation
settings, depending on the intended operational context. The proposed
benchmark also serves as a flexible testbed for water quality control
research. We have made the complete, well-documented code for
generating scenarios publicly available, allowing users to create
customized scenarios on the CY-DBP virtual testbed that focus on
specific aspects of interest. As with any simulation-based benchmark,
applying itin areal utility would require further calibration, validation,
and adaptation to site-specific infrastructure and operational practice.
In this way, the benchmark is intended to support and facilitate future
research in the water quality domain.
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