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Abstract Recent developments in control theory, coupled with the growing availability of real‐time data,
have paved the way for improved data‐driven control methodologies. This study explores the application of
the Data‐Enabled Predictive Control (DeePC) algorithm to optimize the operation of water distribution
systems (WDS). WDS are characterized by inherent uncertainties and complex nonlinear dynamics. Hence,
classic control strategies involving physical model‐based or state‐space methods are often difficult to
implement and scale. The DeePC method suggests a paradigm shift by utilizing a data‐driven approach. The
technique employs a finite set of input‐output samples (control settings and measured data) to learn an
unknown system's behavior and derive optimal policies, effectively bypassing the need for an explicit
mathematical model of the system. In this study, DeePC is applied to two WDS control applications of
pressure management and chlorine disinfection scheduling, demonstrating superior performance compared to
standard control strategies.

Plain Language Summary Effective water supply management is critical but challenging due to the
complexity and uncertainty of water distribution systems (WDS). Traditional methods often fall short, relying
on extensive and intricate mathematical models that can be complicated and slow. Our research introduces an
implementation of a cutting‐edge approach called Data‐Enabled Predictive Control (DeePC) for WDS control.
Unlike conventional strategies that depend on complex and often rigid mathematical models, DeePC adopts a
model‐free approach. It uses measured data directly to understand and predict the system behavior, enabling the
formulation of optimal strategies swiftly and accurately. We applied DeePC in two critical areas: managing
water pressure to minimize leaks while ensuring adequate supply and optimizing chlorine levels to maintain
water safety without excess. Our results indicate that DeePC can outperform traditional control methods,
adapting more effectively to changes and closely adhering to desired operational goals. These findings are
significant as they demonstrate a practical, scalable solution that could transform urban water supply
management, making systems more adaptive, efficient, and resilient.

1. Introduction
Real‐time control of water distribution systems (WDS) is crucial for ensuring an adequate water supply in terms
of quantity, pressure, and quality. The escalating demands of urban populations, combined with the growing
complexity of environmental factors, significantly heighten the challenges of managing these systems effectively.
Despite its critical importance, WDS control remains one of the most formidable challenges. Real WDSs integrate
data from numerous sensors and are controlled through various actuators such as pumps, valves, and water quality
control devices. This integration results in high‐dimensional control problems that are characterized by nonlinear,
non‐convex dynamics involving multiple uncertainties. These properties create significant computational burdens
for real‐time decision‐making where rapid and efficient responses are necessary. Recent advancements have
underscored Model Predictive Control (MPC) as a dominant strategy in real‐time management of WDS (Creaco
et al., 2019). MPC operates on an online predictive framework, utilizing data continuously gathered from network
sensors to inform a mathematical model. This model, in turn, determines an optimal policy for the next predictive
horizon executed by system actuators. Once the policy is executed for the initial time step, the model's predictive
horizon shifts forward, incorporating new sensor data to solve a refreshed optimization problem (Castelletti
et al., 2023).

Given the nonlinear dynamics of WDS and the critical need for real‐time decision‐making, most recent studies
emphasized computational efficiency as the most crucial point for effective control schemes (Castelletti
et al., 2023). Simple control strategies, while computationally efficient and can be implemented on local
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controllers, often lack a system‐wide perspective, potentially compromising overall system performance (Salo-
mons & Housh, 2020b). Traditional control theory techniques, such as Proportional, Integral, and Derivative
(PID) controllers, have been adapted for various WDS applications. These include pressure management (Fon-
tana et al., 2017) and regulating chlorine injection for water quality (D’Souza & Kumar, 2012; Z. Wang
et al., 2006). The tradeoffs between performance, stability, and robustness of PID methods were also examined
(Galuppini, Creaco, & Magni, 2020; Galuppini, Magni, & Creaco, 2020).

More sophisticated approaches employ mathematical programming to address complex control tasks. Linear
programs (LP) (Boccelli et al., 1998), and convex heuristics (Pecci et al., 2022) have been applied to schedule
chlorine disinfection. Another application that was investigated thoroughly from an MPC perspective is real‐time
pump scheduling. Salomons and Housh (2020b) proposed a mixed integer linear programming strategy with
adjusted levels of binary variables to control the tradeoff between optimality and run times. Dai (2023) presented
a sequential convex programming based on implicit hydraulic formulation. A mixed integer nonlinear pro-
gramming (MINLP) pump scheduling was presented by Dai (2021). To overcome the computational challenge of
a MINLP formulation, the problem is solved in two stages, where the first stage is a continuous nonlinear problem
finding pump station flow setpoints, and the second stage focuses on selecting individual pump combinations that
satisfy the flow setpoint with minimal energy consumption.

State‐space models have gained prominence for real‐time control, particularly in managing water quality. These
models have been integrated into MPC frameworks to minimize variables like total chlorine mass, using both LP
and quadratic programming (QP) approaches (S. Wang et al., 2021). Recent developments also include
combining state estimation with QP to address uncertainties in the reaction time delays of chlorine disinfection
(Vrachimis et al., 2024). Additionally, Elsherif et al. (2024) suggested a state‐space model with a model order
reduction to facilitate real‐time solutions to nonlinear equations.

The previously discussed methods utilize implicit mathematical modeling of physical systems with varying levels
of simplification. An alternative approach employs hybrid methods such as genetic algorithms (GA). While
usually considered limited for real‐time control due to their long run times, hybrid methods can accommodate any
computational complexity as they are independent of analytical mathematical methodologies in their search
processes. For instance, Kang and Lansey (2010) demonstrated a real‐time GA based strategy to optimize water
quality, including chlorine residuals and water age within an MPC framework. They improved efficiency by using
solutions from previous time steps as the initial population for subsequent GA to accelerate the process. Another
optimization simulation approach was suggested by Xie and Brdys (2015) as part of a hierarchical framework
supported by a nonlinear optimizer.

Data‐driven approaches have begun to replace physical and state‐space models with surrogate machine‐learning
algorithms, significantly speeding up computations. Rao and Salomons (2007) replaced hydraulic simulations
with an artificial neural network to enhance GA run times. Similarly, Fiedler et al. (2020) suggested clustering the
network into groups of similar nodes before training a deep‐learning model that replaces the use of hydraulic
simulation in an MPC framework.

Recent advancements in data measurement, storage, and analysis have revolutionized the availability of real‐time
data. Coupled with the latest developments in control theory, these advancements have paved the way to
improved optimization strategies for large complex systems such as WDS. The prominent advantage of data‐
driven methods lies in their ability to effectively bypass the need for physical or state‐space models, thus
avoiding the associated computational burdens. For example, Putri et al. (2024) applied sparse regression to
derive dynamic models directly from measured data, eliminating dependence on physical models. Another data‐
based approach by Han et al. (2024) utilized input‐output Koopman control for water treatment processes,
enabling direct operational cost calculations from state measurements alone.

The recent introduction of Data‐Enabled Predictive Control (DeePC) marks a transformative shift in control
strategies. Developed by Coulson et al. (2018), DeePC operates without reliance on any predetermined model or
parametric representation of the system, utilizing solely measured input and output signals to optimize control.
This model‐free approach leverages historical data to devise optimal policies by identifying combinations of past
input‐output pairs. Such a method is particularly suited to the complexities of WDS, where it can address intricate
optimization challenges under severe computational constraints. Another significant advantage of DeePC for
WDS control is its unknown system approach. The algorithm is independent of any topological or hydraulic
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information regarding the system. Thus, it can overcome the challenge of unknown and uncertain properties such
as pipe roughness, chemical decay rates, and pump and valve characteristics. Furthermore, implementing based
on direct utilization of signal measurements is a substantial advantage for practical deployments. This paper
explores the implementation of DeePC within the realm of WDS, marking significant strides in the field. Our key
contributions are:

1. We develop a comprehensive framework tailored for the integration of the DeePC algorithm in controlling
WDS, showcasing its adaptability and applicability.

2. We demonstrate the efficacy of DeePC through two pivotal applications: pressure management and chlorine
disinfection scheduling. Our results highlight the method's capability to enhance control and reduce control
violation rates.

3. We conduct a thorough analysis of DeePC's performance, focusing on its optimality and robustness. Addi-
tionally, we evaluate the impact of various parameters intrinsic to the DeePC method and compare its
effectiveness against conventional control practices and methodologies.

2. Methodology
Following is a description of the DeePC method and its adoption for WDS optimal operation. For simplicity, the
method is first described for the case of a linear system, and later an extension for the nonlinear case is presented.

2.1. Preliminaries

Consider a discrete‐time linear system (LTI) characterized by m inputs and p outputs. Let ut ∈ Rm and yt ∈ Rp

represent the system input and output trajectories respectively. For a given signal u, the Hankel matrix of order L
is defined as a matrix of shifted signal entries, as shown in Equation 1:

HL(u) =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

u1 u2 … uT− L+1

u2 u3 uT− L+2

⋮ ⋮ ⋱ ⋮

uL uL+1 … uT

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(1)

The signal u is said to be “persistently exciting of order L” if the above matrix is of full rank (rank is equal to L).
The meaning is that the signal is rich and long enough to capture the system's dynamics adequately (Coulson
et al., 2018). A lower bound on the length of required data to satisfy this condition is: T ≥ (m + 1)L − 1
(Markovsky & Dörfler, 2021). Where T is the number of recorded observations and m is the dimension of the
signal (how many values are recorded in every time step).

To determine L, let Tini be the size of an initial subset of records out of the set of T measurements, let N be the
predictive horizon for our control problem, and n be the system order (number of state variables). Tini represents
the number of time steps required for system initialization. In other words, how many steps backward the current
state of the system depends on. With this notation, the lower bound for the required amount of data is
T ≥ (m + 1) (Tini + N + n) − 1 (Coulson et al., 2018). In practice, Tini is a parameter of the method, its value
can be determined based on prior knowledge or by tuning based on computational experiments. Next, the
following Hankel matrices are constructed based on measured input and output signals:

⎡

⎢
⎣
Up

Uf

⎤

⎥
⎦ = HTini+N(u

d),

⎡

⎢
⎣
Yp

Y f

⎤

⎥
⎦ = HTini+N( y

d) (2)

Where the p, f subscripts represent past and future respectively and the d superscript denotes measured data, such
that ud,yd are the measured input and output signals. UP and YP consists of the first Tini block of rows, and Uf and
Y f consists of the last N block of rows of their respective Hankel matrices. To better illustrate the meaning of the
matrices in Equation 2, consider the following example: v is a one‐dimensional input signal, from a system with
an order of 1, which depends on 24 previous time steps, thus Tini = 24, and with a predictive horizon of 12 time
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steps, hence N = 12. Assuming we collected 500 data measurements (T = 500), the following matrix is
constructed:

H24+12(v) =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

v1 v2 … v465

v2 v3 v466

⋮ ⋮ ⋱ ⋮

v24 v25 v488

v25 v26 v489

⋮ ⋮ ⋮

v36 v37 … v500

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(3)

Equation 3 shows how the Hankel matrix breaks a long data trajectory into shorter trajectories representing past
and future sequences by the matrix rows, thereby the “past–future” notation in Equation 2.

The essence of the DeePC method lies in what is known as Willems' fundamental lemma (Willems et al., 2005)
which states that a Hankel matrix of sufficient order spans the space of all the feasible trajectories of a linear
system. In other words, a set of input‐output trajectories (uini,yini,u,y) is a solution to a linear system control
problem if and only if there exists a vector g ∈ RT − Tini ‒ N+ n that satisfies the following:

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

UP

YP

Uf

Y f

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

g =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

uini

yini

u

y

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(4)

Where UP,YP,Uf ,Y f are the Hankel matrices based on the collected data and structured according to the above
description. These matrices are built with measured data collected offline. On the right side of Equation 4, uini,yini
are the latest Tini measured values that were recorded in the last Tini steps before making the decisions for the next
horizon. u,y are the input‐output for the next predictive horizon.

The Fundamental lemma suggests that given a sufficient amount of measured data, any feasible solution is a linear
combination of the input‐output Hankel matrices. Therefore, Equation 4 replaces the need for a system model, as
the left side linear combination of measured input‐output ensures that the right side of predicted input‐output
satisfies the system physics. This is a significant result for control optimization since the problem's constraints
are formulated as a system of linear equations which is tractable with short run times. A typical control opti-
mization based on the above constraint can be formulated as:

min
g,u,y

⃦
⃦y − yref

⃦
⃦2
+ ‖u‖2

s.t.
⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

UP

YP

Uf

Y f

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

g =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

uini

yini

u

y

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

u≤ u≤ u

y≤ y≤ y

(5)
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Here u, y, and yref are the input, output, and reference trajectories respectively, all with a length of the predictive
horizon. The objective is to minimize the discrepancy between the optimized output signal y, and the desired
output signal yref . As explained above, the physical dynamic of the system is satisfied based on the Fundamental
lemma. Additional constraints on the input and output signals can also be incorporated since these are linear, and
the problem's tractability is maintained. Here u, u, y, y are the lower and upper bounds for the input and output
signals.

Note that the above formulation involves a quadratic objective function, the main effort is to minimize the de-
viations from the reference trajectory and at the same time, the changes in the input signal are penalized to reduce
the efforts invested in the control (Camacho & Bordons, 2004). Other variations of the control optimization are
available (e.g., with different norms, and cost matrices). The formulation should be adjusted to the specific
problem to be solved.

2.2. Non‐Linear Case

While the initial discussion of DeePC has focused on linear systems, WDS typically exhibits nonlinear dynamics.
To extend the DeePC theory to non‐linear systems, Coulson et al. (2018) proposed adding regularization terms to
the constraints that define the space of possible system trajectories. These regularization terms account for de-
viations from the ideal linear case, which may arise due to nonlinear dynamics, measurement noises, or other
uncertainties. To apply the regularization, slack variables are added to the constraints to absorb the noises and
non‐linear deviations. σu,σy represent the actuators' deviations and the measurement noises respectively. The
slack variables are penalized in the objective function using an L‐1 norm as suggested by Coulson et al. (2018).
Furthermore, the vector g is regularized to enhance the robustness of the solution against non‐deterministic and
nonlinear processes, thereby helping to prevent overfitting (Markovsky & Dörfler, 2021). The regularized
optimization problem is presented in Equation 6.

min
g,u,y,σu,σy

⃦
⃦y − yref

⃦
⃦2
+ ‖u‖2 + λg‖g‖1 + λu‖σu‖1 + λy‖σy‖1

s.t.
⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

UP

YP

Uf

Y f

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

g =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

uini

yini

u

y

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

+

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

σu

σy

0

0

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

u≤ u≤ u

y≤ y≤ y

(6)

2.3. Hyperparameters Tuning

The regularization weights λ, together with other parameters of the method, need to be tuned to optimize its
performance. These parameters include Tini, the predictive horizon N, the length of the initial data set T, and the
wait time between consecutive solutions s. The overall dimension of this hyperparameter space is modest, with
only seven parameters, some of which can be determined based on prior domain knowledge or simple exploratory
analysis of the system. Due to the limited dimension of the hyperparameter search space, a grid search with a
logarithmic scale for the regularization penalties was found to be an effective tuning method (Coulson et al., 2018;
Elokda et al., 2021; Huang et al., 2019). While this study adopted the grid search approach, more sophisticated
methods such as Genetic Algorithms (GA) and Bayesian Optimization can also be used. The specific parameters
that were selected for each of the case studies and some of the grid search results are detailed in the Results
section.

2.4. Predictive Control

The control problem described in Equation 6 is solved within an MPC framework to continuously adjust to
changing system conditions. That is after the procedure starts at a given point in time, the optimization problem in
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Equation 6 is solved with the most recent measured input and output uini,yini.
Next, the obtained optimal input trajectory u∗ is applied to the system. After s
time steps, where s < N, the problem is updated to include the current uini,yini
measurements and then solved again. The update frequency s is determined
based on the specific problem that is solved and should consider the feedback
delay in responding to control changes.

3. Results
The method is demonstrated through two prevalent applications in WDS:
pressure management and chlorine disinfection scheduling. Pressure man-
agement is essential for minimizing water leakage without compromising the
level of service. Chlorine injection scheduling is critical for maintaining
adequate disinfection levels throughout the system with no excessive chlorine
residuals. Both applications involve complex mathematical models charac-
terized by high‐dimensional nonlinear equations, leading to intractable opti-

mization problems. The first case study on pressure management outlines the implementation principles for a
single input and single output system. The second case study, focusing on chlorine injection, demonstrates the
method's scalability and its efficacy in managing the high order nonlinear dynamics of water quality.

3.1. Experiments Setup

Since implementing the algorithm on real WDS is not optional, the DeePC algorithm was tested using a synthetic
setup in which a hydraulic‐quality simulator, EPANET (Rossman, 2000), substitutes for the actual system. In this
configuration, the simulator functions as a black box: it receives optimal policies generated by the DeePC al-
gorithm and outputs “measured” values, emulating what would be observed via SCADA systems in a real
environment. Importantly, the algorithm operates independently of the simulator's internal computations, relying
solely on these input and output signals. This design ensures that DeePC remains blind to the underlying
simulation mechanics, thus maintaining its model‐free nature.

To approximate real‐world conditions as closely as possible, the output signals were perturbed with random noise
of varying magnitudes, simulating typical measurement uncertainties encountered in actual SCADA data. The
DeePC algorithm computes an optimal policy at each time step, which is then applied to the synthetic system
within the simulator. This simulation processes the policy and returns the “measured” output signals which then
are perturbed with random noise. Although the simulator is crucial for demonstrating DeePC's capabilities, it does
not influence the decision‐making process. This setup exemplifies the potential real‐world application of DeePC,
where the algorithm would operate solely on measured data.

3.2. Case Study I—Pressure Management

The Fossolo network represents a single district meter area (DMA), depicted
in Figure 1 (Bragalli et al., 2008). The network includes one inlet, controlled
by a PRV, which regulates the inlet pressure. It comprises 36 demand nodes
with a total demand fluctuating between 24 and 42 L/s. The objective is to
adjust the PRV setting (e.g., opening degree) to maintain minimal sufficient
pressure for consumers, while excessive pressure would exacerbate leakages.
The PRV setting serves as the input signal (u) while the output signal (y)
corresponds to the pressure measured in a representative sensor.

The data collection phase involved generating a synthetic data set that is used
to construct the Hankel matrices UP, YP, Uf , and Y f . If implemented on a real
WDS, the initial data set would be generated by collecting historical measured
values available in the SCADA database. In this study, the initial input data
set is a random normally distributed trajectory of 600 data points, with a mean
of 45 and a standard deviation of 8. The base run considered a measurement
noise of 5% on the returned output signal. Figure 2 illustrates the system
behavior under the random initial data set and after DeePC is activated after

Figure 1. Fossolo network layout.

Figure 2. Input‐output trajectories for the initial data set and after activating
DeePC at time t = 600 hr.
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600 time steps. The optimization problem ran every 1 hr (s = 1), with a predictive horizon (N) of 12 hr, and Tini
equals to 24 hr.

The DMA pressures were optimized over 1 week with a constant reference trajectory of 30 m. Additionally,
operational constraints were added to keep the pressure in the range of 25–35 m. The DeePC method was
compared to three common control strategies with different levels of complexity. A constant valve setting, a
time‐based strategy that employs higher PRV settings during the daytime to accommodate increased demands,
and a Proportional Integral Derivative (PID) controller. PID controllers have a similar nature to DeePC as they
are both closed‐loop control strategies utilizing measured input‐output data to find optimal policies indepen-
dently of any mathematical model of the system. PID techniques were used in the context of WDS in numerous
papers, and their advantages were demonstrated through varied applications (Creaco et al., 2019; Kumar &
Kumar, 2009). The PID used in this study was tuned via grid search, where the optimal parameters found are:
kp = 0.01,kd = 0.01, and ki = 1. The input‐output trajectories of the DeePC algorithm and the three compared
strategies are presented in Figure 3. It is evident that both the PID and the DeePC methods result in PRV
settings that are highly correlated with the demand pattern, showcasing the adaptability of the two methods to
the dynamic conditions of the network. Figure 3 also shows that the DeePC solution has a lower magnitude
output trajectory that can better track the 30 m target compared to the alternatives. The superiority of the
DeePC is more prominent compared to the constant and time‐based strategies, however, it also performs better
than the PID as presented in Table 1 below.

To quantify the performance of the various control strategies the Mean Ab-
solute Error (MAE) between the measured output and the reference trajectory
was calculated. Additionally, constraint violation rates were calculated to
evaluate the robustness of each solution. Pressure values outside the opera-
tional range of 25–35 m were considered violations. Deviations in a broader
range of 10 m from the reference trajectory (20–40 m) were also calculated to
evaluate the robustness against dramatic violations. As summarized in
Table 1, DeePC significantly outperforms the other control strategies across
all metrics. DeePC achieved MAE of 2.95 m, which is 56% lower than that of
the constant valve setting, 36% lower than the time‐based control, and 11%

Figure 3. Input‐output trajectories for Fossolo network pressure management.

Table 1
Control Methods Performance

Control method MAE (m) Violations[25,35](%) Violations[20,40](%)

Constant 6.69 64.3 17.9

Time‐Based 4.65 35.1 10.7

PID 3.32 22.6 1.2

DeePC 2.95 18.5 1.2
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lower than the PID. Furthermore, DeePC violated the constraints only 18.5% of the time, substantially lower than
64.3%, 35.1%, and 22.6% of the constant, time‐based, and PID controls respectively. Notably, both PID and
DeePC had negligible violations within the broader range, occurring only twice (1.2%), compared to 17.9% and
10.7% violations in the wide range by the constant and time‐based controls.

The impact of the regularization terms and the size of the initial data set on the DeePC performance were studied
through grid search sensitivity analysis. For each parameter configuration, the performance was evaluated by the
MAE and the rate of constraint violations out of the total experiment duration. Figure 4 presents the results of the
sensitivity analysis. Each subplot presents the performance metrics as functions of one regularization parameter
while the other parameters are held constant with their optimal values. The purpose of λg regularization is to
balance the solution sensitivity to noisy data without compromising the ability to capture the complex dynamics,
thus avoiding underfitting. As can be seen in the upper right subplot, the range of values between 0.001 and 0.1
results in satisfactory performance with an optimum at λg = 0.01. Small values of λg result in overfitting as the
model prioritizes measured data fidelity, potentially capturing noises as if it were true underlying dynamics. On
the other hand, as λg increases, the model tends toward underfitting, where excessive regularization suppresses its
ability to optimize the control objectives. This behavior along a logarithmic scale of λg is consistent with the
DeePC theory and commonly observed across various applications and case studies (Markovsky et al., 2023). The
input and output regularization terms λu, λy represent the system deviation from an approximated linear system.
The impact of λu is minor when kept below 1,000, with optimal performance noted at 0.01. The output signal
regularization, λy, gets its minimum values when equals 10 with distinguish poorer performance for lower and
higher values. The size of the initial data set was also examined. The lowest right subplot in Figure 4 shows that
sufficient size is essential to get a good performance of the algorithm. In this case, a data set of 600 records or
larger satisfies this condition and produces excellent solutions.

An additional sensitivity analysis was conducted to evaluate the method's robustness against measurement and
nonlinearity noises. The analysis involves a series of 50 experiments for each noise level, ranging from 0% to
10%. The experiments systematically increased noise factors to assess their impact on the MAE and the rate of
constraint violations, as depicted in Figure 5. The statistical summary presented in Figure 5 highlights a generally
clear trend where higher noise levels correlate with poorer performance across both metrics. However, the
relationship is not strictly monotonic due to the randomicity involved in this analysis. Despite the general trend of
performance degradation with increased noise levels, the core functionality and reliability of the DeePC method
are largely preserved. This consistent effectiveness under varying noise conditions showcases the method's
robustness, demonstrating its capability to manage different levels of noise without substantial compromise in
performance.

Figure 4. Fossolo network—parameters tuning.
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3.3. Case Study II—Chlorine Injection

The Pescara network (Bragalli et al., 2008), depicted in Figure 6, is a medium‐sized network consisting of 68
demand junctions supplied by three sources. Each source is equipped with a chlorine booster to ensure adequate
disinfection of the water outflow from the same source. The objective is to optimize the chlorine injection rate
schedule of each of the three boosters, given feedback from three water quality sensors located at strategic points
in the network. These sensors monitor chlorine residuals, aiming to maintain an optimal residual of 1 mg/L at the
consumption nodes within a safe range of 0.8–1.2 mg/L. The initial data set was constructed as three normally
distributed trajectories, each of 600 data points, with a mean of 1.2 and a standard deviation of 0.1. For a real
system, this initial data set could be generated from the historical injection rates and the chlorine concentration
measurements.

Given the slower response time of chlorine decay compared to pressure changes, the frequency of solving the
control optimization problem was set to every 6 hr (s = 6). The predictive horizon (N) is 12 hr, and the system
state estimation depends on the previous 24 hr (Tini = 24). A grid search hyperparameter tuning was conducted to
find the optimal DeePC regularization configuration. The results presented similar behavior to the first case study
where λg is the most dominant parameter with the same minimum point for both cost and constraint violation rate
at λg = 1. Based on the grid search, the other two regularization parameters were set to λy = 0.0001 and

Figure 5. Fossolo network performance sensitivity to noises analysis.

Figure 6. Pescara network layout.
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λu = 0.01. Additionally, it was found that an initial data set of 600 points is sufficient for an excellent range
performance. The complete grid search results can be found in Figure S1 in Supporting Information S1.

Figure 7 showcases the optimal input‐output trajectories. The measured chlorine residuals at sensors located at
junctions 1, 39, and 45 exhibited varying degrees of success in maintaining the target concentration of 1 mg/L.
While junctions 39 and 45 consistently achieved residuals close to the target with minimal fluctuation, junction 1,
located at the network's edge, frequently recorded levels below 1 mg/L. This deviation at junction 1 can primarily
be attributed to its peripheral location within the system and not due to a disadvantage of the method (see more in
Figure S3 in Supporting Information S1). Another interesting insight is that the input signals (injection rates) are
correlated with the sources' supply flow rates. Specifically, R2 reservoir has the highest average supply flow rate of
45.9 L/s and also presents the highest chlorine injection rates. Followed by R3 and R1 with flow rates of 31.8 L/s
and 23.4 L/s and lower chlorine injection rates respectively. In terms of the solution's robustness, a single constraint
violation was observed. This occurred shortly after the DeePC method was initiated and before the system
stabilized.

The DeePC was compared with a state‐of‐the‐art optimization methodology developed by Pecci et al. (2022)
based on convex heuristics analytic optimization. Pecci et al. (2022) introduced the average target deviation
(ATD) as a metric to evaluate the solution quality such that the deviations from the reference trajectory are
weighted by the junctions' demands. The formula for ATD is presented in Equation 7, where yt,i and yref,t,i are the
computed and reference chlorine concentration in node i at time t. dt,i is the demand in node i at time t.

ATD =∑
T

t=1
∑
N

i=1
d̂t,i

⃒
⃒
⃒
⃒
⃒
yt,i − yref,t,i

⃒
⃒
⃒
⃒
⃒

d̂t,i =
dt,i

∑T
t=1 ∑N

i=1 dt,i

(7)

Table 2 presents the MAE and ATD of the DeePC method and the solution
obtained by Pecci et al. (2022), where the DeePC noise factor is set to 5%. The
results indicate that DeePC achieves superior performance in both metrics.
For the fairness of comparison, it is noted that Pecci et al. (2022) optimized
both pressures and chlorine simultaneously while in this study only chlorine
was considered. A statistical comparison of the two methods can be found in
Figure S2 in Supporting Information S1.

Figure 7. Pescara network DeePC optimal input‐output trajectories.

Table 2
Comparison With Analytical Optimization

Control method MAE ATD

Pecci et al. (2022) 0.063 0.065

DeePC 0.044 0.047
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As DeePC is not based on a physical model, it is blind to network dynamics on unmeasured junctions. Thereby, an
analysis of the chlorine residuals across the network was conducted to ensure the proposed method can produce
a solution that does not over‐prioritize the measured junctions while other junctions are neglected, resulting
in improper chlorine residuals. Figure 8 shows the chlorine residual statistics of all junctions across the opti-
mized week period. The results show that residuals at most junctions closely align with the target concentration of
1 mg/L. Furthermore, aside from a few minor outliers, the chlorine concentration constraints, ranging between
0.8 and 1.2 mg/L, are consistently met across the network. This widespread adherence to desired levels suggests
that the DeePC method effectively manages to distribute chlorine evenly, despite the limitation of only three
sensors.

A comprehensive system‐wide analysis was conducted to investigate the chlorine residuals' spatial and tem-
poral distribution, presented in Figure 9. This analysis illustrates how chlorine concentrations vary at different

Figure 8. Pescara network—chlorine residuals statistics.

Figure 9. Pescara network spatiotemporal chlorine residuals.
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times of the day and across various locations within the network. Notably, junctions closest to the chlorine
sources maintain higher residuals due to minimal decay, while farther junctions, especially in upper and center
network areas, exhibit lower concentrations. During the night hours (21:00 to 06:00), when the demand is low,
the upper part junctions have relatively low concentrations. Conversely, during peak demand periods (06:00 to
21:00), chlorine concentrations across most junctions approach the target level of 1 mg/L, indicating effective
chlorine management during higher water usage times. These dynamics underscore the influence of water
demand patterns and network topology on chlorine decay and distribution. This analysis of spatial and temporal
variability in chlorine concentrations underscores the DeePC method's success in dynamically adjusting dosing
strategies to ensure consistent water quality across the network, effectively addressing variations by time and
location.

4. Conclusions
DeePC is a novel control paradigm, it does not depend on a parametric representation of the system and utilizes
measured signals solely to generate optimal operational policies for unknown systems (Coulson et al., 2018). In
this study, the DeePC algorithm was successfully applied to two prevalent WDS control applications. The first
application is pressure management governed by a PRV which aims at minimizing redundant pressures to reduce
leakage volume. The second application is chlorine disinfection scheduling optimization where the objective is to
maintain desired chlorine rates throughout the network. With its reliance on measured input‐output data alone,
and without requiring any knowledge of WDS topology or hydraulic characteristics, DeePC demonstrated su-
perior results compared to traditional control practices. It achieved better optimality in terms of minimal de-
viations from target outputs and enhanced robustness through lower rates of constraint violations. Sensitivity
analyses further affirmed the algorithm's resilience, showing robust performance against varying noise levels and
confirming that DeePC does not disproportionately prioritize measured junctions, thereby ensuring uniform
chlorine distribution across the network. Given the inherent uncertainties and the complex, large‐scale nature of
WDS, DeePC's real‐time, model‐free approach holds significant promise for enhancing system efficiency even
with no system description.

One limitation that may occur is the challenges associated with acquiring sufficiently rich data for training the
DeePC algorithm, particularly in scenarios of new systems or where operational constraints limit the variety of
testable strategies such that recorded data is not comprehensive enough. For future work, this challenge can be
explored through potential solutions, including exploratory operational experiments and synthetic data generation
using techniques such as Generative Adversarial Networks. These approaches can significantly augment the
available data set, ensuring the robustness and applicability of DeePC across diverse operational contexts.

Other future research directions should aim at benchmarking DeePC against additional MPC formulations,
exploring its implementation in other water resources applications, and more intricate case studies. The DeePC
formulation can also be further investigated with various optimization formulations and regularization functions
to broaden its utility and adaptability. As WDS continues to face operational challenges, the DeePC method
stands out as a transformative solution, offering substantial improvements in system management through its
model‐free, data‐driven approach.

Data Availability Statement
The data and code used in this research are available on the following GitHub repository: https://github.com/
GalPerelman/wds‐data‐enabled‐mpc and archived at https://zenodo.org/records/14742434 (Perelman, 2025).
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