
Academic Editors: Gerasimos

Lyberatos, Leonidas Matsakas and

Nikolaos A. Diangelakis

Received: 29 September 2025

Revised: 18 November 2025

Accepted: 19 November 2025

Published: 22 November 2025

Citation: Voutetaki, A.; Plakas, K.V.;

Seferlis, P.; Papadopoulos, A.I. A

Data-Driven Approach for Integrated

Design and Dynamic Optimization

Under Water Demand Uncertainty of

Renewable Electrodialysis Systems.

Processes 2025, 13, 3773.

https://doi.org/

10.3390/pr13123773

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

A Data-Driven Approach for Integrated Design and Dynamic
Optimization Under Water Demand Uncertainty of Renewable
Electrodialysis Systems
Alexia Voutetaki 1,2 , Konstantinos V. Plakas 2 , Panos Seferlis 1 and Athanasios I. Papadopoulos 2,*

1 Department of Mechanical Engineering, Aristotle University of Thessaloniki, 54124 Thessaloniki, Greece;
avoutetaki@certh.gr (A.V.); seferlis@auth.gr (P.S.)

2 Chemical Process and Energy Resources Institute (CPERI), Centre for Research and Technology
Hellas (CERTH), Thermi, 57001 Thessaloniki, Greece; kplakas@certh.gr

* Correspondence: spapadopoulos@ceth.gr

Abstract

This work proposes a modeling framework based on artificial neural networks (ANN)
for the integrated design and dynamic optimization of renewable electrodialysis (ED)
systems considering water demand uncertainty, using a first-principles ED model as the
data source for the development of the ANN. The optimization goal is to identify the
optimal photovoltaic (PV) and battery (BAT) capacities and the optimal time-varying ED
voltage and flow profiles during the batch process, considering an uncertain distribution
of potential water demand for each batch over an annual operating horizon. This is
achieved by minimizing the annual capital and operating costs of the renewable ED-PV-
BAT system. The ANN model demonstrated excellent predictive capabilities that closely
matched the data generated by the ED model, with ± 3.5–9.6% and ± 2.0–4.8% error
margins in the prediction intervals at a 95% confidence level. The optimal design resulting
from dynamic optimization exhibited a lower cost than the design attained from the steady-
state optimization, as the batch time and energy consumption were 50% and 17% lower,
respectively. For this design, the energy consumption and nitrate concentration predicted
by the ANN were only 0.31% and 1.2% different from the ED model predictions, without
any effects on the predicted costs and batch times.

Keywords: neural networks; electrodialysis; water treatment; optimization

1. Introduction
Electrodialysis (ED) is a widely recognized process for the removal and recovery of

ions from dilute aqueous streams. It is based on the application of an electric field in a stack
of alternating anion- and cation-selective membranes to separate ions with different charges.
ED offers advantages over other membrane technologies such as membrane distillation
(MD) or nanofiltration (NF), which are used for the purification of aqueous streams. For
example, it is not as energy intensive as MD, which demands about 10 times more energy
than ED when treating the same feed [1]. Unlike NF, ED does not require high operating
pressures and is therefore less susceptible to pressure-driven fouling and high water use in
complex wastewaters [2]. ED has been shown to be up to 35% less energy intensive than
reverse osmosis (RO) at low salinities (<4000 µS/cm), e.g., in applications for brackish water
desalination, [3] or dissolved solids removal [4]. A major advantage of ED is that it can be
combined with renewable electricity and storage systems, making it a promising alternative
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for water purification in rural or remote areas with limited connection to the electricity
grid. The design and operation of such systems is challenging, as the intermittency of
renewable electricity, the uncertainty of water demand, and the purity specifications of the
water outlet must be considered simultaneously, especially when potable water is required.

To date, work has been carried out on the design and technoeconomic evaluation of
ED systems in conjunction with photovoltaics (PV) and storage systems such as batteries
or water tanks [4]. Some of these papers evaluated experimental setups [5,6] with the aim
of identifying trade-offs between parameters such as PV voltage, current, and equipment
size, considering the variability of renewable energy and its impact on system efficiency.
Several model-based works have also used dynamic ED models, where systems with fixed
design characteristics were considered [7], or varying sizing and operating parameters to
meet different demands [8], taking into account different profiles of solar irradiance [9].
Optimization-based work has also been reported, where both the size and operating pa-
rameters have been varied [10,11], or where electrodialysis reversal networks have been
developed through advanced superstructure representations [12]. Finally, significant work
has been reported, in which optimization-based scheduling has been performed by consid-
ering typical daily water demand profiles [13] or in which simultaneous sizing and flexible
scheduling has been implemented by identifying the optimal On/Off profiles of renew-
able ED systems [14]. In these works, when the simulations included the use of different
voltage and flow values (or these were considered as variables during optimization), these
two parameters remained fixed during the ED batch in each simulated scenario.

There are prior works that acknowledged the fact that the dynamic variation in
ED voltage and flow can significantly improve the system efficiency by adapting the
system operation to internal or external variations. Such works have reported the dynamic
optimization of ED processes, where temporal variations in inputs, system states, and
constraints can be captured [15–17]. These authors developed a reduced-order model of an
ED system, using the orthogonal collocation on finite elements technique, with the aim of
minimizing ED process time, energy consumption, and cost and maximizing separation
efficiency, while varying the voltage and flow rate. These works optimized the ED operation
for a fixed system size, while the effects of intermittence coming from renewable energy
sources or changes in demand were not considered.

He et al. [18] developed a time-varying operation approach for an ED reversal system
(EDR), in which the flow rate and the EDR stack voltage were adaptively controlled, de-
pending on the solar energy availability. This aimed to match the power requirements of the
desalination with the available solar energy. It was observed that an EDR stack of reduced
size, power supply requirements, and cost is possible compared to static EDR operation.
The work provided experimental evidence for a system with fixed design characteristics
and was further extended [19] to the pilot demonstration of a control algorithm that was
specifically developed to maximize the desalination rate and renewable energy use, while
both battery and water storage are considered. This approach enabled 91% increase in solar
energy utilization and 92% reduction in battery reliance. Easley [20] and Easley et al. [21]
further presented a novel time-varying operation approach for continuous PV-EDR, in
which the flow rate and the EDR stack voltage were varied based on the available solar
irradiance, so that the desalination power output throughout the day matched the available
solar energy. Finally, Connors [22] developed a control approach, in which a model predic-
tive controller prescribes high-level power control actions to exploit future predictions of
solar irradiance obtained through a machine learning approach. In addition, a lower-level
controller was used to determine the optimal voltage and flow rate of the ED, considering
the power available from renewables. This control strategy dynamically adjusted the volt-
age every second and the flow rate every three seconds, which matched the speed of the
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empirically determined system dynamics. During control, system-level operation decisions
were made, while after optimization, a sensitivity analysis was performed to determine
new optimal solutions for different water consumption and reliability scenarios.

Such works indicated that the simultaneous design and dynamic optimization of
ED systems is important, especially in the context of also identifying optimal planning
strategies for the entire renewable ED process system. Predicting the solar irradiance was,
in one case [22], also performed using machine learning (ML) models, whereas the different
water demands were only considered either in cases of post-sensitivity analysis or as fixed,
daily water profiles. On the one hand, water demand is subject to uncertainties, as it is
not possible to predict it correctly based on historical data (e.g., water consumption for
agricultural purposes may vary due to intense weather variations or water consumption in
urban areas may vary due to a rapid increase or decrease in population, e.g., seasonally, due
to tourism, or permanently, etc.). This uncertainty needs to be considered simultaneously
with the design and dynamic optimization of renewable ED systems, because the resulting
designs are more robust and less susceptible to demand changes that were not accounted
for during system design. However, this is computationally challenging. For this reason,
Rohman and Aziz [15] and Latinis et al. [17] have developed reduced-order modeling
approaches to overcome such challenges. When uncertainty also needs to be considered
as part of a renewable ED system design over a long operating period (e.g., yearly), the
computational complexity is further amplified.

ML models like artificial neural networks (ANN) can be used as a promising alter-
native to the computationally intensive first-principle ED models, particularly because
the solutions can be determined quickly and accurately, given the wide range of design
variables in both equipment capacity and conditions in the temporal dimension. ANN
have demonstrated superior performance over traditional models in various applications,
often with faster processing times and higher accuracy [23]. ANN are widely used as
predictive tools in the fields of pattern recognition, forecasting, classification, and process
control [24–26]. ANN have also been used in desalination applications. For example, An-
song et al. [27] used a convolutional neural network–long short-term memory (CNN-LSTM)
model to forecast solar irradiance from images in a directly coupled PV-powered membrane
desalination system. Migaybil and Gopulani [28] used ANN to model water productivity
in solar still systems. The authors tested various hidden layer sizes and numbers and
evaluated training and validation losses against the number of epochs, among strategies
used to ensure efficient training and avoidance of overfitting. Chitgar et al. [29] proposed
an ANN modeling approach for the optimization of multi-carrier energy systems for elec-
tricity, desalinated water, and hydrogen production. The authors highlighted the need to
incorporate uncertainty in the calculations. Zegait et al. [30] employed an ANN model for
a RO desalination system in order to efficiently predict the seasonal feed fluctuations of
an arid environment, achieving superior predictive accuracy compared to multiple linear
regression, support vector regression, random forest, and polynomial regression. The au-
thors note that a 7 neuron architecture required higher training time than the other models
used, but the accuracy improved significantly. Wang et al. [31] optimized the performance
of RO desalination, using a resource surface methodology (RSM) and an ANN model. The
results highlighted the superiority of ANN in terms of accuracy. Najafi et al. [32] applied a
Monte Carlo real options framework to PV-RO desalination, evaluating the flexibility of
the investment cost under solar and electricity price uncertainty. Kanal et al. [33] combined
a long–short term memory network with Monte Calro simulations for the optimization of a
polygeneration system that produces electricity, heating, cooling, freshwater, and hydrogen.
Their results illustrated how the system configuration shifts depending on uncertainty.
Sanan et al. [34] used a geospatial AI framework to map solar desalination, integrating
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solar irradiance, population exposure, and topography to predict spatially variable demand
patterns, indicating that desalination is not uniform across regions. Applications of ANN as
part of a stochastic optimization methodology have indicated to be up to 500 times faster at
execution than conventional approaches [35]. Recently, very few works have reported the
coupling of ED with ANN models. Jaegher et al. [36] investigated the membrane fouling
of ED membranes with ANN. Sadrzadeh et al. [37] compared a mathematical differential
ED model with an ANN for the removal of lead ions at different feed concentrations,
temperatures, flow rates, and voltages. The results showed that the ANN was efficient in
predicting the non-linear system behavior, indicating a higher correlation coefficient than
the mathematical model. In these reports, ANNs were used as a complementary or re-
placement tool for an ED model to predict system performance. Chindapan et al. [38] used
an ANN in an optimization problem. They constructed an ANN coupled with a genetic
algorithm to optimize the ED operating conditions for better product quality, minimum
energy consumption, lower experimental time, and maximum current efficiency.

The above discussion shows that the integrated design and dynamic optimization
of renewable ED systems is important, but the uncertainty of water demand has not
yet been considered in this context. ML models like ANN are promising for providing
a less computationally intensive but equally accurate model for ED but have not yet
been considered for the integrated design and dynamic optimization of renewable ED
systems. This work proposes an ANN-based framework for the integrated design and
dynamic optimization of renewable ED systems under uncertain water demand, using
a first-principles ED model as a source of process data for developing the ANN. The
optimization goal is to determine the optimal PV and battery (BAT) capacities and the
optimal time-varying ED voltage and flow profiles during the batch operation, considering
the distribution of potential water demand in each batch over an annual operating horizon.
The performance index includes the minimization of annual capital and operating costs
for the renewable ED system. The proposed approach is implemented when using the
renewable ED system for the removal of nitrate ions from a polluted aquifer, while meeting
drinking water specifications that allow for human consumption. Nitrate contamination of
drinking water sources is a significant public health concern, particularly in agricultural
regions where excessive fertilizer use contributes to groundwater pollution.

2. Materials and Methods
2.1. System Description

A PV-BAT-ED system is an innovative integration of solar energy harvesting through
PV panels with the ion separation technology of ED. The electricity produced goes through
a BAT and is then used to power the ED unit. The latter consists of alternating cation
exchange membranes (CEM) and anion exchange membranes (AEM), positioned between
an anode and a cathode. The applied electric field drives the migration of the ions. Cations
in the feed solution move towards the cathode, while anions move towards the anode.
This movement occurs through the respective exchange membranes. As the ions migrate,
they pass through the membranes, resulting in the accumulation of deionized water in
one compartment and concentrated brine in another. The setup of the proposed system is
presented in Figure 1.
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Figure 1. Conceptual illustration of PV-BAT-ED system: the red circles indicate cations and the green
circles indicate anions.

2.2. Artificial Neural Network Theory

A neural network is a computational model inspired by the way biological brains
process information. Instead of using a digital model, in which the computations deal with
zeros and ones, a neural network works by establishing connections between elements,
commonly referred to as ‘neurons’. Each neuron has an associated weight that adapts as
learning progresses. Neural networks operate by receiving input data that is processed
by multiple layers of neurons. To be able to predict the results, the network should have
a large database of previous data to draw from. In each layer, the input is multiplied by
the connection weights, adjusted by biases, and passed through an activation function to
determine the output. The network learns by adjusting these weights and biases based
on the errors between the predicted output and the actual target during training. By
adjusting the connections or weights between neurons, a neural network can learn to
recognize patterns and relationships in the data. Activation functions in each neuron
introduce non-linear transformations that allow for the network to model complex, non-
linear relationships that would be impossible with linear models alone. Through an
iterative learning process, the network progressively improves its predictions, making
neural networks well-suited for a variety of tasks [39].

The inputs of the neural network are labeled a1, a2. . . to an, while the output is
represented by Oj. A node can receive multiple input signals, which are processed to
produce a single output signal. The values w1j, w2j. . . to wnj serve as weight factors linked
to each input signal received by a specific node. These weights act as adjustable parameters
in the network and influence the strength of each input signal. Each input is multiplied by
its associated weight, and the node combines these weighted inputs into a summation that
is used for further calculations. Initially, the weight values are often assigned randomly
following a specific statistical distribution (Figure 2).
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Figure 2. Neural network explanation.

Neural networks include many types: each designed for specific tasks. In a feed-
forward neural network (FNN), data flows in a single direction—from input to output—
without loops or cycles. The data enters the input nodes, travels through the hidden layers,
and exits through the output nodes. The network has no links, so the information leaving
the output node can be sent back into the network. It comprises a single or multiple hidden
layers, as well as input and output layers. The layers are made up of neurons, which are
connected to the neurons of the next layer. In this process, the input data is passed through
each layer, where it is transformed by weights, biases, and activation functions to produce
the final output. During training, the network adjusts the weights of the connections to
minimize the error, using a method like backpropagation so that accurate predictions or
classifications can be made. In a feedforward neural network, the output, y, is computed
for each neuron in the output layer by applying the weighted sum of the inputs and adding
a bias, followed by an activation function to introduce non-linearity [40].

Each neuron’s output in an FNN (y ) is calculated as follows:

y = f ∗
(
∑n

i=1 .wi ∗ ai + b). (1)

where ai is the i-th input, wi is the weight for ai, b is the bias term used to adjust the output
independently of the input, and f is an activation function [41].

When training an FNN, the neuron’s weights are adjusted using the minimization of
the difference (error) between the actual and predicted outputs as a criterion. Backpropaga-
tion and gradient descent are often used to this end. In forward propagation, the outputs
are calculated as the input data goes through the ANN. The mean squared error is a typical
error function in these cases. In backpropagation, the weights are updated by passing
the errors back through the network. The gradient of the loss function is calculated with
respect to the individual weights and gradient descent is used to adjust the weights.

2.3. Method Overview

The ANN-based ED model is developed using data from a rigorous, batch ED model
that includes differential mass balances around the ED stack and the tanks to calculate the
rates of change in concentrations and volumes in the corresponding process sections. The
mass balances include terms for ion electro-migration, ion diffusion, and water transport.
A model is also included for the electrical circuit that accounts for the stack voltage, the
electrode and membrane potentials, the membrane resistances, and the solutions’ resistivity.
The simulation includes the solution of the algebraic part of the model to determine the
stack current. This is followed by the solution of the system of differential equations
to determine the concentrations prior to updating the time step, in order to capture the
dynamic evolution of the phenomena.
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The ED model is validated with experimental data, whereas additional model details,
including the PV and BAT, are presented in Voutetaki et al. [11]. They are therefore not
presented here. A large dataset using this model was derived by performing simulations to
collect an adequate number of data points. The inputs that were varied included the stack
voltage, Vstack,st, the ED recirculation flowrate, Qst, and the water demand, Ws

Dem, where st
is the time step index and s is the water demand instance index, for a total of NT time steps
within each batch and of NW water demand instances, where st ∈ [1, NT ] and s ∈ [1, NW ].
The outputs that were calculated are the concentrations of the diluate stream, Cs

dil,st, and
the current density, Is

curr,st. The current density was then used to calculate the required
energy, as explained below.

The design and optimization method, shown in Figure 3, includes the following stages:

1. An optimization algorithm is used that generates the equipment size and dynamic ED
operating profile instances in step (1), whereas water demand instances are generated
internally in step (2), and both are introduced into the dynamic simulation that is
performed with the ED ANN. The information flow of Figure 3 is based on the use of a
stochastic search metaheuristic method. In this case, the dynamic ED profile instances
include time-variant stack voltage Vstack,st and recirculation flowrates Qst for every
time step, although other parameters may also be used if desired. The values for these
parameters pertain to each batch, which are repeated yearly to calculate the yearly
energy required for the ED.

2. This energy, together with capacity (size) values for the PV and BAT, is used in step
(4) in order to match the energy required in the ED. This step includes dynamic
simulation over a yearly profile of average hourly values for the solar irradiance, as
well as an energy management strategy (EMS) that dictates the appropriate actions,
depending on the availability of solar irradiance and the state of charge (SOC) of the
BAT. Specifically:

2.1. If SOCmin < SOC < SOCmax, then the BAT provides the required energy to
the ED and the PV provides energy to the BAT.

2.2. If SOC < SOCmin, then the energy is provided from the grid to the ED because
deep discharging of the BAT may have detrimental effects on its anticipated
lifetime. Energy that becomes available from the PV is provided to the BAT.

2.3. If SOC > SOCmax, then the energy is provided from the BAT, but the provision
of energy from the PV is discontinued to avoid overcharging, which may also
harm the BAT’s lifetime.

3. Step (5) includes the calculation of the objective function value for each Ws
Dem with

s ∈ [1, NW ]. The algorithm continuously generates water demand instances within
a pre-specified range. These instances may be drawn from a pre-specified set or
from a probability distribution, and may be different than the instances used for the
derivation of the ANN.

4. When all the water demand instances have been simulated, the algorithm calculates
the expected objective function value, which is an average of the objective function
values that correspond in each water demand instance.

5. The algorithmic optimization criteria are then applied in order to generate the next
design and dynamic ED operating profile instances, until the algorithmic termination
criteria are met.
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Figure 3. System design approach.

2.4. Optimization Problem Formulation and Objective Function

The optimization problem is formulated as shown below:

min
NBAT,NPV,{Vstack,st,Qst}

NT
st=1

OFequip(NBAT, NPV) + OFoper(Ws
Dem, Vstack,st, Qst)

NW
(2)

s.t.

y = f ∗ (
n
∑

i=1
wi ∗ ai + b)

PV and BAT models from [11]
EMS of step 4 (Figure 1)

SOCmin < SOC < SOCmax

Nmin
PV < NPV < Nmax

PV
Nmin

BAT < NBAT < Nmax
BAT

Vmin
stack,st < Vstack,st < Vmax

stack,st
Qmin

st < Qst < Qmax
st

Cs
dil,st ≤ Cs,lim

dil,st
PW = 0

(3)

Formulation (2) illustrates the expected objective function value [42], which represents
the main components of the yearly capital and operating costs. Formulation (3) describes
the employed constraints. The terms are analyzed below:

OFequip = (CT PV·APV·NPV·NRPV + CTBAT·PBAT·NBAT·NRBAT
)
/y (4)

OFoper = CTv·Nbatch·
NW

∑
s=1

NT

∑
st=1

(
Ps

ED,st(W
s
Dem, Vstack,st, Qst)·tst

)
(5)

OFequip is the objective function part that pertains to the equipment costs, with NBAT

being the number of BAT and NPV being the number of PV panels. CTPV is a cost co-
efficient for PV ($/m2), APV is the surface area per PV panel (m2/PV panel), which is
fixed, as we assume that commercially available panel blocks will be used, CTBAT is a cost
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coefficient for BAT ($/Wh), PBAT is the energy capacity of each BAT unit (Wh/BAT), which
results from multiplying the BAT capacity, SPBAT , in Ah with the BAT voltage, VBAT , in
volt (these two are also fixed for commercially available BAT units). NRPV and NRBAT

represent the number of times that the panels and the BAT units should be replaced in the
assumed y years of operation of the PV-BAT-ED plant, based on the estimated lifetime of
each panel and BAT, considering wear and tear [43].

OFoper accounts for operating costs that are a function of the design variables. Ps
ED,st is

the energy (W/batch) required by the ED for every time step of the dynamic simulation,
with st ∈ [1, NT ], and for every water demand Ws

Dem value, with s ∈ [1, NW ]. Ps
ED,st is

multiplied by the duration, tst, of each time step (which is the same in this work), in order
to calculate the Wh/batch. By multiplying with the number of batches per year (Nbatch),
we calculate the yearly energy (Wh/y) needed for the ED. Ps

ED,t is a direct function of
the design parameter, Vstack,st (volt), and is affected by the design parameter, Qst (m3/h),
and by the uncertain parameter, Ws

Dem (m3/h). It is calculated from the current density,
Is
curr,st (A), that results from the ED simulation stage, as follows [44]:

Ps
ED,t = Vstack,st·

∫ t

0
Is

curr,st (6)

CTv is a cost coefficient ($/Wh) that is used in Equation (5) with the purpose of
expressing the entire numerator of formulation (2) as the cost. Ps

ED,st may be served by
either renewable energy, or energy from the grid, or both. Normally, we would only add
a cost to the energy that is provided from the grid and assume that renewable energy is
free of charge, as it is produced internally by the system. Only during optimization, all
energy terms are assigned a cost in order to help the algorithm move toward designs that
have overall lower energetic requirements. Once the optimization results are obtained,
and specifically in the data reported in the results section, the equipment cost is calculated
by using Equation (7), which is adapted to consider various additional fixed costs so that
the final cost value is in line with those presented in the published literature for similar
systems. However, for the operating costs, only costs for the grid or lost energy are applied.
Therefore, a new equation is used to calculate the operating costs after obtaining the
optimization results. Both these equations, as well as the one to calculate the total costs, are
shown below.

CTequip = (CT.PV ·APV ·NPV ·NRPV + CTBAT ·PBAT ·NBAT ·NRBAT+CTm·Am

·Ncell + CTst + CTPump·Npump + CTtank·Ntank + CTEDpw

·NEDpw + CTairbl ·Nairbl + CTinv·Ninv)/y
(7)

CToper = CTv ∗ PW ∗ y (8)

CTtotal = CTequip + CToper (9)

where CTm is the membrane cost ($/m2), Am is the membrane size (m2), Ncell is the number
of ED cells, CTst is the membrane stack cost ($), CTPump is the pump cost ($), Npump is the
number of pumps, CTtank is the tank cost ($), Ntank is the number of tanks, CTEDpw is the ED
power supply equipment ($), NEDpw is the amount of equipment needed during the system
lifetime, CTairbl is the ED air blower cost ($), Nairbl is the number of air blowers, CTinv is
the inverter cost ($), Ninv is the inverter number, CTv is the cost of electricity ($/kWh) and
PW is the annual grid electricity requirement or renewable energy loss (kWh/y). Equations
(7)–(9) are based on [11]. Some terms are clearly fixed in this study, but they are used here
as they are also typically used in similar studies (e.g., [10]). The optimization is performed
with simulated annealing [45], based on the implementation of [46].



Processes 2025, 13, 3773 10 of 25

The set of constraints (3) includes a generic expression of the ANN model, as originally
specified in Equation (1), as well as an indication that the PV and BAT models are also
included in the formulation. Other constraints include the upper and lower limits for
the design variables and for the SOC of the BAT. They also include a specification for the
Cs

dil,st, which should be satisfied in order for the produced water to be potable and an equal
constraint on the PW. Ideally, the optimum designs should lose no renewable energy or
should not require any energy from the grid. This term represents the energy from the
PV-BAT system that surpasses the BAT limitations. This occurs when there is an energy
surplus that would charge the battery beyond its maximum SOCmax, or when an energy
deficit arises, causing the BAT charge to drop below its SOCmin. Both these constraints
are used in a relaxed form as penalties that are added in formulation (2) and used by the
optimization algorithm. The same cost value is applied on PW when either of the SOCmin

or SOCmax limits are violated. With respect to uncertainty, the water demand may exhibit
temporal variability, influenced by environmental and climatic conditions, lifestyle habits,
and operational schedules of industries. Each problem design instance, i.e., each set of
values in the vector of the design variables Vstack,t, Qt, NPV , and NBAT , is optimized for
every point of product water volume, Ws

Dem, where s ∈ [1, NW ].

3. Implementation
3.1. Experimental Setup and Method for Model Validation

The rigorous ED model is validated here, using experimental results for nitrate removal
from a pilot plant setup comprising 40 cell pairs of cation- and anion-exchange membranes,
each with an area of 0.038 m2 per sheet (total effective membrane area of 1.52 m2). Further
details are available in Voutetaki et al. [47], where a system with the same membrane area
per sheet, but with more cell pairs, was used for the removal of lead and sulfate ions from
industrial effluents. The experiments were conducted at 20 V, with a feed flow rate of
300; L/h, , 15 L concentrate, and 15 L diluate feed solutions. The pilot was operated in
batch recirculation mode for one hour, with samples taken at 0, 10, 30, and 60 min. An
initial concentration of 120 mg/L nitrate was used in the ED process. These data were also
used in the simulations for validation.

To simulate nitrate-contaminated groundwater, we used NaNO3 from Fischer Sci-
entific (Schwerte, Germany), CaSO4 from Lachner (Main, Germany), and MgCl2 from
PanReac Applichem (Darmstadt, Germany). The water feed solution was prepared by
dissolving appropriate amounts of solutes in deionized (DI) water (pH 5.5–5.8, electrical
conductivity <0.0005 S/m and TOC <0.05 mg/L) to achieve 120 mg/L of nitrate. Sodium
sulfate (Na2SO4, Sigma Aldrich, Darmstadt, Germany) was used to prepare the electrolyte
rinsing solution at a concentration of 0.25 M. The anion and cation exchange membranes
used were PC MVA (Monovalent Anion) and PC MVK (Monovalent Cation), both from
PCA Polymerchemie Altmeier GmbH (Heuswriler, Germany). PC MVA and PC MVK are
ion exchange membranes reinforced with polyester, used for desalination. Stoichiometric
analysis of all ions was performed using ion chromatography with a Prominence LC-20Ai
system (Shimadzu, Kyoto, Japan), equipped with an IC SI-52 4E (Shodex, Tokyo, Japan)
column, with PEEK as the column material, a flow rate of 0.8 mL/min, and a column
temperature of 45 ◦C. The mobile phase consisted of 3.6 mM sodium carbonate (Na2CO3)
for the anions, 4 mM methane sulfonic acid for the cations, and the sample injection volume
was set at 20 µL.

3.2. Data Used in Case Studies

This work was implemented for a source in northern Greece, where there is an issue
with their drinking water due to a high nitrate concentration. The nitrate feed concentration
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is 120 mg/L, with the goal being to reduced it to below Cs,lim
dil,T = 50 mg/L. While this

value meets the specification of the European Union Drinking Water Directive [48] during
optimization it was lowered to Cs,lim

dil,T = 30 mg/L and used as constraint in Formulations
(2)–(3). This was performed to identify the operating limits that can be reached through
optimization. The ED unit employed to treat nitrate-contaminated water has Ncell = 25 cell
pairs and Am = 0.038 m2 of membrane size, and its feed volume varies depending on the
water volume demand. The ED batch time is assumed to be equal to one hour, divided at
four time steps of tst = 15 min each, hence NT = 4. Eight ED batches are assumed daily,
which implies that the ED unit operates for one hour, and remains idle for two hours.
Within these two hours, the ED batches are replaced with new batches of feed, and the
batteries are charged, given the available solar supply. The hourly solar irradiance in W/m2

of Thessaloniki, Northern Greece, versus time, is presented in Figure 4. The unit is designed
to treat eight daily batches (producing 1–6 m3/batch or 8–48 m3/day). Similar works in the
literature report comparable daily production, such as Bian et al. [10] producing 10 m3/day,
or Wright and Winter [4] producing 6–15 m3/day. These systems are appropriate for small
applications in isolated locations lacking an electric grid, where the required daily treated
water volume is small.

The ANN model has nine input parameters (Vstack,st, Qst with st ∈ [1, 4], and Ws
Dem),

and eight output parameters (Is
curr,st and Cs

dil,st). A total number of 11,220 data points was
generated for the development of the ANN; 60% of these data were used for training,
25% were for validation and 15% were for testing. The Matlab 2021a function used for
ANN training was the Levenberg–Marquardt backpropagation [49], with a maximum of
1000 epochs and with the hyperbolic tangent sigmoid activation function. The validation
test used 810 points. After the validation, the ANN ED model was integrated with the
PV-BAT model. The PV panel area per equipment piece was APV = 0.64 m2/PV panel,
the SPBAT = 866 Ah, and the VBAT = 6 volt/BAT, whereas CTPV = 98 $/m2 [10] and
CTBAT =150 $/kWh [10]. The BAT and PV efficiency were 85% [50] and 10% [51], respec-
tively. The BAT SOC ranged between [50%, 90%] of the total BAT capacity [52]. During
the optimization, Vstack,st ranged between [0–40 V], Qst between [50–350 L/h], NPV be-
tween [2,30], and NBAT between [2,30]. The values for the uncertain parameter, Ws

Dem,
ranged within [1,6] m3/batch, following a uniform distribution and indicating a maximum
variation of ± 71% from the average demand within this range. These were the ranges used
in the development of the ANN as well. In the latter case, the values for these parameters
were pre-specified, whereas during optimization, six values were selected in each iteration
of the simulated annealing.

Figure 4. Annual solar irradiance of Thessaloniki, Greece [53].
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4. Results and Discussion
4.1. ED Model Validation

Figure 5a shows the experimental (orange) and simulation (blue lines) results from
the ED for both the concentrate and diluate compartments. Axis Υ depicts the normalized
concentration, C/C0, with C0 representing the initial nitrate concentration. The simulation
results match the experimental results, particularly in the concentrate stream. In the diluate
stream, the maximum deviation from the experimental results is 10% at one point before
the 15 min, while the errors in the subsequent points are very small. This initial difference
in separation is due to phenomena in the solution that are not included in the model, such
as boundary-layer development or stack hydration delays that impede ion transfer. Overall,
the ED model provides reliable predictions for the development of the ANN under the
operating conditions of 20 V and a 300 L/h feed flowrate, which are within the ranges
considered in the implemented case study.

The model was also validated with data from Mohammadi et al. [54]. That system
had 10 cell pairs and a 69 cm2 membrane area, and operated at a flow rate of 2.5 L/h. The
applied voltage was 6.6 V, and the nitrate feed concentration was 100 mg/L. Figure 5b
shows that the model predictions match the experimental data sufficiently again, with an
average error of 5% across all points, which were within an error range of 1–10%.

 
(a) (b) 

Figure 5. ED model validation with experimental results from (a) this study, with the average
relative standard deviation of the IC analyses for the nitrate ions being less than 1%, (b) the study of
Mohammadi et al. [54].

4.2. ANN Model Validation

Choosing the appropriate number of hidden layers in a neural network is crucial, as it
directly affects the model’s capacity to learn complex patterns and generalize to unseen
data. The selection of neurons, which are the fundamental processing units that take
inputs, is also of great significance. The universal approximation theorem, first proposed by
Cybenko [55], suggests that a neural network with a single hidden layer can approximate
any continuous function, given sufficient neurons. However, for practical applications,
increasing the number of hidden layers (up to five) often enhances the model’s ability
to capture hierarchical features, especially for tasks involving high-dimensional data.
Furthermore, Ghana Sheel and Deepa [56] discuss various heuristic and analytical methods
for determining the number of hidden neurons in neural networks. They highlight that
while several rules of thumb exist, there is no one-size-fits-all solution, and empirical testing
is often necessary.

The hidden layer and neuron numbers were optimized to reduce deviations of the
ANN predicted data from the ED model data. The selected neural network had three
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hidden layers, with 17 neurons each. The results are presented in Figure 6. Figure 6a
represents an error histogram, showing the distribution of errors between the predicted
outputs and the actual target values for the training, testing, and validation tests. The
x-axis represents the error values. Errors close to zero indicate that the neural network’s
predictions are very close to the actual target values. The y-axis shows the frequency of
errors for each bin, essentially counting how many predictions fell within each error range.
The height of each bar represents the number of instances (data points) that fall within a
specific error range. The blue bars show errors from the training set, the red bars show
errors from the test set, and the orange bar represents the error line, which is the ideal
point where the prediction perfectly matches the target. Clearly, most of the error values
are clustered around zero, indicating that the majority of predictions are close to the actual
target values. The presence of some bars further from zero (both positive and negative)
indicates that there are outliers where the model’s predictions were less accurate.

(a) 

(b) (c) 

(d) (e) 

Figure 6. Neural network with 3 hidden layers and 17 neurons. (a) Error histogram plot, (b) mean
squared error plot, (c) ANN model validation in C1, (d) ANN model validation in C4, and (e) ANN
model validation in J1.

Figure 6b shows a mean squared error vs. epochs plot, which shows the training and
testing performance over time. The x-axis represents a number of complete passes through
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the training dataset. Each epoch allows the model to update its parameters. The y-axis
measures the average squared difference between the predicted and actual values. A lower
mean squared error indicated better model performance, as it reflects smaller prediction
errors. The annotation ‘best training performance’ indicates the epoch at which the training
mean squared error (MSE) reached its minimum, marking the point of optimal performance
on the training data. In general, this analysis indicated a good ANN model that can be
used to fit the data points with accuracy. However, a validation test using 810 data points
was employed to test the ANN’s performance. In Figure 6c–e the relationship of the ANN
data predictions with the ED model predictions in three performance indicators, C1, C4

and J, respectively, is shown. C1 states the final concentration of the first time-step, C4 the
final concentration of the batch, and J the current density of the last time step. To compare
the ED model data to the ANN data, simulations using the ED model are performed. The
computational time used for one ED simulation was 2.3 s, whereas the time used for an
ANN simulation was 0.7 s: about three times faster.

In Figure 6a, the error histogram shows a peak error count close to 9 × 104 instances,
indicating a dense concentration around zero error. Additionally, Figure 6a has a tight error
distribution, with a cluster of errors around zero and fewer instances of larger deviations.
This distribution suggests good generalization or a more refined model fit, including a
line for zero error, with most instances centered around it. The MSE in Figure 6b achieved
the best training performance at 0.00017956 in epoch 1000. A low MSE indicates that
the model’s predictions are close to the target values, suggesting an accurate model with
reduced prediction error. Furthermore, in Figure 6b, the training continues for 1000 epochs,
indicating optimum model efficiency. For all performance indicators, the slope of the plots
and the R2 term are close to one, and the data points from Figure 6c–e present very little
scatter. The MSE (mean squared error) values were estimated in the prediction provided by
the ANN model for each predicted parameter. The prediction intervals (PI) were further
estimated for each one of the above parameters, using the split conformal prediction (SCP)
framework. SCP is a distribution-free inference technique that produces finite-sample,
calibrated prediction intervals that are applicable to any regression model, regardless of
its architecture or training procedure ([57,58]). The data are reported in Table 1 and more
details are available in the Supplementary File. The error margins for the PI95% are within
3.5–9.6% for the nitrate concentrations and 2–4.8% for the current densities.

Table 1. Mean squared error and prediction intervals at 95% confidence level. The reported units do
not apply to the last row.

C1
(mg/L)

C2
(mg/L)

C3
(mg/L)

C4
(mg/L)

J1
(A)

J2
(A)

J3
(A)

J4
(A)

MSE 1.8 2.2 3.3 4.8 0.0007 0.0009 0.0019 0.0032

Error margins for PI95% ±2.4 ±2.7 ±3.5 ±4.6 ±0.053 ±0.072 ±0.096 ±0.129

Mean 68.2 59.1 52.8 47.9 2.7 2.8 2.7 2.7

PI95% (+ on mean) 70.6 61.9 56.3 52.5 2.8 2.9 2.8 2.8

PI95% (− on mean) 65.9 56.4 49.4 43.2 2.7 2.7 2.6 2.5

Error margins for PI95% as
% of mean ±3.5 ±4.6 ±6.5 ±9.6 ±2.0 ±2.6 ±3.5 ±4.8

4.3. Optimization Results
4.3.1. Dynamic Optimization Under Uncertainty

Selected designs are illustrated in Table 2, including the optimum design, S1,1, that
exhibits the lowest total cost, CTtotal , and two more designs (S1,2 and S1,3) that exhibit
interesting trade-offs. S1,2 has the lowest energy consumption on an annual basis, whereas
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S1,3 achieves the highest water quality. In the dynamic optimization, the duration of each
batch is separated into four time-steps of 15 min each. Designs where Vstack,st > 0 indicate
that potential is applied during the 15 min period. From this information, we deduce the
total duration of each batch. S1,1 has the lowest cost of all three designs (1641 $/y), with a
batch time of 30 min. The achieved Cdill is within drinking water limits (<50 mg/L), and
its PW has a value of 16 kWh/y. S1,2 has the lowest PW of all designs (0.6 kWh/y) and
a batch of 1 h and Cdill within drinking water limits (31 mg/L); however, it has a very
high CTtotal (3633 $/y). This design includes 19 batteries, which would explain the higher
cost and the lower PW value. S1,3 achieves the best water quality (Cdill = 23 mg/L), but at
the expense of high PW (79 kWh/y) and a higher cost (2104 $/y) than S1,1. The designs
with a smaller batch time (S1,1 and S1,3) are more preferable, because the water demand
condition is met in half of the time compared to design S1,2, meaning that more batches can
be implemented on a daily basis. However, due to its significantly lower cost, S1,1 is more
preferable than S1,3.

Table 2. Dynamic optimization solutions, with PW duration indicating the time that the system
operated out of the SOC limits.

Name Vstack,11
(V)

Vstack,22
(V)

Vstack,3
(V)

Vstack,4
(V)

Q1
(L/h)

Q2
(L/h)

Q3
(L/h)

Q4
(L/h) NPV NBAT

Cdill
(mg/L) PW Duration (h/y) PW

(kWh/y)
CTtotal
($/y)

S1,1 25 28 0 0 79 62 0 0 9 6 24 42 16 1641

S1,2 25 9 18 12 82 140 67 118 4 19 31 1 0.6 3633

S1,3 13 29 0 0 78 63 0 0 6 9 23 244 79 2104

In Figure 7, we present the selected solutions’ flow rate and voltage profiles, and their
respective battery charge–discharge performance. Figure 7a–c show the fluctuation of the
design variables within the batch. Figure 7d shows the annual battery performance for
all solutions. It is reminded that the term PW accounts for the annual kWh, for which
the system has to be connected to the grid due to an inadequate power supply from the
batteries or exhibits renewable energy losses, expressed as violation of the SOCmax. The
SOC profiles for all three designs have different trends. Design S1,1 goes through discharge
and recharge cycles. The SOC of designs S1,2 and S1,3 gradually decreases throughout
the year. Compared to the other designs, S1,2 has a larger battery capacity. S1,1 shows
fluctuating behavior, maintaining SOC mostly between 60 and 80% throughout the year,
showing frequent charge and discharge. In contrast, S1,2 shows a steady and gradual
decline in SOC from about 85% to below 55% without major fluctuations, meaning that
it experiences fewer cycles and smoother operation. This could prolong battery life, but
risks running closer to the lower limit toward the end of the year. S1,3 exhibits a moderate
decline and some variability, eventually reaching around 50%. Considering long-term
performance, S1,1 keeps the SOC in a healthier mid-range for most of the period, whereas
S1,2 provides the most stable trajectory but approaches the lower SOC threshold sooner.
Overall, S1,3 exhibits balance between stability and variability, avoiding extreme cycling
while still maintaining SOC within acceptable bounds. However, in a larger-scale operation,
S1,3 would probably demand more time for battery recharge, during which the SOC would
possibly drop lower than 50%. For the optimum solution S1,1, the PW predicted by the
ANN is only 0.31% lower than the corresponding prediction from the ED model. This has
no practical effect on the CTtotal , which is only 0.0006% different from the one predicted
by the ANN model. For S1,2, the difference in CTtotal is similar to that for S1,1, whereas
for S1,3, the difference is 0.4%, which corresponds to only 8.5 $/y higher cost compared
to the CTtotal predicted from the ED model. For the final nitrate concentrations, Cdill , the
differences from the predictions of the ED model are 0.28, 0.9, and 0.1 mg/L, or 1.2%, 3%,
and 0.3% for S1,1, S1,2, and S1,3, respectively. These are too small to affect the batch time.
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Figure 7. Dynamic optimization solution evaluation. (a) Flow rate and voltage profile of S1,1, (b) flow
rate and voltage profile of S1,2, (c) flow rate and voltage profile of S1,3, (d) battery performance for
all designs.

4.3.2. Evaluation of Selected Profiles on Feed Disturbance

The robustness of the selected designs in sudden peaks of nitrate input (150 mg/L) in
the feed tanks was tested. At this simulation, the water demand was fixed at the lowest
value possible, at 0.5 m3. Consequently, the respective design responses would be slightly
different than those presented in Table 2. The disturbance was inserted just before the
second time step, at 15 min, in order to evaluate how the different designs would respond
and how long it would take to reach the nominal nitrate concentration. This evaluation is
presented in Figure 8, where the nitrate concentration threshold is also depicted with a red
line. This disturbance mimics a continuous operating mode, where a high concentration
stream would be inserted in the storage tanks and would have to be treated. After the
disturbance at 15 min, both S1,1 and S1,2 effectively reduce the concentration from its initial
value, while S1,3 stabilizes more slowly at a concentration slightly above the target of
50 mg/L. When the feed concentration increases to 150 mg/L at 15 min, S1,1 shows a
relatively small peak and quickly recovers to a steady value below the target. As expected,
the solutions with higher voltages (S1,1, S1,3) would react more quickly to the concentration
changes. Based on the responses of Figure 8, the S1,1 and S1,3 designs are able to respond fast
to the sudden peak of the nitrate feed, while reaching an acceptable nitrate concentration
value below the drinking water specifications (~35 mg/L) in about 7 min. For design S1,2,
although it was within the drinking water specifications before the disturbance, afterwards
it was unable to meet the threshold of 50 mg/L, presenting a rather high concentration at
the end of the batch, at ~55 mg/L.



Processes 2025, 13, 3773 17 of 25

Figure 8. Dynamic optimization designs under feed disturbance. The red line indicates the
Cs,lim

dil,st for the nitrate concentration and the vertical light blue lines indicate the endpoints of the
15 min time steps.

4.3.3. Simulation at Minimum Water Demand

We performed a simulation of all dynamic optimization designs under the minimum
water demand (1 m3/batch), estimating each design’s annual costs. The annual costs were
compared to the ones from the optimization under uncertainty. The results are presented
in Table 3. Lower water demand resulted in lower ED energy for all designs. However,
design S1,1 with minimum water demand exhibited a higher cost than the case under
uncertainty. This phenomenon occurred because even though the ED energy demand
was significantly lower than the nominal, the PV-BAT model resulted in higher PW value
(because it exceeded the upper SOC limit, hence wasting solar energy), therefore resulting
in higher CTtotal . S1,2 and S1,3 resulted in very similar costs, being those of the case under
uncertainty. These results indicate that no design would result in economic gains in the case
of prolonged operation under minimum demands. However, designs S1,2 and S1,3 would
at least maintain the costs that were anticipated from optimization under uncertainty.

Table 3. Optimum solutions from dynamic optimization with minimum water demand.

Name CTtotal
($/y)

CTtotal with Minimum Water Demand
($/y)

S1,1 1641 1980

S1,2 3633 3633

S1,3 2104 2089

4.3.4. Simulation at Lower Solar Irradiance and Maximum Water Demand

Next, we performed simulations for the optimum dynamic designs, considering
30% lower solar irradiance for 30 days, which corresponds to 500–700 W/m2 during this
period. At the same time, we implemented a maximum water demand (6 m3/batch) for
the entire year. The respective CTtotal values are presented in Table 4, and the annual SOC
performances of all designs are shown in Figure 9. These conditions had minor effects
on the costs. The PW increased in designs S1,1 (175 from 16 kWh/y) and S1,3 (196 from
79 kWh/y). However, their impact on costs was small, as the increase was 1–2%. Design
S1,2 was practically unaffected, due to the considerably larger battery capacity. Overall, the
consideration of uncertainty in water demand during the system design resulted in robust
designs. The deterioration of solar irradiance would need to be larger or last for longer
periods to incur significant effects on the associated costs. The proposed methodology can
be used to address the design of similar systems for more adverse operating conditions,
while also expanding the consideration of uncertainty in other parameters.



Processes 2025, 13, 3773 18 of 25

Table 4. Optimum designs CTtotal and PW at low solar irradiance and maximum weather demand.

Name CTtotal
($/y)

PW Duration
(h/y) PW (kWh/y)

CTtotal at Low Solar
Irradiance and Maximum

Water Demand
($/y)

PW Duration at Low Solar
Irradiance and Maximum

Water Demand (h/y)

PW at Low Solar
Irradiance and

Maximum Water
Demand (kWh/y)

S1,1 1641 42 16 1676 580 175

S1,2 3633 1 0.6 3633 1 0.4

S1,3 2104 244 79 2129 718 196

Figure 9. Battery performance of optimum solutions, at 30% lower solar irradiance for 30 days and at
maximum water demand for a year.

4.3.5. Cost Sensitivity Analysis

Subsequently, we performed a sensitivity analysis on CTtotal to investigate the effects
that BAT, PV, and electricity prices have on the total annual cost. In Figure 10a, it is observed
that PV and electricity prices have a negligible effect on CTtotal compared to BAT prices.
Moreover, S1,2 is influenced more significantly by increases in battery prices, as it has
the highest BAT capacity among the three. S1,1 and S1,3 exhibit similar trends, indicating
greater robustness compared to S1,3, which has a steeper slope, although S1,1 maintains
the lowest CTtotal . It appears that for a greater decrease in BAT price, designs S1,1 and S1,3

may eventually attain the same CTtotal . Figure 10b shows that if the prices of BAT, PV, and
external electricity change simultaneously, the trends remain similar to those in Figure 10a.
Overall, S1,1, apart from having the minimum CTtotal , seems to be more robust to changes
in equipment and electricity costs.

 
(a) 

(b) 

Figure 10. Sensitivity analysis of CTtotal for selected dynamic designs, with respect to (a) BAT, PV,
and electricity prices, and (b) the combined effect of BAT, PV, and electricity prices. The circular,
triangular, and rectangular data points represent the fluctuations in BAT, PV, and non-renewable
electricity prices, respectively. The rhombus data points indicate the simultaneous effect of changes
in BAT, PV, and electricity prices on CTtotal .
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4.3.6. Steady-State Optimization Under Uncertainty

In this case, we performed steady-state process optimization to determine if there are
any benefits from using dynamic optimization. The main difference with the dynamic opti-
mization approach is that the stack voltages and flow rates retain a fixed value throughout
the batch. Furthermore, the batch is not stopped if the Cdill specification is met. Table 5
illustrates the optimization results. S2,1 has the lowest cost, a Cdill within drinking water
limits, and low PW. S2,2 has the lowest PW value and the Cdill is within limits but the
CTtotal is high. This has resulted from the higher number of batteries. Comparing S2,1 and
S1,1, the latter (attained from dynamic optimization) has slightly lower CTtotal and Cdill ,
and about the same PW; however, it has 50% lower batch time. This means that with the
dynamic optimization approach, it is possible to incorporate more batches within a day
and therefore increase the water throughput.

Table 5. Selected designs attained from steady-state optimization under uncertainty.

Name Vstack
(V) Q (L/h) NPV NBAT Cdill (mg/L) PW Duration (h/y) PW

(kWh/y)
CTtotal

($/y)

S2,1 27 61 11 6 26 43 19 1655

S2,2 28 119 4 17 35 1 0.5 3321

The respective battery performance for all steady-state optimization designs is illus-
trated in Figure 11. The red bars indicate the 50% and 90% battery SOC limits under and
over which the term PW increases. S2,1 exhibits the same trend as S1,1. The batteries are
discharged at 1800 h, they are recharged at 4000 h, and they are discharged again at 6000 h,
following the seasonal fluctuations. S2,2, on the other hand, has a similar trend to S1,2. The
high number of batteries in both designs (19 for S1,2 and 17 for S2,2) result in a smooth,
discharge-only profile. Again, this design is unfavorable for longer-term operations, due to
the long charging time of 17 batteries.

Figure 11. Battery performance for steady-state optimization.

Figure 12 shows the normalized concentration profiles (C/C0) of the two compart-
ments, diluate and concentrate, over time, for the designs obtained in both steady-state
and dynamic optimization, together with the applied voltage trend of the dynamic opti-
mization. The dynamic profile is represented by solid lines, and the steady-state profile
by the dashed lines. The green line also represents the applied voltage profile in the S1,1

design (resulting from dynamic optimization). The S1,1 design reacts dynamically to any
change in the applied voltage. After 15 min, a higher voltage is applied, which results in
the concentration reaching an acceptable level for drinking water (<50 mg/L). The batch is
then stopped after a total duration of 30 min. S2,1, on the other hand, exhibits a uniform
and continuous profile over time. In the case of steady-state optimization (dashed lines),
it can be seen that it takes about 5 min to remove 76% of the nitrates and another 55 min
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to remove a further 3%. Obviously, with the applied voltage value, the separation should
have stopped earlier, but this cannot be implemented in steady-state optimization. In the
case of the dynamic optimization (continuous lines), it takes 50% of the time to remove 75%
of nitrates, and after that, the unit stops, because the nitrate concentration criteria were met.
The energy consumptions of the two profiles are estimated to be 374.57 Wh/batch for the
S1,1 and 449.48 Wh/batch for the S2,1 design. With S1,1, 17% energy is saved compared to
S2,1. Therefore, the dynamic optimization approach is both time and energy efficient.

Figure 12. Normalized concentration profiles (C/C0) for dynamic and steady-state optimization.

5. Conclusions
In this work, we have developed and used an ANN model to design an ED-PV-BAT

system to optimize the design and operation of a pilot unit applied for the removal of
nitrate ions from drinking water sources. With such a system, it is important for the
designers to include uncertainties, due to variable water consumption demands. We
implemented design optimization under water demand uncertainty in dynamic and steady-
state conditions. Using an ANN, we were able to perform the optimizations much faster
and with less computational effort than with a conventional ED model.

The optimization goal was to select a design that would allow for the ED pilot unit to
treat nitrate contaminated water under uncertain water demand conditions, while being
energetically autonomous. The optimal designs from the dynamic optimization were
then simulated for the minimum water demand, and several proposed designs showed
high robustness. The dynamic and steady-state designs resulted in similar annual costs,
with the advantage of dynamic optimization being the ability to treat the same volume of
feed water in a shorter batch time; therefore, less energy is required. More specifically, a
proposed dynamic design with minimal cost has a 30 min batch operation and requires
374 Wh/batch, compared to a steady state design with 0.15% higher annual cost, designed
for 60 min batches and requiring 449 Wh/batch of energy. The proposed design aligns with
the European Union Drinking Water Directive [48], which sets a maximum allowable nitrate
concentration of 50 mg/L. The proposed approach and designs highlight a sustainable
and viable pathway for decentralized nitrate removal in compliance with the drinking
water standards.

Although the present study focuses on the offline optimization of the ANN-ED/PV-
BAT system, the proposed ANN surrogate model could be directly integrated into an
online control framework for real-time operation. Due to its sufficient prediction accuracy
and fast computations, as discussed in the paper, the ANN can serve as a predictive
model within a model predictive control (MPC) algorithm to dynamically adjust ED
operating variables, such as voltage and flow rates, in response to fluctuations in solar
energy availability and water demand. Similar architectures, where ANNs approximate
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system dynamics and propose optimal control policies, have been demonstrated for other
chemical process systems [59,60]. Beyond its technical scope, the proposed ANN-based
optimization framework also supports techno-economic and policy analysis for renewable
desalination systems. By linking operating flexibility with cost and demand uncertainty, it
can inform strategies such as dynamic water pricing, renewable investment incentives, or
decentralized planning for water-stressed regions. Although this study focused on optimal
system design, to minimize the annual cost under water demand uncertainty, the proposed
framework can be extended to a multi-objective formulation. For instance, a Pareto front
could highlight the trade-offs between system costs and operational parameters, providing
different cost options for different operating conditions. Note that the proposed approach
is presented as a generic optimization problem formulation that is independent of the
particular application in nitrate removal discussed here. The same approach can be used for
the design of renewable ED systems in other applications, like water desalination, removal
of ionic species like sulfur and lead from effluents of battery production [47], and others.

The proposed ANN surrogate demonstrates strong predictive accuracy in the pre-
sented work. However, all models of this type depend upon the underlying data that were
used for their development. Experiments with larger-scale units would provide data to
train and develop ANN models that can accurately predict results at these design ranges.
As with all membrane systems (e.g., RO, etc.), the ED is modular and can be easily scaled
up by adding more stacks to the treatment train. The design of an appropriately scaled
ED stack also involves engineering considerations for pumps, piping, electrical supply,
and control systems, to handle the increased operational scale with ease in maintenance
and monitoring. Adjusting the dimensions of the channels within the stack, specifically
their length and diameter, presents a relatively straightforward method to enhance the
current efficiency of large stacks. Nonetheless, determining the optimal channel dimen-
sions often depends on empirical knowledge, highlighting a gap in the development of
optimization models that balance current efficiency with pressure drop considerations in
stack design [61]. For stacks with different sizes and different flow velocities, but similar
residence times of the feedwater, the ion separation and energy consumption can be simi-
lar [62]. The optimization applies not only to a single stack but can also be adopted for the
different stacks of an integrated ED system with photovoltaics for energy autonomy and
continuous operation.

Generally, the study contributes to more sustainable water treatment practices by
minimizing chemical consumption and energy demand and reducing potential environ-
mental impacts. These aspects highlight the ethical importance of developing cleaner and
more efficient treatment practices. Although PV and BAT systems enable electrodialysis
operation with renewable energy, their sustainability depends on efficient recycling or
extending the materials’ lifetimes. The disposal of batteries should also be considered, as
improper management of spent batteries can lead to contamination. Considering the full
life cycle of these components is essential for achieving truly environmentally friendly
renewable-powered water treatment technologies. Moreover, expanding the investigation
to multi-ion systems represents a critical step towards practical implementation, as real
effluents usually do not consist of single ionic species. Such investigations will support the
development of ED systems that are suitable for broader industrial and rural applications.
The presented work is specifically suited for understanding the potential of renewable
water treatment technologies for rural applications that may have limited access to grid
energy, and for potentially developing policies.

Supplementary Materials: The following supporting information can be downloaded at: https:
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Abbreviations
The following abbreviations are used in this manuscript:

AEM Anion exchange membranes
Am Membrane size (m2)
ANN Artificial neural network
an Neural network inputs
APV PV surface area (m2/PV panel)
b Bias term
BAT Battery
CEM Cation exchange membranes
CTairbl Air blower cost ($)
CTBAT Battery cost coefficient ($/Wh)
Cdil Diluate final concentration (mg/L)
Clim

dil Limit for diluate final concentration (50 mg/L)
CTEDpw ED power supply ($)
CTequip Equipment cost ($)
Ci Diluate final concentration in each time step, (i ∈ [1, 4] )
CTinv Inverter cost ($)
CTm Membrane cost ($/m2)
CToper Operating cost ($)
CTPump Pump cost ($)
CTPV PV cost coefficient ($/m2)
CTst Membrane stack cost ($)
CTtank Tank cost ($)
CTtotal Total cost ($)
CTv Electricity cost ($/kWh)
ED Electrodialysis
f ANN activation factor
FNN Feed forward neural network
Icurr Current density (A)
Ji Final current density at each time step (i ∈ [1, 4] )
Nairbl Air blower number ($)
NBAT Number of batteries
Ncell Number of ED cells
NEDpw Number of ED power supply replacement
Ninv Number of inverters
Npump Number of pumps
NPV Number of PV panels
NRBAT Number of batteries replacement times
NRPV Number of PV replacement times
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NT Time steps within batch
NW Water demand instants
Oj Neural network outputs
OFequip Equipment cost ($)
OFoper Operating cost ($)
PBAT Capacity of batteries (Wh/BAT)
PED ED energy consumption (W/batch)
PV Photovoltaic
PW Annual grid electricity requirement (kWh)
Q ED flow rate (L/h)
Si,i Selected designs from optimization
SOCmax Maximum state of charge of accumulator (%)
SOCmin Minimum state of charge of accumulator (%)
SPBAT Battery capacity (Ah)
tst Duration of batch time steps (min)
VBAT Battery voltage per item (V/BAT)
Vstack ED stack voltage (V)
WDem Water demand (m3)
wnj Weight factors
y Years of system operation (y)
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