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Abstract: This article is dedicated to the construction of neural networks for the prediction of the
current-voltage characteristic (CVC). CVC is the most important characteristic of the mass transfer
process in electro membrane systems (EMS). CVC is used to evaluate and select the optimal design
and effective operating modes of EMS. Each calculation of the CVC at the given values of the input
parameters, using developed analytical-numerical models, takes a lot of time, so the CVC are
calculated in a limited range of parameter changes. The creation of neural networks allowed using
prediction to obtain the CVC for a wider range of input parameter values and much faster, saving
computing resources. The regularities of the behavior of CVC for various values of input parameters
were revealed. During the work, several different neural network architectures were developed and
tested. The best predictive results on test samples give the neural network consisting of
convolutional and LSTM (Long Short-Term Memory) layers.

Keywords: current-voltage characteristic; mathematical modeling; electro membrane systems;
artificial intelligence methods; neural networks; space charge; electroconvection; spacers

1. Introduction

Electro-membrane systems (EMS) are advanced technological platforms widely employed in
numerous industrial applications, including purification, separation, enrichment, desalination, and
concentration of liquid and gas mixtures. These systems have proven indispensable in fields such as
chemical and petrochemical industries, food technology, biotechnology, and pharmaceuticals. A
critical parameter for understanding and optimizing the performance of EMS is the current-voltage
characteristic (CVC), which serves as an integral characteristic of the salt ion transport process within
the desalination channel of electrodialysis devices. By analyzing the CVC, engineers and researchers
can evaluate the efficiency of EMS, identify optimal design parameters, and determine effective
operating regimes.

CVC encapsulates the interplay of various physical and electrochemical processes that occur
during the operation of EMS. These include ion transport, fluid dynamics, and electrochemical
reactions, among others. The mathematical modeling of these processes has traditionally relied on
boundary-value problems related the Nernst-Planck and Poisson (NPP) electrodiffusion equations
[1-6]. These equations describe ion transport under the influence of electric fields and concentration
gradients, and their coupling with the Navier-Stokes equations enables the modeling of
electroconvection—the interaction between electric fields and fluid motion. Electroconvection plays
a key role in enhancing ion transport, particularly under overlimiting current conditions, where the
transport rate exceeds the diffusion-limited rate.

Theoretical advances in the study of electroconvection have provided critical insights into
phenomena such as nonequilibrium electroosmotic slip at solution-membrane interfaces and
electrochemical instability [7]. Notable contributions include the works of Zaltzman [5,7], M. Bazant,
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A. Mani and others [8,9], who developed the theory of electroosmosis of the second kind and
introduced detailed two-dimensional mathematical models of ion transport in EMS [10-12]. These
models account for forced convection and electroconvection in the absence of chemical reactions and
have facilitated the calculation of CVC under various conditions. The first numerical results for CVC
demonstrated qualitative agreement with experimental data, highlighting the potential of
mathematical models to describe the complex dynamics of EMS [10].

Nevertheless, significant challenges remain in the development of the theoretical and
computational modeling of CVC. The processes governing ion transport in EMS are inherently
nonlinear and involve coupled interactions between electric fields, ionic species, and fluid flows.
Furthermore, these processes are often accompanied by secondary effects such as water dissociation,
thermal convection, and concentration polarization. Experimental studies of CVC have revealed
nonstationary and unstable behavior, as evidenced by fluctuations analyzed using Fourier and
wavelet techniques [13-17]. However, the absence of adequate mathematical models limits the ability
to interpret experimental data and gain a comprehensive understanding of the underlying
phenomena [18,19].

A critical unresolved problem in the field is the lack of a unified approach for linking the
observed patterns of CVC with the governing physical and chemical processes. This includes the
classification of numerically and experimentally obtained CVCs based on input parameters such as
ion concentration, applied voltage, and membrane properties. Addressing this issue is not only of
fundamental scientific interest but also of practical importance, as it would enable more precise
control over EMS operation in industrial applications.

In recent years, artificial intelligence (AI) has emerged as a transformative tool for addressing
complex, multivariate problems in science and engineering. In the field of electrochemistry, Al
techniques, particularly artificial neural networks (ANNSs), have been successfully applied to model
and optimize membrane separation processes [20], control desalination systems [21], and predict
CVCs for various electrochemical systems. For instance, neural network-based models have been
used to optimize the efficiency of reverse osmosis plants [22], simulate the behavior of membrane
distillation units [23,24], and predict the performance of Schottky diodes [25,26]. These applications
demonstrate the potential of Al to overcome the computational limitations of traditional modeling
approaches, which often require solving complex systems of partial differential equations [27].

The computation of CVC using conventional mathematical models involves solving the coupled
Nernst-Planck, Poisson, and Navier-Stokes equations over a range of spatial and temporal domains
[28-30]. This process is computationally intensive, requiring significant time and resources, and is
typically limited to a narrow range of input parameters. As a result, critical aspects of the mass
transfer process may be overlooked, leading to incomplete or suboptimal system designs. Moreover,
existing numerical algorithms for calculating CVC often face challenges in maintaining accuracy and
stability, particularly in the presence of random errors or variations in input data.

To address these challenges, the goal of this study is to develop artificial neural network (ANN)
models capable of accurately predicting CVC across a wide range of input parameters. By leveraging
Al this approach aims to significantly expand the dataset for which CVC can be computed, enabling
a deeper understanding of the underlying processes and more effective optimization of EMS. The
training and validation datasets for the ANN models are generated using a robust numerical
algorithm that solves the coupled NPP and Navier-Stokes equations. This algorithm ensures high
accuracy in capturing the complex dynamics of ion transport and electroconvection, providing a
reliable foundation for ANN training.

Furthermore, this study seeks to bridge the gap between theoretical modeling and practical
application by integrating Al-driven predictions with advanced numerical techniques. By doing so,
it aims to provide a comprehensive framework for studying and optimizing EMS, addressing both
the computational challenges of traditional methods and the limitations of experimental approaches.
Ultimately, this work contributes to the advancement of membrane-based separation technologies,
offering new insights into the design and operation of EMS for a wide range of industrial applications.
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2. Materials and Methods
2.1. Two-Dimensional Model Based on the Use of the Gauss Theorem

Let us consider a two-dimensional mathematical model of non-stationary electrolyte transfer 1:1
(Figure 1) in the potentiodynamic mode (1)-(7), which we used to calculate the current-voltage
characteristic [10,28].

Figure 1. Scheme of the desalination channel formed by anion-exchange (AEM) and cation-exchange (CEM)
membranes of width H and length L.

The Nernst-Planck equations (1) describe the flux of dissolved components (sodium
i=1<>Na’ and chlorine ions i=2<>Cl") due to migration in an electric field, diffusion and
convection, where the charge numbers of cations 2, =1(Na") and anions z, =-1(CI") [10]; (2)

- the equations of material balance; (3) is the Poisson equation for the potential of the electric field; (4)
is the equation of current flow, which means that the current flowing through the diffusion layer is

determined by the flow of ions. &, is the dielectric constant of the solution, F is Faraday number,
Ris universal gas constant, T- absolute temperature, ¢ is potential, C,— concentration, j; — flux
density of i-type ions, D, - diffusion coefficient of the i-th ion, | - current density determined by the

ion flux, V - solution flow rate, p, —solution density, v —kinematic viscosity, P — pressure. The

Navier-Stokes equation (5) and continuity equations for an incompressible fluid (6) describe a
velocity field formed, in particular, under the action of a forced flow and a spatial electric force.

f= pE is an electric force, where the p=F (21C1 + chz) space charge distribution density, and

E=-—Vg isthe electric field strength.
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Formula (7) can be written in another way, using the Poisson equation (3):
f = pE =—grA(pE =5 ApVp=¢, EdivE . If we substitute (1) into (2), then equations (2) will be
written in the form < _F z,D,div(C;Vp)-DAC, - diV(Ci\7),i =12.
ot RT

In the system of equations (1)-(7), the quantities ]1, L, C,C,, (0,\7, I are unknown functions of
the spatial coordinate x, y and timet .

To solve the system of equations (1)-(7), it is necessary to specify the boundary conditions, which
are determined by the area of study, the electric field regime, the properties of the membranes, etc.
[10,28].

Based on the analysis of the numerical solution of the boundary value problem of the model (1)-
(7) and the boundary conditions, the main patterns of salt ion transfer are determined, and I (4)is
found and the CVC is calculated.

The deriving of the stable against random errors formula for calculating the current-voltage
characteristic [28] was based on the Gauss theorem [31]. For solenoidal current density div 1=0

the double integral (8) has the meaning of the averaged current density:

1 HL
lo~—||I(t,s,y)dyds.
N HLH (&, y)dy ®)

2.2. Properties of Current-Voltage Characteristic

Figure 2 shows a typical CVC graph - the relationship between current density and voltage. The
output current was normalized to Leveque current [32,33]. Along the abscissa axis is the voltage in
volts.
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Figure 2. Typical behavior of CVC in EMS.

We will analyze the typical behavior of CVC. The first section of the graph, when the voltage
varies from 0 to X =A@y, corresponds to an increase in normalized current from 0 to 1. The limit

state has been reached. Between the points X =Ag,. and X, current-voltage characteristic behaves
like a linear function. At the point x, =Ag,~ the behavior of CVCis changing. This is caused by the

beginning of electroconvection on the CEM [34]. When the voltage is increased to the value
X, =A@, begins the electroconvection at the AEM. The point X, =A@, corresponds to the
interaction of electroconvective processes on CEM and AEM. The graph of CVC looks chaotic. The
part of the graph between points x, =A@  and X; is characterized by the emergence of

dissociation and recombination of water molecules [32]. Therefore, we no longer observe linear
growth of CVC. Under the influence of increasing voltage, water molecules are divided into OH-and


https://doi.org/10.20944/preprints202412.2635.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 December 2024 d0i:10.20944/preprints202412.2635.v1

5 of 11

H+ ions (dissociation), and then these are combined again (recombination). Instead of desalination,
the energy of the system is spent on these undesirable processes.

Another destructive phenomenon is space charge breakdown [34,35]. Its appearance
corresponds to the point X, . Breakdown is a phenomenon that is similar to the shooting of a charge

from one membrane to another. This process also prevents the growth of desalination.

2.3. Building Neural Networks Based on Calculated CVC and Analysis of Its Behavior

The main idea of modeling the current-voltage characteristics was to represen their graphs as a
time series, since it was important to take into account the change in current over time. In this work,
we have developed an original neural network consisting of convolutional and recurrent layers to
achieve more accurate prediction of the current-voltage characteristics.

At the first stage, the CVCs were calculated for different parameters of system (1)-(7) according
to the formula (8). For the numerical calculation was used Comsol Multiphysics package [36]. Figure
3 shows the interface of the developed program. The parameters of the equations (1)-(7) are supplied
to the input: the initial concentration of the solution, the rate of supply of the solution to the channel,
the length and width of the desalination channel, the potential jump (sweep rate), the diffusion
coefficients of cations and anions, transfer numbers, etc. Information about the spacers (shape and
number) was taken into account [37,38]. During the calculations, the processes dissociation and
recombination of water molecules were also modeled.

For the construction of ANN, training, control and test data were created, which reflect
information about the relationship between input parameters of the EMS and the resulting CVC. The
Adam teacher method was used for teaching of ANN. The result of the network is the graph points
predicted for the given values of the input parameters, as well as the following data: points
(%, D), %y L )y (X5, 1)y (Xas 1), (X6, 1, ). Using the developed network, the first 42 points of the CVC

were predicted, then they were submitted to the input of the recurrent network and new 42 CVC
points were predicted on their basis, etc.
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Figure 3. The interface of the developed program for calculating of CVC using Comsol. Multiphysics package

3. Results
3.1. The Structure of Created Neural Networks
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The choice of the structure and type of neural networks was based on an analysis of the typical
behavior of CVC in EMS, which was discussed in section 2.2. LSTM (Long Short-Term Memory - a
type of recurrent neural network) layers were used to display the change of phenomena occurring in
EMS. They allow to memorize the behavior of the studied function over a long period of time. The
purpose of using convolutional layers was to detect local patterns and structures in the CVC curve.
Convolutional layers are able to highlight features such as peaks or dips that may indicate anomalies
or important characteristics. This allows the model to analyze the CVC curve more effectively and
identify unusual behavior [39]. The combination of recurrent and convolutional layers led to more
accurate results in predicting current-voltage characteristics.

The software implementation of the neural network for predicting the current-voltage
characteristics, the Python programming language was used, as well as the NumPy, matplotlib,
pandas, scikit-learn and keras libraries.

Let us consider the architecture of the created neural network for modeling the CVC. It is
presented in Figure 4. At the beginning, we used a one-dimensional convolution with 32 filters and
a kernel size of 3. A filter is a weight matrix that is applied to the input data to extract certain features.
The kernel is used to denote the weight matrix of the filter. After the convolution, the ReLU activation
function is applied. The input layer size is determined by the value of the number of time steps and
the number of features.

Next comes a convolution layer with 64 filters and the ReLU activation function, which is also
applied after the convolution. In this case, one-dimensional convolutions are used to extract local
spatial features from a data sequence. Using this layer, we were able to detect dependencies between
close data points. Here, one-dimensional convolution with different kernel sizes and different filters
was used to extract different levels of abstraction from the input data.

Next, the output data are transferred to the two-dimensional pooling layer, which is used to
reduce the dimensionality of the data by selecting the maximum feature value in each pooling
window. This layer was also used to identify the most important features. In this architecture, the
pooling layer helps to reduce the dimensionality of the data after the convolutional layers and focus
on the most important features. Then comes the first LSTM layer with 200 units and a hyperbolic
tangent activation function. Hyperbolic tangent is one of the commonly used activation functions in
LSTM layers. It limits the activation values to a range between -1 and 1. Hyperbolic tangent helps the
model account for long-term dependencies in sequential data and prevents gradients from growing
exponentially during backpropagation. A fully connected layer is used to predict the next points in
the sequence.
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convld input | input: | [(None, 42, 1)]
InputLayer | output: | [(None, 42, 1)]

convld | input: | (None, 42, 1)
ConvlD | output: | (None, 40, 32)

convld 1 | input: | (None, 40, 32)
ConvlD | output: | (None, 38, 64)

max_poolingld | input: | (None, 38, 64)
MaxPooling1D | output: | (None, 19, 64)

Istm input: | (None, 19, 64)
LSTM | output: | (None, 19, 200)

Istm_1 | input: | (None, 19, 200)
LSTM | output: (None, 200)

dense | input: | (None, 200)

Dense | output: | (None, 41)

Figure 4. The architecture of the created neural network for modeling the CVC.

3.2. Simulation of CVC Behavior by the Created Neural Network

The results of CVC modeling for two different input values set using the created neural network
are presented in Figure 5 (a, b). Comparison of calculated CVC (blue) with CVC received using neural
network modeling (orange) at different input values (the first (a) and second (b) sets of input
parameters) shows that the created neural network predicts the behavior of the CVC quite well.

It can also be said that the model copes well with predicting points signaling transitions to
different states of the system. The test set was prepared in advance and did not participate in training.
To assess the correctness of the neural network, we used cross-validation. In the case of a limited
amount of data, its use is especially useful. The value of the root-mean-square error for predictions
obtained for the training sample (a) is 0.00012, the average absolute error is 0.0098.

a)

‘ cvc

3.0 1 — Initial data
~—— Predicted data

lav/llim

0.5

0.0 Ao,V

0.0 0.75 1.5 2.25 3.0


https://doi.org/10.20944/preprints202412.2635.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 December 2024 d0i:10.20944/preprints202412.2635.v1

8 of 11

b)
A cve
£ 3.0
= & — Inme?l data
2 —— Predicted data
—
2.5
2.0 1
15
1.0 1
0.5
- (b) Ao,V
T T ' S ° »
0.0 0.75 1.5 2.25 3.0

Figure 5. Comparison of calculated CVC (blue) with CVC received using neural network modeling (orange) at

different input values: the first (a) and second (b) sets of input parameters.

4. Discussion

A software product for numerical calculations of CVC was created using Comsol Multiphysics.
This allowed to describe the processes occurring in the EMS desalination channel. Two-dimensional
EMS models were used to create the database of CVCs. The model takes into account diffusion,
migration, convective transport, electroconvection, spacers of different shapes and sizes,
dissociation/recombination and space charge breakdown. The obtained values of CVCs were used
for the creation of measurement datasets (test, training and validation).

Using a combination of convolutional and recurrent layers when implementing a neural
network for CVC modeling was a good idea, since they track local structures of graph behavior, and
also take into account the sequence. The use of convolutional layers in the architecture of neural
networks allows you to track the local structure of the input data such as peaks or dips, which indicate
anomalies or unusual behavior. LSTM layers are used to model long-term dependencies such as time
series. They help to take into account the context and sequence of data, as well as to store and transmit
information across time steps. In the developed ANN architecture, these layers are used to model
complex dependencies and get more accurate predictions.

It was shown that the neural network works well at different input values, which made it
possible to predict current-voltage characteristics for different parameters of EMS. The values of the
determination coefficient are close to 1, which also indicates a high degree of coincidence between
the predicted and actual data. This suggests that the model predicts the behavior of the graph quite
well on new sets of input data (not included in the training set). Also, computational efficiency
guarantees the ability to quickly predict CVC.
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