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ABSTRACT

This work presents a comprehensive model of an alkaline water electrolysis cell for hydrogen
production to evaluate its electrochemical and fluid dynamic phenomena simultaneously. For
this, a 2D alkaline water electrolysis model was simulated on COMSOL MULTIPHYSICS
considering both gas and liquid phases. A Multiphysics approach is used in simulations and the
results are validated with the experimental data to ensure model’s accuracy. The CFD model
includes the equations for electric current conservation and the gas and liquid phase.
Polarization curves are generated to evaluate the AWE cell’s performance and electrochemical
response at different operating conditions. The CFD model allows to predict the distribution of
the generated gases, movement of the bubbles, and turbulence within the cell as well as the
impact of current density, electrolyte flow rate, electrode-diaphragm distance, and other
parameters on the gas profiles. While the CFD model provides valuable insights into alkaline
water electrolysis, combining it with a neural network model further enhances its potential for
better cell design and performance. The trained ANN accurately predicted the complex
relationships between input and output parameters with an R? value 0£0.99922. The combined
CFD-ANN approach provides comprehensive understanding of the AWE cell’s behavior,

further optimizing its design for efficient hydrogen production.

Keywords: hydrogen production, CFD modeling, experimental validation, ANN, climate

change
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CHAPTER 1: INTRODUCTION

1.1 Background

Tackling global warming and climate change are the key challenges in the 21st century. It is
crucial to reduce the usage of fossil fuels and transition towards renewable energy in order to
achieve carbon neutrality and meet the global energy demands [1]. From this perspective, green
hydrogen is considered as a promising option due to its high efficiency and zero carbon
emissions [2]. The green hydrogen’s rise in popularity is due to the increased energy and fuel
prices caused by limited oil supply and production, and the carbon dioxide emissions from the
excess use of fossil fuels that contribute to climate change [3], [4]. Green hydrogen is utilized
as a fuel in vehicles that consists of fuel cells to facilitate the decarbonization process within
the transportation industry [5] and as a raw material in various industries including chemical
industry and for the manufacturing of ammonia, thereby contributing significantly to the
production of fertilizers [6]. The use of green hydrogen instead of fossil fuels could play a

critical role towards achieving a future zero emissions and sustainability [7].

Solar and wind power are the two main sources of renewable energy for hydrogen production
due to their widespread availability [8]. But the reliance of the renewable energy on the weather
conditions and their local irregular distribution is a critical issue [9]. To avoid these issues,
proper storage systems are required for energy, and the most possible option is the chemical
energy carriers. Since hydrogen is produced more effectively by utilizing water electrolysis
along with the excess renewable energy, thereby making it most promising option among others
[9]. Hydrogen also has the ability to be effectively converted into electricity through fuel cells
when needed, and utilized as a fuel in the transportation sector and industrial processes or fed
back to the power grid [10]. This electrolysis process makes it possible to produce green

hydrogen on a large scale and also store electrical energy [11].

The main technologies used commercially for green hydrogen production are alkaline, proton
exchange membrane and solid oxide electrolysis. Alkaline water electrolysis involves water
splitting technique for hydrogen production, in which electricity is passed between two
electrodes to split water molecules into hydrogen and oxygen. AWE is a highly developed
industrial technology and offers several advantages over others, such as durability, cost-
effectiveness, longevity, and maturity [12]. The major barrier to green hydrogen's development

in the energy industry is its high cost. Hydrogen produced from water electrolysis has a higher
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production cost than the one produced from fossil fuels commonly known as blue hydrogen
[13]. The two biggest drawbacks for alkaline water electrolysis are the challenges that arise
from operating in dynamic environments and the low current densities [14]. Current density,
over-voltage, efficiency, and other features of the electrolyzer are directly influenced by the

properties of the materials such as catalysts, bipolar plates, and membranes [15]-[17].

Current density is the major cost contributor in most of electrolyzers and has the most effect
on the size of electrolytic cell and capital cost. Due to these factors, the focus of research and
development for electrolyzers is to increase the current density and resolve issues arising from
operating in changing environments. Therefore, complex transport phenomena associated with
multiphase flow is usually studied under different operating conditions and efforts are being
made for modeling, and optimizing the design of alkaline water electrolysis in order to increase

their efficiency and performance for green hydrogen production [18].

1.2 Objectives

This thesis aims to predict the performance of the alkaline water electrolysis (AWE) cell at
different operating conditions such as temperature, electrolyte weight concentration and
electrode-diaphragm distance, and provide insights into the electrochemical and fluid dynamic

behavior of the cell. The main objectives of this thesis are listed below:

e Understanding the multiphase flow of the AWE cell.

e CFD Modeling of the AWE cell to study the electrochemical and fluid dynamic
phenomena associated with the multiphase flow.

e Enhancing the performance of the cell by generating polarization curves (relates
voltage and current density) at different conditions.

e Validation of the CFD model with experimental data using polarization curves to
make sure the model is accurate.

e Developing large datasets through CFD simulation and develop an Al model
capable of predicting the performance of the AWE cell.

e Integrate the CFD modeling with a data driven Al model to further enhance the
model’s abilities to predict the cell’s behavior and performance under different

operating conditions.



1.3 Thesis Qutline

Chapter 1 gives a brief background of this research. Chapter 2 presents a comprehensive
literature review of previously done research and fundamental concepts related to water
electrolysis and its various technologies, particularly alkaline water electrolysis. Research
methodology is discussed in chapter 3. In chapter 4, the CFD modelling of AWE cell, physical
modules and their boundary conditions, and data generation for the ANN model are discussed.
Chapter 5 presents a complete understanding of ANN, its architecture and components. The
results of the CFD and Al model are discussed in Chapter 6, and conclusions are provided in

Chapter 7 of the thesis.



CHAPTER 2 LITERATURE REVIEW

2.1 Water electrolysis

The issues of climate change and fossil fuels depletions demand immediate attention towards
clean energy sources for sustainability. One promising way to achieve zero carbon emissions
and meet the global energy demands is using hydrogen energy [19], [20]. The process of water
electrolysis involves the splitting of water using electrical energy and it was first performed in
1789 by Deiman and van Troostwijk [21]. From these early experiments, various electrolysis

methods have emerged, refined, and put into industrial practice over time.

The primary electrochemical method to produce hydrogen gas is water electrolysis and it holds
a paramount status. Its importance keeps on increasing with the growth in renewable energy
production. There are three main types of water electrolysis technologies, depending on many
factors like temperature and pressure, types of electrolytes, electrodes and separators used.
These include alkaline water electrolysis, proton exchange membrane water electrolysis and
solid oxide electrolysis [22]. A comprehensive comparison of these water electrolysis

technologies based on parameters is shown in Table 1.



Table 2.1 Comparison of different water electrolysis technologies based on the parameters [23]-[37].

PEMWE SOEC
= Hy e Hye— -0,
Operating
principle
/ H,0—>
C lllwdc
2 Diaphragm gatsee Membrane Jaed e Membrane i
Cathode reaction | 2H;0 + 2e™ = H; + 20H™ 2H* +2e” - H, H,0 + 2e~ = H, + 0%~
1 1
- i + A5
Anode reaction cOH Hat a oty i e 0% - %02 + 2e”
+ 2e” + 2e”
Efficiency (%) 59-70 65-82 Up to 100
FAYALOFeR purity >99.8 99.999 .
(%)
Temperature('C) 20-80 20-200 500-1000
Current density (A .6-2.
5 Ay A/ 0.2-04 st 0.3-2.0
cm?)
Voltage (V) 1.8-24 1.8-2.2 0.7-1.5
Stack energy
consumption (kWh/ 42-59 42-5.5 >3
Nm?)
Capital cost
e >
(USD/kW) 880-1650 1540-2550 2000
Lifetime of stack
60-120 60-100 8-20
(kh)
Cold start time
>15 <15 :
(min)
Technology TRI
readiness level = Hot 2
Technology maturity Commercial Near commercial Demonstration
Low capital cost compared ; : ;
Advatsges | TOPEMWEmdsORC, | CEECIEE L | e
tag relatively stable and mature b L : 2 u)i(;ements &
technology IRy 4
Long starting time, slow Rapid matoral
Disadvaningcs d :nic ube ’hi ghl Dependence on precious degradation, short
4 po_ % Y | metal catalysts, high cost running life, high
corrosive ;
manufacturing costs
IS CyBamic : Reduce noble-metal Electrode microstructure
Challenges performance, electrolysis utilization B
effciency, reliabilty, safety :

2.2 Literature survey

The primary challenge in the socio-economic development for the future lies in the substitution

of fossil fuels. Green hydrogen serves as the most promising solution towards solving this
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challenge making it the most credible energy carrier. In particular, hydrogen generation through
the electrocatalytic water splitting based on green electricity has significantly fewer CO2
footprints. The technologies used commercially for green hydrogen production are alkaline,
proton exchange membrane and solid oxide electrolysis depending on the electrolyte used. Out
of these, alkaline water electrolysis stands out as the most mature, and widely applicable

technology in industries for green hydrogen production.

Regardless of the alkaline water electrolysis widespread use in industry, its properties are still
being studied due of the complex transport phenomena associated with multiphase flow [18].
A lot of work has gone into modeling, characterizing, and optimizing the operation of AWE.
For this, Ulleberg [38] introduced one of the most commonly used models in which a
computational model was built for an advanced alkaline electrolyzer that integrates
fundamental thermodynamics, heat transfer, empirical electrochemical relationships and the
model was validated to show its capability to accurately predict the behavior of the system.
Several other models with varying assumptions and simplifications were reported in the
literature [26], [39], [40], where the electric and thermal aspects in the spatial domain were
ignored by these multi-physics models and considered AWE as a lumped-parameter system.
Additionally, the lumped-parameter model fails to account for the bubble curtain generated in

the electrolysis cell and the turbulence resulting from gas and liquid phase interactions.

Under these conditions, computational fluid dynamics (CFD) simulations emerge as a powerful
computational tool for improving flow distribution, reducing energy consumption, and model
complex electrochemical processes of alkaline water electrolysis [41]. Computational fluid
dynamics (CFD) is an important tool for analyzing the simultaneous complex interactions that
exist between heat transfer, electrochemistry, and fluid flow in AWE cells. The understanding
of these complex interaction is essential to improve the behavior, design, and efficiency of the

AWE cells for hydrogen production.

The multi-phase behavior of AWE cell was simulated in [42], to study the influence of different
operating conditions on the behavior of cell, and the CFD model’s accuracy is determined by
validating it with experimental results. In [43], the hydrodynamics of multiphase flows, impact
of turbulent dispersion forces on the alkaline electrolyzer were studied and the importance of
accurate predictions of the bubble curtain spreading along with the role of interphase forces in
the accuracy of the CFD model were highlighted. A CFD model was built using in literature

[44], that simultaneously analyses the gas-liquid distribution and polarization curves to model



the behavior of the AWE cell, afterwards the operating parameters were optimized for
maximum hydrogen production using a lumped model. Several other two-phase flow CFD

models were studied for alkaline water electrolysis in literature [45], [46].

Machine learning is a subgroup of artificial intelligence (Al) that helps teaching computers to
learn from the past examples, data, and patterns in order to make predictions based on their
training [47]. In the energy sector, machine learning applications has grown significantly in the
last several years. ML techniques like artificial neural networks (ANN) are employed to make
predictions of the energy demand, consumption patterns and optimize power grid operations
[48], [49]. Also, artificial neural networks play a critical role in integrating renewable energy
sources by predicting the solar or wind power output, and help optimize energy generation and

storage systems, hence promoting the effective use of renewable resources [50], [51].

An ANN approach is employed in a simulation model in [52], to predict the efficiency of
hydrogen production through gasification, predicting the impact of operating parameters and
biomass properties. In literature [53], modeling and optimization of a hydrogen plant is
performed using ANN, and insights into finding the optimum number of neurons in the hidden
layer were provided. Optimization of an AWE cell through an integrated approach of CFD
modeling and ANN is performed in [54], in order to predict the performance of the cell under
different operating conditions and find the optimal conditions. Previous literature shows that
hydrogen production using artificial neural networks (ANN) were mostly focused on methods
consisting of hydrocarbons, which leads us to a research gap in hydrogen production,

particularly through water electrolysis.

This research presents a novel technique to predict the performance of a 2D alkaline water
electrolysis cell under different operating values of temperature, KOH electrolyte conductivity
and the distance between electrode and diaphragm, using an integrated approach of CFD and
ANN. The integrated approach improves the efficiency and performance of AWE to gain a
complete understanding of the cell’s behavior. The purpose of this study is to optimize the
AWE cell for faster predictions and better understanding, while significantly reducing the

computational resources.



CHAPTER 3: RESEARCH METHODOLOGY

3.1 Overview of Alkaline Water Electrolysis

The modeling of alkaline water electrolysis started in 1990s, despite having a long history. In
Alkaline water electrolysis, water splitting technique is employed for hydrogen production, in
which electricity is passed between two electrodes to split water molecules into hydrogen and
oxygen. Hydrogen produced by electrolysis is considered as a clean fuel and is used in fuel
cells, transportation, and other applications [1]. AWE is the most mature technology among

others, and has been in use for hydrogen production in industries for several decades now [19].

The electrochemical process is carried out in an electrochemical cell which consists of two
electrodes i.e., cathode and anode separated by a diaphragm and bipolar plates. The diaphragm
is a thin, porous material that separates the anode and cathode and prevents the mixing of gases
produced during the electrolysis process. KOH electrolyte is introduced into the electrolyzer
from the bottom as shown in figure 1 which is then distributed to the two electrodes via
diaphragm. The electrochemical reactions start taking place as soon a direct current is applied

between the electrodes.
At cathode, reduction of water molecules takes place to produce hydrogen (Hz) and OH™ ions.

2H,0 + 2e™ - H, + 20H™ E°c =-0.828V (1)

These OH™ ions then move to the anode side and are oxidized to produce oxygen (O-:) and water

(H20) molecules, thus maintaining the charge balance.
1
20H™ - 502 + H,0 + 2e~ E°a = +0401V (2)

The overall reaction for an alkaline water electrolysis cell is:

2H20 - 2H2 + 02 (3)



Ha 1/20:

— =
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V
|\
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Figure 3.1: Alkaline water electrolysis. [55]

Hydrogen produced from hydroelectric power through alkaline water electrolysis is renewable
in nature, and that is why it is called green hydrogen. The electrolyzers however are of two
types based on their construction and design i.e. monopolar and bipolar as shown in figure 2.
Bipolar structure of electrolyzers is when the electrodes of cells in a stack are connected in
series, offering high efficiency and compact structure because the electrodes of each cell are
connected end to end. Similarly, when the electrodes of these cells are connected in parallel, it
is known as a monopolar structure. This setup offers a series of advantages such as lasting
durability and simple design, but the electrodes in the stack are separated, creating a complex

external electric circuit for connection, which causes power loss and use of extra material [38].

No matter how the electrolyzer is set up, the major disadvantage of the alkaline water
electrolysis cells is the formation of bubbles at the two electrodes [24]. These formed bubbles
then mess with the properties of the KOH electrolyte. They alter its ability to conduct ions,
which in turn increases the cell’s overpotentials and the overall cost of operating cell. Also, if
the mass transport is not properly balanced, there is a chance that the H> and O: bubbles will
start intermixing. The intermixing is not just a safety concern during operation, but also affects

the purity of the gases produced [56], [57].



Monopolar electrolyzer Bipolar electrolyzer
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Figure 3.2: Alkaline water electrolyzer structure: (a) monopolar and (b) bipolar [58].

3.2 Process Description and Model Development

The electrolysis cell is the main component, but just a part of the whole system of AWE. Some
outer components are also required to efficiently produce pure hydrogen. In figure 3, a
schematic diagram of a single alkaline electrolysis cell is shown providing general overview
of the outer components and working of an AWE system [44]. At first, the electrolyte solution
is contained in a reservoir, from where it is sent to a heater to heat the electrolyte solution up
to a required temperature of around 80-90°C. The electrolyte solution then filtered before
entering the electrolyzer cell to remove the impurities. The electrolyzer cell is the main
component of this system and it consists of two channels, one for hydrogen gas and the other
for oxygen. These two gas channels are separated by a diaphragm and connected to a power
source that provides the electric current to drive the electrochemical reactions that involves
splitting of the solution into oxygen and hydrogen. The electrolyte and gas mixture are then
separated, and the KOH electrolyte is recycled and used again within the system. Each
component is important in this system for the efficient hydrogen production. Figure 4 shows
the simplified representation of the basic operating principle and the energy flow in the AWE

system.
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3.3 Proposed Methodology

The methodology of this research is proposed in Figure 5. The research starts with simulating
a 2D alkaline water electrolysis cell using computational fluid dynamics. The computed results
were then post processed and a paramteric sweep was applied on a range of values of
temperature, current density and electrolyte weight concentrations of KOH. The generated
datasets through this sweep were then exported to MATLAB. Using a MATLAB code, the
datasets were divided into three categories such as training, testing and validation datasets. An
artificial neural network was trained using the NN toolbox and the ANN’s peformance was
analyzed through regression plots. Lastly, the ANN results were validated with CFD output

results.
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Figure 3.5: Flowchart of the proposed methodology.
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CHAPTER 4: CFD MODELING OF ALKALINE WATER
ELECTROLYSIS AND DATA GENERATION

4.1 AWE CFD Modeling Setup and Parameters

Alkaline water electrolysis is an electrochemical process in which water molecules are
decomposed into hydrogen and oxygen by the application of electric current directly passed
between the two electrodes i.e. cathode and anode. These two electrodes are separated by a thin
diaphragm, which is made up of a porous material that prevents the mixing of gases produced
during the process [55]. Although the process of AWE is conceptually simple, it involves
several complex fluid dynamics, thermodynamics, and electrochemical phenomena. To study
these complex phenomena simultaneously, computational fluid dynamics (CFD) simulations
are utilized. CFD simulations have proved to be an important tool in solving problems that are
expensive experimentally and time-consuming. It can help us refine and innovate new
techniques to enhance the efficiency and develop new models that are iteratively simpler to the
more complex numerical analyses. CFD simulations emerge as a powerful computational tool
for improving flow distribution, reducing energy consumption, and model simultaneous
complex interactions that exist between heat transfer, electrochemistry, and fluid flow in AWE
cells [43]. The understanding of these complex interaction is essential to improve the behavior,

design, and efficiency of the AWE cells for hydrogen production.

To improve the performance and understand behavior of the fluids and gases in the AWE cell,
electrochemical and fluid dynamic response of the cell is captured accurately for maximum
efficiency. The two-phase flow adds complexity to the AWE model, proving a more accurate
and comprehensive representation of AWE process. Also, the complex electrochemical, mass
transfer and fluid dynamic phenomena within the AWE cell are more accurately analyzed for

improved performance and efficiency to produce hydrogen.

4.1.1 Geometry and Discretization

The AWE CFD model is built on COMSOL MULTIPHYSICS software.
A simple 2D geometry is prefered for this model, since most lab scale AWE cells are
rectangular [42]. The geometry consists of two electrodes i.e. cathode and anode, and a

diaphragm that seperates them. The dimensions of cathode and anode are the same, the width
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of 1.5mm, 4mm and 10mm is used. For diaphragm, a thin rectangle of 0.5mm width is used.
The height or length of each electrode and diaphragm is set as 33mm. The geometric parameters
of the AWE cell are given in Table 2. A two-phase model is used for the complex modeling of
AWE cell with these geometric parameters. However, if complex AWE system and more flows
channels are associated with the model, then 3D geometry are employed for AWE cells [60].
The AWE cell’s geometry was meshed using the quadrilateral and triangular elements. Extra
fine layers were incorporated at the electrode boundaries and the boundaries between

diaphragm and the electrodes. Additional details regarding meshing can be found in Table 3.

Qutlet

1

A
Cathode: H; evolving Anode: O; evolving
electrode surface electrode surface
33 mm
Y
] < Separator
X v
Inlet

Figure 4.1: Mesh configuration of the cell.
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Table 4.1: Geometric parameters

Parameters Value Units
Cathode compartment width | 1.5, 4, 10 mm
Diaphragm width 0.5 mm
Anode compartment width 1.5,4,10 mm
Cell width 3.5,8.5,20.5 | mm
Electrodes length 33 mm
Diaphragm length 33 mm

Table 4.2: Mesh statistics

Mesh Statistics Values
Number of Elements 13240
Triangular Elements 10750
Quadrilateral Elements 2490
Mesh Vertices 8059
Edge Elements 634
Vertex Elements 12

4.2 Physical Modules and Governing Equations for CFD Simulations

Polarization curves are generated at different operating parameters to evaluate the AWE cell’s
performance. In this work, a 2D alkaline water electrolysis model was simulated using two
modules, electric current and two-phase turbulent bubbly flow (k — & model). The
electrochemical reactions occurring in AWE cell are studied using electric current physical
module and also the relation between voltage and current density is simulated. While the
interactions between the two phase i.e. gas-liquid phase and the turbulence in the flow channels

due to the formation of bubbles is studied using the bubbly flow module.

In this work, various parameters were used, their values are provided in table 4.
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Table 4.3: Model parameters for two-dimensional (2D) AWE cell [42], [44], [61]-[63]

Parameter Value Unit
Temperature 303.15 - 343.15 K
Pressure 1 bar
Current density 0-3500 A.m™
Exchange current density (cathode) 21.9-74.8 A.m™
Exchange current density (anode) 1.05-9.1 A.m™
Faraday constant 96485 C

Ideal gas constant 8.314 J. K"t.mol™!
Electrode-diaphragm distance 1.5-10 mm
Molecular weight (hydrogen) 2 g.mol™!
Molecular weight (oxygen) 32 g.mol™!
Electrolyte velocity 0.032 m.s™!
KOH concentration 22 -32 wt%
Diaphragm relative permittivity 77.2 -
Diaphragm porosity 0.55 -
Diaphragm tortuosity 1.89 -

4.2.1 Electric currents

The current conservation problem is solved by solving the equations of the electric

current physics. The cell voltage and current density are the important parameters calculated

using this physical module. To solve this, equation (4) is employed.

Vi=Q=-V- [G(VU) -

oD
ot

Te]-d=Qj-d (4)

where o represents the electrical conductivity (S/m), Te is the current density (A/m), Q; is the

—

. : aD . L
current source, d is the surface thickness. And it the electric displacement.
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The electrical conductivity (o) of the electrolyte was calculated to solve the current

conservation problem in equation (4), it can be calculated by equation (5) [64];

C
0o =—204.1-¢c—0.28-c?+ 0.5332- (c-T) + 20720 - ¥+ 0.1043 - ¢ —0.00003

(c2-TH)  (5)

where T is the temperature and c is the concentration of electrolyte (KOH).

Bruggman equation (6) helps us calculate the overall conductivity (o), it relates the
conductivity of electrolyte (o) with the volume gas fraction () at each current density for

both the cathode and anode [65].

6e=0o-(1—-®)"°  (6)

where, @, was calculated by the turbulent physics.

We can calculate diaphragm’s conductivity by equation (7) [61];

where, €, is porosity and T, is tortuosity.

The electrochemical reactions occurring within the AWE cell were initiated by applying a

minimum voltage of 1.23V at 1 atm and 298K known as the reversible voltage (Uey ).

The electric current is supplied to the AWE cell which triggers certain losses, due to which
some electric energy is lost as heat. This causes the demand of more energy than what is
thermodynamically required for the reaction to occur. This extra energy is the overpotentials

or irreversibility which is higher than the initial voltage of 1.23V.
The AWE cell’s total potential is provided by equation (8);

U=Upy +2n (8)
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The overpotentials usually depend on the operation conditions and the design of the cell. We

calculate the reversible and activation overpotentials by equations (9) and (10) respectively to

study their effects in the polarization curve [2], [66].
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Figure 4.2: Compositions of various AWE cell potentials [42].

Two-phase turbulent bubbly flow (k — & model)

The interactions between the gas-liquid phase and the turbulence within the AWE cell

is modeled using this module. Also, the volume gas fraction occupied by each phase is

determined. Euler-Euler model is utilized by the turbulent flow physics to explain the two-
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phase flow. The equation (11) and (12) are the momentum and continuity equation,

respectively.

ou . . . . 2 2
¢1'Pl‘a—;+q’1'91'(u1'v)u1=—Vp+V'[¢1'(¢1+1|JT)'(VU1+VU1T—§'(VU1)'I)]

+®-p-g+F (11)
a - —
a_(dbl-p1+d>g-pg)+V-((Dl-pl-u1+d>g-pg-ug)=0 (12)

The transport of volume gas fraction is given by equation (13);

0P - pg

S TV (P pg ) =g (13)

Where, mg represents the rate of mass transfer from the gas to liquid phase. Hydrogen and

oxygen gases produced in the gas chambers are calculated by the Faraday equation.

. H2 .
My, = o—p (14)
Mo,
=—= 15
Mo2 4-F (15)

Here, one other model is also utilized which is the (k — €) turbulence model. This model solves

two additional transport equations (17) and (18).

2

qJT:pl'Cu'? (16)

ok

l'|J fd 1 g g
progc V- [(¢+¢TT(>V1<]+P1'111'V1<=§1IJT'(VU1+(VU1)T)2—01'€+51< (17)
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= Ecal ’ k l~pT : (Vﬁl + (Vﬁl)T)z —Pr Csz E + kcs ' Sk (18)

The above equations include constants such as C,;, C¢, @, and ®y. Sy represents the turbulence
induced by bubbles. Also, ﬁ’slip is the relative velocity between the two phases, and Ugyg is an

additional term within the turbulence model.

Ug = U+ Ugip + Ugrife (19)

Exchange current density at anode and cathode are calculated by the equation (20) and (21),

respectively [44].

2413.7
i, = 10(— = +8.0219) (20)

1388.6
ig o = 10( i +5.932) 21)

4.3 Data Generation for ANN model

The performance of the 2D CFD model of alkaline water electrolysis is determined by the
electrochemical response of the cell. The electrochemical response is obtained through
polarization curves under different values of temperature, KOH conductivity and electrode-
diaphragm distance. The model results are validated with the experimental ones using the
generated polarization curves at different values of the operating parameters. Datasets of the
2D AWE CFD model was generated by applying a parametric sweep over a range of values of

temperature, current density, and KOH electrolyte weight concentration.

A large dataset was created and exported from COMSOL MULTIPHYICS to Excel for each
operating parameter. Then the datasets were exported to MATLAB and divided into three
different categories i.e., 70% of the exported data for training, 20% for testing and the rest 10%

for validation, using a code generated on MATLAB. In summary, we generated datasets by
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linking COMSOL with Excel, and then integrated Excel with MATLAB for the division of data
into training, testing and validation datasets. Finally, an artificial neural network (ANN) model

was trained and validated using neural network toolbox in MATLAB software [35], [44].

4.4 ANN Model Training and Validation

The process of ANN modeling includes three stages: selection of the model, training, and
validation. The Levenberg-Marquardt training algorithm is used to train the ANN model. The
dataset was divided into three different categories 1.e., 70% of the samples for training, 20%
for testing and 10% for validation. The ANN model is trained by providing the datasets
generated from the CFD model which includes different input values of AWE cell temperature,
current density, and the KOH electrolyte weight concentrations. The ANN model is training
using these datasets in order for it to learn the complex patterns and relationships between the
input parameters and the target variables using the Levenberg-Marquardt training algorithm.
The validation of the ANN model is an important step to ensure its predictive accuracy and is
computed using metrics like mean-squared error (MSE), root-mean-squared error (RMSE) and
the correlation coefficient (R). The model is trained and validated rigorously to enhance the
prediction capability of the neural networks for the AWE cell’s performance. MSE, RMSE and

R? were calculated using the following equations respectively [67];

1 - 2
MSE = HZ(Yi,pred - Yi,CFD) (22)
i

1% 2
RMSE = HZ(Yi,pred ~ Yicrp) (23)
g

Z?(Yi,pred - Yi,CFD)

R*=1-
Z?(Yi,pred - Yavg)

(24)

where, n is the total number of samples, Y; ;.4 18 the predicted ANN values, Y; cpp is the CFD

output values and Y, is the average values.

22



CHAPTER 5: ARTIFICIAL INTELLIGENCE MODEL
ARCHITECTURE

5.1 Introduction to Artificial Intelligence and Machine Learning

In recent years, artificial intelligence (Al) has captured widespread attention within the
scientific community. A lot of research has been done to explore Al and ML. Al techniques like
machine learning and deep learning are employed to automate the intelligent tasks typically
carried out by humans [68]. In ML, systems autonomously acquire knowledge without much
programming [69]. The focus lies in making the computer programs capable of accessing data
and self-learning. This process begins by accessing the data, learning the data patterns in order
to enhance the ability of decision-making and to enable systems to learn without any human
involvement. The ML algorithms are divided into supervised, unsupervised and reinforcement

learning.

Figure 5.1: Difference between Al, ML and DL [70].
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5.2 Overview of Artificial Neural Networks

Artificial neural network (ANN) is an Al and machine learning technique used to solve
complex problems and models. The structure and function of the ANN models were inspired
by the human brain as they are designed to copy the behavior of biological neural networks.
Recently, the use of ANN has increased as it has become more useful for applications like
regression, decision making, pattern recognition etc. In ANNSs, large number of nodes are
interconnected and work simultaneously to learn the patterns and analyze the input data to

make better predictions.

The ANN’s ability to learn complex patterns and relationships from large input data, also
adjusting the weights and biases parameters for better predictions makes them a novel and
highly efficient tool in problem solving and other machine learning applications. ANN also has
the advantage to learn from both labelled and unlabelled data, which makes them a compatible
tool for supervised and unsupervised learning applications like classification, clustering, and
regression. They are also useful in application such as speech and image recognitions, pattern

recognition and signal processing.

This makes the ANN an effective and reliable tool for making effective predictions based on
the relations, examples, and patterns within the provided data, and have applications in many
fields that include chemical and process engineering, robotics, medicine, finance, and many
more real-world complex problems [75]. An ANN model is utilized in this research and the
AWE cell’s performance in terms of current density and cell’s voltage values were predicted.
The datasets provided to train the ANN model were generated from a CFD 2D model of AWE
cell using COMSOL MULTIPHY SICS.

5.3 Architecture of the ANN Model

The ANN’s architecture usually involves its structure in which large number of nodes are
interconnected and work simultaneously to learn the patterns and analyze the input data to
make better predictions at the output. As shown in figure 9, the main layers in ANN architecture

include:

24



5.3.1 Input Layer

ANN consists of three main layers: input, hidden and output layer. The first layer in the
ANN’s structure is the input layer. The function of which is to receive information and data
from external environments. In this layer, each neuron signifies an input variable or feature. It

is the entry point of the data and transfers the data to the other layers in the ANN structure.

5.3.2 Hidden Layers

There can exist one or more hidden layers in between the input and output layers.
Depending on the complexity of the problem and training data, the number of neurons present
in each layer is determined. Most of the data processing takes place in hidden layers. The
neurons present in these layers play an important role in analyzing and learning data,

information, and the complex patterns within the data.

5.3.3  Output Layer

The final layer in the ANN structure is the output layer and the neurons present in the
layer are liable for generating the final decisions and predictions based on the data processed.
The number of neurons that exist in this layer usually depends on the complexity of the problem

and the output data obtained is a result of the data processed in the preceding layers.

Input Layer

@ Hidden Layer

Figure 5.2: Architecture of multiple inputs and outputs ANN
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5.4 ANN Components

The function of the ANN was inspired by the working of human brain and is structured to
replicate the behavior of the biological neural networks. In ANN, interconnected nodes are
present that work simultaneously to analyze the data and learn pattern based on the input data

and make better decisions. The main component of ANN include:

5.4.1 Neurons

The main processing units of an ANN is neurons. Neurons are also known as nodes and
receive input for processing and based on the training data generates an output signal for the
other layer which is transmitted with the of neurons. Each neuron in the layer applies a
weighted sum of the inputs, includes bias term, and then applies activation function in order to
generate an output. These neurons are interconnected and are present in each layer i.e. input,

output and hidden layers through weighted connections.

5.4.2 Weights

The strength of the neuron’s connections in each layer of the neural network are
represented by the parameters called weights. Every connection that exists between neurons
has some associated weight that will decide the impact of the input signal on the output of the
neuron. The values of weights at the start are set randomly and then updated during the training

interactively using some algorithms and weights are adjusted to reduce the prediction error.

5.4.3 Biases

Biases are the added parameters in neurons, which enable ANN to model complex

patterns and relationships and make predictions on the basis of data provided.

Also, each neuron has a bias term that is added to the weighted sum of inputs before the
activation function is applied. In particular, biases offer good flexibility in modeling and

enables ANN to learn and represent patterns which may not be captured by the input data alone.

5.4.4 Activation Function

An activation function determines the neuron's output for a specific input. It introduces
nonlinearity to the network, which lets the ANN analyze and model complex relationships and

make accurate decisions or predictions.
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These components work together and allow ANNs to learn from data and make accurate

predictions.
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CHAPTER 6: RESULTS AND DISCUSSION

6.1 CFD Modeling and Validation of AWE cell

A 2D AWE cell was simulated and different responses such as electrochemical and fluid
dynamic response were analyzed using COMSOL MULTIPHYSICS 6.1. The behavior of the
cell was analyzed using the two physical modules, and the distribution of current across the
cell, efficiency of the electrochemical reactions, and the relation between voltage and current
density were also simulated. Also, the gas-liquid phase interactions, turbulence created due to
the formation of bubbles in the gas domains were analyzed through the fluid dynamic response
of the cell. By simulating all these phenomena simultaneously, the performance of the AWE

cell was enhanced, and more hydrogen can be produced using the CFD model.

The CFD model results were validated with the experimental data to ensure the accuracy of the
AWE model using polarization curves under different operating conditions. Then, datasets were
generated by applying a parametric sweep over a range of values of temperature, current
density, and KOH electrolyte weight concentration. The datasets were exported from COMSOL
to Excel for each operating parameter. Later, they were exported to MATLAB and divided into
three different types by using a MATLAB code. 70% of the datasets were used for training,
20% for testing and 10% for validation of the ANN model. At the end, the ANN model results
were validated against COMSOL output data.

6.2 Influence of operating parameters on the CFD model

The electrochemical response simulated with the help of polarization curves. The polarizations
curves generated from CFD simulations were then validated against the experimental data and

minimal error was obtained.

6.2.1 Influence of Temperature

At different temperatures, the polarization curves were generated in order to simulate
the influence of temperature on the performance of the cell. CFD simulations at different

temperatures, 32 wt% KOH electrolyte weight concentration, 10mm electrode-diaphragm

distance and 0.033 m/sec electrolyte velocity were performed. The results generated by the
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CFD model using these operating conditions were then compared with the experimental data
to ensure its accuracy. Figure 10 shows the model results align closely with the experimental
data. Few observations were made by analyzing the polarization curve, that as the temperature
increase the cell voltage decreases. This is because, when temperature rises from 30°C-70°C,
it speeds up the reaction kinetics, leading to a decrease in the reversible voltage and which

reduces the energy required. This increases the efficiency of the AWE cell.

So, when the cell voltage decreases, it decreases the energy required for hydrogen production,

resulting in better cell performance.

35 35
33 b | —303.15¢ 33 F | ——303.15€
34 b | —331s 31 b | —331%
a9 || 3815k ag | | 381
-~ 27t ~ 27}
2 2
%2.5 - & 25 f
£ 23t 2 23
o - T~
> >
21 21
19 f 19
L7 ¢ 17t
15 L 1 1 1 15 1 1 1 1

100 150 200 250 300 350 100 150 200 250 300 350
Current Density (mA/cm?) Current Density (mA/cm?)

Figure 6.1: Polarization curves 30°C, 50°C and 70°C were generated and validated with experimental

data. Model results are represented by lines and experimental data by dots.

6.2.2 Influence of Electrolyte weight concentration

Another important parameter that has a significant effect on the Alkaline water
electrolysis cell’s performance is the KOH electrolyte weight concentration. At 22wt% and
32wt% electrolyte weight concentrations, the polarization curves were generated to simulate
its effects on the AWE cell. In figure 11, the model results were validated against the
experimental data and shows minimal error. The voltage of the AWE decreases as the
electrolyte concentrations increases because the electrochemical reactions occurring in AWE
cell initially require a sufficiently high electrolyte concentration to occur. As the concentration
keeps on increasing, the conductivity of the electrolyte also increases, and this leads to a
decrease in the required cell voltage, hence reducing the energy needed. Once a required

concentration is reached, any further increase will then reduce the electrolyte conductivity
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because of the excess ions in the solution. The electrolyte conductivity at 32wt% and 22wt%

KOH is found out to be 94.54 S/m and 90.80 S/m respectively.

35 35
33 1| — 2wt 33 1| —22wt%
31 F 31
—32Wt% —32Wt%
29 29
227} 227}
e )
@25 W5 b
z s Q
0 L 5 L
S 23 S 23
21 21
19 19 f
17 17 F
lAS 1 1 1 1 1.5 1 1 1 1
100 150 200 250 300 350 100 150 200 250 300 350
Current Density (mA/cm?) Current Density (mA/cm?)

Figure 6.2: Polarization curves at 22wt% and 32wt% KOH electrolyte weight concentrations are
generated and validated with experimental data. Model results are represented by lines and

experimental data by dots.

6.2.3 Influence of Electrode-Diaphragm distance

Polarization curves were generated at 10mm, 4mm and 1.5mm electrode-diaphragm
distances to simulate its influence on the AWE cell’s performance while keeping other
conditions the same as discussed earlier for temperature. The CFD model results at these
operating conditions were validated against the experimental data as shown in figure 12. It was
noticed that the cell voltage decreases as the distance between the electrodes and diaphragm
decreases. Due to this, efficiency is increased and a drop in total required energy is seen because

of the free movement of the ions in cell.

Also, when the cell’s distance is very less, it leads to high values of gas fraction resulting in
the production of non-conductive gases and high overpotential values. The overall conductivity
of the cell is reduced, and a higher value of electrical potential will be required to maintain the
same level of performance. This concludes that there exists an optimal electrode-diaphragm

distance for achieving maximum overall efficiency.
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Figure 6.3: Polarization curves are generated at 10mm, 4mm, and 1.5mm electrode-diaphragm
distance, and then validated with experimental data. Model results are represented by lines and

experimental data by dots.

6.3 Gas Generation Profile

Gas distributions in the electrodes of the cell were simulated on COMSOL and shown in figure
13, this helps in understanding the performance of the AWE cell and optimizing its operating
conditions. The electrodes are represented as "thick rectangles" with a width of 1.5,4 and 10mm
while the diaphragm’s width is set as 0.5 mm. The gas contour in the figure provides valuable
insights into the spatial distribution of the generated gases in the cell, which is crucial for
understanding the electrochemical processes and optimizing the cell's performance for efficient

hydrogen production.
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Figure 6.4: Gas distributions in the AWE cell.

6.4 AWE Cell’s Performance Evaluation Using Artificial Neural Network

Alkaline water electrolysis involves water splitting technique for hydrogen production, in
which electricity is passed between the electrodes to split water molecules into hydrogen and
oxygen gas. Temperature, electrolyte weight concentration, electrode-diagphragm distance,
bubble size, cell voltage, velocity, and porosity were among the factors affecting the efficiency
of AWE. ML techniques such as ANN were employed to improve the efficiency and
performance of AWE, simply by analyzing and predicting the relationship between the input
and output parameters. In this thesis, a 2D AWE cell was simulated using COMSOL
MULTIPHYSICS 6.1 and validated with experimental data. Then, a parametric sweep was
applied to generate datasets. The datasets were then exported to MATLAB in order to train a
neural network in order to accurately predict the AWE cell’s performance. The datasets were
divided into three different categories, 70% of the datasets were used for training, 20% for
testing and 10% for validation. Lastly, an artificial neural network model was trained and
validated using neural network toolbox in MATLAB [53], [76]. The ANN model’s performance
was evaluated with the help of regression plots as shown in figure 14. Regression plots illustrate

the data provided to MATLAB was accurately trained with an overall R value of 0.99922.
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Training: R=0.99994

Validation: R=0.99847
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Figure 6.5: Regression plots of ANN model showing target vs. predicted values.

6.5 Analysis of ANN Model Accuracy and Validation

The datasets generated using different values of temperature, current density, and KOH
electrolyte conductivity on COMSOL MULTIPHYSICS were used to train the ANN model.
The neural network was trained using Levenberg Marquardt training algorithm. The input layer
consists of three variables (temperature, current density, electrolyte weight concentration) and
the output layer was used for the accurate prediction of the voltage and current density in

correspondence to the operating parameters.
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The ANN model is trained and to ensure the capabilities to learn the complex patterns and
relationships between the input parameters and the target variables, validation of the ANN
model is performed. The validation is an important step to ensure ANN’s predictive accuracy.
The input parametric data was provided to MATLAB and the output data was generated as
targets by the developed optimized network. The predicted results of the ANN model were then
compared to the COMSOL results. Figure 15 illustrates the ANN model results align closely
with the COMSOL output data.
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Figure 6.6: Comparison Plots of ANN and CFD Model.
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CHAPTER 7: CONCLUSION

In this work, a 2D alkaline water electrolysis model was simulated on COMSOL
MULTIPHYSICS. The electrochemical and fluid dynamic responses were evaluated to gain
better understanding of the AWE cell’s behavior and enhance its performance. The CFD model
predicted the distribution of the generated gases, movement of the bubbles, and turbulence
within the cell as well as the impact of current density, electrolyte flow rate, electrode-
diaphragm distance, and other parameters on the gas profiles. The model results were validated
with experimental data through the help of polarization curves. A neural network model was
trained using the CFD datasets, and an R? value 0 0.99922 was achieved. The combined CFD-
ANN approach was implemented to optimize the cell’s design and performance. The AWE cell
showed better performance when small electrode-diaphragm distances, high temperatures and
electrolyte weight concentrations were used. The cross validation between CFD and ANN
models enhanced the accuracy and reliability of results. Future research work should be
focused on developing complex CFD models and integrating them with advanced machine
learning algorithms for better design and optimization of the AWE cells to accelerate the

transition towards a sustainable hydrogen economy.
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