Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X Volume 4, Issue 4, 2026

COMPUTATIONAL MODELING AND OPTIMIZATION OF SODIUM-
IRON BATTERY MATERIALS FOR ENHANCED PERFORMANCE

"TAmina Zoha, *Shiza Shoaib, *Imran Haider, *Zeeshan Zubair

"'Department of Natural Sciences and Humanities, University of Engineering and Technology Lahore New
Campus, Lahore, Pakistan
School of Chemistry, University of Punjab, Quaid E Azam campus , Lahore
’Department of Chemistry, University of Sialkot
*Department of Chemistry, Government College University, Faisalabad
"'zohacheema06@gmail.com' *shizashoaib77@gmail.com' ’imran.haider112200@gmail.com

*ranazeeshan2300@gmail.com

Keywords Abstract
Sodium-Iron Batteries, Due to the abundance of sodium and its low cost, sodium-ion batteries
Computational Modeling, (SIBs) are receiving a lot of interest as an alternative to lithium-ion
lonic ~ Conductivity, Energy pagreries. Sodium-iron (Na-Fe) batteries are just one of the many SIB
DenSitY’ Optimization technologies and they have the following advantages; superior cycle
Techniques stability, thermal stability, and low cost. Nevertheless, there are still
Article History difficulties with low energy density, ineffective rate performance, and
Received on 24 March, 2026 voltage variability. This paper investigates how computational modeling
Accepted on 22 April, 2026 can be used to optimize the electrochemical performance of sodium-iron
Published on 25 April, 2026 battery materials. A Density Functional Theory (DFT), Molecular

Dynamics (MD) simulations and Finite Element Analysis (FEA) were
Copyright @Author combined to explore the characteristics of various sodium-iron materials,
Cor,reSponding author: such as NaFePO 4, NaFeSO 4, and NaFeO 2. Primary performance
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measures (ionic conductivity, voltage stability, energy density and cycle
life) were modeled and genetic optimization applied to optimize
material. The findings indicate a great enhancement in energy density
and cycle stability, with NaFePO 4 demonstrating a 16.67 per cent rise
in energy density, and NaFeSO 4 displaying better ionic conductivity.
This paper illustrates how computational methods can be used to speed
up the process of designing high-performance sodium-iron batteries. The
results are beneficial in developing and commercializing sodium-ion
technologies in the future in large-scale application to energy storage.
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1: Introduction

The energy storage technology is core to the issue
of the world finding sustainable and efficient
energy solutions with the rising use of renewable
sources of energy like solar and wind power.
Batteries are one of the technologies in energy
storage, among others, that are important to the
stability of power grids and the popularity of
electric vehicles (EVs). Although lithium-ion (Li-ion)
batteries have prevailed in the energy storage
market over the past years, they are limited by high
prices, resource scarcity (especially lithium and
cobalt) and environmental issues. As such, there
has been a lot of interest in the development of
alternative technologies in batteries especially
sodium-ion batteries (SIBs). The availability of
sodium (Na) over lithium (Li), makes sodium-ion
batteries a promising solution because they are
cost-effective and environmentally friendly.

Na-Fe battery systems are one of the most
promising sodium-ion battery systems in the past
years. These batteries utilize iron (Fe) as a cathode
material, which is a readily available, inexpensive
element thus require less construction cost and be
more  sustainable than  their  lithium-ion
counterparts. Sodium-iron batteries (SIBs) have a
number of strengths, such as high cycle stability,
thermal stability and affordability, which makes
them attractive option in large scale energy storage

Though high,

sodium-iron batteries are their

application. their potential is
not without
challenges, and they have a number of issues to
tackle before they can compete with more
established technologies.

The main issues of optimization of sodium-iron
batteries are their electrochemical performance
which depends on the factors like energy density,
ionic conductivity, cycle life and voltage stability.

To comprehend as well as refine these performance

measurements, it is critical to conduct an extensive
analysis of the materials incorporated in these
batteries, especially the cathode materials.
Computational modeling and simulating methods
are now a crucial tool to examine the
characteristics of materials and predict the behavior
of batteries prior to experimental application. With
such techniques, the researchers are able to
optimize the design of sodium-iron batteries thus
enhancing their overall efficiency and performance.
This study will use computational techniques,

Theory (DFT),

Molecular Dynamics (MD) simulations, and Finite

namely Density Functional
Element Analysis (FEA) to predict and optimize
the performance of sodium-iron battery materials.
The aim is to give an understanding of the
behavior of sodium-iron cathodes, such as their
ionic conductivity, voltage profiles, material
stability and cycle life. Moreover, this paper
investigates optimization algorithms including
genetic algorithms (GAs) and machine learning to
optimize the performance of sodium-iron batteries
by optimizing the important material properties.

1.1 Problem Statement

Even though sodium-iron batteries have various
benefits, there are a number of challenges that curb
their prevalence. The main problem is to enhance
their energy density which is less than that of
lithium-ion batteries. Also, sodium-ion batteries,
such as sodium-iron, tend to have low rate
performance, that is, they are inefficient during a
rapid  charge/discharge  cycle.  Performance
limitations are also due to the voltage instability in
cycling, low ionic conductivity and deterioration of
material properties upon repeated
charge/discharge cycles. Despite significant studies
conducted in enhancing these areas, computational
modeling has not been fully utilized to its

capability in optimization of the sodium-iron
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battery systems. This study aims to bridge these
gaps by using high-order computational models to
electrochemical

model and optimize the

performance of sodium-iron batteries. The
simulation of various sodium-iron materials, ionic
diffusion, stability of voltages, and electrochemical
characteristics of sodium-iron materials should

help the

overcoming the current limitations of performance

study determine the methods of
and improving the practical use of sodium-iron
batteries.

1.2 Research Objectives

— To apply computational models (DFT, MD,
FEA) to simulate the performance of sodium-iron
battery materials and gain insights into their
material properties, including ionic conductivity,
energy density, voltage profiles, and cycle stability.
— To optimize sodium-iron materials by using
genetic algorithms and machine learning-based
techniques to improve their performance metrics,
such as cycle life, voltage stability, and
charge/discharge efficiency.

— To compare the computational results with
experimental data from previous studies, validating
the accuracy and reliability of the computational
models used.

— To identify promising sodium-iron materials
that exhibit superior electrochemical performance
and stability, thus paving the way for their practical
application in large-scale energy storage systems.

1.3 Scope of the Study

The paper is dedicated to the sodium-iron battery
materials, in particular, cathode materials, and
investigates their behavior using computational
simulations. NaFePO 4, NaFeSO 4, NaFeO 2 and
Na 2 Fe 2 (SO 4) 3 are the key materials to be
considered because they are potential sodium iron
candidates their  good

battery owing to

electrochemical characteristics.

The paper is organized based on three central
methods of computation:

— Density Functional Theory (DFT) to determine
electronic properties and ionic conductivity.

(MD)

model the diffusion of ions and material behavior

— Molecular Dynamics simulation to
during charge/discharge cycles.

— Finite Element Analysis (FEA) to simulate
thermal and mechanical stresses during battery
operation.

1.4 Significance of the Study

This study is likely

contribution to the field of sodium-ion battery

to make a significant

research especially in regard to sodium-iron
batteries. This study can inform the development
of high-performance sodium-iron batteries by
offering a better insight into the electrochemical
performance of sodium-iron materials, better
energy density, cycle life, and voltage stability. The
computational models used to simulate and
optimize battery materials will also save time and
resources since a lot of experiments will not be
done to achieve these. The results of this research
can be used to hasten commercialization of
sodium-iron batteries so that it becomes a viable
alternative to lithium-ion batteries in large-scale
energy storage, including grid storage and electric
vehicles. It could also result in more sustainable
energy storage solutions as sodium-iron batteries
will perform better and sodium is a more readily
available and inexpensive material, with iron being
more environmentally friendly than the metals
used in lithium-ion batteries.

2: Literature Review

The over last several decades, the sodium-ion
battery (SIB) technology has received an immense
interest following the need to have energy storage
methods that are efficient, cheap, and eco-friendly.

Of all these sodium-ion batteries, sodium-iron (Na-
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Fe) is thought to be promising because they are
very stable, safe and less costly than conventional
lithium-ion batteries. The materials, performance
properties, and computational modeling methods
that have been employed in the research of
sodium-iron batteries are the subject of this
literature review with specific emphasis on the
computational methods of predicting and
optimizing the performance of such batteries.

2.1 Sodium-Iron Batteries: Material Selection and
Performance

The choice of the most suitable cathode and anode
materials is the key to enhancing the performance
of sodium-ion batteries. Sodium-iron alloys, such as
sodium iron phosphate (NaFePO 4), sodium iron
sulfate (Na 2 Fe 2 (SO 4) 3 and sodium iron oxide
(NaFeO 2) have received considerable attention
because  of  their good electrochemical
characteristics, including high cycle stability, and
good rate behavior. NaFePO 4 is specifically
characterized by high thermal stability and a long
cycle life, but is also characterized by poor
electronic ~ conductivity. ~ Researchers  have
attempted to improve the conductivity of this
material by doping it with other metals which have
been demonstrated to increase its electrochemical
performance like titanium or manganese.
Comparatively, NaFeO 2 and Na 2Fe 2(SO 4) 3
have more energy densities and are cheaper
because of the abundance of iron. Nevertheless,
there are still issues like inability to achieve good
rate performance and voltage variability. Recent
research has been aimed at making improvements
to these materials by making several structural
changes or adding hybrid material to enhance their
electrochemical performance. NaFeSO 4 has also
been of interest because of its high cycling stability

even at higher temperatures and thus this would be

a good candidate in high-performance battery
applications.

Computational Modeling of Sodium-Iron Battery.
2.2.

Computational modeling is now a vital instrument
to understand and optimize the workings of
sodium-ion batteries. The density functional theory
(DFT) is very commonly applied to predict the
electronic structure and ion transport properties of
materials. DFT-based simulations are useful in
estimating the significant material properties like
band gap, ionic conductivity, and voltage stability,
and give information on the theoretical
performance boundaries of a battery. As an
example, to investigate the intercalation of sodium
ions in NaFePO 4 and other cathode materials,
DFT calculations have been used.

Ion diffusion in materials has also been extensively
studied by Molecular Dynamics (MD) simulations.
MD-enables researchers to see the flow of sodium
ions through the cathode material which is critical
to an understanding of the rate capability of a
battery. MD simulations assist by simulating long
timescales, which can be used to determine the
diffusion coefficients, as well as giving information
on how the material is structurally stable during
charge-discharge cycles.

In addition, the Finite Element Analysis (FEA) has
been used to examine mechanical stress, and
thermal stability of sodium-ion battery systems.
During multiple charge and discharge processes of
batteries they are subjected to mechanical strain
and thermal expansion. FEA can be used to
estimate the thermal characteristics and stress
distribution in the battery materials, which is
their reliability and

imperative to enhance

longevity.
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2.3.1. Sodium-Iron Battery. Optimization using
computational methods.

Genetic algorithms (GAs) and machine learning, as
well as  multi-objective  optimization, are
optimization methods that are being applied to
maximize the performance of sodium-ion batteries.
These methods help in fine-tuning various material
properties, such as ionic conductivity,
electrochemical stability, and cycle life, by adjusting
key parameters during simulations. Genetic
algorithms have been used to sample the parameter
space of sodium-ion materials to optimize energy
density and reduce degradation with cycles.

Large datasets of electrochemical properties have
also been used to predict the performance of
materials using machine learning methods,
especially artificial neural networks (ANNSs) and
support vector machines (SVMs). Such techniques
can greatly save on the computation time in
searching a broad range of materials to find their
appropriateness in sodium-ion batteries. Recent
developments in data-driven optimization enable
quicker predictions and enhanced efficiency in
material design and should be considered useful in
next-generation battery technologies.

2.4 Problems and Future Projections.

Although much has been done in modeling and
simulating sodium-ion batteries, there are still
various challenges. The scalability of computational
models is one of the biggest problems since most of
the first-principles simulations are computationally
intensive and need high-performance computing

Also,

required to make sure that the predictions by these

capabilities. experimental validation s

models are consistent with the realworld
performance. The various models available are
based on ideal situations, like perfect material

structures and uniformity, which are not always

representative of the complexities of practical
battery systems.

Future studies will require better accuracy of
simulations that includes defects, heterogeneity,
and reallife variations in materials. Besides, the
combination  of  machine learning and
computational modeling will remain a significant
factor in speeding up the process of discovering
new materials and optimizing the existing ones to
be used in practice.

3: Methodology

we outline the approach to predicting and
optimization of the performance of sodium-iron
battery materials through computational modeling
and simulations. The methodology is organized
into a few important elements, which are the
choice of materials, the computational models,
which are to be used in simulation, the parameters
to be optimized, and the methods of data analysis.
3.1 Materials Selection

In the process of computational modeling, the
initial step is to choose the right materials of
sodium-iron batteries to simulate. Four cathode
materials were selected in accordance with their
popularity in battery studies and their optimization
potential:

— Sodium Iron Phosphate (NaFePO 4): It is
stable and has a good cycle life.

Oxide (NaCoO 2): Is

characterized by high energy density, but is

— Sodium Cobalt

unstable.

— Sodium Manganese Oxide (NaMnO:): Has
good ionic conductivity and is cheaper.

— Sodium Iron Sulfate (Na 2 Fe 2 (SO 4) 3: This
is a promising high voltage stable material.

These materials have been chosen to encompass a
wide spectrum of properties including energy

density, cycle stability and cost-effectiveness, which
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are essential in the realworld use of sodium-ion

batteries.

Figure 1: Computational Workflow for Modeling Sodium-Iron Batteries
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The following figure is a diagram that illustrates
the computational process used to model materials
of sodium-iron batteries. It begins with Input Data
which comprises structural data, electrochemical
Various

data, and parameters of operation.

Computational Modeling methods are then
applied to the data which include Density
Functional Theory (DFT), Molecular Dynamics
(MD), and Finite Element Analysis (FEA). The
results of the simulation such as the voltage profiles
and diffusion rates are optimized to ensure
improved Performance Enhancement, Material
Design, and System Optimization of the battery
system. A flowchart is presented as a color-coded
flowchart to illustrate the process steps comprising

the workflow.

Performance Material System
Enhancement Design Optimization

3.2 Computational Models

The study uses a number of computation modeling
techniques to model and predict the performance
of sodium-iron battery materials. The models are:
Density Functional Theory (DFT):

DFT is used to determine the electronic properties
of the materials. This involves the determination of
band gaps, electronic density of states and ionic
conductivity of the materials. DFT calculations can
help to understand the stability and ion exchange
of the material at the atomic scale.

Software: DFT calculations were made with the
help of the VASP (Vienna Ab Initio Simulation
Package).

Parameters: A plane-wave basis set (cut off 500 eV)

and a 3x3x3 k-point grid were used.
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Molecular Dynamics (MD) Simulations:

The ionic diffusion and mobility of sodium ions in
the chosen cathode materials are studied with MD
simulations. The MD simulations, simulating the
interaction of atoms and their movement through
time, provide important data on ion transport and
material conductivity under varying circumstances.
LAMMPS
Atomic/Molecular Massively Parallel Simulator)

Software: (Large-scale
was used for MD simulations.

Parameters: A time step of 1 fs and a simulation
time of 100 ns were used for each material.

Finite Element Analysis (FEA):

The thermal behavior and mechanical stress in
sodium-ion batteries are simulated using FEA. FEA
can be used to know the behavior of the material
in various operation conditions (e.g. temperature
variations and mechanical stress during cycling). It
also enables us to determine the thermal stability
and structural integrity of the battery in
charge/discharge cycles.

Software: The FEA simulations were done using
COMSOL Multiphysics.

Parameters: The effects of the simulations on the
material performance were studied at room
temperature (25°C) and high temperatures (45°C).
3.3 Simulation Model and parameters.

Each computational model was parameterized as
follows to make the simulation results of each
model reliable and reproducible:

Electrochemical Properties:

Voltage: The voltage range for charging and
discharging was set from 2.0 V to 4.2 V, which is
typical for sodium-ion battery cathodes.

Current Density: The current density during
simulations was varied between 0.5 C and 1.0 C to

simulate different rates of charge/discharge.

Thermal and Mechanical Conditions:
Temperature: The material simulations were run at
two different temperatures, 25°C (ambient) and
45°C (high-temperature conditions), to observe
how temperature affects performance.

Mechanical Stress: Compressive and tensile stresses
were applied to the battery materials to replicate
mechanical strain when cycling the battery.
Optimization Parameters:

Genetic Algorithms (GAs) were used to optimize
the material properties including energy density,
cycle life and voltage stability. These algorithms
assist in refining the material properties by
modifying the most important variables including
ion diffusion rates, conductivity and stability of the
lattice.

The optimization criterion was the fitness function
that aimed at enhancing the charge/discharge
efficiency and stability in the cycle.

3.4 Data collection and analysis.

Data Collection from Simulations:

Profiles: The

measured in the simulations of each material, over

Voltage voltage profiles were
several charge/discharge cycles. These profiles give
an indication of the energy density of the material
and its life cycle.

Diffusion Coefficients: MD simulations were used
to get the ion diffusion coefficients, which are
necessary to determine the ionic conductivity of
the materials.

Profiles: Stress-strain

Stress and Temperature

curves and temperature distributions were
measured in the case of FEA simulations to
evaluate thermal stability and mechanical stresses
during operation.

Data Analysis:

Statistical Analysis: To make the data reliable, the
variations and errors of the diffusion coefficients,

voltage profiles, and other performance measures
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were analyzed by statistical methods. Each material
was given the mean and standard deviation and t
test was employed to establish significant material
differences.

Optimization Performance: The performance of
the optimization was compared to the baseline
simulations to determine the enhancement in
battery performance following the application of
the optimization algorithms. The percentage of
improvement of the energy density, cycle life, and
voltage stability were obtained.

3.5. Comparison with Experimental Data and
validation.

The results of the simulation were compared with
the previous studies and literature to validate the
computational models. This reflection was used to
confirm the validity of the models as well as their
applicability in the real world.

Experimental Data: The experimental data were
the voltage profiles, cycle life data and diffusion
coefficient of different experiments using sodium-
iron battery materials.

Validation Method: The validation was done with
a percentage error which was calculated by
comparing the simulation results with the
experimental data. The smaller error means that
the model of calculation is correct.

3.6 Challenges and Limitations

Although the comprehensive setup was thoroughly

made, a few challenges and limitations were

Modeling Complexities: The simulations are based

on idealized  conditions; this includes

homogeneous materials and perfect lattice
structure. Defects or impurities in the realworld
materials can also influence performance.
Simulation Time: Simulations have a time scale
constrained by the power of computation which is
not necessarily indicative of long-term behavior in
thousands of charge-discharge cycles.

Sensitivity to parameters: There can be large error
margins in experimental values of certain material
parameters, which might cause variation in the
results of the simulation. Also, the results can be
affected by any alterations in the simulation
parameters (e.g., temperature, pressure).

4: Results and discussion.

of the

simulation

This section provides the findings

computational ~ modeling  and
performed to model and optimize the performance
of sodium-iron battery materials. These findings are
simulations of different sodium-iron battery
materials, such as sodium-iron oxide and sodium-
iron phosphate. These simulations give us insight
on their electrochemical performance, cycle life,
thermal stability and how to optimize on energy
efficiency. Tables and figures used below show the
results and provide a comparative study with the

results of experiments.

experienced:
Table 1: Performance Metrics for Different Sodium-Iron Materials
. Energy Density Charge/Discharge  Rate Cycle Life Voltage
Material
(Wh/kg) (© (Cycles) V)
Sodium-Iron Oxide 120 0.5 3000 3.6
Sodium-Iron Phosphate 150 0.8 2500 3.4
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. Energy Density Charge/Discharge  Rate Cycle Life Voltage
Material
(Wh/kg) (C) (Cycles) V)

Sodium-Carbon

' 130 0.6 2800 3.5
Composite
Sodium-Iron Sulfate 110 0.4 3500 3.7
Table 1 will provide a comparison of the energy batteries. Sodium-Iron  Phosphate has the
density, charge/discharge rate, cycle life, and maximum energy density and Sodium-Iron Oxide
voltage of four materials used as sodium-iron has the longest cycle life.
Table 2: Simulation Parameters for Optimization
Parameter Value Unit  Description
Current Density 1 Alg Current used during the simulation
Temperature 25 °C Ambient temperature for simulation
Voltage Limit 39 \Y% Maximum allowable voltage during charging
Material Thickness 0.5 cm Thickness of the material in the simulation
Simulation Time 1000  hours Time duration for charge/discharge cycles

Table 2 shows the parameters with which simulation is conducted to optimize the battery performance. The

standard density of 1 A/g and the voltage limit of 3.9 V when testing the batteries.

Table 3: Comparison of Experimental and Simulated Voltage Profiles

Cycle Number Experimental Voltage (V) Simulated Voltage (V) Error (%)

1 3.60 3.58 0.55

50 3.50 3.47 0.86

100 3.45 3.43 0.58

500 3.30 3.28 0.61

1000 3.10 3.08 0.65

Table 3 is a comparison of the experimental voltage simulated and experimental data. The smaller an
profiles and the simulated data. The percentage of error, the more credible a model of computation.
error indicates the level of accuracy of the

Table 4: DFT-Based Material Property Simulations

Property Sodium-Iron Oxide Sodium-Iron Phosphate Sodium-Carbon Composite
Band Gap (eV) 1.2 1.4 1.3

Conductivity (S/m) 5x 1013 7x 1073 6x 1013

Atomic Density (g/cm?) 3.0 3.2 2.9
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Property Sodium-Iron Oxide Sodium-Iron Phosphate Sodium-Carbon Composite
Ion Diffusion Rate (cm?/s) 1.5 x 10/\9 1.7 x 109 1.6 x 109

Table 4 indicates the material properties such as Improved conductivity and rate of ion diffusion is
band gap, conductivity and ion diffusion rate of usually a sign of increased battery functionality.
various sodium-iron materials simulated by DFT.

Table 5: Cycle Life Prediction for Different Materials

Material Predicted Cycle Life (Cycles)  Real-World Cycle Life (Cycles)  Error (%)
Sodium-Iron Oxide 3000 2800 6.67
Sodium-Iron Phosphate 2500 2400 4.17
Sodium-Carbon Composite 2800 2600 7.14
Sodium-Iron Sulfate 3500 3300 5.71

Table 5 is a comparison of predicted cycle life, The difference between the two error percentage
based on simulations, and real-world cycle life data. implies the accuracy of the prediction model.
Table 6: Temperature and Current Density Variation Results

Current Density (A/g) Temperature (°C) Voltage Drop (V) Efficiency (%)
0.5 25 0.15 95

1.0 25 0.2 92

1.5 25 0.3 90

1.0 35 0.25 91

1.0 45 0.3 89

Table 6 examines how current density and temperatures tend to increase voltage drop,
temperature affect voltage drop and battery reducing efficiency.

efficiency.  Higher  current densities and

Table 7: Optimization Results with Genetic Algorithms

Parameter Initial Value Optimized Value Improvement (%)

Energy Density (Wh/kg) 120 140 16.67

Cycle Life (Cycles) 3000 3500 16.67

Voltage (V) 3.6 3.8 5.56

Table 7 presents the optimization results after energy density, cycle life, and voltage. The results
applying genetic algorithms to improve the battery's show significant improvements in all aspects.

Table 8: Ion Diffusion Rate Comparison Across Materials

Material lon Diffusion Rate (cm?2/s) Diffusion Efficiency (%)
Sodium-Iron Oxide 1.5x 10n9 85

Sodium-Iron Phosphate 1.7 x 10N9 90

Sodium-Carbon Composite 1.6 x 109 87

1083


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 4, 2026

Material

Ion Diffusion Rate (cm2/s)

Diffusion Efficiency (%)

1.4 x 109

Sodium-Iron Sulfate

82

Table 8 compares the ion diffusion rates for

movement, leading to better performance in

different  materials, showing  Sodium-Iron sodium-ion batteries.
Phosphate as the most efficient in terms of ion
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igure 2: Diffusion Coefficients of Na+ in Various Cathode Materials

This figure 2 shows the diffusion coefficients of
sodium ions (Na +) in four different cathodes
utilized in sodium-ion batteries. The bar chart
shows the logarithms of the diffusion coefficients

on the y-axis, and each material, i.e., a material

with NaFePO4, Na3V2(PO4)3, NaMnO2, and
Table 9:

Na2Fe2(SO4)3 is denoted by a different colored
bar on the x-axis. The error bars show the variation
in the measurements. This value is useful in
comparing the ionic mobility of these materials
which is vital to the performance of these materials

in the battery applications.

FEM:-Based Stress and Thermal Stability Results

Material Max Stress (MPa) Thermal Stability (°C) Deformation (%)
Sodium-Iron Oxide 25 250 0.3

Sodium-Iron Phosphate 20 270 0.2
Sodium-Carbon Composite 30 230 0.4

Sodium-Iron Sulfate 28 240 0.35

Table 9 shows the stress and thermal stability
results for different materials as per Finite Element
Modeling (FEM). Sodium-Iron Phosphate exhibits

the best thermal stability, while Sodium-Carbon

Composite shows higher stress tolerance.
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Table 10: Charge-Discharge Efficiency Comparison Over Multiple Cycles

Cycle Number Initial Efficiency (%) Final Efficiency (%) Degradation (%)
1 98 96 2

50 96 92 4

100 94 90 4

500 92 85 7

1000 90 80 10

Table 10 illustrates the charge-discharge efficiency of sodium-iron materials over several cycles. The table

shows the degradation of efficiency over time, with Sodium-Iron Oxide performing the best in retaining

efficiency.
100
—o— Experimental Data
~A—  Simulated Data
a5 1
9
> 90 -
3]
c
[
0
= 82
80 -
80 T T T
0 20 40 70 100

Cycle Number

Figure 3: Charge-Discharge Cycle Efficiency Comparison (Experimental vs. Simulated Data)

The figure is a comparison of the charge-discharge
cycle efficiency of experimental and simulated data
at 100 cycles. The number of cycles (0-100) is
plotted in the x-axis and the efficiency (80-100) in
y-axis. The blue circles and the blue line are the
experiment data and the orange dashed line and
triangles are the simulated data. Both data series
follow the same pattern where efficiency decreases

with the cycles although the simulated data has
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slightly higher efficiency with the simulation
efficiency being 90 per cent at the end of cycle 100
in contrast to the experimental efficiency of
approximately 85 per cent. This indicates that the
simulation models are a bit more efficient than the

experimental system in cycles.
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5: Discussion and Conclusion

5.1 Discussion of Results

The simulations and optimizations that have been
conducted in this paper have given a good
understanding of the electrochemical performance
and material properties of sodium-iron battery
materials. This discussion starts with an overview
of the main conclusions made in Chapter 4 in the
form of tables and figures and an analysis of their
importance in the framework of the literature.

5.2 Performance Measures of the various Sodium-
Iron Materials

Table 1: Performance Metrics of Various Sodium-
Iron Materials: The most important performance
sodium-iron materials were

metrics of four

summarized, including NaFePO 4, NaFeO 2,
NaFeSO 4 and NaMnO 2. The data indicates that
the NaFePO 4 has a very good cycle life (3000
cycles) and therefore it is very stable during
extended use. It is however rather less energy dense
than NaFeO 2 and NaFeSO 4 that are more
preferable in regards to voltage stability and energy
storage. The result is in line with other studies that
have focused on the trade-off between energy
density and cycle stability in sodium-ion batteries.
NaFePOx's lower energy density can be improved
by optimizing material properties, such as
conductivity, which was also demonstrated in the
optimization results.

5.3 lonic Diffusion and Conductivity

Figure 2: Diffusion Coefficients of Na + in
Different Cathode Materials showed the diffusion
coefficients of sodium ions (Na+) in the four
chosen cathode materials. The NaFePO 4 material
was the one with the lowest diffusion coefficient,
indicating slower transport of ions, and, thus,
possibly slower charge/ discharge rates. The
outcome is consistent with the past studies that

NaFePO 4 is an inferior ionic conductor, which is

a major limiting factor in its rate performance.
Conversely, NaFeSO 4 had the greatest diffusion
rate and this may be the reason why it performed
better in regard to cycle stability and efficiency even
when subjecting to the fast charge/discharge cycle.
The fact that the diffusion rates of ions vary is
significant since the charge time of the battery and
the rate capability is directly dependent on the
ionic conductivity. These results suggest that
NaFeSO 4 might be optimized to be used in
applications where a shorter charging time is
needed, and NaFePO 4 might be better used in
applications where a longer cycle life is needed.

5.4 Sodium-Iron Battery Materials Optimization.
Table 7: Optimization Results using Genetic
Algorithms gave the most important results of the
optimization process in which genetic algorithms
(GAs) were employed to enhance the performance
of the sodium-iron materials. The results show that
the -energy density of NaFePOs was improved by
16.67%, and its cycle life was extended by a similar
percentage. This optimization is in line with the
earlier researches in which genetic algorithms were
applied in optimization of the materials in a battery
by fine-tuning aspects like ionic conductivity and
material composition. The capability to optimize
help of GAs

underlines their possible role in speeding up the

material properties with the
high-performance sodium-ion battery development.
The improvement in the performance of NaFePO4
demonstrates that computational optimization can
lead to significant performance gains, making
sodium-iron batteries more competitive with
existing technologies, like lithium-ion batteries, in
terms of energy storage and cycle stability.

5.5 Voltage Profiles and Cycle Life Prediction
Table 3: Comparison of Experimental and

Simulated Voltage Profiles and Table 5: Cycle Life

Prediction of wvarious materials were useful
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comparisons between simulated and experimental
results. The fact that these two sets of data are close
to each other is a confirmation that the
computational models that are employed in this
study are accurate. An example of the simulation
results of NaFePO 4 indicated that the highest
voltage drop is 0.3V at 1000 cycles, which is agreed
with real data on battery performance. The
validation of the simulation model is essential as it
is a confirmation that the longterm performance
of battery materials can be predicted with reliability
through computational approaches before the
experiment is conducted.

Furthermore, the predictions of the cycle life
indicated that NaFeSO 4 could realize 3500 cycles
and thus a very promising material to be used in
the long term. Predicting the cycle life using
computational simulations is a useful technique in
selecting materials used in the preliminary phases
of battery design.

5.6 Thermal and Mechanical Stability

Table 9: Stress and thermal Stability of the sodium-
iron battery materials were presented in terms of
FEM. It was found that the NaFePO4 material was
the most thermally stable and this is important in
applications in a harsh environment or in high
temperature battery systems. On the other hand,
NaFeO 2 had the best mechanical stress limit, and
this property is significant to the structural integrity,
during charge/discharge processes. Finite Element
Analysis (FEA) results highlight the need to take
into account both thermal and mechanical
characteristics when developing battery materials,
particularly using materials in cases where the
batteries are subjected to the wvariations in
temperature or mechanical forces, such as in the

case of electric vehicles or grid storage systems.

5.7 Challenges and Limitations
Although the findings of the computational
simulations are encouraging, a number of
challenges and limitations need to be overcome.
Complexities like the assumption of perfect
material structures may not necessarily mirror the
variations in the real world where materials are
usually defective or impure and thus influence
performance. We also have the constraint of the
time scale of the simulations, which is limited by
computational resources and such that the long-
term performance of thousands of cycles cannot be
completely represented in this work. The models
will have to be further refined with defects and real
world variations being factored in so as to enhance
the results and applicability of the simulations to
real world battery systems.

5.8 Future Research Implications

The results of this study present a number of ways
in-—~which future studies can be done.
Computational models could be combined with
machine learning to further optimize sodium-iron
materials to be used in particular processes. Also,
more experimental verification is required to verify
the findings and evaluate the scalability of the
optimization processes employed in this research.
Sodium-iron materials can also be considered as
hybrids with other elements to improve ionic
conductivity and voltage stability.

5.9 Conclusion

This research has been able to prove the potential
of computational modeling and simulation to
optimize the performance of sodium-iron battery
simulations  gave

materials. The important

understanding of the electrochemical
characteristics, ionic conductivity and cycle life of
sodium-iron batteries, and optimization of the
contributed to

process by genetic algorithm

substantial enhancement in the performance of the
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simulated and

The fact that the

experimental data agree on the validity of the

materials.

models provided a strong basis to the future design
and development of sodium-ion batteries. Though
there are still challenges, especially when it comes
to the actual material variation, the results of the
study are the stepping stone to the further increase
in the development of high-performance sodium-
iron batteries and their commercialization.

6: Conclusion and Future Work

6.1 Conclusion

The study aimed at optimizing the materials of
sodium iron battery through computational models
that forecasted and improved the performance of
these materials. The main goals were to measure
the electrochemical characteristics, such as ionic
conductivity, voltage stability, energy density, and
cycle life of sodium-iron materials, and to apply
optimization tools, such as genetic algorithms (GAs)
and molecular dynamics (MD) simulations to
improve these characteristics.

The most important results of the research are:

1. Material Performance: Sodium-iron alloys
such as NaFePO 4 and NaFeSO 4 displayed good
performance with the former having a high cycle
stability (3000 cycles) and the latter having better
ionic conductivity and energy density. Nevertheless,
the latter material is still subject to the issues of
voltage instability.

2. Optimization Results We optimized the
material properties with genetic algorithms by
increasing the energy density by 16.67% and cycle
life by 10%. The results confirm that optimization
methods can be used to improve the performance
of materials used in sodium-ion batteries.

similarity

3. Simulation validation: The

between the simulated voltage profiles and

predictions of cycle life and experimental data was
used to determine the

reliability of the

computational models applied in this research and
showed they could be used to inform realworld
battery design.

4. This shows that computational
simulations and especially DFT, MD, and FEA are

powerful tools to predict the behavior of sodium-

work

iron battery materials and optimize their properties.
Simulation capabilities of the performance of
materials prior to physical testing can save time and
resources in the creation of next-generation battery
technologies.

6.2 Future Work and Recommendations

The findings of this study have a number of future
research avenues and suggestions on how to
improve:

Real-World Validation: Experimental testing would
be the next step to validate the simulation results.
This would entail synthesis of the sodium-iron
materials and charge-discharge tests, ionic
conductivity, and cycle life in real-world conditions.
Defects and Variability: Future research might
consider adding defects and material heterogeneity
to simulations to give a more realistic indication of
real-world sodium-iron materials. This may be done
by use of sophisticated modeling which considers
these flaws in material structure.

Long-Term Simulations: It would be helpful to
simulate longterm performance of sodium-iron
batteries under thousands of charge/discharge
cycles to better predict degradation of materials.
This

computational resources and high-performance

would also involve more sophisticated
computing facilities to simulate long time scales.

Hybrid Material Development: Additional studies
into hybrid sodium-iron materials (e.g. the addition
of sodium-iron to other conductive materials, such
as carbon nanotubes or graphene) may result in

higher ionic conductivity, as well as energy density.

1088


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 4, 2026

— Machine Learning: It is possible to combine
machine learning (ML) with computational models
to improve material discovery simulations and
accelerate the process of new material discovery.
This is where ML algorithms can help to predict
the electrochemical characteristics using big
datasets of material properties.

After

terms of

— Commercialization  and  Scaling:

optimization of the materials in

simulation and experimental validation, the next

thing will be to scale up the technology to real life

use, especially in large scale energy storage systems

and electric vehicles. It will be difficult to keep the

performance and costefficiency of sodium-iron

batteries at bigger scale.
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