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ABSTRACT

This study presents a novel methodology for developing a digital twin of a lithium-ion coin cell battery (Graphite-NMC622), accurately replicating the average
discharge behaviour of various laboratory-tested batteries and characterizing degradation phenomena through cyclic ageing experiments. Given the anticipated rise
in electric vehicle adoption, this work is particularly relevant for addressing the growing demand for lithium-ion batteries. The experimental characterization
identified the minimum requirements for battery modelling, with tests conducted up to a C/5 current. Degradation behaviours were analysed through cycle ageing
tests at two State-Of-Charge (SOC) ranges (100 %0 % and 90 %-10 %), establishing a robust foundation for modelling degradation trends. While further calendar
ageing tests could enhance the degradation modelling, they would require extensive data and time. Despite these constraints, the virtual coin cell model developed
using GT-AutoLion, an industry-standard CAE software, demonstrated excellent accuracy, achieving an RRMSE of less than 2.0 % and R? greater than 0.95. This work

is significant as it provides a reliable framework for battery modelling that can assist companies in optimizing battery design and performance.

1. Introduction

The automotive industry has faced a paradigm shift towards sus-
tainable mobility to reduce pollutant emissions and dependence on fossil
fuels [1,2]. Emissions from the transport sector have grown at an
average annual rate of 1.7 per cent since 1990. This growth is the highest
of any sector [3]. An increase in the total final consumption of oil im-
plies, despite the production of increasingly efficient transportation
systems, a growth in the production of CO, for which the transport
system is responsible for 24 % of direct emissions from fuel combustion.
The IEA has created a sustainable scenario that runs through 2030 that
can perfectly comply with the Paris Agreement by keeping the global
average temperature rise below 2 °C. This scenario also includes a
reduction in emissions from the transportation sector, among which the
largest contribution comes from road passenger vehicles. To achieve a
reduction in emissions, it is necessary to increase the number of vehicles
powered by alternative fuels such as hydrogen or bioethanol and, of
course, batteries [2,4-6]. In the last decade, there has been a significant
surge in the adoption of electric vehicles, with approximately 10 million
of them being driven worldwide by the end of 2020. These numbers are
set to increase and, according to the IEA’s EV outlook, will exceed 24 %
of the market shar for light duty vehicles in 2030 [7]. The main criti-
cisms that can be observed for LIBs used in electric vehicles refer to the
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Thermal Runaway (TR) phenomenon as reported in the literature
[8-11]. A significant amount of effort has been dedicated to mitigating
and preventing this phenomenon. Feng et al. [9] proposed a
time-sequence map to clarify the thermal runaway mechanism, offering
insights into the state transitions that drive failure during tests. Yang
et al. [10], highlighted challenges in battery safety, including limited
progress in safer battery development, difficulty in identifying and
predicting coupled faults, and inefficiencies in fault warning algorithms
for practical applications. They emphasized the need for advanced
warning systems, improved battery designs, and specialized fire extin-
guishing agents to address EV fire risks effectively. The TR phenomenon
can be triggered mainly by three causes: electrical, mechanical, and
thermal [9,12]. Rojas et al. [12], studied three typical TR trigger modes
(heating the LIB module, penetrating the module with a nail and over-
charging the module). They found that the trigger time is minimal as far
as penetration with the needle system is concerned, while it turns out to
be a function of current electrical overload. It has been identified how
the percentage of thermal energy released by the TR could be controlled
by co-injecting it appropriately through the structure of the battery pack
[12]. Research also focuses, with different methods, mostly on the
control of thermal energy generated during the operation of the battery
pack. Kumar et al. [13], highlighted that the Battery Thermal Manage-
ment System based on phase change materials and heat pipes were
found to be more effective than air and water cooling. Thermal control
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Nomenclature

A (cm®  Electrode surface area

AMI Active Material Isolation

BMS Battery Management System

CAE Computer-Aided Engineering

CEI Cathode Electrolyte Interface

DOD Depth Of Discharge

D (m?%/s) Lithium-ion diffusion coefficient in the solid phase

D, (m?/s) Lithium-ion diffusion coefficient in the liquid phase

Dy, (m?/s) Lithium-ion diffusion coefficient in the anode electrode
D.q (M?/s) Lithium-ion diffusion coefficient in the cathode electrode
EDL: Electrical Double Layer

Esgr (J/mol) SEI layer growth activation energy

Ecgr (J/mol) CEI layer growth activation energy

Epcan (J/mol) Anode EC diffusivity degradation activation energy
Egc,car (J/mol) Cathode EC diffusivity degradation activation energy
Eamran (J/mol) Anode active material isolation activation energy
Eami,cae (J/mol) Cathode active material isolation activation energy
FCC®@ (mAh/g) Cathode first charge capacity

FCCA™ (mAh/g) Anode first charge capacity

FDC® (mAh/g) Cathode first discharge capacity

FDC*" (mAh/g) Anode first discharge capacity

I1(A) Current

ip (A/m?) Exchange current density

LIB Lithium-Ion Battery

Loading®® (mAh/cm?) Cathode capacity loading

NMC Nickel, manganese and cobalt

N/P (—) Ratio between anode and cathode capacity loading

multiplicative coefficient of cathode exchange current

density

Ppan (—) multiplicative coefficient of the lithium-ion diffusion
coefficient in the anode electrode

Ppcar (—) multiplicative coefficient of the lithium-ion diffusion
coefficient in the cathode electrode

R, (mQ cm?) Contact resistance

RMS Root Mean Square

RRMSE Relative Root Mean Square Error

SOC (—) State of Charge

SOH (-) State of Health

Pio ()

SEI Solid Electrolyte Interface
TEFC Total Final Consumption
TR Thermal Runaway

U$e (V) Maximum cathode open circuit potential

Vexp (V)  Experimental voltage
Vsim (V) Simulation voltage
Vaee (V) Activation overvoltage

Vorm (V)  Ohmic overvoltage

Veone (V) Concentration overvoltage

¢s (V) surface voltage

wsgr (—)  SEI layer growth reference value

wcer (—) CEI layer growth reference value

Wecan (—) Anode electrolyte diffusivity degradation reference value

Wec,car (—) Cathode electrolyte diffusivity degradation reference
value

Wamian (=) Anode active material isolation reference value

Wamica(—) Cathode active material isolation reference value

by heat pipes is found to be preferable because it is lighter. Liang et al.
[14], demonstrated that the maximum temperature and temperature
difference of a battery can be effectively controlled within the desired
range using intermittent cooling. Notably, the battery’s thermal
response under intermittent cooling is comparable to that of constant
cooling. This finding highlights the potential of intermittent cooling to
reduce the power consumption of Battery Thermal Management Systems
(BTMS) by minimizing their operating time. The complexity of thermal
management is only one aspect of LIBs, which is onerous in terms of
experimental costs for validating CFD models. Other characteristic as-
pects of LIBs must be addressed to ensure safe and continuous operation
over time, especially considering the TR. For these reasons, an innova-
tive approach that can implement a digital twin of a LIB system could
confer interesting answers to better address LIB management issues,
make them integrable into battery packs, and enable effective simula-
tion with low computational costs. The calibration and optimization of
the model are based on a data-driven technique and electrochemical
models implemented on the software GT-AutoLion. Among the various
electrochemical models, the one exploited by the GT-AutoLion software
is the “Pseudo 2D” (P2D) electrochemical model for Lithium-ion (Li-ion)
batteries, the basis of most electrochemical models for many years [15].
Recently, many researchers have been relying on this software for their
work and studies, proving to be a very reliable and concrete alternative
for modelling lithium-ion batteries [16-19], this is because it offers high
flexibility and ease in modifying the model parameters thanks to an
intuitive interface. The software significantly saves time in conducting
studies compared to other open-source software [20]. However, the
drawback is that it is a paid tool. Natarajan et al. [17] developed an
electrochemistry-based cell model using GT-AutoLion to simulate and
validate the performance of two commercially available Lithium Iron
Phosphate (LiFePO4) and Nickel Cobalt Aluminum (NCA) cells. While,
Chopra et al. [19], explored the implementation of a detailed
electro-thermal P2D battery model, developed in GT-AutoLion, in

combination with a 1D vehicle model to predict the performance and
aging of an electric vehicle (EV) system over 40 weeks of operation.
Physics-based models (such as the P2D) are increasingly used in the
development of next-generation BMSs thanks to the application of
model order reduction techniques to reduce computational costs, as
highlighted by Li et al. [21] in their work. The P2D model discretizes the
Lithium-ion cell’s governing equations using the finite control volume
approach: the Cathode, Separator, and Anode are discretized in the
“thickness” direction. In each finite control volume of the Cathode and
Separator, there is a spherical representation of the active material, each
of which is discretized into constant volumes in the radial direction. This
model is composed of a set of parameters including cell design specifi-
cations and material properties, the most influential parameter identi-
fication and calibration play a fundamental role in the model’s
predictability and accuracy. The optimization process is based on heu-
ristic techniques such as genetic algorithms [22], a particular objective
function is defined, in this case, the root means square error between the
experimental data and the model output, which will be minimized using
the chosen algorithm acting on the pre-mentioned calibration parame-
ters. Often the electrochemical model is coupled with a thermal model to
investigate heat generation and dissipation rates and predict the tem-
perature change of the cell [23] which has an influence on his perfor-
mance [24], but in this case, dealing with small coin cells with metal
cases and being that the maximum current used for the digital-twin
calibration is C/5, it has been verified that the temperature increase is
negligible during tests at ambient temperature while in the other cases,
the temperature was controlled in a climatic chamber. This work pre-
sents a novel approach to creating a “digital twin” of a lithium-ion coin
cell battery. The main innovation lies in two contributions: first, the
definition of a minimum set of experimental tests required to construct a
sufficiently accurate digital twin; and second, the development of a
precise calibration procedure for the electrochemical model in
GT-AutoLion. This calibration is based on discharge curves to model
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performance and cycle aging tests to capture degradation, utilizing
GT-AutoLion, a software widely adopted in the industry, thereby
enhancing the practical applicability of this approach.

By refining the calibration of both performance and degradation
within this framework, this study establishes a highly reliable digital
twin. The validated model not only enables the safe testing of lithium-
ion batteries under critical conditions but also provides a valuable tool
for optimizing battery design and testing protocols in the industry.

2. Materials and methods
2.1. Battery creation

The batteries used are coin cells assembled manually in the labora-
tory and composed of NMC622 as cathode, graphite as anode, a poly-
meric membrane (Celgard 2325) as the separator, LiPFg as the
electrolyte in liquid form and aluminium and copper as the current
collector for cathode and anode respectively, with a maximum voltage
of 4.20 V (OCV), see Table 1 and Fig. 1. Sample materials were bought
from (Xiamen AOT Electronics technology co., Itd., China). In the pro-
cess of creation, particular attention must be paid to aligning all the
elements that make up the geometry of the cell to obtain maximum
performance. To have a larger statistical sample, various coin cells were
created and tested, and the average discharge curve was used as
experimental input on the GT-AutoLion model for the characterization
of the digital twin. The assembly takes place inside the “glovebox”, a
sealed container, specially designed and built to handle instruments and
substances in a confined environment separate from that in which the
operator is located (Iteco Engineering, Ra, Italy). The glovebox is
necessary to avoid the interaction of electrolytes that contain lithium
with oxygen and nitrogen present in the atmosphere, giving rise to re-
actions that can cause deterioration of performance or more dangerous
ones such as fires [25]. Once the battery is created, the container is
placed in an automatic press where it is sealed at a pressure of 5.5 bar
(Sovema, Vr, Italy). Various assemblies have been tested to identify the
best-performing one that would achieve a higher C-RATE during
discharge, focusing on determining the proper electrode dimensions to
prevent short circuits and ensure optimal performance, as well as the
number of springs or spacers required to maintain reliable contact
among the various layers. The best one is shown in Fig. 1, while the
geometric dimensions of the various layers are shown in Table 1. Once
assembled, the coin cells are inserted into an ultra-high precision
charge/discharge cycler (Models: BT-G-25 and IBT21084LC, Arbin In-
struments, USA), which can provide a constant charge and discharge
current corresponding to the desired C-rates. Each coin cell then un-
dergoes a startup procedure consisting of three formation cycles (char-
ge/discharge) at a low current of C/20. Since the capacity of the battery
is not known before testing it, to calculate the currents corresponding to
the desired C-RATEs, it was decided to use the electrode with the lowest
ideal specific capacity, i.e., NMC622 (see Table 1). During the creation
of the coin-cell, the NMC622 disk was weighted, and the battery ca-
pacity was calculated; from the latter, the currents expressed in C-RATE,
used in the cycler, were derived. At the end of the formation cycles, the

Table 1
Battery materials and geometric dimensions (Xiamen AOT Electronics technol-
ogy co., Itd., China).

Components Materials Capacity Diameter Thickness
[mAh/g] [mm] [pm]

Spacers Stainless steel - 15.5 500

Neg. Copper and 350 18 87
electrode graphite

Separator Celgard 2325 - 20 20

Electrolyte LiPFg - - -

Pos. Aluminum and 175 15 77
electrode NMC622
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effective capacity of the coin cell can be calculated, and the current can
be adjusted. Coin cells with significantly different capacity values are
discarded. To obtain the necessary data to create a digital twin, the
experimental campaign was divided into two parts. The first can be
called characterisation tests whose aim is to obtain discharge voltage
curves at different currents and temperatures, while the second part is
cyclic ageing to obtain SOH curves to calibrate degradation phenomena.

2.2. Characterization tests

The coin cells are inserted into the Arbin cycler, where a constant
charge and discharge current corresponding to the desired C-rates of C/
20, C/10, and C/5 is applied between two predefined states of charge:
SOC = 0 % and SOC = 100 %. It was decided not to exceed C/5 due to
the limited performance of the coin cells. For each C-rate, multiple
charge and discharge cycles were conducted on different coin cells. Cells
showing similar discharge trends (voltage-capacitance curves) were
selected to calculate the average curves, which are presented in Fig. 1 for
two specific temperature conditions: room temperature and 45 °C. The
room temperature condition was 26 °C, with the temperature monitored
by a thermocouple placed on the upper casing of the cell to ensure
consistency throughout the tests. The measured temperature fluctua-
tions were negligible (on the order of 1 °C) and thus had no significant
impact on performance, allowing us to consider the temperature effec-
tively constant. For the 45 °C condition, the experiments were per-
formed in a climate chamber (Binder KBF-S 115, Binder GmbH,
Germany) to maintain precise temperature control. Eight different coin
cells were tested: at 26 °C and 45 °C. Fig. 2 illustrates that as the C-rate
increases, there is a corresponding reduction in discharge capacity as
higher current rates limit the effective utilization of active materials and
increase internal resistance within the cell, reducing the overall acces-
sible capacity. Additionally, improved performance is observed at 45 °C
for the same C-rate. This enhancement is attributed to the favourable
effects of higher temperatures on electrode kinetics, ionic conductivity,
and diffusive phenomena [26].

2.3. Cycle ageing tests

During its use, the battery is subject to degradation phenomena that
can be either mechanical or chemical, leading to a reduction in useful
capacity [27]. One of the main effects of battery ageing is the degra-
dation of the electrode, which can then lose active material that dis-
solves into the electrolyte, such as manganese [28]. In any case, the
degradation mechanisms are multiple and different between positive
and negative electrodes and are strongly favoured by high temperatures
and charge states (SOC>80 %) [29,30]. To estimate the effect of these
phenomena, it was decided to use the cyclic ageing test at an ambient
temperature of 26 °C. The methodology is a readaptation of the pro-
cedure developed by ENEA (National Agency for New Technologies,
Energy and Sustainable Economic Development) [31], as
non-commercial batteries, and consists of constant current (CC) charge
and discharge cycles carried out at C-RATE of C/10 and C/5, respec-
tively, and can be summarized as follows. Three formation cycles (full
charge and discharge) at C/20 from which the initial specific capacity
(mAh/g) is calculated.

1. From the last discharge cycle, the voltage corresponding to the
desired minimum SOC is calculated.

2. From the last charge cycle, the voltage corresponding to the desired
maximum SOC is calculated.

3. Fifty cycles are performed between the calculated voltages (due to
the high degradation of the coin-cells, see Fig. 3 and, for each cycle,
the respective specific capacity (mAh/g) is calculated from which the
state of health is obtained as:
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45 °C test.

Specific capacity at cycle n
Initial specific capacity

SOH ( %) = @

It was decided to analyse the degradation of two different coin cells
undergoing cyclic ageing with two different depths of discharge (DOD).
The latter has an important influence on SOH during cyclic ageing, along
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8ol |
< |
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3
m L
a0k A
20 | ]
0o 10 20 30 40 50

Cycles

Fig. 3. Capacity degradation in cycle ageing tests with different depths
of discharge.

with discharge and charge current and operating temperature [32].
From Fig. 3, it is interesting to highlight the impact of different depths of
discharge on the SOH of coin cells: a higher DOD implies a higher
degradation rate. This result is in line with what was expected and has
been obtained in other work in the literature [33,34]. Indeed, the 100
%-0 % case entails more significant mechanical and chemical stress on
the electrodes, which undergo larger volumetric changes, leading to
microcracking and a greater loss of active material during cycling
compared to the 90 %-10 % case. Although the experimental degrada-
tion trend observed in this study does not fully represent that of a
commercial battery, which would typically exhibit a more linear decline
and reach thousands of cycles [35,36], it is important to note that similar
nonlinear degradation patterns have been documented in the literature.
For instance, some studies have reported a square root-like decline in
capacity over time [37], which aligns more closely with the trend shown
in Fig. 6. The choice of using coin cells, despite their faster degradation
compared to commercial batteries, was driven by practical consider-
ations related to timing. Laboratory-assembled coin cell, due to their
smaller capacity and simpler design compared to full-scale commercial
cells, degraded more rapidly allowing for quicker data acquisition and
analysis. Coin cells can reach end-of-life in a matter of weeks rather than
the several months typically required by commercial-scale cycle-aging
tests. For instance, a cycle-aging study on commercial cells might last
anywhere from 6 to 12 months (or even longer) [38,39]. The goal was
not to replicate the exact lifespan of a commercial battery, but rather to
develop and validate a methodology for constructing a digital twin
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capable of accurately modelling degradation phenomena. As such, the
accelerated degradation in coin cells does not detract from the validity
of the methodology or the overall trend of discharge, as it remains
consistent with the objectives of this study. Furthermore, the internal
material parameters of the coin cells are well-known, enabling the
model to produce more accurate results.

2.4. Model creation

The virtual twin calibration procedure can be divided into two parts:
a static calibration and a dynamic calibration which will be explored in
section 2.5. In this section, the creation of the model for the calibration
process will be discussed. The model created in GT-AutoLion (Illinois,
USA) is shown in Fig. 4.

o Battery block: The first very important thing to include in the bat-
tery block is its geometry. Subsequently, the active materials that
make up the anode and the cathode must be chosen, in the case under
study respectively Graphite and NMC622. The mass fractions of
active material are known from previous studies carried out on the
materials used for the coin cells and are worth 90 % for graphite and
95 % for NMC622. Next, the assembly details need to be completed
by specifying the materials for the electrodes (copper for the anode,
aluminium for the cathode), the separator, and the electrolyte.
Lastly, it is possible to incorporate a thermal model to account for
internal heat generation and heat exchange with the external envi-
ronment. However, in this study, thermal effects were considered
negligible due to the use of low currents, and the temperature of the
coin cells was either measured or controlled during the experimental
tests.

Event Manager: This block has the function of replicating the
experimental tests, controlling the current applied to the battery
block to accurately simulate the characterization and cycle aging
tests. GT-AutoLion automatically terminates the simulation when the
voltage of the experimental curve or the simulated one drops below
the cut-off value, settled to 2.5 V.

Monitor: This block is designed to compare experimental and
simulated data by plotting voltage versus specific capacity. The
simulated voltage is taken directly from the battery model, while the
specific capacity is calculated as the integral of the current (preset for
various C-rates) and normalized by the mass of active material
(NMC622), yielding the specific capacity in mAh/g. Given that the
coin cells used in the experiments had slight variations in the mass of

Renewable Energy 246 (2025) 122793

active material (within a few milligrams), the mass of NMC622 for
the model was assumed to be the average across all cells tested, both
at 26 °C and 45 °C. This average value, 31.4 mg, was used to derive
the simulated discharge curves. The experimental data, on the other
hand, were imported from a pre-defined dataset.

e Mathematical blocks: These blocks are employed to calculate the
squared differences between the experimental and simulated curves,
followed by time integration to obtain the root mean square (RMS)
error. The RMS error serves as the objective function to be minimized
through case sweep optimization. This optimization is conducted
using GT-AutoLion’s "Design Optimizer" tool, which aims to identify
the best-fit solution that ensures optimal alignment between the
experimental and simulated data. The comparison is made across all
test conditions, including C/20, C/10, and C/5 discharge curves at
26 °C and 45 °C.

t
Minimize (RMS = \/ % / (Vexp — Vsim)zdt> @)
0

2.5. Model calibration overview

The process of creating the digital twin can be summarized in the
flowchart shown in Fig. 5.

The methodology involves an initial phase dedicated to calibrating
static and dynamic phenomena, followed by a subsequent phase focused
on degradation phenomena. The first phase thus consists of two main
parts:

1. Static calibration: In this process, the calibration focuses on the
curve obtained at the lowest current rate (C/20), targeting the bat-
tery’s characteristic parameters that are independent of the current.
This approach operates under the assumption that the battery re-
mains in a state of open-circuit voltage (OCV) throughout the
discharge cycle, a method commonly referred to as OCV calibration.

2. Dynamic calibration: Where the highest C-RATE curves are used to
calibrate those parameters that depend on the current and affect the
kinetic, resistive, and diffusive phenomena that occur inside the
battery [40].

Both processes are characterized of two others distinct steps. The first
is a pre-optimization phase, where a manual sensitivity analysis is
conducted to determine the appropriate upper and lower bounds of key
parameters affecting cell performance. These boundaries help to

/ o b SignafHold-1
. |
=

&
(T

Battery block |t Current

‘-l
Experimental

—{ Monitor

Simulation_

vs_Experimen

al 4

[ Event manager

CCCV_Discharge

wit—if] > S h
R_squared Sum_of R_  RMS Objective function
L Squared

Fig. 4. GT model for static and dynamic characterization.
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Fig. 6. SEI growth and Lithium plating degradation phenomena [48].

constrain the optimization problem, ensuring that the parameter values
remain within realistic limits. The second step involves the actual
optimization, where a genetic algorithm is employed. This algorithm
iteratively adjusts the parameter values within the predefined bounds to
minimize the objective function, which is typically the root mean square
error (RMS) between experimental and simulated results. The genetic
algorithm uses a multi-objective weighted sum approach to systemati-
cally converge on an optimal solution. A constraint is applied during this
process, requiring that the simulated discharged capacity remains
within +5 % of the experimental capacity. This constraint ensures that
the model maintains realistic performance characteristics. By altering
parameter combinations, the genetic algorithm seeks to identify the best
set of values that accurately replicate the experimental behaviour of the
batteries tested.

For the calibration of degradation phenomena, the overall process
mirrors that described for the static and dynamic calibration. The model
shown in Fig. 4 was modified to account for the different experimental
procedures set in the event manager, and the objective function was
updated to include the RMS between the model’s state of health (SOH)
and the experimentally measured one.

To evaluate the accuracy and good fit of the model, two other post-
optimization calculated indices are used [16].

e The Relative Root Mean Square Error (RRMSE) is a metric used to
assess model accuracy. A lower value indicates a higher level of
precision in the model.

RMSx

avg

RRMSEx (%) =

-100 3

e The R-squared is a goodness of fit index to assess how well the
simulated results match the experimental ones. A value close to one
indicates a very appropriate fitting.

Z (Xi‘exp - Xi.sim)2

R’=1- 5
Z (Xi.exp - Xi,avg)

(€3]

where X can be the Voltage or the SOH.

3. Theory and calculations
3.1. Electrochemical modeling

As already said in the introduction, GT-AutoLion uses the “Pseudo
2D” (P2D) electrochemical model that discretizes the Lithium-ion cell’s
governing equations using the finite control volume approach. The
theoretical formulation of P2D can be deepened in other works in the
literature [16,41,42] and the main basics are reported in Appendix A.
The battery voltage differs from that of OCV due to some losses called
overpotential.

V=0CV — Vact - Vohm - Vconc (5)
where:

e V.. It is the activation overpotential that is needed to start the re-
action and is the cause of the initial exponential drop. Could be split
into two different contributions from the cathode and the anode
whose weight depends on the chemistry considered.

e Vonm: It is the ohmic overpotential due to the diffusion of ions
through the battery, it is, therefore, a resistive loss and is the cause of
the linear voltage drop.

e Veone: It is the concentration overpotential, it appears when the
battery is close to its nominal capacity and is due to the low con-
centration of ions near the electrode (now almost all migrated to the
cathode) which takes longer to react leading to another exponential
voltage drop. It is a mass transport limitation and so the diffusive
phenomena control this loss.

These losses can be calibrated in the electrochemical model, acting
on some parameters that describe the behaviour of the battery. The
activation (or kinetic) overpotential is described by the Butler — Volmer
equation (equation (6)) that correlates the electric current circulating in
an electrochemical cell with the cell potential in the case in which the
electrode reactions are controlled by the process of transfer of electric
charge to the electrodes and not by the transfer of mass between the
electrode surfaces and the bulk of the electrolyte.
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Where a; is the interfacial area between the two phases, iy is the ex-
change current density, ®ay and oca the charge transfer coefficient, Ry
the SEI film resistance, n the overvoltage, F the Faraday’s constant and
Ry the universal ideal gas constant. It is important to point out that
equation (6) refers to anode or cathode half-reaction. Following the
study of Li et al. [43] the activation overpotential could be adjusted
through the exchange current density iy and depending on the materials
used, there may be a limiting electrode in which this parameter is lower.

The ohmic overpotential originates from the migration of ions inside
the electrolyte, the resistivity of the current collectors and the elec-
trodes, as well as the contact resistance between the electrodes and the
current collectors. The electrode-to-current-collector interface resis-
tance (R¢) is frequently adjusted to optimize the ohmic resistance,
aiming for a voltage alignment between simulated and experimental
values within the mid-state-of-charge (SOC) range of the voltage curve.
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The last overpotential, that of diffusion,is described by the Fick
equation for the solid and liquid phases (see Appendix A, equations (19)
and (21)) and is adjustable through the respective diffusion coefficients
Ds and D, [44-46]. In most cases, the effect of the diffusivity of the solid
phase (the anode) is the most relevant but the choice depends on the
materials used for the electrodes, the electrolyte, and the design of the
battery, for example, the diffusivity in the cathode part increase with the
Nickel content [47].

3.1.1. Ageing theory

The main degradation phenomena are the growth of the SEI/CEIL
layer at the anode and cathode, the loss of active material and the
plating of lithium. Other works in the literature have developed and
analysed the mathematical models underlying the degradation phe-
nomena [48-53], an extract of these studies is reported below and more
in detail in Appendix A for completeness.

e Anode SEI layer growth: In a graphitic anode, an SEI layer forms
during the formation cycle and grows in subsequent cycling due to
the low equilibrium potential of lithiated graphite. Many studies
have shown that the reason for this growth is the reaction between
ethylene carbonate and lithium ions.

2(CH20)2CO +2e + 2LiT = (CHQOCOz)Z + CyHy1 (8)

(CH20)2CO + 2e~ + 2Li" = LinCO3 + CoHy 1 9

From the reaction of ethylene carbonate with lithium ions there is
mainly lithium alkyl carbonate ((CH2OCO»Li)5) and little formation of
lithium carbonate (Li;COg3), therefore only equation (8) will be
modelled. The SEI layer growth affects also the EC diffusivity and the
effective conductivity of the electrolyte increasing the path that the ions
must travel.

e Cathode film growth: Most cathode materials have a high equilib-
rium potential that is beyond the stable window for typical electro-
lyte solvents. Thus, the lithium-ion intercalation processes are often
preceded by the formation of a surface film on the active cathode
material surface. For lithium nickel cobalt oxides, the surface film is
mainly composed of polycarbonates, LiF, and oxide reduction
products. The oxide film growth can be considered to grow from the
following reaction, where R is a radical:

Li(Ni, C0)O, +ROCO,R = (Ni,CO) = O,R + ROCO,Li (10)
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e Cathode/Anode active material isolation: The intercalation and
deintercalation of Li in the structure of active materials leads to
mechanical stress and induces cracking and structural damage that
quickly leads to the loss of active material during cycling. This loss
can occur in the anode, in the cathode or both and depends on the
structure and materials of the latter.

Lithium plating: If the potential in a finite volume of the anode falls
below zero volts, cycling lithium (Li*) will react with electrons (e™)
to form lithium metal. This lithium metal is deposited into the anode,
lowering the porosity and the active surface area with consequent
drops in performance and possible safety accidents. The deposition
of lithium on the anode in lithium-ion batteries (LIBs) is closely
associated with the charging circumstances, including low temper-
atures, rapid charging rates, and overcharging. However, it also re-
lies on battery architecture, such as the ratio of anode to cathode and
potential manufacturing flaws.

The anode/cathode layers’ growth with lithium plating is schema-
tized in Fig. 6.

4. Results and discussion
4.1. Static calibration

The calibration procedure follows the methodology proposed in
subsection 2.5, the parameters that are important for the static balance
of the battery are listed and explained below.

e Cathode capacity loading (Loadingca) (mAh/cm?): is the amount of
charge per unit area present at the cathode. It is an important
parameter for the energy-power balance of the cell and is influenced
by the amount of active material. When there is little material in the
cathode, the cell will have a large energy storage capacity, but will
not allow high C-rates [54]. It was estimated by dividing the charge
capacity of the first cycle at C/20 by the area of the NMC622 disk.

e N/P (-): It is the ratio between the capacity loading of the anode and
that of the cathode.

N Anode capacity loading (mAh/g)
P~ Cathode capacity loading (mAh/g)

an

e NMC622 and Graphite first charge capacity (FCCCa and FCCAn)
(mAh/g): During the initial formation and first charge and discharge
cycles, a certain amount of lithium, or capacity, is lost for the for-
mation of the initial Solid Electrolyte interface (SEI) layer. The first
charge capacity is the amount of lithium accepted, either the
graphite or NMC 622, during the initial lithiation of the material
(first charge) per unit of active material mass. The FCC of NMC622
was estimated by dividing the capacity of the first charge cycle at C/
20 by the mass of NMC622 weighted during battery assembly.

e NMC622 and Graphite first discharge capacity (FDC® and FDCA™)
(mAh/g): is the amount of lithium returned in the cathode and anode
materials, after initial lithiation per unit of active material mass. The
difference between FCC and FDC represents the irreversible capacity
of the cathode and anode respectively, so these processes are related
to the coulombic efficiency.

e Maximum voltage NMC622 (U2, )(V): is the maximum open circuit
potential of the NMC622 obtained in a half-cell (with Li/Li" counter
electrode).

The static calibration was performed using the average C/20
discharge curves at 26 °C and 45 °C, assuming constant temperature
conditions. The results of the optimization process are summarized in
Table 2.

For a clearer representation, the discharge curve results are pre-
sented in Fig. 7. Instead of using an average discharge curve, all
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Table 2
Starting, boundaries and final values for the static calibration parameters.

Parameter Unit Starting value Boundaries Final value
Loading®® mAh/g 3.35 3.15-3.45 3.362
N/P - 1.3 1.2-1.35 1.344
FCC® mAh/g 180 170-190 175.01
FDC®® mAh/g 165 160-170 163.9
FCCA" mAh/g 370 365-375 374.5
FDCA? mAh/g 345 340-350 348.5
Us, \% 4.40 4.3-4.45 4.365
4 . 5 T T T T T T T T T T T ' o T T
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Fig. 7. Simulation discharge curves at C/20 and 26 °C (a), C/20 and 45 °C (b)

versus all the experimental curves considered for the calculation of the
mean one.

experimental curves from different coin cells were included to provide a
more comprehensive comparison with the modelling results. The
parameter calibration yielded a good fit for the activation and ohmic
regions of the characteristic curve. However, the accuracy in the final
diffusion region decreased for the room temperature simulation
(Fig. 7a), while it improved for the 45 °C curve (Fig. 7b). It is important
to note that the average curve was obtained by discretizing the specific
capacity axis and averaging the voltages (i.e., vertically), meaning the
simulated discharge curve should not necessarily lie perfectly in the

Table 3

Statistical parameters to evaluate the results of the static calibration.
Case RRMSE R?
C/20 (26 °C) 1.95% 0.957
C/20 (45 °C) 1.21 % 0.975
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middle of the experimental spread as an indicator of good fitting. Table 3
presents the statistical values used to assess the model performance,
confirming that the best precision and fit were achieved for the 45 °C
curve.

The maximum error is 1.95 % in the C/20 case at 26 °C. The dis-
crepancies are since curves at C/20 at 45 °C showed a higher cathode
FCC and FDC and a higher capacity loading than the battery at room
temperature, leading the optimizer to find a trade-off that penalized the
accuracy of the simulation.

4.1.1. Dynamic calibration

After identifying the static parameter sets that define the cell bal-
ance, the next step is to calibrate the battery’s dynamic behaviour using
the higher C-RATE curves. It is essential to introduce the principal pa-
rameters that govern the battery’s dynamic.

e Cathode exchange current density (ip) (A/m?): It appears in the
ButlerVolmer equation (equation (6)) and reflects intrinsic rates of
electron transfer between an analyte and the electrode providing
insights into the structure and bonding. The exchange current den-
sity is highly contingent upon the electrode’s characteristics,
encompassing not just its configuration but also its physical attri-
butes. Moreover, the electroactive species’ nature (the analyte) in the
solution profoundly influences the exchange current densities,
encompassing both its reduced and oxidized states. For example, Lin
et al. have reported that MCMB anodes have a performance limit at
temperatures < — 20 °C compared to the LiCoO, cathodes [55]. On
the contrary, the exchange current density for graphite has been
reported in the literature to be greater than the NMC622, respec-
tively 0.8 ~ 8.4 A/m? and 0.1 + 6.0 A/m? [42,56-59] For this
reason, the cathode was considered limiting, and the respective ex-
change current density was calibrated. This parameter has a greater
influence on the initial drop of the characteristic curve, a lower value
of iy is reflected in a lower voltage with the same discharge capacity.
Contact resistance (R) (mOhm mz): is the contact resistance be-
tween the electrodes and the collectors, it is a parameter that in-
fluences the trend of the curve in the ohmic drop part and is supposed
to be the same between cathode-copper and anode-aluminium.
Graphite Diffusivity (Dap) (m?/s): is the diffusivity of the lithium ions
inside the anode electrode, in this case, graphite. As already seen, it
appears in the conservation equation of Fick species (in the solid
part) and has a great influence on the behaviour of the characteristic
curve in the high and low SOC parts.

NMC622 Diffusivity (D¢,) (m?/s): is the diffusivity of the lithium ions
inside the cathode electrode, in this case, NMC622. It is part of the
Fick equation applied to the cathode (always in the solid part) and
has an influence, albeit secondary to that of graphite [60], on the
trend of the characteristic curve in the high and low SOC part.

The starting values of these parameters are those preset by the
modelling software. In any case, for igp, Dy and D.; a multiplicative
coefficient of the database value is calibrated for which they will have no
unit of measurement. Another important parameter on dynamic per-
formance is the heat transfer coefficient h (W/m?K) since as already
discussed in the previous sections, the dynamic parameters depend on
the temperature. For this study, it was decided to neglect it as the cur-
rents involved are small and the temperature is almost constant in both
experiments. The dynamic calibration procedure is carried out in the
same way as the static one, considering as a case study the average
curves at C/10 and C/5 of the tests at 26 °C and 45 °C. The dynamic
optimization results are summarized in Table 4.

Fig. 8 shows the simulated discharge curve alongside the experi-
mental curves used to calculate the mean one. A good fit of the exper-
imental curves was obtained in all cases. However, there is a slight
difference in the resistance cross-section of the C/5 curve at 45 °C
(Fig. 8d). This is because the contact resistance is a function of
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Table 4
Starting, boundaries and design value for the dynamic calibration parameters.

Parameter Unit Starting value Boundaries Final value
pio - 0.3 0.2-0.4 0.299

Re mQ m? 4.0 2.5-5.5 3.007
PDan - 0.045 0.03-0.06 0.0444
PDca - 0.1 0.03-0.3 0.0508

temperature, which improves performance by reducing the ohmic
overpotential (which is increased by the higher current), so the simu-
lation at room temperature will have a greater sensitivity to the varia-
tion of this parameter, resulting in convergence towards values that
improve the fit of these curves. In any case, this effect is only accentu-
ated by the different trends in this part of the experimental curves, while
similar trends are obtained for the diffusive part. The same consider-
ation could be done by seeing the statistical parameters reported in
Table 5. The best fitting is obtained for the curve at C/10 at 45 °C with
an RRMSE of 0.956 % and R? of 0.987. In any case, the fitting and ac-
curacy of the simulations are good for all experimental curves with a
maximum RRMSE of 1.29 %.

4.2. Model calibration and validation on cycle ageing tests

The degradation mechanism discussed in section 3.1.1 always leads
to a loss of battery capacity during various operating states:

e The electrode film growth model leads to a loss of capacity even
when the cell is in storage.

e The loss of active material model leads to a loss of capacity when
current passes through the cell.

C/10 26°C
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Simulation

Voltage [V]
w
ot

\
3.0F \ 1
A
\
\
'
2‘5 1 1 ﬂ ‘L
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2.5 '
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e The lithium plating model leads to a loss of capacity only in periods
of recharging at high currents or recharging at low temperatures.

Being that some phenomena occur both under load and in storage the
best experimental procedure will be to pre-calibrate the growth of the
anode and cathode layers using calendar ageing tests, where the battery
is stored and the loss of capacity over time is monitored. Subsequently,
cycle ageing tests are necessary to monitor the loss of capacity during
charge and discharge cycles, preferably done at different temperatures,
thus obtaining a good estimation of the weight of each single degrada-
tion mechanism. Not having calendar ageing tests, an approach will be
proposed where the model will be calibrated on the experimental results
of cycle ageing considering the effects of the growth of the anode and
cathode films (SEI/CEI layers), the loss of anode and cathodic active
material (AMI) and the consequent degradation of the diffusivity of the
electrolyte (EC). Lithium plating, being that recharging occurs at cur-
rents of the order of C/10 and ambient temperature, will be not
considered [61,62]. In any case, if calibration were desired, the
approach would be the same as that proposed for other degradation
mechanisms. The theory behind the modelling of the ageing mechanism
is discussed in the previous chapter and Appendix A. In GT-AutoLion,
their impact on capacity losses during cycling has been calibrated

Table 5

Statistical parameters to evaluate the results of the dynamic calibration.
Case RRMSE R?
C/10 (26 °C) 1.20 % 0.982
C/10 (45 °C) 0.959 % 0.987
C/5 (26 °C) 1.29 % 0.980
C/5 (45 °C) 1.29 % 0.974

C/10 45°C
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Fig. 8. Simulation discharge curves at C/10 and 26 °C (a), C/10 and 45 °C (b), C/5 and 26 °C (c), C/5 and 45 °C (d) versus all experimental curves considered for the

calculation of the mean one.
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using Equation (12).

- ex Eqet 1 _1
W= Yt p R Tref T

y is a generic degradation phenomenon and the pre-exponential part
(yrep) and the activation energy (E,¢) are the parameters selected for the
calibration process. The optimization steps adhere to the same principles
as the static and dynamic calibration and the event manager (Fig. 4) has
been modified to perfectly replicate the experimental procedure for
cycle ageing described earlier. The results of the optimization process
are shown in Table 6 together with the upper and lower boundary
conditions.

The optimization intervals are very wide because it is not easy to pre-
calibrate the degradation phenomena by considering them together, as a
decrease in one could lead to an increase in the interval of another. This
aspect could be improved by using calendar ageing tests. In any case, the
results of the optimization are best represented in Fig. 9 with the same
statistical indices used for the characterization shown in Table 7.

In the 90 %-10 % experimental data case, a better fit is achieved,
while the 100 %-0 % case, although presenting a poorer fit, remains
acceptable as it reflects the same trend. This difference can be attributed
to the manually assembled batteries in both degradation tests, which
may introduce random errors in the construction process and complicate
cross-validation. The genetic algorithm used for optimization prioritized
convergence with the 90 %-10 % experimental data, but the consistency
in trends between the two cases is noteworthy. Moreover, these results
demonstrate how this procedure coupled with the P2D model can
effectively describe degradation processes, including non-linear degra-
dation trends, even with limited experimental data and non-commercial
batteries. By enhancing parametric analysis and experimental testing,
percentage errors can be reduced, reinforcing the acceptability of the 90
%-10 % case studies.

(12)

5. Conclusions

The objective of this study was to develop a digital twin for a lithium-
ion coin cell battery (Graphite-NMC622) that accurately replicates the
average discharge behaviour of various laboratory-tested batteries and
characterizes degradation phenomena through cyclic ageing experi-
ments. This work is especially relevant given the expected rise in electric
vehicles and, consequently, lithium-ion battery demand during the en-
ergy and transportation transition. Experimental characterization suc-
cessfully defined the minimum requirements for virtual battery
modelling, with tests run up to a C/5 current to optimize coin cell per-
formance. Degradation behaviours were experimentally characterized
via cycle ageing tests at two SOC ranges (100 %-0 % and 90 %-10 %),
providing a solid foundation for modelling degradation trends. Addi-
tional calendar ageing tests at varying temperatures could further
enhance degradation modelling by capturing no-load phenomena like
SEI/CEI layer growth—an approach we plan to combine with our cycle

Table 6
Starting, boundaries and final values for the cycle ageing calibration parameters.

Parameter Unit Starting value Boundaries Final value
wSEI - le 13 le 1o-1e71° 1.32¢ 12
ESEI J/mol 3e® le*-1e® 3.13¢°
wCEI - 1e713 le 15-1e710 2.40e
ECEI J/mol 3e® le*-1e® 7.60e°
wEC,An - le '3 le 15-1e71° 1e7 13
EEC,An J/mol 3¢5 le*-1e® 6.12¢°
WEC,Ca - 1e712 s 1e 12
EEC,Ca J/mol 1e* 1e®-1e® 1e*
WwAMIAn - le713 le 1-1e ! 1713
EAMLAn J/mol 3e® le*-1e® 6.45¢°
WwAMI,Ca - le 12 le 151e 71t 6.70e 13
EAMI,Ca J/mol 1e* 1e®-1e® 2.69¢>

10
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Fig. 9. Results of the calibration of cycle ageing between SOC 100 % and 0 %
(a) and 90 %-10 % (b).

Table 7

Statistical parameters to evaluate the results of the cycle ageing calibration.
Case RRMSE R?
100 %-0 % 18.4 % 0.882
90 %-10 % 5.64 % 0.969

ageing protocol in future studies. Although these tests would require
extensive and time-consuming experimental efforts, they could further
reduce the risk of converging on local rather than global minima during
the calibration process, thereby improving the accuracy of the digital
twin.

Despite these constraints, the virtual coin cell model developed using
GT-AutoLion demonstrated excellent accuracy, with an RRMSE lower
than 2.0 % and an R? higher than 0.95, confirming its capability to
simulate degradation trends effectively with limited data. However,
further validations are needed to confirm the model’s accuracy in
modelling battery voltage, particularly under dynamic conditions. As a
next step in our research, we plan to evaluate its performance across a
broader range of load profiles and operational environments, such as
rapid current transients, temperature fluctuations, and varying states of
charge to ascertain its robustness. Real-world testing, including repre-
sentative drive cycles or extended cycling protocols, will provide deeper
insights into how the model behaves during transient events and cu-
mulative degradation over time.
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This methodology can be easily applied to different battery chem-
istries, as only the parameters in the P2D model equations need to be
adjusted, and GT-AutoLion is equipped with a wide range of material
options. Moreover, it can also be scaled to battery packs whose series-
parallel arrangement is known. Each cell can be represented individu-
ally by the developed digital model, as also demonstrated by Astaneh
et al. [16] in their work on modelling a battery pack for mining appli-
cations. In this way, the battery pack can be discretized into several
modules, where each module is treated as a lumped model. The suc-
cessful validation of the characterization procedure for creating this
digital twin paves the way for many valuable applications. With this
digital twin model, companies can not only optimize battery design by
analysing the impact of critical parameters on performance but also
leverage it to enhance the overall Battery Management System (BMS).
By doing so, companies can implement advanced usage modes that help
preserve battery health, extend overall life cycles, and maintain stable
performance across various operating conditions. This approach is
exemplified by the work of Biju et al. [63], who employed GT-AutoLion
to accurately predict both SOC and SOH. By providing deeper insights
into battery behaviour, the model helps refine cell and pack configura-
tions for greater power density, increased energy capacity, and
improved longevity. In turn, this can drive more effective charging and
discharging protocols, inform thermal management strategies, and
support real-time decision-making, ultimately increasing battery safety,
reliability, and operating efficiency.

Furthermore, GT-AutoLion’s digital twin can be integrated with
other subsystems (such as temperature control) or incorporated into
complete electric vehicle simulations. This enables stakeholders to
verify the proper sizing and performance of components and continu-
ously optimize the powertrain. For example, Vijay et al. [64], utilized

Appendix A
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GT-AutoLion’s gas venting and thermal runaway modelling capabilities
to investigate different cooling concepts for a battery pack. Overall, this
framework provides a versatile tool for developing cost-effective,
high-performance, and sustainable battery solutions for applications
spanning from automotive to large-scale energy storage systems.
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In the P2D model, the Cathode, Separator, and Anode are discretized in the “thickness” direction. In every finite control volume within the Cathode
and Separator, there exists a single spherical depiction of active material, each discretized into uniform volumes along the radial direction. The
electrode is considered a superposition of two phases, a solid electrode phase and an electrolyte phase. At the interface of these two phases, the
electrochemical reaction takes place. The potential of these two phases (solid ®s and liquid ®.) can be described using the law of conservation of
charge, in particular, Ohm’s law becomes respectively:

e Solid phase:

0 [ 0Ds Li (P — D)
& (GS ()x) —J) 7adICT70 (13)

Where cgff is the effective conductivity in solid phase, jLi is the volumetric intercalation current, aq is the electric double layer area, C is the electric
double layer capacitance. At the electrode/current collector interface, the boundary condition for the charge flux is:

0D, 0D, I
BCs: — G:ff|: } = - csff[ } == as
0X |y o 0% | ity Lnep +Leae
While at the electrode/separator interface there isn’t charge flux:
D, D,
BCs - [a } - F } 0 15)
0X |y, ox X=Lan+Lsep
e Liquid electrolyte phase:
0 ( er0Ps 9 [, erdln(Ce)\ | s o(D; — D)
ax(k ax)+ax<kd 1)) 1+ aac M%) o 16)

Where c. is the concentration of lithium in the electrolyte phase. A zero potential variation boundary condition can be used at the electrode/current
collector interfaces:

11
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=0 a7)

s [12] [
x=0

0x 0x

} X=Lan+Lsep +Leat

In equations (13) and (16), The reaction current density and the double-layer capacitance manifest with opposing signs to ensure electroneutrality
both locally and globally. The electrical double layer (EDL) forms on the surface of an object upon exposure to a fluid. The EDL consists of two parallel
layers of charge enveloping the object. The first layer, known as the surface charge, comprises ions adsorbed onto the object due to chemical in-
teractions while the second one consists of ions attracted to the surface charge by the Coulomb force. This second layer is loosely associated with the
object and consists of free ions that move within the fluid due to electric attraction and thermal motion rather than being firmly anchored. It is thus
referred to as the "diffuse layer". Since it is schematized as a series of two capacitors, the dynamic effect on the potential of the two phases occurs
mainly in the case of current pulses of the order of milliseconds, otherwise it is negligible (as in this study). The effective diffusional conductivity (kg“)
is described by concentrated solution theory:

et 2R,TKT din(f,)
ke =—"F (€D (1 gine,) a8

Where R, is the universal gas costant, T is the tempearture, k° is the effective ionic conductivity, F the Faraday’s costant, tg the initial transfer number
and f, the average ionic activity coefficient.

As the lithium-ion concentration changes the intercalation/deintercalation processes within the solid phase, it is necessary to apply a mass
conservation law inside the cell through Fick’s second law. The distribution of Li in the spherical particles located in each control volume of the
electrodes is predicted as:

e Solid phase:

des 1 0 50Cs
ot r2or (Dsr 6r) (19)

Where c; is the lithium concentration in solid phase and Dy the diffusional coefficient of lithium in solid phase. No species source exists at the centre of
the electrode particles, hence the boundary condition is defined as follows:

dc, dc, i
BCs: |=2| =0; —Dg|— == 20
® dr} =0 { Br} rr,  &F 20
Liquid electrolyte phase:
O(eeCe) O 0ce 1-t9

Where e, is the electrode porosity, D the diffusion coefficient of lithium in electrolyte phase. Lithium cannot diffuse through the current collectors, as
set by the following boundary condition:

ac dc
BCs - H - H ~0 @2)
3}( x=0 6x X=Lan +Lsep +Lcat

At the interface of the solid and liquid phases, the electrochemical reaction takes place. This reaction is described by the Butler-Volmer equation
that expresses the volumetric intercalation reaction current of Li in the given electrode as:

i s BanF (0 Reai) | Gearl () Reju
j —asw{eXp{RuT <" a) )} exp{RUT <n a. )” -

Where iy is the exchange current density, ., and o, the charge transfer coefficient, R¢ the SEI film resistance, n the overvoltage and as is the
interfacial area between the two phases, calculated considering the solid phase as a sequence of spheres:

I 4
Tp p

where ¢ is the porosity (volume fraction) of the fillers. 1) is defined as the difference between the solid and liquid phase potentials, minus the open-
circuit potential of the solid, that is § = ®; —®. —U. R¢is the electronic resistance of the surface film layer at the negative and positive electrodes. While
the exchange current density of the intercalation reaction (based on reaction surface area) iy, exhibits modest dependency on electrolyte and solid
surface concentrations.

The partial differential equations (13) and (16),19,21 are integrated through the intercalation current density (j*') via the Butler-Volmer equation
which defines cell electrochemical kinetics.

From equation (8), 2 mol of Li* and 2 mol of electrons are being consumed, which reduces the columbic efficiency of the system with the following
kinetic equations:

. . e serF Rser, 1
Jop = aslo.SEI{eXp {S—E; <<I>s — ®, — Usg — :EIJL )} } (25)
u S
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Where js; is the side reaction current density (based on reaction surface area, Ugg is the equilibrium potential for the first chemical reaction, jLi is the
total current density and Rgg; is the resistance of the SEI layer. The exchange current density of the side reaction (i sg1) depends on EC concentration at
the reaction surface. Due to the creation of a side reaction at the interface of the active material particle and the SEI layer, the bulk EC (cgc) has to
diffuse through the porous SEI layer to reach the reaction site, and Fick’s law for the EC diffusion can be written:

aCEC - effaZCEc
ot FC o2

The EC effective diffusivity accounts for the torturous path in the SEI and is related to SEI layer porosity (esg;) and EC diffusivity in the bulk solution
(Drc) by the following Bruggeman relationship, where n is the Bruggeman exponent:

(26)

DEfé = DEC (ESEI)n (27)
By solving the above equations, the growth rate of the SEI layer thickness (Asg;) can be calculated as:

a}VSEI _ is.AMSEI

- SE (28)
0x 2Fpgg
Where Mggr and pgg; are the molecular weight and density of the SEI layer, respectively. The resistance of the SEI layer can be calculated by:
A
R = — (29)
kSEI

kggl is the effective conductivity of the electrolyte through the porous SEI layer, also this parameter, like the effective diffusivity of the EC, is related to
the inherent conductivity of the electrolyte (ksgr) via the standard Bruggeman relationship:

kS = ks (€ser)” (30)
For the cathode film growth, GT AutoLion models the oxide film formation and growth in the cathode by using the following rate equation:

Js.c = ks cCrc,sCiy (ni.cojo, 31)

Here, Js ¢ is the side reaction rate per surface area, ks ¢ is the reaction rate coefficient, Cgc s is the EC concentration at the surface of the active material
particle, and Crixni,coyo2 is the cathode material molar concentration. The loss of active cathode material due to the above reaction is given by:

€L, (NiCo)0, aJsc

(32)

ox B CLi, (Ni,C0)05
€Li(Ni,C0)02 1S the active material volume fraction in the electrode. This loss of active material in the cathode leads to capacity fade. As for the SEI
layer, the growth of the cathode film is modelled with a mass balance:
OMfitm J Mgiim
oo ¢
Pfitm

(33)

where, again, pgim represents the cathode oxide film growth, Mgy, represents the molecular weight of the film, and pgim represents the density of the
film.

The active material isolation (AMI) is a consequence of the lithium intercalation process, it is possible to relate the isolation rate to the intercalation
current such that:

Oeam _ L
g | .

where ey is the volume fraction of active material, k(T) is a temperature-dependent fitting parameter, and jLi is always the intercalation current.
In GT-AutoLion the Lithium plating is taken into account together with the growth of the SEI layer:

Oe d(Aser + Awi
oe — _a ( SEI Llp) (35)
ot dt
where e represents porosity, as represents the volume-specific reaction surface area, and Agg; + ALip represents the growth of the surface film thickness.
As the side reaction proceeds, there is a decrease in the available active surface area of the negative electrode because of the clogging of the particle
surface due to the side reaction product, which is represented by:

as = — as0 |:1 - <ﬂ> §:| (36)
€o

where ¢ is the morphology factor of the side reaction product. Its value is between 0 and 1 and a { = 0 means that the side reaction products
instantaneously spread over the whole reaction surface and block the reaction completely. While ¢ = 1, means that the side reaction products spread
over the reaction surface laterally.
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