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Abstract

Worldwide adoption of transport electrification creates a demand for optimised energy
storage and control systems. This technology, despite being under strong develop-
ment, has not yet reached its maturity and the electric vehicle (EV) performance
envelope still needs improvement. This work investigates key challenges in battery
management systems (BMS) and battery modelling for EVs, with a focus on ageing
diagnostics, its effective inclusion within the BMS, and an accurate internal state
estimation during high current applications i.e. fast charging.

Entropy profiling was investigated as a new approach to tackle the challenge of bat-
tery degradation diagnosis. This method leverages the interpretation of temperature
and concentration dependencies of cell voltage to provide insight into the morpholog-
ical changes experienced during battery life. The study finds that entropy profiling
can successfully track ageing markers in a complementary way to differential voltage
analysis, making it a useful battery diagnostics tool.

Even if degradation diagnosis is performed successfully, the inclusion of ageing in-
formation into a BMS is problematic. As an alternative, a periodic model parameter
update is proposed here. The impact of this work was two-fold. Firstly, it highlights
how the single particle model can accurately simulate both pristine and aged cell volt-
age responses with appropriate parameter updates. Secondly, it provides qualitative
insight into the impact of ageing on model parameters, informing safety issues such
as increased heat generation.

The prediction of heat generation during fast charging is a significant concern
when considering the safety and performance of batteries. To address this issue, a
pseudo-3D thermal-continuum model was proposed and tested up to 10C. The results
showed that the fast diffusion encountered in high-power cells allows for substantial

model simplifications without compromising prediction accuracy.
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Chapter 1

Challenges and opportunities in
battery management systems for

electric vehicles

This chapter provides an in-depth examination of the key challenges encountered
by electric vehicles (EVs), with a focus on battery management systems. Through
a thorough review of current state-of-the-art methods, the chapter aims to identify

areas with potential for further improvement and development:

e battery ageing diagnostics,

e effective inclusion of predicted degradation within the battery management sys-

tem,

e accurate prediction of internal and measurable (voltage, temperature) battery

states at high current rates (e.g., fast charge).

By examining these three key areas, the aim is to contribute to the development of

advanced battery management systems for electric vehicles.



CHAPTER 1. Challenges and opportunities in battery management systems for
electric vehicles

1.1 Introduction

Li-ion batteries have successfully made the leap from small portable devices to large-
scale applications, where multi-cell arrangements must be effectively monitored and
controlled by a battery management system (BMS) to guarantee durable and safe
operation [8,9]. The BMS requires reliable inference of state-of-charge and state-of-
health (SOC and SOH), and this is more challenging as Li-ion batteries age. Cur-
rently, inaccurate SOC and SOH estimation algorithms are compensated for by over-
designing battery packs and keeping conservative operational limits, which increases
costs and carbon footprint. Research on the modelling of battery internal states using
only the available measurements provided by the BMS (voltage, current and temper-
ature) is therefore fundamental to accelerate battery innovation, and there is a rising
demand for ageing data and battery models [10-12].

The challenge of accurate battery state prediction is compounded by its desired
application in electric vehicles (EVs). Batteries are packed in large modules which
makes monitoring individual units problematic or infeasible in certain cases. Fur-
thermore, EV users want their vehicles to be charged quickly, yet have a long driving
range on a single charge, creating conflicting design requirements—for example, the
use of power-dense cells to support fast charging vs. energy-dense cells to increase
capacity for improved driving range. Additionally, excessive currents promoted by
the fast charge desire exaggerate degradation processes, decreasing battery perfor-
mance and shortening useful life. Thus, finding a solution to these problems remains
a pressing challenge.

The purpose of this chapter is to present a comprehensive review of the current
state-of-the-art methods utilised to tackle cell control where scientific understanding

needs to be improved.



CHAPTER 1. Challenges and opportunities in battery management systems for
electric vehicles

1.2 Battery modelling

The field of battery modelling can be broadly divided into three categories: equivalent
circuit models (ECMs) continuum models, and atomistic models [13].

ECMs are simple mathematical representations that are derived from experimental
data and provide quick and easy predictions of battery behaviour. Here battery is
represented by an ideal voltage source, a series resistor(s), and a capacitor(s) [14].
However, ECMs may not provide detailed insight into the underlying physical and
chemical processes that occur within the battery.

The continuum models are based on porous-electrode theory and use coupled par-
tial differential equations to describe mass-transport in liquid and solid phases [15,16].
However, this complexity comes at the expense of heavily increased computation time
and complicated characterisation protocol. The continuum-scale models include the
microscale models [17], homogenised models [17] and the ‘pseudo-2D’ Doyle-Fuller-
Newman (DFN) model [15, 16] with its subsequent derivations to a single particle
model (SPM) and SPM with electrolyte (SPMe) [18,19]. Additionally, it is also pos-
sible to integrate thermal effects and mechanical stress dynamics into the continuum
models [20,21].

Atomistic models use molecular dynamics or density functional theory to simu-
late the behaviour of batteries at the atomic or molecular scale [22]. They provide
a detailed representation of the behaviour of individual atoms, ions, and electrons
within a material, and are used to study the behaviour of materials and systems that
are not accessible to experimental observation. Despite the high level of detail that
atomistic models provide, they are also computationally intensive, making them less
practical for use in real-time applications.

Equivalent circuit models are good fit for EV BMS onboard use, given their sim-
plicity and computational speed. However, to create a more advanced BMS control,

models that give more insight into the underlying physical and chemical processes
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Li-ion battery
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Figure 1.1: DFN model schematic of a Li-ion battery during charge, adopted and
modified from [23].

may be considered. With this in mind, but also considering the computational cost

increasing with model complexity, the focus here is placed on continuum models.

1.2.1 Continuum models: DFN and SPM

Doyle, Fuller and Newman proposed perhaps one of the most popular Li-ion battery
models up to date, the DFN model [15]. The DFN model uses a collection of governing
laws describing individual processes taking place across the porous electrodes and
liquid electrolyte. This includes mass and charge conservation in the solid phase
electrodes. A schematic representation of a DFN model is shown in Fig. 1.1.

The DFN model assumes that electrodes may be modelled as a collection of spher-

ical particles within the electrode volume. The macroscopic dimension z is defined
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across the electrode-separator-electrode ‘sandwich’ thickness and includes transport
in the electrolyte. A microscopic problem is solved for the radial transport of ions
within the electrode particles, and kinetics at the surface of each particle is defined
by Butler-Volmer Eq. ( [24]).

While the DFEN model simplifies the 3D microstructure of the electrodes, it still
requires careful implementation to solve the combination of linear and nonlinear par-
tial differential equations and algebraic constraints. Moreover, it requires a total of
33 parameters, which are either obtained experimentally (resource consuming), or
via parameter optimisation to experimental data. When parameter optimisation is
used, the solution time should be sufficiently short to perform the required number
of iterations to find the optimal solution.

To avoid (to some extent) the above mentioned problems,; several DFN model
reductions have been proposed, resulting in two simpler models — the single particle
model (SPM) and the SPM with electrolyte (SPMe).

The SPM assumes that all particles within each electrode behave identically and
hence can be modelled by a single representative ‘average’ spherical particle. It further
simplifies the reaction current distribution across the porous electrodes, assuming it to
be uniform. The potential gradients in the solid phase of the electrodes are neglected.
The local potential and concentration gradients in the solution phase are ignored and
accounted for using a lumped solution resistance term [18]. The SPM assumes that
the electrolyte dynamics have a negligible impact on the measured voltage. This is
a reasonable assumption for low C-rates, where C-rate is a measure of the rate at
which a battery is charged or discharged, expressed in terms of the battery capacity.
SPM model reductions result in significantly faster simulation effort and reduced
number of parameters from 33 to 25. More details on the SPM can be found in the
literature [25,26]. Bizeray et al. [27] showed that it is possible to reduce number

of model parameters needed by grouping them and partially nondimensionalising the
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DFN

* Relatively easy to add dimensionality (3D).

» Enables investigation on the effects of electrode
particle shape.

» Represents spatial inhomogeneities in
electrode/electrolyte.

» Expensive to solve (combination of linear, quasi
linear PDEs, ODEs in space and nonlinear algebraic
constrains).

* Difficult to parametrise.
* 33 parameters in total.

SPMe

« Simplified electrodes representation, reduced
dimensionality.

* Easier/faster to solve.

* Relatively good results up to 3C.

* 33 parameters in total.

SPM

—

SPM

« Simplified electrodes representation, no electrolyte
dynamics, reduced dimensionality.

« Significantly easiest/faster to solve.

* No electrolyte parametrisation needed.

* Good results <= 1C.

* 25 parameters in total.

Figure 1.2: DFN, SPMe, SPM characteristics summary, diagrams taken from [17].

model. In this case number of parameters in SPM was reduced from 25 to 8 (the work

quotes 6 parameters, but individual cell OCP is also counted as parameter here).

The SPMe can be placed between DFN and SPM in terms of complexity. Like the

SPM, the electrodes are modelled by a single representative spherical particle and so

the reaction current distribution across the porous electrodes is assumed to be uni-

form. However, unlike the SPM, the SPMe models the ionic current and consequently

approximates the potential gradient and concentration gradients in the electrolyte.

The inclusion of electrolyte dynamics improves model performance at higher C-rates,

but also means that electrolyte parametrisation is necessary, hence no reduction in

required number of parameters [28].
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A summary of similarities and differences between DFN, SPM, and SPMe is il-
lustrated in Fig. 1.2. The derivation of these models is widely available in the litera-

ture [18,24,28], with relevant model equations included in further chapters.

1.2.2 Temperature dependency

Certain battery parameters exhibit temperature dependency. To model this be-
haviour, an (electrochemical) model can be coupled with a thermal model, which
is further reviewed in section 1.2.4, and some electrochemical parameters given tem-

perature dependency, which is often assumed to obey an Arrhenius relationship :

FE 1 1
U = \Ijref €xXp |:_% (E - T f):| ’ (11)

The temperature dependent parameters are typically:
U € {Dy, Dy, k" Kk}, (1.2)

where DT is solid diffusivity, D) is electrolyte diffusivity, k* is the kinetic rate con-
stant, and k electrolyte conductivity. Superscript ‘£’ refers to positive and negative

electrodes respectively.

1.2.3 Parametrisation of the SPM, SPMe and DFN models

The parametrisation of the DFN-derived models requires information on the geomet-
rical properties of the electrodes, such as their size, coating thickness, and number of
layers. These can be fairly easily extracted from a cell tear-down. However, measure-
ment of micro-scale geometry parameters requires more specialised equipment and
careful procedures. Conventionally, the distribution of particle sizes, and electrode
porosities, are obtained through scanning electron microscope (SEM) analysis [29] or

focused ion beam milling SEM (FIB-SEM) [29], as well as mercury porosimetry [30].

7
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The summary of all geometrical parameters required for DFN, SPMe and SPM is in
Table 1.1. The extraction of the electrochemical parameters poses perhaps an even
bigger challenge. The maximum allowable concentration of lithium in the electrode
solid material is usually calculated based on electrode loading, coating thickness, ac-
tive material volume fraction and molar mass. To extract anode and cathode OCP
curves, half cells or three-electrode cells must be constructed, then OCP or pseudo-
OCP can be measured [29]. The kinetic rate constant and diffusion coefficient can
be estimated from electrochemical impedance spectroscopy (EIS) data [31], with al-
ternative methods available and summarised in Table 1.2.3. Film contact resistance,
as well as the electrical conductivity of the current collectors, is measured with a
four point probe [30]. While various experimental methods have been proposed to
estimate the Bruggeman constant to account for tortuosity, their accuracy is ques-
tionable and very often it is therefore fitted to data, or assumed as a value of 1.5.
Electrolyte conductivity is measured with a conductometer that has a four-electrode
glass/platinum probe [32,33]. Galvanostatic polarisation experiments [32] are used
to estimate both salt diffusion and the transport number [32-34]. The mean molar
activity coefficient can be estimated from Debye-Huckel theory [35], which provides
mathematical relationship between the mean molar activity coefficient and the refer-
ence salt concentration. An infrared spectroscopy is used to estimate the reference
salt concentration in an electrolyte based on the analysis of absorption/transmission
of light through the electrolyte [36].

Temperature dependency involves one more group of parameters. This may in-
clude the heat capacity of each material, although often bulk (homogenised) properties
are considered. Lin et al. [20] proposed an efficient method of full cell heat capac-
ity characterisation by applying Newton’s law of cooling to an insulated container
(thermal bath), in which a cell was submerged in dielectric fluid at elevated tempera-

ture. Heat transfer coefficient values can be roughly chosen for a given known transfer
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medium, but the exact number is predominantly found from data fitting/optimisation.
The activation energies for diffusivities and kinetic rates are found by measuring the
appropriate parameter (diffusion coefficient or rate constant) over a range of temper-
atures and then applying the Arrhenius relation [29, 37, 38].

To summarise, electrochemical parametrisation is a long and cumbersome process,
relying on methods that do not always provide the desired level of accuracy. How-
ever, the alternative is limited to parameter fitting from cell data, which cannot be
performed over a full range of parameters due to parameter (un)identifiability and
computational cost. The parameter identifiability refers to the ability to uniquely de-
termine parameter value from observed data (current, voltage, temperature). Bizeray
et al. [27] studied ‘structural’ identifiability which is irrespective of the identification
data considered, while, Aitio [39,40] discussed ‘practical’ identifiability, which ac-
counts for quality of input and output. A common practice to identify parameter sen-

sitivity to one another is via estimating the correlation between parameters [41,42].
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Table 1.1: Parametrisation summary and methods for SPM, SPMe and DFN models.

Required parameter ‘ SPM SPMe DFN‘ Parametrisation method
Cell geometry

Positive electrode Y Y

thickness [m]

Negative electrode

thickness [m]

Separator thickness [m]

Positive current

collector thickness [m]

Negative current

collector thickness [m]

Positive electrode

length [m)]

Negative electrode

length [m)]

Positive electrode

width [m]

Negative electrode

width [m]

Tabs dimensions [m]

Y Y

Z | <]

Z

Manufacturer /teardown,
incremental length
gauge [29].

T I Il B
T I Il B

2 I I

N N
Microscale geometry

Mean particle radius Y Y Y Scanning electron

of positive electrode [m] microscopy (SEM) [29],

Mean pz?rticle radius Y Y Y mercury-porosimetry [30].
of negative electrode [m]|

Physical design parameters

Positiye electrode v v v Manufacturer, gas surface
porosity (elefztrolyte absorption (BET theory)
volume fraction) and mercury porosimetry.
1[‘\1] - FT Imaging techniques, such
egative electrode X-ray t hy and

porosity (electrolyte Y Y Y elechron, MICIOa0ORy. 6.2,

' electron microscopy, e.g.
Ef(])hlme fraction) focused ion beam milling
- with scanning electron
Positive electrode solid microscopy
phase (activg material | ¥ Y Y (FIB-SEM) [29]. FIB-SEM
volume fraction) gives quantitative
[ ' _ information about porosity,
e [ vy | e spend

: densities, packing density
volume fraction) and carbon and binder

[ domain distribution [29].

10
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Electrochemical

Required parameter

| SPM SPMe DFN| Parametrisation method

Electrode
Nominal cell capacity .
[Ah] Capacity test.
Electrical conductivity
of positive current N Literature - standard
collector [S/m] materials (copper
Electrical conductivity . PPeL,
. aluminum).
of negative current N
collector [S/m]
Electrical conductivity
of positive electrode N Y Y Delamination, then voltage
[S/m] response to a DC current
Electrical conductivity using four point probe
of negative electrode N Y Y (4FPP) method [30].
[S/m]
Diffusivity of positive % % v

electrode [m2/s]
Diffusivity of negative
electrode [m2/s]

GITT, EIS, PITT [43].

Bruggeman constants
(positive and negative
electrodes, separator)

-

Often assumed ~1.5 for all/
optimisation/tortuosity can
also be determined by the
electrochemical impedance

spectroscopy  (EIS)  [29].
Hg-porosimetry [30]. Meth-
ods  with  questionable

accuracy fit for model.

Maximum
concentration of
positive electrode solid
material [mol/m3|

Maximum
concentration of

Calculated from electrode
coating mass (loading),
thickness, active material
volume fraction, fraction of
Li per mole of LiMO2 and

negative electrode solid Yoy Y molar mass [29,44].
material [mol/m3|

Stoichiometry of Combination of a HC and
positive electrode at Y Y Y 3EL, assuming full lithia-

0% and 100% SOC [-]

Stoichiometry of
negative electrode at
0% and 100% SOC [-]

11

tion. Eg. OCP of a
HC and then DVA/ALAWA
toolboox/similar.  3EL to
remove Li potential contri-
bution [29].
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Electrochemical

Thermal

Required parameter SPM SPMe DFN| Parametrisation method
OCP of positive elec-
trode || Yo Y HC and/or 3EL, then
OCP of negative elec- v v v pseudo OCV/GITT [29].
trode ||
Charge transfer coeffi- Assumed symmetry for Li-
cient for positive and | Y Y Y ion (theoretical value = 0.5)
negative electrodes [-] [45].
Kinetic rate constant
for positive electrode | Y Y Y
[m/s]
Kinetic rate constant EIS [31].
for negative electrode | Y Y Y
m/s)
Film contact resistance .
(SEI) [0m?] Y Y Y AFPP, micro 4FPP [46].
Electrolyte
Electrolyte Galvanostatic polarisation,
ionic diffusivity N Y Y nuclear magnetic
[m? /s resonance [30,32,47].
Mean molar activity co- Debye—'Huckel' theory .[35}7
. . N Y Y Potentiometric titra-
efficient in electrolyte [-] :
tion [48].
Galvanostatic polarisation,
Transference number [-] | N Y Y Hittorf formula [32,34].
Electrolyte volume frac- | oy |\ fanufacturer [29,30)
tion [-]
Electrolyte  reference . :
concentration [mol /m3] Y Y Y Spectroscopic analysis [36].
Electrolvte ionic  con Conductometer with a four-
ductivi ty 1S/m] N Y Y electrode  glass/platinum
Y probe [32].
Electrode and electrolyte
Activation energy of Measurmg diffusion coefhi-
e cient over a range of tem-
diffusion in electrolyte :
13 /mol] or [eV] peratures and then applying
the Arrhenius relation [38].
Ac@vat} on enersy of dif- Measuring diffusion coeffi-
fusion in positive elec- .
clent or rate constant over
trode [J/mol|
— - a range of temperatures and
Activation energy of dif- . )
.. i then applying the Arrhenius
fusion in negative elec- :
relation [29, 38].
trode [J/mol]

12
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Required parameter

SPM SPMe DFN

Parametrisation method

Activation energy of ki-
netic rate in positive
electrode [J/mol]

Activation energy of ki-
netic rate in negative
electrode [J/mol]

EIS over a range of
temperatures in
combination with
Arrhenius

relation [29,37,38].

Thermal conductivity of
positive electrode cur-
rent collector [W/m/K]

Thermal conductivity of
negative electrode cur-
rent collector [W/m/K]

Literature - standard
materials (copper,
aluminum).

Thermal conductivity
of positive electrode
= [(W/m/K]
% Thermal conductivity Internal heating method,
= of negative electrode step change method [49].
[W/m/K]

Thermal conductivity of
separator [W/m/K]

Heat capacity of posi-
tive electrode (at const
pressure) [J/kg/K]

Heat capacity of nega-
tive electrode [J/kg/K]

Heat capacity of separa-

tor [J/kg/K]

Heat capacity of pos-
itive electrode current

collector [J/kg/K]

Heat capacity of neg-
ative electrode current
collector [J/kg/K]

*Often bulk heat capacity
measurement in thermal
bath/thermal chamber [20].

Heat transfer coefficient

The exact value often found
via optimisation.

The ‘Thermal’” section in Table 1.2.3 is relevant to models considering thermal
dependency. However, if an isothermal model is considered, the parameters listed
in this section are not required. Table 1.2.3 could be further enhanced by including

ageing models; however, battery ageing modelling is not directly addressed in this

13
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work. The discussion about the inclusion of thermal dependency and ageing is further

addressed in Chapter 1 Section 1.2.4 and Chapter 3respectively.

1.2.4 Multi-physics models: thermal modelling

Temperature prediction is another challenge faced by the battery community. Given
the danger of thermal runaway, it is imperative to ensure operational conditions that
are within the cell safety envelope (usually up to 60°C). In a single cell setup a
temperature sensor can be fitted to the surface of a cell, but measuring temperature
becomes an issue in an EV application involving thousands of tightly packed cells in
a battery pack. Another problem becomes temperature non-uniformity within a cell.
Firstly, the cell core temperature is expected to be higher than the measured surface
temperature, given limited cooling within the cell. Secondly, the location of tabs
in a cell creates a non-uniform current flux, which results in temperature gradients
across the cell surface. This makes the choice of sensor placement and its readings
ambiguous.

To understand and address these challenges, battery thermal modelling is used.
While thermal models vary in their level of complexity and approach, a basic under-

standing may be achieved using a lumped energy balance Eq. (1.3):

ancp(iL', T)

00 AT ) — 1(E — Foep(a,T)) — IT (8—T) Ca3)

Pt =
The irreversible heat source term is the difference between the open-circuit potential
Eocp and an output voltage E, multiplied by an applied current /. The reversible
heat is defined by the partial change in the Focp with respect to temperature T at
constant pressure p and state of charge x. The heat of mixing [50] is neglected due
to its low contribution. Heat removal is assumed to occur mostly via convection,

where h is the heat transfer coefficient, A is the cooling area, and T,,,;, is the ambient

14
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temperature. The C}, is heat capacity, p is density and Cfi—itp marks temperature change
in time. The validity of this lumped model relates to the Biot number Bi = L%,
which indicates whether thermal gradients (ratio of thermal resistances) are present
across the body volume; L is the characteristic length of the cell, h is the heat transfer
coefficient, and k is thermal conductivity. A Biot number > 1 indicates spatial non-
uniformity, while Biot numbers significantly lower than 1 indicate that temperature
modelling can be considered as a simple lumped problem. In the literature spatial
temperature uniformity is usually assumed for Biot <0.1 [51] for lumped thermal

models. Radiation heat transfer is neglected.

1.2.4.1 Lumped thermal models

The lumped thermal models assume that there are no thermal gradients across the

cell. This approximation is viable if the Biot number is small, i.e.,

(1.4)

> =
>t~

This means that the thermal resistance to convection between the solid and the
surrounding is much larger than the thermal resistance to conduction within the

solid [51]. Common assumptions made in lumped thermal models are:
e two separate isothermal nodes for battery core and battery case,
e averaged and homogeneous properties for cell layers,
e uniform heat generation across the cell.

Equivalent circuit models are, essentially, networks of lumped thermal models.
The energy balance Eq. (1.3) is represented by an equivalent electric circuit, with
capacitors and resistors serving as representations of accumulation terms and heat

transfer phenomena, respectively. Moreover, the heat source term @ is indicated
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Figure 1.3: Lumped thermal equivalent circuit model diagrams of a cylindrical cell
a) 1D b) 2D from [52].

using a current source. Assuming uniform temperature throughout the cell, it can
be modelled in 1D as showed in Fig. 1.3(a). If the lateral surface temperature is
significantly different to the top and bottom of the cell, a 2D model is considered
shown in 1.3(b).

The 1D approach has been used in multiple studies [53-56], and tested up to 6C
with 1.5°C temperature error [54].

A more complex, 2D equivalent circuit networks was presented by Zhao et al. [57]
for a pouch cell, but temperature prediction error was higher than previously de-
scribed 1D model in [54]. For the studied pouch cell, the authors assumed that the
thermal gradient along cell width was negligible and only length and thickness di-
mensions were considered. The cell was discretised into a number of unit cells, and
for each unit cell, an empirical thermal equivalent circuit network (ECN) model was
derived. Each ECN contained an anode, cathode, separator, and current collector rep-
resented by individual resistances, while heat storage was modelled by an individual

capacitance as shown in Fig. 1.4. The authors assumed that all material properties
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were homogeneous. The use of multiple ECNs allows for modelling different thermal
boundary conditions, which is particularly relevant for cell stacking and modelling

pouch cell-tab connections, however, adds considerable complexity:.

I —— Thermal Resistance

I @ Thermal Mass

,,,,,,,,,,,,,,,,

 —I— Electrical Capacitor
| == Electrical Resistance
. —— Voltage Source

Unit Thermal ECN Unit ECN

Figure 1.4: 2D thermal network ECN schematic from [57] of a pouch cell. Each
ECN contains an anode, cathode, separator and current collector represented by an
individual resistance, while heat storage is modelled by individual capacitance.

The model was tested at a 6C discharge current with tab cooling applied. While
the simulation results were good near the tabs area, the model had the worst predic-
tion in the middle of the cell surface with a maximum error of 2.3°C. The authors
concluded that the accuracy of the model is acceptable to investigate cell internal
states. However, considering the application of EVs, an error in excess of 2°C is
rather significant. Additionally, thermal gradients across the cell width are likely to
be non-negligible, implying that perhaps additional complexity of this model is in the
wrong place and/or that spatially non-uniform thermal models are needed to obtain

higher levels of thermal prediction.
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1.2.4.2 Spatially non-uniform thermal models

Finite element method (FEM) is commonly used for numerically solving differential
equations in engineering problems such as fluid flow, structural analysis, and also
battery modelling. The cell geometry is divided into a finite number of elements, and
for each element, FEM solves the partial differential equation, finding an approximate

answer to the boundary value problem.

Cylindrical cell geometry

For a cylindrical cell, it is often assumed that the temperature varies only radially
in space. This it because it was found that cell heat transfer resistance in the axial
direction is twenty times lower than in the radial direction [58]. With this assumption,
Hallaj et al. [59] used a simplified one dimensional model to describe the thermal
dynamics of a cylindrical cell, where radial version of the heat equation takes form

*T 10T g 10T
o2 ror  kea a0t

(1.5)

where T is cell temperature, r is radial distance, k; . is radial thermal conductivity,

¢ is volumetric heat generation rate, and « is thermal diffusivity.

Pouch cell geometry
In a pouch cell, for each element, the spatial (z, y) temperature distribution is deter-
mined:

oPT  O*T ¢ 1T

w—Fa—yQ-i-E—aE. (1.6)

Considering the geometry of a pouch cell, although it is possible to model each
cell layer separately, it is computationally expensive, and the variation across cell
thickness is small (i.e. it is justified to assume uniform internal temperature across

cell thickness if the Biot number is small [60]). Therefore, an alternative solution
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was proposed, where cell layers are lumped in a homogenised pseudo-3D model [37].
Here, the cell consists of a single homogenised anode, cathode, and separator, where

the thickness of an individual element is multiplied by the number of layers existing

within the cell, as shown in Fig. 1.5.

1 k N

Multilayer

4

Single layer Multilayer Single layer

Figure 1.5: 3D model reduction from multilayer to single layer, adapted from Lin et
al. [20].

This approach requires either detailed knowledge about the individual material
properties used, or the cell’s bulk properties, which increases parametrisation com-
plexity. Nonetheless, this model was proven to provide good thermal prediction (0.2 K
RMSE) in both z (cell height) and y (cell width) planes for 4C discharge [20]. Given
that simpler models are unable to accurately reflect cell spatial temperature at higher
C-rates, this lumped pseudo 3D model offers a good balance between model complex-
ity and accurate physical interpretation. Although it has not been tested at higher

C-rates, this modelling approach seems promising for EV applications.
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1.3 Battery degradation

1.3.1 Degradation modes

Battery degradation can be caused by a number of factors, each resulting in a specific
outcome. The primary contributing factors include high cycle count, operating at
extreme temperatures, or operating at extreme currents and prolonged storage. Ad-
ditional stress factors may include operating at high SOC level or high voltage level.
The impact of the primary factors on degradation mechanisms and resultant modes

(quantifiable symptoms of the degradation mechanisms) is illustrated in Fig. 1.6.

1.3.1.1 Loss of active material

Loss of active material (LAM) occurs on both the positive and negative electrodes of
a battery, and it reduces the amount of electrode material available for the insertion
or extraction of lithium. This can lead to a decrease in both capacity and power,
known as capacity and power fade. However, the causes of LAM differ depending
on the electrode. Both electrodes can experience LAM due to structural disordering
and volume changes, which result in particle cracking and loss of electrical contact.
Additionally, the anode may experience the buildup of a resistive surface layer, which
limits access to active sites and exacerbates LAM [64]. On the other hand, the
cathode may experience decomposition of electrode material, leading to the migration
of species that contribute to further LAM. While both electrodes may experience
volume changes, the most severe are reported for silicon, with ~ 300-400 % volume
expansion [65-67] during lithiation, followed by a contraction in delithiation. For
comparison, graphite’s total volume expansion from a fully delithiated to a fully
lithiated state is around (~10%). These volumetric changes can stimulate particle

cracking and subsequent contact loss, further exacerbating LAM.
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Factors Degradation mechanism

mode

Volume Electric
change contact loss

High cycle
number
Loss of

active
material in

Reduction of max

Intercalation Loss of active . .
accessible Li sites

gradients sites in the host

o th 4 the anode
in the anode (LAMy)

High C-rate -

Lithium Dendrite Short circuits
plating growth

Storage time _| :
SEI growth o M1cr01?ore
Electrolyte clogging
d o Loss of
ccomposition SEI Lithium
decomposition inventory
(LLD)

cathode

Oxidation of
electrolyte

Loss of
active
material in
the
cathode
(LAM;g)

Phase change Reduction of

structure . X max

disorder Partl(;le 15,01‘“10” O}C accessible Li
cracking active material ot fim e

Crystal

anode

Figure 1.6: A diagram summarising the most relevant degradation effects, mechanisms
and modes for this thesis based on a combination of [61-63].
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1.3.1.2 Loss of lithium inventory

Loss of lithium inventory (LLI) occurs when lithium is either trapped within dis-
connected electrode material or consumed by parasitic reactions within the electrode,
such as dendrite growth or solid electrolyte interphase (SEI). In both cases, the lithium
becomes unavailable for further reactions. This can happen at higher current rates or
at low temperatures. Low temperatures and prolonged storage can also promote the
formation of a surface film, known as a SEI. The SEI is a thin layer that forms as a
result of electrolyte decomposition on the surface of electrode particles, which blocks
their porous structure. While the SEI allows for lithium-ion transport for continued
electrochemical reactions [68], its buildup causes an increase in cell impedance and

LLI. LLI is reflected as a respective stoichiometric drift visible on the electrode OCPs.

1.3.2 Degradation diagnosis methods

A variety of non-destructive methods have been reported in the literature for di-
agnosing battery ageing or state of health. The most established methods include
incremental capacity analysis (ICA) [69-71], differential voltage analysis (DVA) [72]
and EIS [73]. These methods, based on voltage response to an applied current are,
understandably, limited in their analysis depth, but allow for the quantification of
LLI and LAM in the electrodes. Another method proposed in the literature is en-
tropy profiling [7,74-76], however it has not been explored in depth to assess its merit
compared with the other techniques. Cell tear down and a post-mortem analysis al-
low for more detailed identification of ageing processes, such as lithium plating and
changes in the active microstructure. However, these destructive diagnostic methods

are limited in their application to laboratory settings.
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1.3.2.1 Differential voltage analysis and incremental capacity analysis

Differential voltage analysis and incremental capacity analysis are based on differ-
entiation of the voltage and capacity curves obtained near equilibrium conditions to
quantify resultant peak shifts and classify degradation [77,78]. The DVA technique
considers dV/dQ as a function of @), and ICA is calculated as d@Q/dV and considered
as a function of V', where () is capacity and V is open circuit voltage. The method
was first introduced in 2004 by Bloom et al. [79] who discovered that the main dif-
ference between the two derivatives is that the peaks in the dV//dQ curve represent
phase transitions, whereas the peaks in the d@)/dV curve show phase equilibria.

According to the literature [80], a horizontal shift on a DVA curve is due to
loss of cyclable lithium. Loss of active material in the positive electrode Qpay pg 18
calculated from the capacity difference between the characteristic cathode peak [80]
and cell maximum measured capacity. Similarly, at the negative electrode Qp sy ng 18
identified as the change in capacity between characteristic anode peak [80] and 0 Ah,
while the shift between electrodes Qe 15 the difference between the maximum
capacity and Qpay NE-

In the case of ICA, a horizontal shift towards higher potentials of ICA peaks
indicates LLI. A decrease in the intensity of the ICA peaks indicates LAM [81], but
it cannot be quantified and distinguished between individual electrodes as accurately
as with DVA.

Dubarry et al. claim [77] that dQ/dV is more sensitive than dV/dQ) for degradation
analysis, as it shows the degradation signature on a voltage scale instead of capacity
scale. For small amounts of capacity fade (~5 %) and very low currents (C/25), ICA
signatures may not allow for distinction between the LLI and LAM mechanisms [77].
The performance of ICA is dependent on the battery chemistry, and for chemistries
with significant phase change, e.g. LFP, the change in voltage (dV') is small. Both

ICA and DVA are prone to measurement noise and their accuracy may be influenced

23



CHAPTER 1. Challenges and opportunities in battery management systems for
electric vehicles

by sampling rate. For optimal results the sampling rate should be relatively high but
not too high to avoid numerical conditioning problems when fitting (< 1Hz).

So far, the application of these methods to degradation has been based only on
LAM/LLI quantification, without further interpretation [80,82,83]. Additionally, all
these methods must be performed at constant temperature, however, temperature
dependence also contains information relevant to degradation. Given that the elec-
trochemical potential is a function of both concentration and temperature, neglecting

one of these dependencies in ageing diagnostics is limiting.

1.3.2.2 Differential thermal voltammetry

Differential thermal voltammetry (DTV) refers to the simultaneous measurement of a
cell terminal voltage and temperature during 1C (or similar) galvanostatic charge/discharge
process, therefore addressing coupled electrochemical and thermal processes. Based
on Eq. (1.7), the resulting d7'/dV profile is then plotted against cell voltage.
ar , dvdT

Since the DTV method uses temperature as an input, it is important to minimise
convective heat transfer and ideally insulate the cell to avoid biased thermal boundary
conditions [84] to minimise signal noise. Similar to the ICA method, DTV reveals
characteristic peaks, which can be used to interpret degradation mechanisms based
on peak magnitude, shift, and width.

Merla et al. [85] studied the evolution of the two most dominant DTV peaks,
and similarly to ICA, during ageing the peaks exhibited a steady shift towards lower
potentials which was attributed to increasing impedance. However, they also noted
that this shift could represent stoichiometric drift between the electrodes [85]. Since
stoichiometric drift affects the potential window of combined electrodes, it is visible

as a variation in the width of the peaks. The drift is caused by Li-ion loss and the
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formation of new SEI, leading to a shift in anode stoichiometry towards lower lithium
content and higher thermodynamic potentials.

Although DTV considers heat-generation dependency with battery age, and has
a simpler experimental procedure than ICA/DVA, it is challenging to distinguish
between degradation mechanisms. Moreover, DTV assumes that the SOC dependency

linking voltage and temperature is negligible, which is not necessarily the case.

1.3.2.3 Electrochemical impedance spectroscopy (EIS)

Electrochemical impedance spectroscopy (EIS) is a technique that involves analysing
a cell’s voltage response to a sinusoidal current input signal. This can also be done
in a potentiostatic mode [86]. The resulting impedance spectra are calculated over a
range of frequencies (usually from around 10kHz to 10 mHz), and are presented as a
Nyquist plot, with the imaginary part plotted on the y-axis and the real part on the
x-axis [87]. The resultant impedance spectra can be divided into four sections based

on the frequency range, as depicted in Fig. 1.7.
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Figure 1.7: An EIS spectrum from [31] can be interpreted as follows: reading from left
to right, starting with high frequencies, the intersection with the real axis represents
the ohmic resistance (Ronm). The first EIS semicircle corresponds to the SEI resistance
(Rsgr), the second semicircle marks the charge transfer resistance (R.), and the
characteristic tail signifies the diffusion process.
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The first section of the spectrum represents high frequencies, characterised by in-
ductive (L) behaviour. The point at which the spectrum intersects the real axis marks
the ohmic resistance (Ronm). The second section, represented by a smaller semicircle,
gives information about the SEI resistance (Rggp), while the larger semicircle marks
the charge transfer resistance (Re), which is also associated with the double layer
capacitance. At low frequencies, the spectrum exhibits a characteristic tail shape,
which is indicative of diffusion processes, according to [86,88-90].

Battery ageing is reflected in a horizontal shift of the EIS spectrum profile towards
lower frequencies, making it an effective tool for the identification of state of health
(SOH). EIS can be a quick procedure (25min per cell [91]) and it can easily deter-
mine the parameters of equivalent circuit models, which cannot be obtained from
DVA /ICA. However, EIS may be more time intensive if lower frequencies are used to
extract diffusion information. Moreover, the accuracy of EIS results depends on the
fitting procedure and model used. This means that the results may not be universally
applicable and the estimation of SOH may be compromised, depending on the chosen
model, as noted in [91]. Moreover, the challenge is that EIS is only valid for a linear

time invariant system, but batteries have nonlineratities and nonstationarities.

1.3.2.4 Entropy profiling

Entropy profiling, i.e. the measurement of entropy changes, is another method pro-
posed for the analysis of battery degradation [7,74-76]. Entropy change is conven-

tionally measured using calorimetry, or a potentiometric method.

Calorimetric entropy measurement Calorimetric entropy profiling involves se-
quentially charging and discharging a cell within a closed, insulated container that
is matched to the cell size. The heat generated during the process is calculated

based on the recorded temperature change, given the known heat capacity (C}) of

26



CHAPTER 1. Challenges and opportunities in battery management systems for
electric vehicles

the calorimeter.

C\?total = CQirr + Cz?rev (18)

The challenge for calorimetric entropy profiling lies in isolating and measuring the
heat flow sources, which are reversible (Qey) and irreversible (Qj.) in nature, as
defined in Eq. (1.8). Instead of directly attempting separation of individual terms, a
total thermal energy is recorded with the calorimeter over the full charge-discharge cy-
cle. The reversible heat flow changes direction depending on the current direction, so
the integration of the measured thermal power over a complete cycle results in the can-
cellation of the thermal energy associated with entropy changes, as described in [92].
In this way, the irreversible heat can be isolated, assuming it consists of polarisation
and parasitic contributions. The polarisation thermal energy can be determined by
integrating the hysteresis voltage curve obtained during the charge/discharge process.
The polarisation heat term refers to the overpotential multiplied by the current [93].
Then the parasitic losses can be calculated by subtracting the polarisation heat from
the total heat measured by the calorimeter, as described in [92]. In other words,
for a closed cycle, the reversible work is eliminated and the entropy is calculated by
subtracting the actual work from the total heat term. Downie [94] argues that to
minimise the electrical losses, the method should be performed at low current and
high temperature, as polarisation dominates heat generation. The measurement time
is significantly shorter than the potentiometric method, because relaxation phases
following each charge/discharge cycle are avoided. Schmidt et al. states that the ac-
curacy of calorimetric readings tends to be lower than potentiometric method [73].
However, Krause et al. demonstrated that high accuracy (1 pW) can be achieved with

the calorimetric measurement [92].

Potentiometric entropy measurement Potentiometric entropy measurement is

a passive and discontinuous method in which cell is subjected to temperature variation
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at a fixed SOC. As a response to the temperature variation, the cell terminal voltage
changes, and the relationship between voltage change and temperature change may
then be used to calculate entropy change AS at individual SOC levels.

Thermal equilibration times used in entropy profiling range between 2.5h to 60 h,
with 12 - 54 h relaxation times being most common [95-98]. Zhang et al. [76] inves-
tigated the impact of the relaxation time on the accuracy of entropy change mea-
surement and found that longer relaxation times could enhance accuracy. On the
other hand, Thomas et al. [99] pointed out that longer relaxation times could intro-
duce errors due to battery self-discharge. Given the very long test durations, often
a compromise is found by decreasing the number of SOC points, thus sacrificing

measurement resolution. Although justified, this may hide certain entropy features.

Entropy profiling used for degradation diagnosis Maher and Yazami [75]
explored the effect of cycle ageing on a LCO/Gr cell and discovered changes in the
entropy profiles related to a decrease in battery capacity. However, no clear trend
was observed in the entropy change profiles. Sullivan et al. [74] conducted a study on
an LCO half-cell and observed that, with prolonged cycling, the distinctive entropy
profile features (maximum and minimum) of LCO became less pronounced. Sullivan
et al. attributed changes in the entropy curves to alterations in lithium ordering
caused by ageing. Zhang et al. [76] and Osswald et al. [7] also performed entropy
profiling for aged cells, but neither study provided an explanation for the changes in

entropy features with ageing.

1.4 Summary and gap analysis

This chapter explored the requirements and challenges faced by electric vehicles and
conducted a thorough examination of state-of-the-art methods to identify areas for

potential improvement and development. The challenges faced by electric vehicles
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include conflicting design requirements: vehicles are to be charged quickly, yet have
a long driving range on a single charge. On top of the usual battery degradation
effects due to storage and driving, the use of excessive C-rates motivated by fast
charging exacerbates degradation processes, leading to decreased battery performance
and shorter useful life.

A comprehensive solution to these pressing challenges requires a multi-faceted
approach that considers both cell design and materials science, as well as BMS op-
timisation and control. While a solution encompassing all aspects would be ideal,
the scope of this work is focused on cell diagnostics and improved modelling to boost
BMS capabilities. Cell modelling is making significant progress towards maturity, but

the three aspects still pose a challenge:

e accurate diagnosis of battery ageing,
e effective inclusion of predicted degradation within a BMS,

e accurate prediction of internal battery states at high current rates (fast charge).

All three aspects are closely linked to the understanding of the electrochemical
processes accompanying the cell reactions at various timescales (dynamic and ageing)

and their integration is crucial for optimised BMS development.

Gap 1: Accurate diagnosis of battery ageing: Li-ion battery degradation
mechanisms have been comprehensively studied in the literature and their classifi-
cation into LAM and LLI modes is clear. However, the origins of some of these mech-
anisms are not well defined or fully understood. DVA is based on differentiation of cell
OCP vs. capacity, which when plotted produces a curve with characteristic features
relating to phase transitions. The evolution of such features may be tracked through
battery cycle life, allowing for quantification of LAM and LLI. Entropy profiling uses

a similar concept, but this time the OCP is differentiated with respect to temperature,
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which provides additional information about battery thermodynamic behaviour. By
combining both temperature and concentration dependencies, entropy profiling has
the potential to provide more information about battery ageing to DVA/ICA. The
inclusion of thermodynamic behaviour has the potential to elucidate morphological
changes experienced throughout battery life, which is not possible with the existing
non-destructive techniques. However, the available literature on this topic is limited,

and the full capabilities of entropy profiling have yet to be explored.

Gap 2: Effective inclusion of predicted degradation within the onboard
BMS The current limitations of predictive models and state observers result in
an under-utilisation of lithium-ion batteries [100]. As the battery ages, these un-
certainties become more pronounced, because traditional predictive models rely on
parameters that are extracted from a brand new cell. Conventionally, degradation ef-
fects are incorporated into existing models by coupling them with specific degradation
mechanism models. However, this method increases the complexity of the model and
demands accurate assumptions, prior knowledge, and quantification of specific degra-
dation mechanisms. Although this approach provides insights into degradation pro-
cesses, the practical application in electric vehicles calls for a less complex approach.
A good alternative for a BMS could be periodic numerical parameter re-evaluation
over battery life instead of inclusion of separate ‘open loop’ degradation models. In
this way, the accuracy of model predictions could be maintained over battery life. An
SPM could be a good candidate for this application, given its relative simplicity and

fair accuracy of physical processes, which could be useful in degradation analysis.

Gap 3: Accurate prediction of battery internal and measured states at
high current rates The consensus in the literature seems that the reduced physics
based model, the SPM, works well for low C-rates, but with an increase in applied

current, the lack of electrolyte dynamics hinders model accuracy. Therefore, the
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SPMe and DFN models, where electrolyte dynamics are included, are often preferred
for higher C-rates. However, the additional complexity of these models may be in
the wrong place. Instead of adding more transport mechanisms, it has been shown
that long-range temperature variations, and temperature dependency of parameters,
is particularly important for predicting large pouch cell behaviour [37]. With C-rate
increase, the literature becomes scarce and presents worsening results, where large
error becomes visible especially for temperature prediction. While the definition of
“high current” is dependant on cell design (i.e. power vs. energy cell), the limiting
conditions might be triggered sooner or not reached at all.

Is it possible then to model accurately internal states of the cell at high C-rate
conditions with current battery models if the limiting condition is not reached? Is
there an additional current dependency/dynamics that becomes more prevalent with
C-rate increase that state-of-the-art models do not account for? To investigate this
problem, a high-fidelity multi-physics model is considered and compared to experi-

mental data with charging up to 10C.

1.5 Thesis outline

Chapter 1 (Challenges and opportunities in battery management systems
for electric vehicles) highlights the three crucial challenges in the use of batteries in
electric vehicles: accurate battery health diagnosis, effective integration of diagnosed
degradation into onboard BMS, and precise modelling of both electrochemical and
thermal processes under high C-rate conditions. To optimise battery performance in
EVs, these challenges must be addressed through a comprehensive understanding of
battery behaviour. The following chapters delve into each challenge, seeking to find
optimal solutions applicable for BMS to enhance an EV performance.

Chapter 2 (Entropy profiling for the diagnosis of battery health) exam-
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ines battery degradation from a thermodynamic perspective. It aims to determine
if entropy profiling, a method not yet fully explored in literature, can provide ad-
ditional insights into degradation. The chapter focuses on ageing entropy results
for a Si-doped cell (NCA/Gr-Si), a composition that has gained attention due to
its improved capacity capability. It also examines the specific impact of Si doping
on battery degradation behaviour. The results show that entropy profiling can offer
the same information as DVA and ICA regarding degradation mechanisms, but also
provides information about particle morphology changes.

Chapter 3 (Electrochemical and thermal degradation modelling) explores
the correlation between degradation modes and SPM battery parameter variations.
It investigates if periodic parameter updates throughout battery life can replace ex-
plicit degradation models, thus improving internal state estimation without adding
complexity to the existing model. Additionally, the chapter delves into the impact of
ageing on cell heating, examining both reversible and irreversible heat contributions.

Chapter 4 (High C-rate thermal model) investigates performance of a 3D
multi-physics continuum model that is simulated across a range of C-rates, from 2C
to 10C. Parameter optimisation procedure is introduced and special focus is placed on
the solid diffusion parameter and its subsequent relevance to the model. The study
further discusses this topic in relation to cell-level limiting factors.

Chapter 5 (Conclusions) Summarises the findings from previous chapters, iden-

tifies the limitations, and highlights potential areas for improvement and future work.
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Thermodynamic changes

accompanying battery degradation

The previous chapter gave an overview of current challenges faced by EVs. This
chapter aims to address the degradation diagnosis problem from a thermodynamics
perspective, specifically to test the hypothesis that more information about battery
degradation can be obtained in a non-invasive manner using entropy measurements
compared to current state-of-the-art methods such as ICA/DVA. Entropy change
measurement—which probes the response of the OCP to temperature—offers a unique
battery diagnostics tool. While entropy change measurements have previously been
applied to study degradation, the implications of Si negative electrode additives on
the entropy profiles of commercial cells have not been explored, and this chapter aims
to fill this gap. Additionally, it is shown that entropy profiling is capable of tracking
ageing markers in the same way as DVA. In addition to high OCP hysteresis of Gr-Si
blends, entropy hysteresis is also observable. Changes in the entropy profile reflect

degradation-related morphological changes over battery life.
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2.1 Literature review

2.1.1 Entropy origins

The Gibbs free energy (G) expresses the capacity for ‘useful work’ that can be ob-
tained from a cell under constant temperature and pressure. It is linked to entropy

(S) and enthalpy, (H) through a well established relation
G=H-TS, (2.1)

where T is temperature. For battery systems, Gibbs free energy of reaction is deter-

mined from its reactants (subscript R) and products (subscript P) contributions:

np R

AG = ZUPiMPi - Z URiHR;- (2.2)

n=1 n=1

Here, v is the stoichiometry, u is the electrochemical potential and n is the number
of reactants/products.
The equilibrium potential (FEocp) of the intercalation electrode is given by differ-

encing the electron electrochemical potentials Ay = pcathode . janode 1101
g € €

Ap
E = 2.3
OCP TLFZe ) ( )
where n = 1 is the number of electrons transferred in the reaction, z, = —1 is the

charge of an electron.
The entropy of reaction is denoted as (AS) here, and may be related to cell open

circuit potential according to

o(AS)| OEocp
=nkF o7 )

p,T P,

(2.4)

where z is the extent of the reaction (degree of lithiation in the insertion electrodes),
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which can also be represented as z = Q)/Qo, where @ is the stored charge in the
cell and @)y is the nominal capacity of the cell. p denotes pressure, which is usually
assumed constant for battery systems. Throughout this thesis entropy change for a
full cell will be referred to as AS.

Mechanical effects are often neglected in the majority of electrode materials, but
in the specific case of silicon they are likely important due to its high volumetric
expansion during charging [67]—this aspect will be discussed later in this chapter
together with its implications. Abrupt energy changes accompanying first-order phase
transitions result in rapid changes in OCP gradient at these points. Since phase
change is always associated with changes in thermodynamic properties, it might be
reasonably expected to see correspondence between features present in DVA and also
features in entropy of reaction changes with respect to stoichiometry.

In a stable, fully-reversible charge-discharge cycle, the result of the integration
of entropy change around a closed cycle would be zero. However, according to the
second law of thermodynamics, for a real battery system, a charge-discharge cycle
cannot be thermodynamically reversible above 0 K. Assat et al. [102] identified that
entropy production relates to the observed voltage hysteresis. Therefore, in addition
to the hysteresis measured in OCP curves, one also measures a hysteresis associated
with entropy measurements [102-104]. This source of hysteresis is always present in

a metastable system [102].

2.1.2 Deriving the link between entropy profiling and DVA

The variation of partial molar entropy (also referred to as entropy change), as defined
in Eq. (2.4), is predominantly determined by lithium/vacancy configurations and is
thus sensitive to the host electrode microstructure [105-108]. When a phase transition
occurs, it is often accompanied by a sudden change in the slope of the open circuit

potential curve, which may be referred to as a ‘discontinuity’ in the graph. Since
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the open circuit potential is a function of both lithiation and temperature, the dis-
continuity propagate across both dimensions. In DVA, which is a measure of voltage
change with respect to capacity change (dV/dQ), this ‘discontinuity’ (sudden change
in voltage slope) is used to identify phase transitions. By calculating entropy change
with respect to capacity change, the same phase transitions as visible in DVA should
be detectable from the dAS/d() curve. This means that measuring entropy changes
and their variation with cycle direction may allow the tracking of structural defects
and volume and ordering changes dependent on ageing conditions. The complete
derivation of the relation between the DVA and entropy change is demonstrated in

Appendix 5.2.2.

2.1.3 Accelerated entropy measurement

Reaction entropy in a battery is conventionally measured either with calorimetry
or by a potentiometric method as described in chapter 1, section 1.3.2.4. As an
alternative to the long-duration potentiometric method, an accelerated entropy mea-
surement method has been presented by Osswald [7]—the principle is similar to the
potentiometric method, but the relaxation time is considerably reduced. The cell is
brought to a desired SOC, allowed to rest for only ~ 15min, and then subjected to a
temperature change. To promote faster heat exchange from the environment to the
cell, the cell is placed in a copper cell holder with high thermal conductance. Given
that entropy is estimated from the voltage/temperature slopes, Osswald [7] states
that it is not necessary to know the exact equilibrium OCP, thus heavily reducing
the rest times. For this assumption to work, three conditions must be met. Firstly,
the 15 min rest period following temperature change must be sufficient for homoge-
neous temperatures within the cell. If the thermal conduction medium or size of
the battery were to change, it is likely that the 15 min interval would be no longer

optimal. Secondly, a background voltage subtraction method is used to remove the
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voltage relaxation characteristic from the temperature-induced changes. This is done
by fitting a simple function to the voltage profile before and after the temperature
variation. There is no need for deeper interpretation of the simulated OCP curves
themselves. However, to capture the correct OCV relaxation dynamics, an appropri-
ate initial observation window needs to be selected. The time required is dictated
by the chemistry of the cell and the coating thickness of the individual electrodes
to account for different diffusion paths. The estimated voltage is subtracted from
the measured voltage, which is computed for each temperature change. The gradient
of the line joining the identified points is the resultant entropy. Osswald et al. [7]
states that the subsequent reduction in time does not sacrifice entropy measurement
accuracy, however the comparison with the literature is inadequate given insufficient

examples and widely different results have been presented [109,110].

2.1.4 The effect of silicon addition in a graphite anode

An introduction of silicon to the anode material presents additional challenges for
characterisation because of the much greater OCP hysteresis found during lithia-
tion/delithiation of silicon than in pure graphite anode materials [78,111,112].

While for graphite the total volume expansion from a fully delithiated to fully
lithiated state is small (~ 10%), and confined to one crystallographic axis [113,114],
silicon is reported to experience ~ 300-400 % volume expansion [65-67] during lithia-
tion, followed by a contraction during delithiation. Sullivan et al. found that particle
cracking, and hence a decrease in the mean active particle size, leads to visible changes
in entropy curves [74]. This finding suggests that there could be an association be-
tween particle size and entropy profile features. In the case of silicon, therefore,
the large changes in volume during lithiation/delithiation could be associated with
changes to the measured hysteresis during cycling.

Vorauer et al. [115] used post-mortem small-angle neutron scattering which pro-
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duces intensity versus scattering vector (@) plots to visualise the (de)lithiation struc-
tural changes of an amorphous silicon (a-Si) /crystalline iron-silicide graphite compos-
ite anode. They observed no nanoscale swelling of a-Si with cycling after lithiation.
However, anode delithiation was followed by a high-() intensity decrease due to a-Si
shrinkage that did not reverse back to its initial value. Instead, the intensity in the
aged sample remained slightly higher than the pristine sample, which means that the
a-Si phase remained more expanded [115].

The rate of SEI growth is higher in silicon-doped anodes [116] than in anodes
without silicon. The change in silicon particle size with cycling exerts a mechanical
strain on the SEI layer, causing cracking and exposure of fresh active material to the
electrolyte [117]. Furthermore, neutron reflectometry studies performed by Veith et
al. [116] indicate that the SEI on silicon restructures during lithiation/delithiation.
During delithiation, Si particles contract and the SEI becomes dispersed in the matrix
pores, leading to a lower electrical conductivity and more limited access of Li to the
active particles.

As a consequence of these irreversible volume changes during lithiation /delithiation,
the hysteresis in the OCP and entropy change are both expected to vary with cycling
ageing. During calendar storage, where no repetitive volumetric changes occur, the

hysteresis is expected to remain stable throughout life.

2.1.5 The impact of battery ageing on entropy

At the lab scale, various non-invasive techniques can be used (and combined [118]) for
classifying the above-mentioned degradation modes. One of the methods monitors
electrode slippage, which refers to the shift in the capacity of the anode versus cath-
ode OCPs relative to their alignment in a pristine cell [79,119]. It is also common to
differentiate voltage vs. capacity curves obtained near equilibrium conditions to quan-

tify peak shifts in dV/dQ vs. @ and classify degradation [77,78]. These methods are
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known as differential voltage analysis, defined as dV/dQ versus (), and incremental
capacity analysis, calculated as d@/dV versus V. These are well-established methods
for degradation mechanism identification [77,78]. However, so far the application of
these methods has been based only on LAM/LLI, without further microstructural
interpretation [80,82,83]. Additionally, all these methods are performed at constant
temperature, however, temperature-dependent results also contain information rele-
vant to degradation. Given that the OCP is a function of both concentration and
temperature, neglecting one of these dependencies in ageing diagnostics is limiting.
In this regard, thermal and voltage analysis, obtained e.g. via differential thermal
voltammetry (DTV), can provide an insight into ageing mechanisms [84]. However,
the resultant curves depend on galvanostatic cycle rate and hence it is non-trivial to
interpret them from a microstructural perspective.

Additionally, just as voltage versus SOC data has been shown to depend on cy-
cling direction [78,102,103,111,112], the partial molar entropy (or entropy change)
related to the variation of the OCP with temperature also shows a directional path
dependency [102,103]. This type of hysteresis is found even in half cell studies of
lithium (de)insertion from graphite anodes [103,104]. The addition of silicon or sil-
icon suboxide (SiOx) to graphite to form a blended anode material leads to greater
OCP hysteresis than in graphite-only anodes [78,111,112]. A greater mass fraction
of SiOx leads to an even greater observed hysteresis [66]. The physical relationship
between OCP hysteresis and entropy has been shown by Assat et al. [102] for a sin-
gle cell chemistry at the beginning of cell life, but the entropy hysteresis might also
depend on the long-term history of the cell and related microscopic changes due to
ageing.

The specific case of LCO cathodes has been comprehensively studied by Sullivan
et al. [74] who revealed that the entropy profile shape and characteristic regions did

not change when a substantial proportion of cell capacity was removed. This means
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that the intercalation mechanisms in the aged cell remain the same. Since there are
no fundamental changes in the structure and thermodynamics of the materials, the
degradation is likely caused by increasing kinetic (ohmic and transport) barriers to
lithiation and delithiation of Li,CoO,. However, with cycling, there was a gradual
decrease in the the entropy curve magnitude. This is likely caused by the growth of
a passivating layer on the electrode, and by particle breaking and cracking, which in
turn increases ohmic resistance. Also Zhang [76] documented a clear decrease in the
entropy magnitude between fresh and cycled LCO cathodes, but his work did not
focus on degradation mechanisms.

Calendar ageing promotes different ageing mechanisms than cycling ageing [64],
but due to the long duration of calendar ageing tests, they are usually performed
at elevated temperatures to accelerate the ageing process. Higher temperatures may
lead to different degradation paths—such as electrolyte decomposition and diffusivity
changes as well as LLI in the anode and LAM in the cathode. The pores in the active
material may become clogged, reducing the number of accessible sites in the host
material [62], which could also alter the entropy profile. Osswald et al. [7] showed
that for NCA /Gr cells stored at 60 °C and 100 % SOC for 224 days, measured entropy

preserved its shape and increased slightly in magnitude.

2.1.6 Research hypothesis

The hypothesis is that entropy profiling is a unique non-invasive battery diagnostic
tool that provides the same information about ageing as DVA, but can elucidate
morphological changes experienced by a battery throughout its life. This hypothesis
is tested here by extracting and comparing entropy profiles from pristine, accelerated
calendar-aged, and cycle-aged cells. The case of a silicon-doped anode is particularly
interesting from the thermodynamic point of view, given its large volume variation

during (de)intercalation.
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2.2 Experimental

2.2.1 Methods

Commercially available Li-ion cells (Samsung 35E3) with high silicon content (~10
wt % Si and ~90 wt % Gr) were used, with specifications given in Table 2.1. All cells
tested were from the same manufacturing batch, purchased in 2018. Screening tests
at beginning of life for the entire group of cells (178 units) revealed a mean discharge
capacity of (3.40 £0.01) Ah, measured at C/3 and 23°C. The cells were divided into
two groups of three cells each. The first group was stored at elevated temperature
to act as an accelerated calendar ageing example, while the second group underwent

cycle ageing tests.

2.2.2 Experimental setup

2.2.2.1 Full cells

A high-precision battery tester (HPC 10, Battery Dynamics) was used for battery
cycling, with NTC (5k€2) thermistors mechanically attached to the cell surfaces using
O-rings for temperature recording. For temperature control, all cells were submerged
in a thermostatic bath (Corio CD 900F, Julabo) filled with polydimethylsiloxane

(PDMS, H5 bath fluid, Julabo) [120].

Table 2.1: Samsung 35E specifications.

Cell model INR18650-35E

Cathode chemistry | LiNiggCog.15Alp0502 (NCA)

Anode chemistry | Gr-SiO, (~10 wt % SiOx and ~90 wt % Gr)
Nominal capacity | 3.4 Ah

Cut-off voltage 42V/ 25V
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2.2.2.2 Half-cells

To investigate individual electrode entropy contributions, several half cells were man-
ufactured. A pristine full cell was fully discharged to 2.5V at C/25 constant current
and disassembled in an Argon-filled glove-box (MBraun). The harvested electrode
material from the anode and cathode foils was punched into 16 mm diameter discs
and re-assembled into coin cells with metallic lithium discs (Xiamen Tob New En-
ergy Technology) as the other electrode, using pre-dried LP30 (Sigma Aldrich) as
electrolyte and glass microfiber filters (grade GF/F, Whatman) as separators.

Electrochemical characterisation for the anode and cathode half cells was per-
formed using a BaSyTec CTS cycler. Experimental measurements were performed
using aluminium heat exchangers, in direct thermal contact with the coin cells, which
were connected to a Julabo F12 refrigerated heating circulator, allowing direct control
over the cell temperatures. This setup enabled more rapid thermal equilibration of
the cells than would be possible using a climate chamber. Cell temperatures were
monitored with type-T thermocouples. A Keysight 34972A data acquisition system
with multiplexer unit was used for high resolution (22 bit) voltage and tempera-
ture measurements, assisting post processing of entropy profile data, as described in
previous publications [7,103,108,121,122].

All half cells were allowed a 24-hour rest period following manufacture, to ensure
proper wetting of the electrodes. For the anode half cells, three consecutive cycles at
cycle rate 27 mA /g (normalised to the mass of active material of each electrode) were
undertaken for loading and conditioning, at 25°C. Subsequent to the galvanostatic
cycles, cells were subjected to constant current constant voltage (CCCV) protocols
at 25°C. Anode half cells were discharged at 27 mA /g until reaching a cell voltage of
0.005V vs. Li, and were subsequently held at 0.005V for 2 hours. After manufacture
and rest, cathode half cells were cycled three times at 13.5mA /g, followed by CCCV

at 13.5mA /g, terminating at 4.3V vs. Li for 2 hours. Both sets of half cells then
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underwent an accelerated entropy measurement (described in section 2.1.3).
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Figure 2.1: Samsung 35E 18650 cylindrical cells.

2.2.3 Accelerated ageing procedure

The first group of full cells experienced one year of calendar ageing at 75% SOC and
45°C and the second group underwent continuous cycling (up to ~ 720 cycles) with
2 A constant current charging until 4.2V and 2 A constant current discharging until
2.5V at 45°C.

Both groups of full cells (calendar and cycle aged) underwent periodic charac-
terisation tests called reference performance tests (RPTs) to record capacity and
pseudo-OCV data. Each RPT consisted of a full charge and discharge at C/20 at
23°C, followed by a non-isothermal galvanostatic intermittent titration technique
(GITT) for accelerated entropy measurement. The non-isothermal GITT procedure

is described in section 2.1.3.
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Figure 2.2: Observed capacity loss through RPTs for calendar and cycle aged cells
for charge and discharge. The encircled numbers 1-5 in the figure refer to the RPT
number. All cells experienced a 3 months rest period at 23 °C and 50% SOC between
RPT3 and RPT4 due to COVID-19 lab closure.

Fig. 2.2 shows the capacity fade in both the calendar and cycle aged groups, mea-
sured by the RPTs. Due to a lab closure caused by COVID-19, all cells experienced
an unplanned rest period of 3 months at 50% SOC and 23°C. The resulting capacity
recovery between RPT3 and RPT4 is shown in Fig. 2.2; the implications of this effect

for the interpretation of the results is discussed later in the text.

2.2.4 Entropy estimation

To investigate entropy changes during battery ageing, an accelerated measurement
method proposed by Osswald et al. [7] was used. Compared to the conventional
potentiometric method, which requires up to 30 h relaxation time per SOC point [76],
the accelerated method proposed by Osswald et al. [7] shortens this to 2.5 h per SOC
evaluation.

The accelerated entropy measurement method uses curve fitting to correct for

small changes in the open circuit voltage as it equilibrates, thus decreasing the re-
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quired rest times. (As an aside, it is not possible to obtain the true equilibrium
potential over a practical timescale anyway [103, 111, 113, 123-125]; this means we
can, at best, probe metastable behaviour). To avoid measurement artefacts, two
steps were taken. Firstly, the initial rest period of 20 min following a temperature
change was sufficiently long to ensure uniform cell internal temperature. Secondly, the
background voltage change was subtracted from the temperature-induced changes [7].
In our case, for full cells, 63 titration steps were used (0.3 A current between steps)
during both charge and discharge excursions including subsequent 80 min of relax-
ation, until the potential reached the respective cut-off voltage. During the GITT
relaxation steps, temperature jumps to 28, 25 and 22 °C were included, shown in Fig.
2.3. To promote rapid and uniform heat exchange with the environment, the cells
were submerged in a non-conductive silicone oil thermal bath instead of the copper
cell holder originally used by Osswald et al. [7].

For half cells, the same GITT relaxation steps and temperature profile were used
as for the full cells. During titration steps, the current of the cathode half cells was
set to 13.5mA /g (discharge) and the anode half cells was set to 27mA /g (charge), to

account for the factor of ~ 2 difference between anode and cathode half cell capacity.

The entropy estimation method followed five steps described below.

Step 1 The objective is to simulate the voltage relaxation profile with data provided
only at the beginning and end of the relaxation phase. T'wo training datasets are used.
The first training data set is taken between 25-50 % of the initial relaxation time, that
is from the 5th to 15th minute after the current was stopped. The second data-set uses
(80 to 100 %) of the total relaxation time, that is 75th to the 80th minute. Simulation
training intervals are marked with red stars in Fig. 2.5(a). The time intervals were

modified from the original Osswald et al. [7] method to capture the slow dynamics of
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Figure 2.3: Accelerated entropy profiling experiment during a complete discharge (a).
Zoomed regions indicates the deviation of the cell terminal voltage from the expected
value (dashed line), caused by the temperature-step. Experimental setup showing the
location of the cells in the direct-cooling apparatus is shown in Fig. (b).

investigated cell.

Step 2 Having established the training data-sets, the MATLAB curve fitting tool-
box was used to fit the simulated voltage for each SOC point of data. Three different

methods were considered when fitting the voltage curves, with results for all methods

shown in Fig. 2.5(a) and (b).

Method 1: Eocpest = a+b-1n(t) (2.5)
Method 2:  Eocpest =a-e "' +c (2.6)
a-t
Method 3: Eocp.est = 2.
ethod 3 OCP,est b-l—t_'_ ( 7)

Here, a, b, c are adjustable parameters and ¢ denotes the time index; Eocp et is the
estimated open circuit potential.

Method 2, described by Eq. (2.6), was selected as the most accurate based on

46



CHAPTER 2. Thermodynamic changes accompanying battery degradation

4.092 T T T T T T T 29

4.0918 |

40916
40914 .
. 9
% 40912+ g
B o} 2
S 40908 | g
H

4.0906 |

4.0904 |

4.0902 |

4.09

| | | ‘ ‘ | ‘ 21
0 10 20 30 40 50 60 70 80
Time (min)
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it having the smallest voltage error between the simulated and measured voltages

within the training interval. Found parameter values together with standard errors

are shown in Appendix B.

Step 3 Estimated voltage (Eocp est) is subtracted from the measured voltage (Eocp meas)

AEocp,est = Eocp meas — FoCP,est- (2.8)

Step 4 For improved accuracy, the mean of the last 6 points of each index of

temperature change was used to estimate the OCP.

Step 5 The entropy (ASes;) was computed as the slope of the mean values of the

estimated OCP change and the temperature change, as shown in Fig. 2.6,

AEjOCF’,est

A =nkF
Sest n AT
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Figure 2.6: Entropy estimation: voltage vs temperature change.

2.3 Discussion of results

2.3.1 Half-cell entropy contributions

Differential voltage analysis, apart from being an effective quantitative method to
identify the degradation modes of Li-ion batteries, is also used for comparison of
individual electrodes with respect to the full cell. Anode and cathode capacities are
scaled and horizontally shifted so that their dV/d@Q profile superimposes with the
dV/dQ curve of the full cell [82,126]. The results of this comparison are shown in
Fig. 2.7(a), where DVA is based on voltage and capacity data extracted from GITT.
The low resolution of the OCP measurements here makes the DVA adjustment less
accurate than that of the continuous C/25 (dis)charge data, but it does directly

correspond to the extracted entropy data points.
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Figure 2.7: (a) dV/dQ curves for the anode, cathode and a full cell. b) dAH/dQ for
Gr/SiOx anode, NCA cathode, and a full cell during discharge. The phase transition
marked ‘dH’ is dominated by the cathode. Here, partial molar enthalpy is estimated
from AH =TAS + nFFEocp.

The measurements of half-cell reaction entropy may be summed to obtain the
full-cell entropy change (as defined in Eq. 2.4), enabling features to be attributed to
an individual electrode, as shown in Fig. 2.8. The full cell entropy change comprises

the cathode (AS.) and anode (AS,) contributions

AS = AS, — AS,, (2.10)

which are defined similarly to Eq. (2.4).

During lithium intercalation, the open circuit potential of the Li—graphite system
measured with respect to Li/Lit declines through a succession of sloping and flat
regions that result from the staging process: single-phase transitions are the slopes
and two-phase transitions correspond to flat regions [78,103,108,127]. Although the
anode material contains SiOx, during anode delithiation the anode related features
are very similar to reported responses for lithium insertion into pure graphite [103,
108]. First, the Li* inserts into the spaces between each graphite layer in the anode

host. Increasing Li™ concentration drives the Li—graphite system into dilute stage IV
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structures, followed by dilute stage III structures. However, these stages are weakly
ordered and so the entropy change follows an ideal solid-solution response in these
regions [108]. Hence, at low lithium occupation in the anode (scaled capacity less
than 1.5 Ah in Fig. 2.8), the AS, rises as lithium is inserted. Over the same capacity
range, there is a small feature in AS., but the cathode entropy profile otherwise
remains relatively featureless.

Additional incorporation of Lit into graphite results in a two-phase region be-
tween about 1.5 Ah and 2.25 Ah capacity, where LiC5 and LiCig coexist. There is
therefore a voltage plateau, and similarly the S, shows a transition at about 1.5 Ah
capacity and then the entropy response remains nearly constant over the two-phase
region. At about 2.25 Ah, a transition to LiCi5-LiCg coexistence occurs and AS,
rapidly changes in value, remaining again approximately constant across the capacity
range of the voltage plateau. The cathode entropy remains close to zero within the
capacity interval of the two main graphite phase transitions, which makes the anode
the main contributor to the total cell entropy in this interval. Graphite-dominated
phase transitions in the anode manifest as changes S;-S3 on the entropy curve, al-
though these features appear as even more pronounced transitions in the full cell data
than in the anode half cell data.

It is known that the phase transformations and lithium transport in graphite are
relatively slow, limited by grain boundaries in the material [128], the staging dy-
namics of graphite [129, 130] and the exchange of ions at the electrode/electrolyte
interface [131]. In full-cell configurations, non-uniform lithium distributions in the
anode material arise from different Ohmic voltage drops and hence different local
potentials at the centre versus the edges of the electrodes [132]. Consequently, in-
homogeneous lithiation of graphite-based anodes has been reported, and because of
slow relaxation processes, the resulting concentration gradients, from even modest

polarisation, can persist over hours or even days of relaxation time [103,133,134]. In
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commercial cells, these heterogeneities also persist over multiple length scales, and are
observable by x-ray tomography and neutron diffraction [133,135]. Making the anode
area slightly larger than the cathode, common in commercial cells, could lead to still
greater inhomogeneous lithiation at the edges, as observed optically by Grimsmann
et al. [136]. The cell examined in the present study was found to have an anode area
~ 790 cm? and cathode area ~ 740cm?, resulting in an overhang size ~ 6%. The
resulting non-uniform lithium distribution in the anode material could lead to higher
lithium disorder and hence a greater entropy change due to disordered Stage II con-
figurations [103,137,138]—anode overhang areas can also lead to reversible LLI [139].
The net result of all of these effects may be disparities between the combined reaction
entropy from half-cells and the full-cell reaction entropy, particularly at the bound-
aries between graphite phase transitions. Despite these differences, it is still possible
to extract the information concerning which electrode drives the full-cell entropy pro-
file, because the phase boundaries on a voltage axis are clear from both the anode
half-cell and the full-cell data.

In terms of the transitions in the cathode material, the redox process during
delithiation is mainly at the Ni (III)-Ni (IV) pair, accompanied by three distinct phase
transformations [140]. First, there is a transition from a hexagonal to monoclinic
phase (H1 — M) starting at 0.4 Ah, then from monoclinic to hexagonal (M — H2)
at around 2.5 Ah, and lastly, from hexagonal to hexagonal (H2 — H3) at 3.25Ah
[141]. The two last phase transitions do not appear to result in features in the full
cell entropy profile. However, the M — H2 transition is associated with a sharp
transition in the partial molar enthalpy in the cathode material (marked as ‘dH’ in
Fig. 2.7(b)). This is advantageous because it allows changes in the position and
amplitude of transition Sz in the entropy profile (attributable to the main staging
transition of graphite) to be probed in the absence of overlapping features from the

cathode material.
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Figure 2.9: Charge and discharge entropy profile (a) after several days of storage at
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2.3.2 Full cell entropy results

The reaction entropy measurements for the full cell are plotted against voltage in Fig.
2.9. The voltage range shown is 3.4V to 4.1V since this is where features of interest
are present. Plotting entropy change against voltage allows for a more accurate
comparison between charge and discharge by removing shifts in features with respect

to concentration.

2.3.2.1 Calendar ageing

Fig. 2.9(a) shows that the entropy measurements remain almost unchanged after
calendar storage. A small increase in the entropy magnitude is observed ~3.87V,
denoted S3 in the preceding section, corresponding to the graphite stage I to stage
IT transition; however, this effect is nearly negligible. The most pronounced change
in the data is a horizontal shift towards higher potentials and horizontal expansion

on the voltage axis. Similarly to ICA, this observed horizontal shift and expansion
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indicates LLI [142]. There is a hysteresis in the entropy profile response, which is
shown in the bottom panel of Fig. 2.9(a). The hysteresis is defined in Eq. (2.11)
and results from the difference between the charge (ch) and discharge (dch) entropy

change

ASiys = ASen — ASua. (2.11)

Since there are no significant changes to the entropy magnitude experienced by calen-
dar aged cells, the entropy hysteresis also remains almost unchanged. These findings
are consistent with the results presented by Sullivan et al. [74] studying a LCO cathode
half-cell subjected to calendar ageing. The entropy profile shape and characteristic
regions did not change when a substantial proportion of cell capacity was removed. It

was concluded that the intercalation mechanisms in the aged cell remained the same.

2.3.2.2 Cycling ageing

Fig. 2.9(b) shows the effects of cycle ageing on entropy change. In contrast with the
results shown for calendar ageing, the cycling ageing results indicate a more dramatic
shift of all of the features towards higher potentials. Additionally, different changes in
entropy magnitude are observed with respect to the direction of reaction. For full cell
discharge, a gradual decrease and flattening of characteristic features is observed. For
charge, however, entropy change increases with cycling age, with the most pronounced

increase above 3.87V.

Features near 3.87V  The characteristic minimum in the entropy profile occurring
~3.87V corresponds to the most pronounced graphite transition, stage I to stage
IT [103,108,137]. The cathode entropy change is featureless in this region. Therefore,
the recorded entropy change variation most likely originates from microstructural

changes to the graphite. With cycling, the entropy minimum increases (i.e. the step
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becomes less pronounced) and shifts positively in voltage.

Features below 3.87V To the left of the characteristic graphite stage I — stage
IT transition, there is a slight increase in the entropy change during charge (lithia-
tion of the anode material). However, during discharge (anode delithiation), a more

substantial decrease in entropy is seen as the cell ages.

Features above 3.87V At voltages above ~3.87V, the full cell entropy change
continues to decrease with cycle age. For charge, an increase in entropy change is
observed. For a pristine cell shown in Fig. 2.8, the entropy change contribution from
the anode material is close to zero, and the full cell entropy response is mainly due
to the cathode material. As the internal resistance of the cell increases with cycle
age, the upper voltage limit is reached prematurely. Consequently, the ability to
extract the entropy values at these points is compromised. As a result, the number of
extracted entropy points decreases as the battery ages, which is visible at the edges

of Fig. 2.9(b).

2.3.2.3 Impact of silicon on entropy profiles

As a battery electrode material, graphite is an intercalating material, with Li inserting
into its layered structure [112], whereas silicon is an alloying material, experiencing
solid-solution reactions with lithium [112]. The features of the OCP versus SOC and
the balance of lithium intercalated in Si and Gr at each SOC depend on the ratio
of Gr to Si in the anode and also the cycling direction [66,143]. Since Si is 10% wt
of the anode, but its gravimetric capacity is 10 times the graphite (372mAh/g), the

overall anode capacity is equally composed of 50% Si and 50% Gr [144].

Anode delithiation Due to the similar contributions of Si and Gr to the anode

capacity, delithiation happens sequentially [78,112], that is to say, Gr dominates the
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initial stages of full cell discharge in the range 4.2V to 3.87V (Fig. 2.9). Then, the
capacity contribution from Si and Gr become comparable within 3.87V to 3.65V
interval. Lastly, at < 3.65V, anode delithiation becomes completely dominated by
Si.

Consequently, the discharge entropy change profile shown in Fig. 2.9(b) is a com-
bination of both the Si and Gr reactions, where a steady entropy change flattening
with cycling is observed.

A possible explanation for this is mechanical changes in the anode particles, specif-
ically breaking and cracking, as has been reported in other studies [145,146]. This
is also often mentioned as a primary cause of Si particle inactivation in Gr-Si an-
odes [78,147-149]. Entropy profiling measures (among other contributions) the con-
figurational degrees of freedom of lithium-vacancy arrangements in the electrode ma-
terials [103,105,106,108,137]. Microstructural changes reduce the number of accessible
sites in the host material by causing point defects [107,121] and stacking faults (i.e.
turbostratic disorder [150,151]). Given that there are only small entropy profile fea-
tures from the cathode material at the start of life, changes to cathode morphology
from entropy profiling are not expected to be detectable, even if they are present.
Changes to the surface structural ordering of graphite with repeated cycling have
been reported elsewhere using Raman spectroscopy [152,153], even when the C-rate
is as low as C/37 [153]. It is known that the Li-graphite stages are extremely sensitive
to the stacking order of graphite [150,151]. The observed changes in entropy profiling
with cycle ageing are consistent with the changes to the staging sequence that would
be expected with this type of structural disordering, resulting in a reduced amplitude
of the entropy change from those transitions. This trend is in accordance with the

observed changes to the S3 feature at ~3.87V.
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Anode lithiation Because of the (de)lithiation hysteresis introduced by Si, the
balance of lithium in Gr and Si at each full-cell voltage is very different during lithi-
ation of the anode. Based on the stoichiometric model of lithium filling in Gr/Si
blends presented by Jiang et al. [112], lithiation proceeds simultaneously within Si
and Gr in the interval 3.4V to 4.1V. However, over the same voltage interval, a
greater fraction of Li is inserted into Si. According to the same model, it is only in
the part of the anode half-cell voltage profile corresponding to full cell voltage (>
4.1V) that a greater fraction of lithium is into inserted into Gr. This explains the
observed differences between charge and discharge entropy profiles. An increase in
the entropy change with cycle ageing may suggest expansion of the Si particles with
ageing, agreeing with Vorauer et al. [115]. The cited work suggests volume expansion
is associated with a more non-uniform distribution of lithium, and therefore, it is
possible that this results in the observed increase in entropy change. Therefore, the
discharge entropy measurements should be considered and analysed separately from

the charge measurements.

Entropy hysteresis Over a broad voltage range, the entropy hysteresis increases
with cycling. It is known that there is a negligible difference between graphite
(de)lithiation entropy change above ~3.87V in a full-cell [103, 108, 137], but there
is a hysteresis in pristine graphite at full-cell voltage ~3.87V, which is attributed
to metastable carbon stacking configurations [103]. It is hypothesized that the main
source of hysteresis visible in Fig. 2.9(b) originates from Si, given its large OCP hys-
teresis [149] over a broad voltage scale. However, during graphite transition 1T —
I at ~3.87V, and graphite transition III — II at ~3.65V, the entropy hysteresis
remains fairly constant with cycle age. This could be due to a localised decrease
in hysteresis from graphite, in combination with increase in hysteresis from silicon

across the entire voltage range. Since additional features in the anode half-cell en-
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tropy profiles compared with published data for pure Gr anodes cannot be detected,
the observed behaviour at 3.87V and 3.65V is attributed to the effect of microscopic

Gr degradation.

2.3.2.4 Comparison of DVA and entropy profiling

Entropy magnitudes and entropy hysteresis ageing data may be plotted against volt-
age, as above, giving insight into microstructural material changes. One can also
compare data against capacity, giving insight into electrode stoichiometry changes
(similar to DVA). For consistency, entropy and DVA curves were all calculated from
the same GITT data. Fig. 2.10 shows superimposed profiles of entropy change and
DVA against capacity axis for pristine and aged cells. For calendar aged cells, there
is a slight shift towards lower capacities with age. This characteristic is emphasised
for cycle aged cells, which lost more capacity. It is apparent, however, that the DVA
peaks marking phase transitions find no correlation with characteristic features in the
entropy change profile.

To compare DVA with entropy profiling directly, the derivative of AS with re-
spect to capacity (i.e. dAS/dQ) is computed and is plotted in Fig. 2.11. Since DVA
is a well established diagnostic method, it is used here as a baseline for identification
of degradation mechanisms experienced by aged cells. DVA curves for charge and
discharge are shown in Fig. 2.11. In all test data, the cathode DVA peak D, shifts
towards lower capacities with ageing. According to the literature [80], a horizontal
shift on a DVA curve is due to loss of cyclable lithium. The calendar aged cells exhibit
less visible shifts, indicating less capacity loss than the cycled cells. A corresponding
horizontal shift of marker dS, is observed in Fig. 2.11. The anode peak Dj, indicat-
ing the graphite stage II — I transition, decreases marginally in magnitude for the
calendar aged group. This is followed by a proportionally smaller decrease of the dSs

peak. In the cycled group, however, the DVA peak D3 flattens to the point that it
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Figure 2.10: Entropy change and DVA plots for calendar aged cells (a) charge (b)
discharge and cycle aged cells c) charge d) discharge.
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Figure 2.11: dAS/d@Q and DVA plots for calendar aged cells (a) charge (b) discharge
and cycle aged cells (c) charge (d) discharge.

becomes difficult to distinguish. In the entropy plot, peak dSs is still well recognis-
able, although it decreases in magnitude from the pristine cell data. This suggests
that the entropy change curve is more sensitive to anode phase transformations than
the DVA curve.

The two DVA features D3 and Dy are crucial for the diagnosis of electrode-specific
degradation modes [80,83]. Loss of active material (LAM) in the positive electrode
Qram pr 18 calculated from the capacity difference between Dy and Qy,;;, the maximum
measured capacity. Similarly, at the negative electrode Qyy ng 18 identified as the
change in capacity between D3 and 0 Ah, while the shift between electrodes Qi ,jance

is the difference between the maximum capacity and Qay ng-
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Following the Keil et al. method [80], the same procedure was applied to the
entropy curves to extract ageing markers. From Fig. 2.11 it is clear that the anode
peak D3 corresponds to DVA peak dS; and so peak shifts indicate LAMyg. The
cathode peak Dy occurs in the same region as the dS; peak, and is therefore used
to calculate LAMpg. The results obtained from both the entropy and DVA markers
are shown in Fig. 2.12. Despite some differences, the resemblance is noteworthy,
confirming that entropy measurements can be successfully used for identification of
degradation mechanisms.

Note that, due to the full cell hysteresis emerging largely from Si in the anode
material, the ageing markers may provide different information when calculated from
charge instead of discharge data. However, the standard practice in the literature is
to analyse only one direction of DVA profiles, most commonly charge [82,119, 145].
Given that the main objective in this study is the comparison of extracted markers
from both DVA and entropy profiling, the same procedure is followed here, and only
charge data is used. However, extracted markers are presented in terms of normalised
capacity to account for differences between charge and discharge. Note that the Si
marker in Fig. 2.11, dSg;, occurs at low SOC and is strongly influenced by current
direction. Shifts to this marker are difficult to quantify and interpret, and therefore

are not considered in this study.

Analysis of ageing markers Fig. 2.12(a) shows the estimated ageing markers for
the calendar aged cells. Capacity fade appears to be caused primarily by LLI, which
manifests in electrode balancing changes. This confirms that the horizontal shift on
the voltage axis observed in Fig. 2.9(a) is due to changes in electrode balancing.
No further ageing markers are evident for the calendar aged cells, making LLI the
main ageing mechanism. Conversely, Fig. 2.12(b) shows the ageing markers for the

cycle-aged cells. Overall, there appears to be a decrease in LAMyg with age, as has
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Figure 2.12: A comparison of ageing markers extracted from DVA and entropy profil-
ing for calendar aged (a) and cycle aged (b) groups of cells. In both cases, the charge
profiles were used to extract the ageing markers.

been found by others [145,154]. In our data, LAMpg also decreases, indicating addi-
tional degradation of the cathode material. Lastly, a decrease in electrode balancing
QLI balance SUggests lost Li inventory.

It is noted that there is an apparent ‘capacity recovery effect’” between RPT3
and RPT4. This time period corresponds to an extended COVID-19 lab closure,
during which two test conditions were changed simultaneously: the temperature was
decreased from 45°C to 23 °C and the SOC decreased from 75% to 50%. This resulted
in calendar aged cells experiencing a recovery in LLI together with a less pronounced
increase in LAMyg. This suggests recovery of capacity from the well-known ‘anode
overhang’ effect [139]. Geometrically, anode overhang is defined as an additional
anode area which is not directly opposed by the cathode [155]. Given longer ionic
pathways and therefore a very slow timescale for lateral diffusion from the anode
overhang area to the usable battery area, under certain favourable conditions and
very long time periods, some capacity can be regained [155]. This effect is also present
in the cycled cells between RPT3 and RPT4; however, LAMyg remains constant in

that case.
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2.3.2.5 Comparison of ICA and entropy profiling

The comparison of entropy profiling with ICA provides further, but limited, insight
into degradation characteristic. ICA peaks indicate phase equilibria, and are expected
to manifest as featureless regions on the entropy curves—therefore they cannot be
directly correlated with entropy profiling characteristic features. Both d@Q/dV and
entropy profiles are presented in Fig. 2.13 for charge and discharge for both calendar

aged and cycled aged cells.
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Figure 2.13: Entropy change and ICA plots for calendar aged cells (a) charge (b)
discharge and cycle aged cells (c) charge (d) discharge.

For the calendar aged cell, the ICA peaks shift toward higher potentials, except

for peak Dy as shown in Fig. 2.13(a) and (b). According to [142], the stability of peak
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D, indicates no significant change in the cathode active material. The horizontal
shift towards higher potentials of ICA peaks during charging suggests an increase in
LLI [156]. The same conclusion can be drawn from the entropy behaviour. For both
charge and discharge, the entropy profile shifts towards higher voltages, which, as
indicated by ICA, suggests LLI.

According to Riviere et al. [81], a decrease in the intensity of the ICA peaks
indicates LAM, but this cannot be quantified and distinguished between individual
electrodes as accurately as with DVA. The intensity of peak Dy increased, while the
magnitude of peaks D;-D3 decreased marginally, indicating that LAM in either elec-
trode was minimal. This supports the conclusion that LLI is the primary degradation
mechanism for calendar aged cell. The intensity of the entropy peaks remained rel-
atively unchanged, with only a slight decrease in the magnitude of feature S3. This
confirms that there have been negligible changes in the particle morphology, and
therefore no LAM. While the trough S, remains constant, feature Sy shifts towards
higher potentials, elongating the anodic So-S3 region. There is no information in the
literature that discusses such behaviour, but based on the information obtained from
ICA, it likely relates to changes in the electrode balancing. For the cycled cells, as
shown in Fig. 2.13(c) and (d), the ICA and entropy profiles are more diverse, possibly
indicating the presence of multiple competing ageing mechanisms. For both charge
and discharge, the first two ICA peaks (D; and Dy) shift towards higher potentials,
while peak Dj3 shifts towards lower potentials. This shift suggests changes in the
electrode balancing. Peak D, remained stationary, therefore it can be concluded that
the cell did not experience LAM in the positive electrode. In contrast, the intensity
of peaks Di-D3 decreased significantly, pointing to LAM in the negative electrode

(LAMNg) and LLI as the main contributors to degradation for the cycle aged cell.
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The cycled cells display significant differences in their charge and discharge entropy
profiles. These differences are perhaps a result of morphological changes experienced
by Si, such as expansion and contraction during cycling, causing alterations in both
the magnitude and shape of the entropy profile. The fact that region So-S3 expands

(visible for both charge and discharge) suggests LLI as a degradation mode.

2.3.2.6 Changes in the internal resistance

The internal resistance of the cells Rig may be calculated from the initial voltage
drop following an applied current. In this case voltage drop in the first 1s of applied
GITT pulse was used to calculate the Rig. Considering the low current magnitude
(C/10) of a GITT pulse, an assumption can be made that the obtained values contain

ohmic, SEI and ionic resistances, all independent of applied current.
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Figure 2.14: Internal resistance plots for calendar aged cell charge (a) and discharge
(b). Cycle aged cell reveals substantial increase in internal resistance for charge (c)
and discharge (d) with number of cycles.

The internal resistance (Rigr) is plotted against cell capacity in Fig. 2.14 for both
charge and discharge cycles of calendar aged and cycle aged cells. The results show a
negligible change in Ry for the calendar aged cell but a substantial, two-fold increase

in Rir for the cycle aged cell.

2.4 SEM/EDX analysis

To independently check the degradation signatures obtained from entropy profiling,

a post-mortem analysis was conducted on one cell from each of the interest groups—
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pristine, calendar aged and cycle aged.

2.4.1 Method

A pristine, calendar aged, and cycle aged full-cell were fully discharged to 2.5V at
C/10 constant current and disassembled in an Argon-filled glovebox (Inert Pure-
Lab HE). Scanning electron microscopy (SEM) measurements were performed with
a JEOL JSM 6500F FEG-SEM, operated at low voltage (5kV) to highlight the sur-
face details. Subsequently, a JEOL JSM 6480LV (15kV) SEM was used to obtain
energy-dispersive X-ray spectroscopy (EDX) maps.

A micrometer with 0.001 mm resolution and +0.002mm accuracy was used to
measure the coating thicknesses of the electrode material harvested from the full cells.
The coating thickness was determined by subtracting current collector thickness from
a single layer thickness. This procedure was performed at three different locations on

the electrode and a resultant average value was calculated.

2.4.2 Results

The cell tear-down inspection revealed no noticeable discoloration or delamination
on the cathode of both the pristine and the aged cells. However, the anode’s active
material was found to be more susceptible to cracking and flaking after opening
the jelly roll. The most significant contrast between pristine, calendar-aged, and
cycle-aged cells was observed on the separator surface, which exhibited indications of
electrolyte decomposition, as depicted in Fig. 2.15.

Subsequently, the morphologies of both the negative and positive electrodes were
studied using SEM. Fig. 2.16(a) shows the surface of the pristine anode material.
In this image, the Gr edges are sharp and well defined. The image of the calendar
aged material is presented in Fig. 2.16(b), which shows that the sharp edges of Gr

become less prominent. The coarse particles could be ascribed to the formation of the
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Figure 2.15: Representative samples of cathode (first row), anode( second row) and
separator (3rd row) from Samsung 35E teardown. The first column corresponds to
pristine cell, the second to the calendar aged cell and the third to the cycle aged cell.

SEI layer. Consequently, the surface film thickness increases from 82pm to 86 pm.
These observations correspond well with the dominant degradation mode identified by
DVA and entropy profiling, namely LLI caused by SEI growth. Finally, Fig. 2.16(c)
shows the impact of cycle ageing, where surface film formation becomes significant,
also consistent with LLI. Consequently, the coating thickness increased to 90 pm, i.e.
slightly thicker than the calendar aged film. Given that the LLI in the calendar
and cycle aged materials was similar, it is attributed the difference between the two
instead to greater volume expansion from cycle ageing.

Fig. 2.16(d)-(f) show the back scattered electron (BSE-SEM) images of the pris-
tine, calendar and cycle aged electrodes, respectively. In the pristine sample, the
Si0y particles are visibly brighter than the surrounding graphite particles because of
the higher atomic number of Si compared with carbon, and hence greater electron

back scattering. The SiOy particles in the pristine sample are also brighter compared
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with the calendar aged and cycle aged ones. The difference in brightness can be
attributed to the pulverisation of the densely packed SiO, aggregates upon electro-
chemical cycling, which leads to disconnection of particles via vacancies left behind
by lithium-ion stripping [157]. This lithiation-driven fracture in SiOy particles results
in a newly exposed active material surface, which leads to further SEI formation.
The SEI is composed of lighter elements compared to Si and therefore SEI growth
results in a darker image compared to the brighter pristine electrode. It has been
reported in the literature that a large part of the film growth on Si/C anodes is due
to the formation of lithium silicates [158,159], which could also account for the LAM
observed in the entropy/DVA analysis.

The SiO, particle size range was determined by measuring all the coloured par-
ticles representing the element Si in a 2D EDX images, Fig. 2.16(g)-(h). The size
range of the SiO, particles was found between 1-9 pm, but it was difficult to assess
pulverisation effects solely based on Fig. 2.16(g)-(i).

In contrast to the anode, no thickness changes were observed on the cathodes
across pristine versus aged cells. There were also no obvious colour differences in the
element distribution of EDX mapping shown in Fig. 2.17.

Scanning electron microscopy is a powerful tool for battery degradation analysis,
however, its localised character, due to high magnification, can hinder the study
comprehensiveness. To make the conclusions more robust and comprehensive, it
would be desirable to examine many more samples harvested from diverse locations
on the electrodes, but this was not possible within the time-frame of the current
research. The SEM/EDX analysis was conducted with the help of Chris Salter and

Oxford Materials Characterisation Service.
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2.5 Conclusions

In this study of silicon-graphite/NCA Li-ion batteries, reaction entropy changes were
analysed during calendar and cyclic ageing. Comparison of half- and full-cell entropy
data revealed that the entropy measurements associated with the NCA cathode were
almost uniform as a function of capacity, in contrast to anode entropy measurements.
Thus the full-cell entropy measurements were dominated by anode-related features
during both charge and discharge.

A significant difference between the measured entropy profiles during charge and
discharge was found, indicating an ‘entropy hysteresis’ related to path-dependent
reaction mechanisms in the electrode materials. Changes to the entropy hysteresis
with age were used to infer qualitative changes to the cell material morphology.

For the calendar-aged cells, the entropy profile magnitudes remained almost un-
changed with age, but slight shifts versus voltage were found. Additionally, the
entropy hysteresis remained unchanged with age. These results likely imply that the
microstructure of the electrode materials did not change substantially with age.

In contrast, in cycle-ageing data, our investigation revealed a decrease in entropy
magnitude during discharge and an increase during charge, with greater shifts in
the observable features as a function of voltage than were found during calendar
ageing. The combination of the shift and amplitude change may be attributed to
particle breaking and cracking induced by cycling, with concomitant microstructural
changes to the anode material. It is hypothesised that the changes to graphite-
related entropy features originate from microstructural defects. The overall increase
in entropy hysteresis may be related to Si volume expansion effects, however further
research is required to establish the exact dependency of entropy features on particle
size and Si mass fraction.

A direct comparison between entropy profiling and DVA reveals that in general,

both techniques highlight similar features of battery behaviour. Entropy profiling can
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thus successfully track ageing markers such as LAMpg, LAMyg and LLI. Using these
techniques, both DVA and entropy profiling highlighted LLI as the main degradation
mode for calendar aged cells. Cycled cells on the other hand experienced LAMyg and
LAMpg combined with LLI. Notably, the entropy magnitude was found to provide
greater sensitivity to changes and features at some operating voltages, and these
features are not accessible by DVA.

Further comparison of entropy profiling with ICA confirmed the LLI mode that
was suggested from DVA, but also suggested an increase in the internal resistance.
The Rig of calendar-aged cells remained unchanged, therefore LLI was the sole degra-
dation mode for this cell. However, a twofold increase in (Rjg) was revealed for the
cycle aged cell. This corroborates well with other studies (i.e. [145]. Although some
LAM information can be inferred from ICA, it is concluded that more (quantitative)
insight may be achieved from DVA and entropy plots against capacity. Table 2.2
summarised the capabilities of entropy profiling against DVA and ICA.

The fact that entropy profiling reflects microscopic changes happening within elec-
trode, on top of ageing markers, makes it unique noninvasive tool among ICA and
DVA. It appears that the entropy change curve is more sensitive to anode phase trans-
formations than the DVA curve. However its application is challenging, as discussed

below.
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Table 2.2: Degradation mechanisms identification summary for entropy profiling, [CA
and DVA for studied NCA /Gr-Si cell.

Degradation
modes

Entropy profile DVA profile
Capacity horizontally shifts horizontally shifts
NA NA
decrease towards towards lower
lower capacities capacities
. Horizontal shift
Same principle Cathode/anode peak of ICA peaks Cathode/anode peak
as ICA, (dS4/dSs) shifts towards and for peaks (Dy/D3) shifts towards

LAMpg, ng but in practice lower capacities decreaseI;area lower capacities

too difficult QraM,PE = Qmax — Qasa inder peak Qram,pe = Qrunt — @4

to be practical Quamye = Qass — Qo decrease Qramye = Gpz — Qo
Sy stable while S
LLI shifts towards higher stIlintAt(I))viZl:ls
(ba'la'nCing pOtentia‘IS resulting Qbalance = qull - st3 hicher volta es/ Qbalance = qull - QD3
changes) in the expansion infonsis tont ihift
of the S5-S3 segment
Morphology
changes: Characteristic entropy | Characteristic entropy
. NA NA

eg. particle features fade features fade
cracking

2.6 Limitations and further work

2.6.1 Limitations

A limitation of the entropy profiling technique is its requirement for a specialised
measurement setup and a trade-off between data resolution and the length of testing.
To accelerate entropy measurement, cells must be placed in a fluid medium with a
high heat transfer coefficient to promote fast (~ 10min) and uniform heat exchange.
Typically, DVA /ICA measurements use a C/20 current, resulting in an experimental
time of ~20h, not including preparation time. Entropy profiling meanwhile requires
80 min per SOC point evaluation. Consequently, in 20 h window, it is possible to eval-
uate only 15 SOC points. While this resolution may detect general entropy changes
due to ageing, it may not provide sufficient detail to identify specific degradation
markers. At the same time, the presented 20 min intervals per each temperature

change here is probably excessive, given temperature stabilisation was reached after
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~7min. As a result, using 10 min intervals instead could enable the evaluation of 30
SOC points within the typical time frame required for DVA/ICA measurements. The
evaluation at certain SOC ranges could be optimised by focusing on specific charac-
teristic features and reducing the resolution in other areas. In this manner, entropy
profiling can be compared to ICA and DVA in terms of time commitment, but the
requirement for a specialised setup cannot be avoided.

Another disadvantage of discontinuous entropy measurement is that, as the bat-
tery ages and resistance increases, the endpoints become inaccessible earlier as the
cutoff voltage is reached sooner. If no adjustment or optimisation strategy is applied,
the measurement window becomes smaller.

Another challenge faced by entropy profiling, as well as ICA and DVA, is the use
of extracted information about degradation mechanisms. In real-world applications,
the information must be stored and perhaps presented in the form of lookup tables
and compared regularly with measured data. This suggests that entropy profiling
might be better suited for grid applications, which provide a more controlled and

reliable environment for more accurate measurements.

2.6.2 Further work

Further work should focus on exploring the relationship between entropy and mor-
phological changes. This research would enhance the understanding of microscopic
changes without the need for cell tear-down, surpassing the capabilities of DVA degra-
dation diagnosis. In addition to the information about phase transitions obtained
from OCP vs capacity data, it would involve correlating particle size, electrode poros-
ity, and entropy magnitude and shape.

The limited availability of literature measuring the entropy of batteries with
silicon-doped anodes highlights the need for further research to confirm the findings

of this study. Additionally, while this study confirmed the use of entropy profiling to

74



CHAPTER 2. Thermodynamic changes accompanying battery degradation

extract degradation markers following Keil’s procedure [80], its applicability to other

battery chemistries needs to be verified.
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Figure 2.16: SEM and EDX images of Gr/Si anode harvested from a full cell. First
row: SEM images for (a) pristine (b) calendar aged (c) cycle aged. Second row: BSE-
SEM images for (d) pristine e) calendar aged (f) cycle aged. Third row: EDX maps

for (g) pristine (h) calendar aged and (i) cycle aged cell for identification of Si (green)
and Gr (red).
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Figure 2.17: SEM and EDX images of an NCA cathode harvested from a full cell.
First row: BSE-SEM images for (a) pristine b) calendar aged (c) cycle aged cell.
Second row: EDX maps for (d) pristine (e) calendar aged and (f) cycle aged cell.
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Chapter 3

Degradation-adaptive single

particle model

Building on the ageing results found in the previous chapter, Chapter 3 now presents
a comparative study of changes in a subset of battery electrochemical parameters
throughout life, considering the same NCA/Gr-Si cells as before. Can periodic pa-
rameter updates throughout battery life replace the direct inclusion of degradation
models? The goal of the study is to identify the main degradation modes that occur
and to track transport and kinetics changes throughout battery lifetime by adjusting
model parameters. It is concluded that the parameters impacted by ageing include
diffusion time, stoichiometry, active material volume fraction and kinetic rate con-
stant. The impact of this work is two-fold. Firstly, it is demonstrated how the SPM
can be used to accurately simulate both pristine and aged cell voltage responses if the
model parameters are updated accordingly. From a BMS perspective, this ensures
accurate state of charge, power etc. estimation throughout life, and maximum use of
available capacity. Secondly, this study provides qualitative insight into the impact
of ageing on model parameters, which may inform safety issues such as increased heat

generation.
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3.1 Introduction

The limitations of currently used battery models and state observers often result in
a lithium-ion battery not being utilised to its full potential [100]. This becomes more
pronounced as the battery ages, because most predictive models use parameters ob-
tained from a brand new cell. Additionally, aged cells may experience increased heat
generation leading to safety concerns and higher cooling system energy consumption.

Electrochemical continuum models based on porous-electrode theory provide a
good representation of the internal processes of a battery, including the conserva-
tion of mass and charge in the electrodes and electrolyte, energy conservation, and
reaction kinetics [19]. Estimating some electrochemical model parameters can be
achieved through thorough tear-down procedures. However, reparametrisation of
model parameters as a battery ages is almost impossible in commercial cells, because
half cell potentials change with respect to one another and commercial batteries do
not typically contain reference electrodes.

Conventionally, degradation effects can be included in the existing models by cou-
pling them with specific degradation mechanisms models [160] such as SEI growth [68],
lithium plating [161], cracks propagation [162], LAM [163], electrolyte oxidation [164],
loss of ionic contact [165]. However, this approach adds complexity to the model and
requires accurate assumptions/prior knowledge/quantification about specific degra-
dation mechanisms. While this is useful to understand the degradation processes, the
onboard application in the EV requires a simpler approach. Therefore, this chapter
focuses on a comparative ageing study of changes in a subset of parameters of an
electrochemical model as a battery ages, aiming to identify the main degradation

modes tracking transport and kinetics changes throughout lifetime.
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Table 3.1: Summary of controlled environmental degradation conditions, end of life
(EOL) capacity, and capacity fade across groups A-C. Initial capacity for all cells was
3.40 Ah.* 3 months rest due to COVID-19 lab closure.

Cell Group Degradation conditions EOL capacity Calculated capacity fade
A 35 months storage at ~50 % SOC and 10 °C 3.38 Ah 0.6%

18 months of storage at 50 % SOC and 10°C,

12 months calendar ageing at 75 % SOC, 45°C | with 3 months
rest at 23°C in-between*,

5 months storage at ~50 % SOC and 10 °C

18 months of storage at 50 % SOC and 10 °C,
9 months continuous 2A charge-discharge
C CC cycling at 45 °C, with 3 months 2.67Ah 21.5%
rest at 23°C in-between*
5 months storage at ~50 % SOC and 10 °C

3.14 Ah 7.6%

3.2 Experimental

3.2.1 Degradation procedure

The same group of NCA /Gr-Si cells as described in Chapter 2 was used in this study.
The full accelerated ageing procedure is described in Chapter 2, Section 2.2.3, with

the resultant capacity loss and ageing conditions summarised in Table 3.1.

3.2.2 Parametrisation

Battery tear-down and a set of standardised parametrisation procedures described
in [83] were also performed to obtain additional electrode specific electrochemical
parameters required for the model. Half-cells described in Section 2.2.2.2 were sub-
jected to a galvanostatic intermittent titration test (GITT) consisting of 600s long
1.25 A current pulses with 2 h rest periods between pulses, at zero current. All of the

resulting model parameters for a pristine cell are summarised in Table 3.3.

3.2.3 Training and validation data collection

Before and after ageing, all groups of cells were subjected to non-destructive char-

acterisation tests to enable model parametrisation. A C/20 constant current (CC)
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Table 3.2: List of experiments for model parameterisation, training, validation and
the heat study.

Experiment Purpose

C/20 CC discharge Calculate cell capacity

GITT Estimate solid diffusion constant
Artemis motorway drive cycle Model training

C/2 CC discharge Model validation

C/1 and C/3 Heat study

discharge was used to calculate cell capacity. This was followed by GITT consisting
of 600s long C/10 current pulses with 2h rest periods between pulses, at zero cur-
rent. Upon completion of the ageing protocol, one cell from each group was chosen at
random as representative for that group and used for the model parametrisation and
heat study. An Artemis motorway drive cycle [166] scaled for maximum 1C current
was used for model parameter estimation, C/2 CC discharge test was used for model
validation and 1C and C/3 CC discharge tests were used for the heat generation
study. The tests are summarised in Table 3.2.

The experiments were conducted using a Maccor 4200 series battery cycler, with
temperature measured on the surface of each cell with T-type thermocouples (£0.5°C,
RS Pro). The thermocouples were calibrated against an Omega P-M series RTD (class
A) in a thermal bath (Julabo 900 F). For temperature stability, all cells were placed
in a thermal chamber set for 20°C. To avoid uneven forced convection the thermal

chamber fan was switched off throughout duration of all tests except the GITT.

3.3 Modelling approach

To gain a better understanding of the influence of ageing on an electrochemical model,
a simulation of an isothermal SPM was undertaken using COMSOL with MATLAB
LiveLink. The SPM was selected for its ability to provide a simplified yet accurate

representation of electrochemical processes, with reduced number of parameters re-
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Table 3.3: Summary of pristine cell parameter estimates; ¥, and W_ are positive and
negative electrode parameters respectively.

Parameter Description Wy W_ Method
Parameters that are assumed constant throughout life
L Coating thickness (um) 71.5 83.3 Measured (per side)
A Electrode active area (m?) 0.036285 0.036285 Measured
R, Mean particle radius (pm) 1.2 1 Measured
a Charge transfer coefficient (—) 0.5 0.5 Assumed
chax Mam@um con.centratlon 3Of Li 48000 31398 Theoretical /estimated
in solid material (mol/m?)
Initial values of parameters subsequently tracked with ageing
D Diffusion coefficient (m?/s) 1.9e-16  function Estimated from GITT
Stoichiometry at 100% SOC (—) 0.26 0.74 Estimated
Es Active material volume fraction (—) 0.8 0.875 Measured
k Kinetic rate constant (m/s) 5.5e-11  5.5e-11  Optimised

quired. The mathematical description of the model is available in section 3.3.1, below.
The aim is to identify the main degradation modes appearing in each group of cells

and track battery ageing via model parameter adjustment.

3.3.1 Single particle model equations

In SPM, the transport of lithium into the electrode active material is based on Fickian

diffusion,

de(r,it) 1 0 (5. Oc(rt)
— = —— Dy—— ), 1

ot r2or (T or (3:1)
where Dy is the solid diffusion coefficient, ¢ is the degree of lithiation, ¢ is time and r

is a spherical coordinate. At particle centre, r = 0, and at particle surface, r = R,,.

There are Neumann boundary conditions,

dc (r,t) B
o =0, (3.2)
r=0
dc (r,t) B
D, o y =—J(t), (3.3)
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with the uniform initial condition

c(r,0) = co, (3.4)

where J is the molar flux expressing the rate of the lithium (de)intercalation reaction.
In the SPM, molar fluxes are directly related to the applied current (I),
(1)

J(t) = Fal’ (3.5)

where L is the coating thickness and a, is specific active surface area,

3€s
L= ) 3.6
“ R, (3.6)

The solid-phase intercalation overpotential is described by the Butler-Volmer equa-

J (1) = Fig (1) (exp (%;l(”) ~exp (‘“#@W» | (37)

For Li-ion cells the electrochemical reactions are relatively efficient, hence it is com-

tion,

monly assumed for the reaction to be symmetrical, which results in a_ = o, = 0.5,

and Eq. (3.7) can be rewritten for overpotential 7, as

_JRT . (FJ(1)
77(25)—2?smh (m) (3.8)

Here J is molar flux, 7y is the exchange current density, I’ is Faraday’s constant and
R is the gas constant. The exchange current density depends on initial electrolyte
concentration (), surface lithium concentration in solid phase, maximum (also ref-

erence) lithium concentration in solid phase (¢™*), and kinetic rate constant (k),

io (t,¢) = Fly[d /& (1) /e — & (1), (3.9)
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Finally, the cell voltage expression is given by

E(t) = Eocp+(z4(t)) — Eoce(z-(t)) + n4.(t) — (1), (3.10)

where 1 refers to the surface stoichiometry of each particle, defined x4 = ¢*/c™®,

and subscript ‘+’ refers to positive and negative electrode.

3.3.2 Diffusion time

The literature shows that all standard battery electrochemical models (SPM [25],
SPM with electrolyte [19], DFN [24]) are sensitive to the selected solid diffusion
coefficient values. In most of these models the diffusion coefficient is taken as a con-
stant [19, 29, 167], however, in some cases it is even adjusted between datasets to
match the experimental data [29]—this does not necessarily have physical grounds
since one does not generally expect diffusion time to change with C-rate. An addi-
tional complication to the state of charge dependency of diffusion is battery ageing.
With the irreversible morphological changes experienced by the particles (e.g., crack-
ing or volume expansion) the Fickian diffusion coefficient is expected to change as
well. To explore the value of a degradation- and SOC-varying diffusion coefficient, we
assume here that diffusion coefficient is a function of stoichiometry, and we introduce
a diffusion ageing parameter to account for any diffusive or morphological changes
induced by ageing.

A direct comparison of relaxation times of the investigated cells (Fig. 3.1) sug-
gests that the diffusion time may increase as cell ages. To quantify the increase of
the relaxation times, a common condition was imposed on all cells, namely a cell
was considered to reach pseudo-thermodynamic equilibrium if its voltage change is
less than 10mV /h. The time needed to reach this condition by a reference cell is

approximately 1 h, while for a cyclic-aged cell this duration increases by 2.5 times, as
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Figure 3.1: (a) Voltage relaxation profile and (b) voltage change following 0.5C CCCV
charge at 20 °C for pristine, calendar aged and cycle aged cells.

o

shown in Fig. 3.1.

Conventionally, Fickian diffusion is described by a diffusion timescale, which may
be estimated, via some modelling assumptions, from GITT measurements, potentio-
static intermittent titration tests (PITT) or electrochemical impedance spectroscopy
(EIS). Other approaches involve Bayesian estimation [168], and direct model fitting
to the experimental data [169]. In this work, Sand’s approach [170] is considered. For
individual electrodes, characteristic diffusion time constant ¢p can be estimated from

GITT data, according to

1 (D 4( I dEocp/dc)” (3.11)
tp  \R2) 7 \3eFAL dE/dVt )’ '

where Dy is diffusion coefficient, R, is effective particle radius, A is electrode plate

area, L is electrode thickness, F'is Faraday constant, Eocp is open circuit potential,
c is lithium concentration, [ is applied current, E is measured voltage, and t is time.

However, for the analysis of full cells’ response, a different metric, not requiring
half-cell specific parameters is needed. For this reason only term (%)2 from
Eq. (3.11) is used for pristine and aged cells comparison. The results are plotted
in Fig. 3.2 for pristine, calendar and cycle aged cells. Observations indicate that
the profile of the time constant of calendar-aged cells exhibits a similar magnitude

and shape to that of pristine cells. However, it appears to be compressed along the

capacity axis, which can be attributed to electrode balancing changes (confirmed with
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Figure 3.2: Diffusion time profiles for pristine, calendar-aged and cycle-aged cells.

DVA). In contrast, for the cycled aged group there is both a horizontal compression
and a large increase in the magnitude of the characteristic time constant, reflecting
longer relaxation times that could be caused by ageing. This points that diffusion
time is an important ageing parameter, although it is often assumed constant in the
literature [19] [29] [167].

Additionally, Fig. 3.2 reveals a strong dependency of diffusion time constant on
SOC. However, it is important to note that the method used for estimating charac-
teristic time constant may be affected by OCP gradients, and as they tend to zero
the voltage change with respect to concentration drops to zero, making diffusion time

constant unindentifiable [40].

3.3.2.1 Half cell diffusion coefficient estimation

By using Eq. 3.11 and taking electrode-specific parameters from Table 3.3, it is pos-
sible to estimate the diffusion coefficient for a pristine anode and cathode. Based on

the graphite to silicon proportion in the anode composition (90 wt % Gr and 10 wt
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Figure 3.3: In blue colour - GITT measurement and fit of diffusion for the anode,
using graphite particle radius of 1um. In red colour - GITT measurement of NCA
cathode, using NCA particle radius of 1.2 um.

%), an assumption is made that anode particle size is reflected mainly by graphite
and any expansion effects are neglected. To account for variations across the SOC
range, the diffusion coefficient for both anode and cathode is plotted with respect to
the degree of lithiation in Fig. 3.3.

Here MATLAB curve-fitting toolbox was used to define the diffusion coefficient
function for the anode, with the resultant fit illustrated in Fig. 3.3. The fitted

empirical anode diffusion coefficient as a function of stoichiometry (x) is given by:

_ 2 _ 2 _ 2
D_=cy+a; exp (_M) + as exp (_ (1' bQ) ) 1 agexp (_ (I bg) ) ’
€1 Co c3
(3.12)

with a; = —1.975, as = —2.746, a3 = 0.8401, by = 0.4712, by = 0.7948, b3 = 0.1914,
co = —16.6, ¢; = 0.007297, ¢ = 0.01883, c3 = 0.0004597.

The diffusion coefficient function for the NCA cathode exhibits significantly smaller
variation across the degree of lithiation, therefore, it is assumed constant in this study.

The resultant cathode diffusion coefficient constant and anode diffusion coefficient
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function are then used as a direct input to the model. Given the observed increase
in diffusion time for cycle-aged cells, an additional diffusion ageing parameter, Ap_,
is introduced. The scaling factor Ap_ premultiplies the D_ term in the model and
effectively, any change in diffusivity, particle size or both caused by ageing manifests
in a A\p_ change.
It is worth noting that the effects of the characteristic volume expansion/contraction

of silicon [66], are not included in the SPM particle definition (particle radius assumed
constant). However, the volumetric changes are reflected in the measured OCP of

the anode.

3.3.3 Selection of parameters to track during ageing

To choose the most appropriate parameter subset for tracking during ageing, the
initial quantification of the degradation modes experienced by each group of cells
conducted in Chapter 2 was used. The full range of the DVA ageing markers was
shown already in Fig. 2.12, and a simplified version of this figure, showing only the
resulting markers, is attached below.

In the case of the calendar-aged cells, the capacity fade Qg seems to be caused
mostly by loss of lithium inventory (LLI) [154], which manifests in electrode balancing
changes Q11 palance that shift the stoichiometry of the cell xL. Based on Fig. 3.2,
the diffusion time Ap does not significantly change during calendar ageing. The
kinetic rate is assumed constant with SOC, and equal in both anode and cathode—
it is expected to change with calendar ageing at elevated temperatures due to SEI
side reactions. Therefore, the tracked ageing parameters for calendar aged cell were
selected to be the stoichiometry at 100 % SOC x, and z_ and the kinetic reaction
rate constant k_.

In contrast, for the cycled group of cells in Fig. 3.4 we observe a substantial

decrease in anode capacity Qpa\ yg, resulting from loss of the active material (LAM)
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Figure 3.4: Ageing markers extracted from DVA of charge data for pristine cells at
beginning of life, plus calendar- and cycle-aged cells at end of life. The evolution of
these ageing markers across all reference performance tests is available Chapter 2

[61] which decreases the accessible area on the electrode. Since A_ and e5_ are
linked geometrically (for a constant effective particle radius), according to Eq. (3.6),
we therefore assume that only ¢, _ changes.

The reason for the loss of active material was not identified, but one explanation
involves changes in the particle size [146]. Interestingly, Fig. 3.2 shows a substantial
magnitude change in the diffusion time for the cycle-aged cells—this could be influ-
enced by particle morphology changes. The specific reason cannot be unequivocally
identified, but Ap_ is expected to change. Additionally, an electrode balancing shift
QL1 balance 15 Observed, therefore changes in x; and x_ are expected for the cycle-
aged cells. Fig. 3.4 also shows a decrease in cathode capacity Qpy pg, however,
both electrode parameters cannot be simultaneously fitted uniquely. Based on more
severe degradation experienced by the anode, confirmed in Chapter 2 it is assumed
here that only the anode parameters are changing, while cathode parameters are held

constant. In summary, the tracked ageing parameters for the cycle-aged cells are the
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diffusion ageing factor Ap, stoichiometries at 100% SOC z, and x_, kinetic reaction

rate constant k_, and active material volume fraction ¢ _.

3.3.4 Parameter optimisation

To track the subset of ageing parameters discussed in the previous section, we min-
imised the cost function given by Eq. (3.13)—this is a standard least-squares minimi-
sation problem solved with MATLAB 1lsgnonlin, aiming to identify the parameters
that give the optimal fit between model simulated and experimentally measured bat-

tery voltage. The optimisation problem can be written as

N
mgin Z (Efim — Epr)2 ,

i=1

3.13
6:{91,62,...9n}, ( )

where the superscripts sim and exp represent simulation and experimental measure-
ments. The index ¢ corresponds to the entries in time ¢ of the experimental and
simulated voltages, and N is the number of measurement points ¢ for each experi-
ment. Parameters were constrained between upper and lower bounds. For each group

of cells, the optimised parameter sets are

epristine = {'I-i-) x_, k—}) (314&)
gcalendar = {$+7 xr—, k—}) (314b)
Ocycle = {v4,0_,k_,es_,Ap_}. (3.14c¢)
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3.4 Heat balance

The secondary objective of this chapter was to offer a qualitative understanding of
how battery ageing affects heat generation. The battery heat generation problem
is treated separately to the electrochemical model, given that inclusion of thermal
dependency in the SPM requires an assumption about temperature evolution over
battery ageing and significantly increases the number of parameters in the model.
Therefore, a simplified heat balance relation is used to track reversible and irreversible
heat contributions changes across battery lifetime. The use of a zero-dimensional (i.e.
lumped) thermal model is reasonable since the cells are in a thermal chamber with the
fan turned off, which results in a low heat exchange with the environment. Therefore,
as discussed in Brosa Planella et al. [26], the heat transfer within the cell is fast in
comparison to the heat transfer to the environment, and the temperature gradients
in the cell are negligible (i.e. low Biot number).

To understand how the heat signature changes over the battery lifetime, both
reversible and irreversible thermal contributions are investigated. The irreversible
heat defined in this work describes the reaction heat (Qj.) as a lumped enthalpy of
reaction, enthalpy of mixing and enthalpy of phase change. The @);., is calculated

from the potential difference

Qi = I(E — Eocp). (3.15)

The irreversible heat can be further decomposed into ohmic heat (Qonm ), and reaction

contributions. To calculate the ohmic heat, the following equation is used ,

Qonm = I*Ropm. (3.16)

The ohmic resistance was derived using the same methodology as described in Section

91



CHAPTER 3. Degradation-adaptive single particle model

60 T T T T T T 20

=20

40|

60 & Pristine |

I
=)
T

-80

w
W
AS (J/mol/K)

-100 -

[ 1 120
5 1 140 -
20 1 -160 |

Pristine
.

Internal resistance (mf2)

. . . . . -180 . . . . . .
0 0.5 1 1.5 2 25 3 35 0 0.5 1 1.5 2 2.5 3 35

Discharge capacity (Ah) Discharge capacity (Ah)
(a) (b)

Figure 3.5: (a) Internal resistance calculated based on initial (1s) voltage drop follow-
ing applied current pulse from the GITT for pristine, calendar aged and cycle aged
cells. (b) Total cell entropy with respect to discharge capacity for pristine, calendar
aged and cycle aged cells.

2.3.2.6, however here different equipment was used (outlined in Section 3.2.3), as well
as cells were subjected to additional 5 months of storage. Extracted values of the
internal resistance Ry, for all cells are shown in Fig. 3.5a.

For the pristine cell, the R, values remain relatively constant throughout the
SOC, with a slight increase observed at the beginning and end of discharge. The cal-
endar aged cell exhibits a similar profile, but with a slight increase in magnitude from
20mS? to 23m< at 50 % SOC. The R, profile of the cycle aged cell is significantly
different from the pristine case. At around 50 % SOC the R, has doubled in mag-
nitude. Additionally, at the beginning of discharge, the R, value increased from
approximately 22mf2 to 60 m§2. The increase in internal resistance is likely due to
the LAM and SEI growth given the battery cycling history at elevated temperatures.

One implication of such a significant increase in internal resistance is a rise in
the irreversible heating for aged cells. Secondly, the upper voltage limit of the cell
is reached faster. Consequently, to achieve the fully charged state using a CCCV
profile, a longer CV phase is required. In addition to extending the charging time,

maintaining the battery at a higher voltage is an additional stress factor. As shown
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Figure 3.6: Comparison of CV phase duration and the time needed to reach ther-
modynamic equilibrium after 0.5C CCCV charge at 20 °C for pristine, calendar aged
and cycle-aged cells.

in Fig. 3.6, the CV phase lasts 2.5 times longer for the cycled cell compared to the
pristine cell. Furthermore, the increase in the CV phase duration is correlated with
the time required for the battery to reach an equilibrium condition (in this study
defined as dV/dt < 10mV) due to the increase in the diffusion time.

The second source of heat in the heat balance Eq. (1.3) comes from the entropy
change. The entropy change relates to the reversible heat through the following
expression:

AS

Qrev - ITH_F’ (317)

where AS' is the reaction entropy (as previously discussed). The comparison of pris-
tine full cell reaction entropy change against calendar aged and cycle aged cells is
shown in Fig. 3.5b. The magnitude is comparable between the pristine and calendar
aged cells, and therefore it is expected that the entropic contributions will be similar

for of these both cells.
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Table 3.4: Heat balance equation parameters.

Symbol Description Value Unit

h heat transfer coefficient 10 W/m?/K
A cooling area 0.00418 m?

Cp specific heat capacity 2700 J/kg/K

The heat transfer to the surrounding environment (Qcony) is described by Eq.
(3.18), where heat transfer coefficient h takes a value of 10 W/m?/K to account for a
natural convection in a closed thermal chamber; A describes cell cooling area, T is a
measured temperature at the surface of the cell, and T, is a reference temperature.
Heat of radiation is neglected. The parameters used for simulation are given in Table

3.4.

Qconv = _hA(T - Tref) (318)

3.5 Results and discussion

Following the optimisation procedure, a set of tracked ageing parameters was ex-
tracted for each cell and is summarised in Table 3.5. Simulated voltages match well
with the training dataset, with low root mean squared errors (RMSE), see Fig. 3.7.
To validate the model, the parameters from Table 3.5 were used as input to the model
and a new scenario was simulated; 2C CC discharge. The results are shown in Fig.
3.8, with the voltage RMSE ranging between 24 mV to 27mV between data-sets.

In the case of the calendar aged cell, which experienced LLI, as expected, the
stoichiometric limit on the anode decreased. Additionally, the kinetic rate constant
decreased, suggesting an increase in either specific surface area, resistance, or both.
The increase in resistance may have been caused by SEI growth. The cycle-aged cell

experienced a decrease in active material volume fraction, corresponding to a loss of

94



CHAPTER 3. Degradation-adaptive single particle model

N

NSRRI N
T

Pristine — measured
= simulated

Voltage (V)

W W W w

r RMSE 15 mV
0 1000 2000 3000

5000 6000 7000

4000

N

RN e NE- R N )

Voltage (V)

W W W Ww

0 1000 2000 3000 4000 5000 6000 7000

N

SN XIS

‘Cycle aged

Voltage (V)

W W W Ww

RMSE 32 mV

0 1000 2000 3000 4000
Time (s)

5000 6000 7000

Figure 3.7: Model training - Artemis motorway drive cycle voltage simulation results
for pristine, calendar-aged and cycled-aged cells.

active material in the anode and a stoichiometric shift due to LLI. Diffusion time
and kinetic overpotential both increased with cyclic ageing. The voltage prediction
accuracy decreased in the cycle aged cell, possibly due to cathode degradation which
is not accounted for in the model. Nonetheless, model accuracy remained at an
acceptable level. To highlight the importance of changing parameters during ageing,
a model response using pristine reference parameters was simulated and compared to
the cycled cell, and the RMSE increased to 178 mV.

The results of the heat balance simulations using CC discharge for pristine and
aged cells at 1C and C/3 are shown in Fig. 3.9. The isolated heat profiles indicate
a noticeable increase in both entropy and reaction heating due to overpotentials at
the end of discharge. The constant applied current results in a consistent ohmic
heating profile with a slight increase at the end of discharge. However, for the cycle-
aged cell, the substantial increase in internal resistance at the start of discharge leads

to an initial increase in ohmic heating, as seen in Fig. 3.9e. For the pristine cell

95



CHAPTER 3. Degradation-adaptive single particle model

Table 3.5: Optimisation parameters results for groups pristine, calendar aged and
cycle aged cells. The [-] denotes an unchanged value (reference value).

timisati .
Optimisation Pristine Calendar aged Cycle aged
parameter
T_ 0.74 0.7 0.7
Ty 0.26 0.27 0.35
€s,— 0.875 - 0.7
k_ 5.8e-11  4e-11 2.8e-11
AD_ 1 - 0.7
4.2 T
n Pristine experimental
\~~~<,____: - RMSE 26 mV = = simulated
381 e e Calendar aged 7
~~~~~~~~~~~ RMSE 24 mV
~3.6 ]
Z
34 ]
G
~ 32 i
3 ]
2.8 7
2'60 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

Time (h)

Figure 3.8: Model validation - C/2 CC discharge voltage simulation results for pris-
tine, calendar-aged and cycled-aged cells.
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Figure 3.9: Heat generation across C'/3 discharge (first column) (a), (c), (e) and across
1C discharge (second column) (b), (d), (f) for pristine, calendar aged and cycled aged
cells.
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at a 0.3C discharge rate, the cooling effect of entropy is evident in the temporary
drop in cell temperature. As the entropy becomes more negative for the aged cell,
the resultant temperature profile becomes smoother due to the reduced total cooling
effect on the cell. At a 1C discharge rate, the entropy contribution is too small to
have a noticeable effect on the battery temperature curve. The difference between
the maximum temperatures between pristine and aged cells during a 0.3C discharge
is only 1°C, but this difference increases to 5°C (36°C for pristine and 41°C for
cycle-aged) during a 1C discharge.

In Fig. 3.10 the reversible and irreversible heat contributions are compared. The
calendar-aged cell performance is nearly the same as the pristine cell group, even
though the parameter optimisation revealed a decrease in k_. The kinetic rate con-
stant is directly linked to the irreversible heat generation, which is the main con-
tributor to the total heat generation in the cells. The reversible heat in contrast
contributes only 18% of total heat generation at C/3. The proportion of reversible
heating decreases with C-rate increase. Cycle-aged cells experienced ~50% rise in ir-
reversible heat generation during 1C discharge, demonstrating the significant impact
of ageing on battery thermal performance. Changes in irreversible heating with cycle
age are discussed in Chapter 2, and although (for discharge) the absolute value of
the entropic heat increases with cyclic ageing, the irreversible heat rise is significantly
higher, making the entropic contribution relatively smaller than in a pristine cell.

The rise in irreversible heating is attributed to the significant decrease in k_.
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Figure 3.10: Heat generation across pristine, calendar-aged and cycle-aged cells for
C/3 and 1C discharge.

3.6 Conclusions

This chapter examined the impact of calendar and cycling ageing on the transport
and heat generation of an NCA /Gr-Si cell. To achieve this, two batches of cells under-
went accelerated ageing procedures and reference parameters were obtained through
separate battery tear-down and half-cell construction. A number of parameters were
found to change with ageing: diffusion time, stoichiometry, active material volume
fraction, and kinetic rate constant. It was necessary to limit degradation to one elec-
trode only, due to the parameters of both electrodes being unidentifiable without a
reference electrode. To account for diffusion changes as the battery ages, an additional
diffusion ageing parameter is introduced. For the calendar aged cell, the adjustable
anodic parameters effectively became the stoichiometry and kinetic rate constant.
For the cycled aged cell, the adjustable anodic parameters were the active material
volume fraction, kinetic rate constant, stoichiometry, and diffusion coefficient. To

improve model identifiability, the diffusion in the anode was taken as a function of
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lithiation.

The optimal values for all control parameters were obtained from an optimisation
set to minimise the error between a simulated and experimental voltages. The model
showed good fit of the measured output across all cells, with the RMSE ranging from
15mV for pristine to 32mV for cycled cell.

The main degradation mode revealed for the calendar-aged group was LLI, which
resulted in a stoichiometric shift. This was accompanied by a decrease in kinetic rate,
perhaps caused by anode SEI growth or geometry changes. No significant changes in
diffusion time for this group were noticed. There was a negligible change in the heat
generation between the pristine and the calendar-aged cell. On the other hand, the
cycle-aged group experienced a decrease in the active material volume fraction, corre-
sponding to LAM in the anode, and a stoichiometric shift due to LLI. Both diffusion
time and kinetic overpotential increased with cyclic ageing. This was accompanied
by a50% rise in irreversible heating.

Overall, we conclude that the accuracy of SPM voltage prediction can be main-
tained at an acceptable level throughout the battery lifetime if the parameters are

updated accordingly.

3.7 Limitations and future work

While the parameter update was successful in the presented study, it is a much more
challenging task in an EV or other application. Firstly, it is necessary to make an
appropriate assumption to identify the dominant degradation mechanism, which often
is coupled with another degradation mode. Although in this study the degradation
on the anode was assumed to be prevalent, cathodic changes also happen which
further complicates parameter identifiability, especially in later life. Additionally, in

an EV application, multiple cells are stacked together, which are likely to undergo
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inhomogeneous degradation, and so single-cell parameter adjustment might not be
effective to capture the pack behaviour.

The idea presented in this chapter can be extended in two distinct ways with
differing goals. Firstly, a more precise model, such as the “many-particle model” by
Kirk et al. [171], could be utilised to account for the Si-doped anode. This way, per-
haps more information could be learnt from tracking a more accurate representation
of kinetic and transport changes over the battery lifetime.

The second approach addresses the applicability problem in an EV application.
Here a simpler model than the SPM might be favoured. The equivalent circuit model,
which is already used in most onboard battery management systems is a good can-
didate. Given different parameters used in an ECM, perhaps less information about
transport and kinetics can be extracted directly, however, the identifiability challenges
of an electrochemical model are avoided and the parameter updates with battery age

could be performed without prior analysis of degradation modes.
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High C-rate modelling

This chapter extends the electrochemical modelling approach introduced in Chapter
2 by incorporating a more complex model, and thermal coupling to electrochemical
properties. The focus is placed on high current conditions, with the objective of
accurate prediction of battery states at 10C, relevant for fast charging. A pseudo-3D
continuum thermal-electrochemical model for large-format pouch cells, adapted from
Lin et al. [20], was tested following the Chu et al. [37] parametrisation method. For
model parametrisation and validation, experimental data was collected from an 8 Ah
LFP/Gr pouch cell, cycled at rates from 1C to 10C. An infrared camera was used to
record temperature across the cell surface. During the study, it was discovered that
the chosen parametrisation method was useful for extracting several variables, but it
was unable to capture solid-state diffusion. When this parameter was included in the
optimisation procedure, it resulted in a simulation of a solid diffusion-limited process
that was unrealistic for the selected cell given its high power capabilities. Based on the
tests performed, we concluded that the high-power cell used here did not experience
solid diffusion limitations, unlike in the preceding study of Lin et al. [20] that used
a similar cell but optimised for energy density rather than power density. Therefore,

by combining the parameters returned by the optimiser and assuming infinitely fast
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solid-state diffusion, we were able to simulate the model up to 10C CC and achieve
accurate voltage and temperature predictions. These results demonstrate that, for
a cell optimised for high power (e.g., having thin electrodes), a relatively simple
electrochemical model may be used to give accurate predictions of performance, so
long as temperature is also modelled, and key properties such as conductivities are a

function of temperature.

4.1 Introduction

One significant barrier to widespread adoption of EVs is the issue of charge times.
While fast charging may seem like an obvious solution for reducing charging times
and removing range anxiety for EV users, it can create a host of challenges when
viewed through the lens of battery modelling and management.

The first challenge for high C-rate applications is the (in)ability of a cell to ac-
cept charge because some internal limit has been reached. Depending on the cell
design, high currents may induce certain limiting conditions. The most common is
an electrolyte diffusion-limited process, also known under the name diffusion-limited
current. This limitation is encountered when the electrolyte Li+ concentration close
to a current collector decreases to zero [172]. The limiting current Iy, in Eq. (4.1)
from [172] is influenced by several key design parameters, including electrode thickness

L, electrolyte effective diffusivity D) g, and initial electrolyte concentration ),

QZFDLef—fC?

]lim - I

(4.1)

It can be easily deduced from this that a thick electrode optimised for energy
density will encounter a limiting current at lower C-rates than a thin electrode, but
this is not the only consideration. During high-rate charging, lithiation of the anode

may consume all the lithium ions in the electrolyte around the anode particles (and
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vice versa for discharge and cathode), which causes sudden drop in ionic conductivity
and effectively cell voltage [173].

A further limitation may happen when the surface concentration of lithium in the
particles is either 0 or 100%. The implication is that if the lithiation current at a
particle is slower than the diffusion flux can supply, then the surface concentration
will eventually reach the limit [173]. When surface concentration reaches 100% on
the anode, lithium plating is likely. This is a solid-diffusion-limited process.

Cell modelling that accounts for these limitations becomes even more challenging,
and the literature presenting cases above 6C is heavily limited [57,174]. However, if
EVs were to be charged fast (i.e. <10min), accurate modelling at these high currents
is necessary. An additional implication of high currents is increased cell heating.
Temperature dependency is commonly accounted for via an Arrhenius relationship
for the solid diffusion, electrolyte diffusion, kinetic rate constant and electrolyte con-
ductivity, which further complicates the models. This chapter, therefore, aims to
bridge this gap and investigate effective modelling approaches at high C-rates, up to
10C.

4.2 Experimental

To investigate modelling capabilities and limitations at high C-rates, a high-power
A123 Systems LFP/Gr 8 Ah pouch cell was selected as the test subject in this chapter.
The selected cell was capable of charging at 20C maximum continuous current and
discharging at 50C maximum continuous current according to the manufacturer. The
cell had the same format, manufacturer and chemistry type as the cell studied in
Lin et al. [20]. However, the electrodes were thinner, enabling faster diffusion, at the

expense of lower capacity.
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4.2.1 Pouch cell disassembly

A pristine cell was fully discharged to 0V at C/10 constant current and disassem-
bled in an Argon-filled glovebox (Inert PureLab HE). A micrometer with 0.001 mm
resolution and +0.002 mm accuracy was used to measure the current collector thick-
nesses as well as the coating thicknesses of the electrode materials harvested from the
full-cell. The thicknesses were determined by taking an average of five samples from

different locations on the electrode.

4.2.2 Experimental setup

An Ivium Octoboost 16000 battery cycler was used for cell cycling, with six 16 A
channels connected in parallel to give a total current up to 96 A. A 16 mm? wires
(CEF) were used for the connections from the cell to each channel to ensure negligible
heating of the wires. Two copper bars with large thermal mass were connected to the
cell terminals to act as heat sinks. The battery cell holder was manufactured from an
acrylic sheet to support free heat dissipation from the largest cell faces. The acrylic
frame also acted as an electrical insulator near the tabs and provided very low heat
convection at the points of contact with the battery (the known thermal conductivity

of the frame was 0.17W/m/K). To ensure good electrical contact between the tabs

(b) (c)

Figure 4.1: A123 Systems cell tear-down. (a) Pouch disassembly inside the glove box,
(b) Gr anode (c) LFP cathode.
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and the copper bars, a supporting bar was used to compress the bottom and top
acrylic frames.

A thermal imaging camera (FLIR A35sc) was used to perform lock-in thermogra-
phy alongside measurements of current and voltage, following the procedure proposed
by Chu et al. [37]. The camera was positioned at a distance of 0.78 m from the cell
surface, as shown in Fig. 4.2. The cell surface was coated with black paint (KRY-
LON) with known emissivity (0.95-0.97) to eliminate any thermal reflections. In
order to provide absolute accuracy, the reference background ambient temperature
was subtracted from the IR camera readings based on an independent temperature
measurement with an RTD sensor (Omega P-M series class A, + 0.1°C), located
behind the reference felt square in the image, shown in Fig. 4.2.

Temperature data from the IR camera was spatially smoothed using the MATLAB
function imgaussfilt, a 2-D Gaussian filtering method. Fig. 4.3 shows a comparison
of the original (unsmoothed) data, and imgaussfilt-smoothed data.

The training data for model parametrisation included 2C and 4C square wave tests
with 100 s excitation periods (this will be referred to as 4C100s), and 8C square wave
tests with 50s period (this will be referred to as 8C50s), performed at 50% SOC.
However, it was found that the temperature rise resulting from the 2C pulse was
small and insufficient to give a good signal-to-noise ratio using the thermal camera,
therefore only the 4C and 8C pulse data sets were used for fitting. The independent
validation data set (not used for model parametrisation) consisted of 2C, 4C, 6C, 8C
and 10C constant current charge (from 0% SOC to 100% SOC) and discharge (from
100% SOC to 0% SOC).
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Figure 4.2: Experimental setup. Top picture on the left shows cell holder and tab
connections. Cell marked in purple and reference temperature square marked in
green. On the right, IR camera reading of the same image. Bottom image shows
FLIR camera facing surface of the cell.
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Figure 4.3: Cell surface temperature at the end of 10C CC charge phase. (a) unfiltered
IR camera reading. (b) data smoothed with MATLAB imgaussfilt with a sigma
value of 3.

4.3 Pseudo-3D thermal-electrochemical model

To gain insight into the battery performance during high C-rates, a physics-based
model was selected. Additionally, in order to model thermal gradients across the
battery surface, the model needed to be resolved in more than one dimension. How-
ever, these two requirements substantially increase the computational effort required
for the simulation. Therefore, simplification methods from two consecutive previous
studies were used—by Chu et al. [37] and Lin et al. [20], who proposed cell layer ho-
mogenisation and two types of unique 3D continuum thermal-electrochemical models
that are relevant here. The models enabled accurate voltage and temperature predic-
tions at 4C but also substantial model reduction that improved computation speed.
This study aims to build on the work by Chu et al. [37] and Lin et al. [20] and verify
that the model performance at higher C-rates for selected high-power cells is still

reasonable.
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4.3.1 Model description

The pseudo-3D continuum thermal-electrochemical model is described as follows. At

the microscale level, within the particles, the conservation of species in the solid phase

dc Dy 0 [ ,0c
%= 2o ( E) - (4.2

Here ¢ is Li concentration in the solid and Dy is the solid state diffusion coefficient

follows

and the boundary conditions are no-flux at the centre of the particle

Oc

t,0

and is coupled with a macroscopic problem through boundary conditions

@
or

_ L (4.4)

Dy
F

t,ro

An important simplification is made in this model, namely, solid diffusion time is
assumed to be the same on both electrodes, since there is no reference electrode

measurement. The conservation of charge in the solid phase follows

V-7 = —ad, (4.5)
i = —oVe., (4.6)

where ig is the exchange current density, and the subscript ‘s’ refers to the solid phase;
a, is the surface-area-to-volume ratio, 7 is the reaction current density, o is the solid
phase conductivity and ¢y is the electrical potential in the solid phase. Electrolyte

charge balance is conventionally expressed with

2k RT |
Z):—anbl—i— kR (1 Oln f

F + m) (1 - t+) Vin (@] (47)
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where (1 + %) denotes the thermodynamic factor, but with V¢, = 0, the above

equation simplifies to

[ (4.8)

At each point in the electrolyte, the molar flux is related to the current in the elec-
trolyte

Vi = adi. (4.9)

Kinetics is usually expressed with the exponential Butler-Volmer relation Eq.
(3.7), but in this model, the linearised Butler-Volmer equation is used to calculate the
electrochemical (de)intercalation rate at solid/solution interface i. Nonlinear Burlter-
Volmer equation was tried in place of 4.10 but similarly to Chu et al. [37], it was found

to have negligible effect on the simulation results.

. ioFm
1=

7 (4.10)

The reaction rate is assumed to be the same on both electrodes. The overpotential n

that drives the charge transfer is calculated from

n = ¢s — ¢ — FEocp, (4.11)

where Focp marks the open circuit potential. Instead of using half-cell OCP curves,
the model describes the terminal voltage with a single OCP curve for a full cell. The

terminal voltage F is defined as
E = Eocp + 14+ — -, (4.12)

where overpotential subscripts ‘+,-’ refer to the anode and cathode.  During the

square-wave excitation simulations used for parameter estimation, the OCP (Focp)
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satisfies

AS
Eoce = Eocp(q) + ku(d = go) + — (T = Tret) + Vhys - sgn(1), (4.13)

where, k, is the OCP gradient with respect to fractional SOC at qq, where ¢y is the
average fractional state of charge of the whole pouch cell. AS is entropy change,
Viys is OCP hysteresis at ¢p, which is measured experimentally between OCP charge
and discharge curves ,and ¢ is effective SOC at the particle surface. During constant
current discharge and charge simulations, used for validation, the linearised OCP
curve in Eq. (4.13) was substituted with full-cell experimental pseudo-OCP discharge

data in the nonlinear form

AS(q)
F

Eocp = Eocp(q, T) + (T — Tref). (414)

Here, the conventional cathode OCP was substituted with full-cell pseudo-OCP, while
the anode OCP was set to ground (0V). FEocp and AS come from experiments
measured separately for charge and discharge, therefore hysteresis term Vi is not
used in Eq. (4.14). Initial Li concentrations, active material volume fractions,
average particle radii and other assumed properties are summarised in Table 4.1.
Two model parameters, x and iy, were assumed to exhibit temperature depen-

dency. The ionic conductivity was assumed to change linearly with temperature,

R(T) = Kref + Oé,{<T - Trcf)y (415)

while the exchange current density was assumed to change exponentially with tem-

perature following an Arrhenius relationship [37],

. . —FEy (1 1
ZO<T) = 10,ref €XP |: R s (f - T f)} . (4'16)
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The activation energy for the exchange current density is Fig, and ke and i ref are the
ionic conductivity and exchange current density at ambient temperature, respectively.

Temperature coupling was performed through the local energy balance

~ OT

by = V- (kVT)+ oVos - Vo + VG - Vo + ain + aiT AS. (4.17)

Here (jp is the effective local volumetric heat capacity, k£ is the effective thermal
conductivity, ¢ is the solid phase conductivity and ¢ is the electrical potential in
the solid phase. k is the effective ionic conductivity of the liquid, and ¢ is electrical
potential in liquid. a is the pore surface area per unit electrode volume, 7 is the
current density across the pore surface, T" is the measured temperature and AS is the
reaction entropy of the electrode.

The boundary conditions on the cell surface follow Newton’s law of cooling [20]
- (ﬁ : va) |t,pouch - h(T|t,pouch - Tref)a (418)

where h is the heat transfer coefficient and T, is the ambient temperature.

The model was implemented in COMSOL, following the layer homogenisation
approach proposed by Chu et al. [37], in which NV cell layers are homogenised into
one representative layer in a resultant pseudo-3D space. To account for the number
of layers through the thickness of the cell, the following scaling was applied to the

solid phase conductivity and liquid ionic conductivity parameters:
_ 2 _ 2 _ 2 _ 2
ON = UlN ) Occ,N = Ul,ch ) RN = KIN ) Rsep,N = 'Lil,sepN ) (419)

Chu et al. [37] explain that in order to create material characteristics invariant
between one-layer and N-layer cells, the respective parameters in the one-layer cell

need to be multiplied by a factor of N?. More details on the derivation of Eq. (4.19)
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Table 4.1: Summary of A123 Systems LFP/Gr cell parameter estimates at 50% SOC;
W, and W_ are positive and negative electrode parameters respectively.

Parameter Description v, v Method

L Coating thickness (pm) 31.8 17.3  Measured (per side)
Maximum concentration of Li

¢ in solid material (mol/m?) 14500 26612 Assumed

R, Particle radius (pm) 5 From Lin et al. [20]
o Solid-phase conductivity (S/m) 50 From Lin et al. [20]
€s Active material volume fraction (—) 0.5 From Lin et al. [20]
Cp Solid phase heat capacity (W/m/K) 2000 From Chu et al. [37]
ty Transference number (—) 0.363 From Lin et al. [20]
A& Initial electrolyte concentration (mol/1) 1.2 From Lin et al. [20]

can be found in [37]. The A123 Systems 8 Ah cell tear-down revealed that the number
of cell layers in our study was N = 52. It is important to note that if D; — oo,
scaling of D) is not necessary. However, if a finite value of D) was assumed, to satisfy

the non-dimensional limiting current defined in Eq. (4.1), D; should also scale by N.

4.3.2 Parameter estimation

The battery model parameters listed in Eq. (4.20) were identified through an optimi-
sation routine implemented in MATLAB with forward simulations in COMSOL via
MATLAB'’s LiveLink connection.

T

0= laiy FEiy ket o ku ™ AS CLp k| - (4.20)

2
Here m is the diffusion time (7 = &), and Cip is the heat transfer velocity. Pa-

Dy
rameters were identified by minimising both the battery surface temperature and
output voltage errors between the model and data using maximum likelihood esti-
mation (MLE), which is a statistical method used to estimate the parameters of a

probability distribution, given a set of observed data [175]. The procedure detailing

parameter optimisation is attached in Appendix C.
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The computer used for forward simulations was a high-performance LENOVO
ThinkPad X1 Extreme Gen 5, 12th Gen Intel Core i7, 2400 MHz with 14 cores. The
speed of a single forward evaluation was ~ 9.8 min. To shorten the computation time,
dynamic mode decomposition (DMD), a data-driven method, was used to simulate

only a portion of the necessary timespan and extrapolate the remaining data.

4.3.2.1 Dynamic mode decomposition (DMD)

The DMD is a technique used to reduce the dimensionality of a system. It achieves
this by identifying a set of dominant modes, each of which corresponds to a fixed
oscillation frequency and growth/decay rate. When applied to linear systems, these
modes and frequencies can be used to estimate the modes and eigenvalues of the
composition operator (also known as the Koopman operator) [176]. Following the
approach proposed by Kanbur et al. [177], the data takes the form of a snapshot

matrix X{V

| |
XV =z 2 - zn (4.21)

. |
where x; € R is the i-th snapshot of the field, and XV € RM*N The system states are
pixels outputted from the IR camera image (75 x 91), taken at a fixed time step of 1s.
A matrix is formed by rearranging the pixels into a column vector M = 6825. These
snapshots are assumed to be related via a linear mapping (A) that defines a linear

dynamical system, z;;; = Ax;. The output of the DMD process is the eigenvalues
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and eigenvectors of A.

x2 Ig “ e J:N — A xl 'TQ P xN*l (422)

TV TV
N N-1
X} X!

Here we used Npreqa = 2500 to guess until the 2500s. More information about the
DMD method can be found in Appendix D.

4.4 Simulation I: Results and discussion

4.4.1 Parameter estimates from square wave excitation

The results of the 4C and 8C square wave measurements and simulations with optimal
parameters are plotted in Fig. 4.4. It is observed that both voltage and average surface
temperature profiles fit well throughout the 4C and 8C pulses. Voltage and surface
temperature RMS errors for the 4C simulation were 5.3 mV and 0.08 °C respectively.
At 8C, the RMS errors increased to 9.96 mV and 0.18 °C, which is still perceived as a
good accuracy at such a high current. The parameters found through the optimisation
process are summarised in Table 4.2. The previous results from Lin et al. [20] and
Chu et al. [37] are included for comparison purposes.

All optimal parameter estimates were expected to remain similar across C-rates.
However, a substantial difference was noted as a function of C-rate for the volumetric
exchange current density and electrolyte ionic conductivity values. Both of these
parameters contribute to the ohmic drop, which results in heat generation. The aig
increased with a higher C-rate, while x decreased with a higher C-rate, which may
indicate an identifiability problem. This will be discussed in the next section. The

remaining parameters remained relatively stable across the C-rates. The ky parameter
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Figure 4.4: Simulation results showing voltage and average surface temperature for
(a) 4C and (b) 8C over 2500s, square wave pulses.

returned an average value of 0.205V, which was consistent with Lin et al. and Chu
et al. [20,37], however, the value is substantially higher than the expected physically
meaningful value for this parameter. Based on Chu et al., the OCP linearisation, ky,
is supposed to represent the OCP slope [37], however at 50 % SOC, the experimental
OCP slope for an LFP cell is ~0.03V. This may point towards potential problems
with linearisation, where not all physical phenomena are accounted for, which in turn
may affect the estimated values of other parameters.

The thermal parameters such as k, Cip, a, and iy take comparatively similar val-
ues to the study by Lin et al. [20]. However, entropy change values were considerably
higher than found in previous studies (7.7 J/mol/K) [20], and higher than in other
literature on LFP/Gr cell AS ~20J/K/mol [73,178]. The unrealistically high value
of AS could indicate that the assumed value for solid phase heat capacity was too
high.

A further difference was noted in estimated diffusion time, which was ~ 5 times
longer than in Lin et al. [20]. This finding was unexpected, given that the cell in

this study had the same surface area, but substantially thinner electrodes than in

Lin et al., therefore diffusion time was expected to be shorter. The effect of diffusion
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Table 4.2: Output parameters from 4C100s and 8C 50s square wave optimisation
at 50 % SOC. The last two columns include results presented by Chu et al. [37]
(streamlined model) and Lin et al. [20] (the same model as used in this study), 20 Ah
A123 Systems LFP pouch cell at the same conditions, namely 50 % SOC 4C100s

pulse.

Parameter Description 4C pulse 8C pulse Avg Chuet al. [37] Lin et al. [20]
aig Volumetric exchange current density (A/cm?®) 1.35 2.54 1.92 120 1.8
Eig Activation energy of iy (kJ/mol) 37.2 38 376 30.6 29.2
K Electrolyte ionic conductivity (S/m) 0.025 0.015 0.02  0.019 0.043
o Temperature coefficient of £ (mS/m/K) 3.5 1.5 2.5 2.0 2.7
ky Open circuit potential gradient (V) 0.19 0.22 0.205 0.22 0.24
2
™ Diffusion time g—": (s) 2477 2634 2555 - 590
AS Entropy change (J/mol/K) 32 30.4 312 7.7 7.7
v Heat transfer velocity (/Lp (pm/s) 5.3 5.3 5.3 5.2 5.06
k Effective thermal conductivity (W/m/K) 1.05 1.1 1.075 72 1.2
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Figure 4.5: Visualisation of the impact of change in diffusion time on (a) simulated
voltage and (b) simulated average surface SOC.

time on the linearised model is shown in Fig. 4.5. It can be seen that the shorter the
diffusion time, the ‘flatter’ the pulse voltage response. Slower diffusion times result in
a rounder, larger voltage profile. Judging solely on the voltage profile in Fig. 4.5(a),
the diffusion time of ~2500s provides the best fit to experiment. However, when
comparing against the simulated average SOC of an electrode (in this case plotted
for the anode) in Fig. 4.5(b), an important phenomenon becomes visible. For slower
diffusion times, average surface SOC falls significantly below 5 % of its nominal value

(0.5). The ratio of surface concentration (¢*) to average concentration (¢*'8) becomes
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a parameter that can help identify whether there are solid diffusion limitations.

Clim = —— (4.23)

Ve

From Fig. 4.5(b) with a value of 7p = 2500s found by the optimiser, a significant
solid diffusion limitation is observed, which was not expected for a power cell at 4C.
This is likely caused by a failure of parameter identifiability or an overspecified model.
The average surface SOC profile illustrated in Fig. 4.5(b) suggests that a very fast
diffusion time is required for the solid diffusion limitation not to occur i.e. <250s.
However, this in turn drives the voltage profile to be flatter and increases the voltage
error, which adversely affects the optimiser objective. It seems therefore, that for the
linearised model used and the power cell used, the inclusion of 7 as a parameter to
be estimated may lead to an inability to identify mp, and may have biased the results
of estimating aiy and x. However, it seems that the instantaneous voltage drop is
matched well by the optimised aiy and x parameters and is not affected by a change

in 7p parameter.

4.4.2 Validation with 2C-10C CC full charge/discharge

To investigate further the impact of 7o = 2500's, the same set of parameters (i.e., the
average parameters from Table 4.2) was used to investigate the model performance
during constant current charge and discharge, ranging from 2C to 10C. The results of
these simulations are shown in Fig. 4.6, and it is visible that all simulations terminated
prematurely. This shows that, under constant current full charge or discharge, the

long diffusion time is unrealistic.
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Figure 4.6: Simulation results across 2C-10C constant current discharge (a)-(b) and
charge (c)-(d), with the assumption of 7 2500s.
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Table 4.3: Fitted parameters from the previous 4C pulse simulation including diffusion
(‘Sim I 4C pulse’), and the 4C pulse simulation when Dy — oo (‘Sim 1T 4C pulse”).
The last two columns include comparison results by Chu et al. [37] (streamlined
model) and Lin et al. [20].

Parameter Description Sim I 4C pulse Sim IT 4C pulse Chu et al. [37] Lin et al. [20]
aio Volumetric exchange current density (A/cm?®) 1.35 1.12 120 1.8

Eij Activation energy of 4y (kJ/mol) 37.2 30.89 30.6 29.2

K Electrolyte ionic conductivity (S/m) 0.025 0.021 0.019 0.043

a, Temperature coefficient of £ (mS/m/K) 3.5 2.5 2.0 2.7

ku Open circuit potential gradient (V) 0.19 0.55 0.22 0.48

™ Diffusion time %‘Qj (s) 2477 - - 590

AS Entropy change (J/mol/K) 32 33.14 7.7 7.7

v Heat transfer velocity (%7 (nm/s) 5.3 5.3 5.2 5.06

k Effective thermal conductivity (W/m/K) 1.05 1.21 72 1.2

4.5 Simulation II: Results and discussion

4.5.1 Parameter estimates from square wave excitation

Given the unrealistically long solid diffusion time found in the above Section 4.4, it
does not make sense to try to fit the diffusion time parameter for this cell and this
dataset, so we now explore setting Dy — oo in order to assume fast diffusion, and
then refitting the other model parameters. The resultant voltage and average surface
temperature fits from this process are shown in Fig. 4.7, with corresponding optimal

parameter values summarised in Table 4.3.
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Fig. 4.7(a) shows the voltage response to a 4C100s square wave pulse at 50%
SOC. With solid diffusion dynamics removed (i.e., assumed fast), although general
trends and the outer envelope are correct, the ‘curvature’ of the voltage response
cannot be fitted particularly accurately and the RMSE on voltage has increased to
19.4mV. The parameter ky compensates partially for this effect by taking a higher
value (ky = 0.48), and the voltage response takes a more triangular shape. As al-
ready mentioned in Section 4.4, ky takes an unrealistically high value for the local
OCP slope that it is theoretically supposed to represent (~0.03V for LFP cells).
The fact that slow diffusion gave a better fit to the voltage response during local
square wave cycling (in the previous section), but also caused poor performance dur-
ing full CC charge-discharge, suggests that either there is a parameter idenfiability
issue and/or the model is making some incorrect assumptions about the underlying
thermal-electrochemical behaviour.

In the absence of diffusion overpotential, both x and aig took slightly smaller
values (Table 4.3). As a result, the average surface temperature RMSE increased
slightly from 0.08°C to 0.13°C. The remaining parameters in Table 4.3 are similar

to the previous simulation.

4.5.2 Validation with 2C-10C CC full charge/discharge

To verify whether the Dy — oo assumption is correct, the new parameters of Table
4.3 were used for 2C-10C CC full charge and discharge simulations and compared
to independent measurements. The results are illustrated in Fig. 4.8, where the top
row corresponds to discharge, and the bottom row corresponds to charge. With both
solid and electrolyte diffusion limitations removed, the cell reaches cut-off voltage
when the average SOC reaches 0 %. While the lower C-rate simulations are matched
well to measurements, for both voltage and average surface temperature, as the C-

rate increases, the simulated data begins to deviate from the experimental results,
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Figure 4.8: Simulation and experimental results across 2C-10C constant current dis-
charge (a)-(b) and charge (c)-(d), with the assumption of 7, — oo and all other
parameters constant as fitted in Table 4.3.

particularly during charging. Specifically, during charging the simulated voltage is
overestimated, which leads to excessive thermal prediction. Additionally, for charge,
the simulation slightly overrun the experimental time (the cut-off voltage limit was
reached several seconds after the actual experiment was completed). Although a very
small effect, this might indicate that for charge, a limiting condition was reached that

was not present during discharge, or that there was some small error in parameter(s).

Given that cell internal resistance has been shown to vary with SOC [179], for

improved accuracy, the aig parameter can be adjusted for the beginning of CC charge
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Figure 4.9: Simulation and experimental results across 2C-10C constant current dis-
charge (a)-(b) and charge (c)-(d), with the assumption of 7p — co. aig = 1.12 A /cm?
at 100 % SOC and aig = 1.95A/cm? at 0 % SOC.

(0 % SOC) and beginning of CC discharge (100 % SOC), giving the improved com-
parative results shown in Fig. 4.9. The optimal value of aiq is found by following the
same optimisation routine as in Section 4.3.2, however this time, the only adjustable
parameter is aiy and it is constrained to be the same for all 2C-10C CC datasets so
that a single value of aiq is found for all datasets. This procedure is performed sepa-
rately for charge and discharge, and the optimal values found are aip = 1.12 A /cm? at
100 % SOC and aip = 1.95A/cm?® at 0 % SOC. Here, Fig. 4.9(a) and (c) show voltage
profiles across these new 2C-10C simulations, with a higher level of accuracy between

model and data compared with Fig. 4.8, even at 10C. Similarly, in Fig. 4.9(b) and
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(d) the average surface temperature simulation results reveal a good resemblance to
experiments. However, certain differences are still noted. Specifically, given the low
internal resistance of the power cell used here, the entropic contributions to tempera-
ture become more apparent than in comparable energy cells. A characteristic cooling
behaviour can be observed at the beginning of the charge, as well as in the middle
proportion of discharge. In these regions, entropy change becomes positive (resulting
in cell cooling). This cooling behaviour is only partially fitted by the model, which
suggests that more accurate entropy data, over the full SOC range, may be needed.

Similarly to Lin et al. [20], no substantial errors in voltage or temperature response
were observed due to the assumption of linearised kinetics. Given the low internal
resistance cell used in this study, the resultant voltage drop due to reaction kinetics
caused by the 8C pulse here was less than the voltage drop caused by a 4C pulse for
the cell studied by Lin et al. [20].

Temperature gradients across the cell surface at the end of the CC charge using
model with adjusted aiy are illustrated in Fig. 4.10. The readings from the IR camera
are shown on the left hand side, and the model simulation results are on the right
hand side. The contour plots reveal a certain discrepancy between experimental hot-
spot shape and location compared with simulations. This could be due to assumed
boundary conditions or due to the assumed effective heat capacity of the solid phase.
The fact that average surface temperature was underestimated by the model is also
reflected in Fig. 4.10. Here the maximum value of the simulated hot spot at 10C
charge was 0.39 °C lower than the experimentally observed value. The largest absolute
temperature error, however, is visible for the 8C case, where the error reaches almost

1°C.
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Figure 4.11: Figure presents an impact of solid diffusion time ranging from 0.25s to
25000s on (a) cell voltage and (b) average surface concentration during 10C discharge.

4.6 Solid and liquid diffusion limiting factors

The model here assumed fast electrolyte diffusion D), but for more energy-dense cells,
this assumption could be limiting. Both solid and liquid diffusion times impact the
accessibility of available energy in the cell. Whichever time is longer will limit cell
performance, under-using cell electrodes. In a solid diffusion-limited process (already
discussed in section 4.4.1) very slow diffusion times can lead to surface SOC reaching
its limit sooner than average SOC (0% or 100 %) in the particles, which results in
a sudden overpotential increase. The impact of diffusion time on simulated voltage
and surface concentration is illustrated in Fig. 4.11. As can be seen, for the model
considered here (using parameters Table 4.3), if Dy < 25s then there is negligible
diffusion overpotential, but with Dy > 255 there is a much steeper decrease in surface
SOC, leading to premature cut-off of discharge and possibly issues such as undissolved
Li being deposited (plated) at the electrode surface during charging.

Similarly to solid diffusion time, electrolyte diffusion time can be calculated for
each element in the cell as

12

a,c,s

= —= 4.24
7_Dla,c,s Dl ? ( )
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where subscripts ‘a,c,s’ refer to the anode, cathode and separator respectively. As-
suming similar porosities, this implies that the element with the largest thickness will
experience the highest gradient of electrolyte concentration.

To study the impact of diffusion time on cell response, the same model as in
Section 4.3.1 was used, this time with solid diffusion set to 7p, — oo, and electrolyte
diffusion coefficient varied from 5 x 107 m?/s to 1 x 107"m?/s. The results are
presented in Fig. 4.12, for both constant current and pulse cases. It can be seen
that for D; > 1 x 107 m?/s the voltage response is almost unchanged, and there
is no gradient in electrolyte concentration. A slower electrolyte diffusion time D), =
1 x 1071%m? /s, leads to a concentration gradient created across cell layers, which
results in voltage drop, however, it does not lead to premature cell discharge. Once
lower electrolyte diffusion coefficient values are considered (D < 1 x 107" m?/s),
during a 10C discharge the electrolyte concentration reaches 0mol/m?, which is a
physical limit for cell operation (and would cause iy to drop if full Butler Volmer
equation was used). Given that problem is solved in pseudo 3D, there is a possibility
for local electrolyte depletion. The case presented is from a 1D line intersecting the
middle of the cell (in the horizontal, y, and vertical, z, planes). The same values
for Dy were compared with 4C100s pulse at 50 % SOC voltage response data in Fig.
4.12 (b). It is visible that a decrease in electrolyte diffusion coefficient (i.e. increasing
diffusion time) is associated with a gradual increase in overpotential. However, for a
short duration of pulse, electrolyte concentration does not reach 0 mol/m?, and so the
limiting condition is not reached. In the optimisation routine used in the previous
section, both parameters x and aiy were fitted to account for the voltage drop during
the pulse. This means that if there was a voltage drop caused by electrolyte diffusion,
it would not be possible to identify it, but it would have affected the output value of
fitted parameters.

The two output measurements available from a cell, namely voltage and tem-
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perature, are not sufficient to distinguish between the electrolyte and solid diffusion
limitations. Both result in increased overpotentials and subsequent premature end of
(dis)charge. From a design standpoint, the two diffusion times (7p, and 7p,) could be
of similar magnitude in order to maximise electrodes’ utilisation. A direct comparison
is made here between the diffusion times of three different cells: the Samsung 35E
energy cell introduced in Chapter 2, the A123 System high power cell used in this
chapter, and an A123 Systems moderate performance cell used by Lin et al. [20]. A ta-
ble detailing relevant parameters, i.e. individual element thicknesses as well as particle
radii and effective diffusion times for the three discussed cells is summarised in Table
4.4. Given that the specific electrolyte was not known in all three cases, electrolyte
diffusivity was assumed to be the same for all cells and taken as an average from the
literature available in LiionDB at 1 mol/m?, namely D; = 4 x 1071%m? /s [180].
Table 4.4 highlights the differences in cell solid and liquid diffusion times across
a pouch form factor power cell, energy cell and a cylindrical energy cell. For both
the Samsung 35E cell and the 20 Ah A123 Systems cell, the electrolyte diffusion time
is significantly faster than the solid diffusion time, therefore, the limitation comes
from the solid material first. On the other hand, 8 Ah A123 Systems power cell
illustrates an example of balanced solid and liquid diffusive times, where both 7p,
and 7p, take similar value. Although there are other characteristic timescales that
need to be considered when designing a cell (kinetic/intercalation reaction timescale
[27,42]), a comparison between the electrolyte and solid diffusion times could provide

an indication of whether modelling of certain dynamics is necessary, or redundant.

4.7 Conclusions

This chapter analysed the response of a power cell to high C-rate cycling using a

pseudo-3D continuum model in COMSOL, comparing measurements to simulations.
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Table 4.4: Comparison of diffusion times for three cells: 8 Ah 123 Systems power
dense pouch cell, 20 Ah 123 Systems energy dense pouch cell, and 3.4 Ah Samsung
35E energy dense cylindrical cell.

S AL AT25 Sysiems [ 20 Al ATZ3 Sysiens [20] | SSEISSE]
Anode thickness 173 A0 833
Lanode (pm)
Cathode thickness 318 70 715
Lcathode (pm)
Anode particle radius 5 5 1
Rp,anode (pm)
Cathode particle radius 5 5 19
Rp,cathodc (pm)
Anode diffusion coefficient 1.00E-11 5.00E-14 1.90E-16
Ds, anode (Hl /S)
Cathode d1fft2151on coefficient 1.00E-11 5 00E-14 1.90E-16
Ds, cathode (m /S)
Electrolyte diffusion coefficient
Dy (m?/s) 4.00E-10
Solid diffusion time

R2 e 2.5 500 7578.9
TDs, anode ~ D amode (s)
Solid diffusion time

R cathode 2.5 500 5263.2

TDS, cathode = m (‘)
Electrolyte diffusion time

L2 ode 0.8 4 17.3
"Dy anode — "D, (s)
Electrolyte diffusion time

L2000 2.5 12.3 12.8

"Dy, cathode — D, (s)
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During the optimisation procedure several interesting challenges were identified.

The optimisation of parameters from pulse data returned diffusion times higher
than physically possible to simulate the 10C CC full charge/discharge scenario, de-
spite giving an accurate fit to the square charge/discharge data. This may suggest a
limitation in the model assumptions or parametrisation procedure. Additionally, the
OCP slope parameter ky was found to be unrealistically high (though consistent with
work of [20,37]), which may suggest that certain unmodelled effects, such as voltage
hysteresis or heterogeneities that break the modelling assumptions, are important.

Notwithstanding these limitations, the parameter optimisation routine yielded
credible results for the thermal parameters and was able to fit accurately the instan-
taneous voltage drop following a current pulse. In the initial parameter estimation,
the contribution of heat from the diffusion overpotential was relatively low compared
to the total heat generated. This, combined with the very fast diffusion times needed
to satisfy the CC validation data, led to a hypothesis that the diffusion time could
be considered infinite/very fast for the studied power cell tested under the given
conditions. This assumption was further tested by re-parameterising the model and
checking again with CC full charge/discharge data ranging from 2C to 10C, and it was
found that simulations of both voltages and surface temperatures were well-matched,
with an average surface error of approximately 0.5°C and a maximum of 1°C.

In conclusion, a continuum thermally coupled electrochemical model with lin-
earised kinetics and infinitely fast diffusion for both electrolyte and solid provided
good accuracy for the power cell studied here, providing the most accurate thermal
predictions to date at 10C and plausible estimates of model parameters from data.
However, the model’s accuracy could be further improved for example by considering
the impact of heterogeneity across layers, or of voltage hysteresis. This means that
more research and validation across multiple datasets is required to extend this work.

An additional challenge in electrochemical and thermal modelling may arise when
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dealing with solid or electrolyte-limited processes.

4.8 Limitations and Further work

4.8.1 Limitations

The first limitation of this study arises from the parametrisation procedure used.
While the optimisation routine aimed to remove the need for more resource-and time-
consuming experimental cell characterisation procedures, the presence of numerous
optimisation parameters might lead to correlations among some, making their unique
identification challenging. Additionally, the parameter representing the OCP slope
was found to have a physically unrealistic value, which may suggest a limitation
in the linearisation and homogenisation process and/or unmodelled physics present.
While significant model reduction was achieved through the assumption of infinitely
fast electrolyte diffusion, this assumption may not be applicable to cells with thicker
electrodes—it must be remembered that the cell studied here has already been de-
signed for high power usage. If electrolyte diffusion limitations were experienced by
the cell, this effect would not have been recognised by the model (since electrolyte
was not modelled), and the resultant voltage drop would instead be attributed to
or aiy or another parameter. While the model reduces the number of parameters by
assuming full-cell OCP instead of individual electrode half-cell OCPs, and by assign-
ing a single kinetic rate and diffusion time for both electrodes, these simplifications
mean that no information about single electrode performance (and limitation) can
be drawn from the model-—however, this is a fundamental limit without a reference

electrode.
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4.8.2 Further Work

To address these challenges, it would be beneficial to experimentally characterise the
cell with a more invasive procedure, and compare parameter values obtained to those
obtained here. Reducing the number of parameters to be fitted could also improve
identifiability and solution time. Parameter sensitivity analysis should be performed
to verify if all the parameters can be uniquely identified.

The observed disparity between the pulse voltage curvature, which requires a phys-
ical effect such as slow solid diffusion, and the full charge/discharge CC data, which
requires fast diffusion, suggests the presence of unmodelled physics or limitations
within the current model and its assumptions. Thus, investigating this phenomenon
further is critical to gain a more comprehensive understanding of the underlying
physical mechanisms at play. This work did not focus on the influence on the volt-
age response of the charge/discharge pulse duration during squarewave excitations,
however, this should also be addressed, as well as considering a wider range of SOC
points. A more comprehensive study is also required to address the poor identifiability
of parameters at lower C-rates, where temperature rise is small.

Additional work could consider the optimal definition of cost functions used in
parameter optimisation. In this work, a pixel-to-pixel comparison of temperature data
was used for surface temperature. However, in Lin et al. [20] a temperature spatial
concavity metric was proposed, where a correlation was made between concavity in
one direction across the cell, and solid diffusion time value. While the evolution of the
hotspot shape can be explained by the diffusion limitation causing increased heating,
in this work, the shape of the hotspot was not affected by the solid diffusion time.
This raises the question of whether concavity or a similar metric is necessary for
diffusion parametrisation or if the shape and evolution of the hotspot are dictated by

the boundary conditions and assumed heat capacity value.
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Conclusions

The aim of this thesis was to contribute to the development of advanced battery man-
agement systems for electric vehicles through improved degradation diagnosis/prognosis
and cell modelling. Three pressing challenges in the EV world were identified and

discussed in individual chapters:

e accurate diagnosis of battery ageing,
e cffective inclusion of predicted degradation within the battery model,

e accurate prediction of internal battery internal states at high current rates (fast

charge).

5.1 Contributions

5.1.1 Accurate diagnosis of battery ageing

Entropy profiling was proposed as an alternative method for degradation diagnosis.
So far this method has not been quantitatively studied or compared to available

state-of-the-art methods such as DVA /ICA, and work in this chapter has filled this

gap.
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For this investigation, NCA /Gr-Si cells were used and subjected to various ageing
protocols. Periodic performance tests were conducted to record the state of the cells
at different stages of the ageing process. The investigation revealed a difference in
entropy profiles during charge and discharge, indicating an entropy hysteresis related
to path-dependent reaction mechanisms in the electrode materials. Changes in en-
tropy hysteresis with age inferred qualitative changes in cell material morphology. For
calendar-aged cells, the entropy profile magnitudes remained almost unchanged with
age, whereas in cycle-aged cells, there was a decrease in entropy magnitude during
discharge and an increase during charge, indicating particle breaking and cracking
induced by cycling.

The study compared entropy profiling with DVA and ICA, and showed that en-
tropy profiling could successfully track ageing markers such as LAMpg, LAMyg and
LLI, with greater sensitivity to changes and features at some operating voltages that
are not accessible by DVA. This means that entropy profiling is a unique noninvasive
tool that can be successfully used in degradation diagnosis. However, its application

is impeded by practicality; a time-consuming process with a demanding setup.

5.1.2 effective inclusion of predicted degradation within the

battery model

Conventionally, some degradation effects can be incorporated into existing models
by coupling them with specific degradation mechanism models. However, this ap-
proach requires more complex models, accurate assumptions, and prior knowledge
of duty cycles and the environment. Consequently, this approach leads to increased
model complexity, which is unsuitable for BMS purposes. In this investigation, an
alternative approach was proposed, in which the BMS periodically performs a numer-
ical parameter re-evaluation over the battery’s life instead of incorporating separate

‘open-loop’ degradation models.
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In this investigation, the single particle model was used as a base model for which
several parameters were found to change with ageing. These parameters included
diffusion time, stoichiometry, kinetic rate constant, and active material volume frac-
tion. The decrease in the kinetic rate constant with cycling caused a substantial rise
in irreversible heating. An increase in both kinetic overpotential and solid diffusion
time led to an elongated CV phase since the cut-off voltage limit was reached sooner.

The impact of this work is two-fold. Firstly, it demonstrates how the SPM can
accurately simulate both pristine and aged cell voltage responses if model parame-
ters are updated accordingly. From a battery management system perspective, this
ensures an accurate state of charge, power estimation, and maximum use of available
capacity throughout the battery life. Secondly, this study provides qualitative insight
into the impact of ageing on model parameters, which informs safety issues such as

increased heat generation.

5.1.3 Accurate prediction of battery internal states at high

current rates

This study aimed to fill the gap of battery modelling at high C-rates (10C target),

especially during charging, and answer two questions:

e [s it possible to model accurately the internal states of the cell at high C-rate

conditions with current battery models if the limiting condition is not reached?

e [s there an additional current dependency or dynamics, that become more preva-

lent with C-rate increase, that state-of-the-art models do not account for?

To address these questions, a high-power cell was tested up to 10C and modelled
through a pseudo-3D multi-physics model. An optimisation approach was used to
identify a number of thermal and electrochemical parameters including diffusion time.

The optimisation yielded favourable results for the thermal parameters and was able
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to fit the instantaneous voltage drop following a current pulse well, however, it led
to an overestimation in diffusion time. The contribution of heat from the diffusion
overpotential was relatively low compared to the total heat generated. This, com-
bined with the significantly faster diffusion times needed to satisfy the validation data
conditions, led to the assumption that the diffusion time could be considered almost
infinitely fast for the power cell tested under the given conditions.

The continuum model with linearised kinetics and infinitely fast diffusion for both
electrolyte and solid phases provided good accuracy (in terms of voltage and tempera-
ture outputs) for the studied power cell, even at 10C. This means that the additional
complexity of existing models, for example the focus on 1D+1D DFN approaches,
might be in the wrong place. Instead of adding more transport mechanisms, it has
been shown here that long-range temperature variations and temperature dependence
of parameters are particularly important for predicting large pouch cell behaviour.
These results offer the most accurate thermal prediction to date at 10C. However, the
model’s accuracy could be further improved with a revised model and parametrisation

procedure, to obtain better agreement between training and validation data.

5.2 Limitations and further work

While this thesis contributes to the understanding of cell degradation and thermal
modelling and highlights the resultant implications for an EV BMS, it also reveals

several avenues of research that remain unexplored.

5.2.1 Battery degradation diagnosis

Proposed in Chapter 2, entropy profiling for the diagnosis of battery health proved as
informative as DVA and ICA in degradation mode identification. However, there are

still unanswered questions, and future work should focus on exploring the relation-
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ship between entropy and morphological changes. This research could enhance our
understanding of microscopic changes without requiring cell tear-down, surpassing
the capabilities of DVA degradation diagnosis. Specifically, it would involve correlat-
ing particle size and electrode porosity with entropy magnitude and shape. Due to
the challenges posed by entropy measurement, there is a need for an improved tech-
nique that is time-efficient and easily implementable in a varied environment. Such
a technique would benefit not only entropy use in degradation prognosis but also in
thermal modelling.

Integrating degradation information into a BMS is not a straightforward task. The
periodic SPM parameter update method proposed in Chapter 3 was successful in the
presented study, but it may face challenges in real EV applications. In addition to
the prevalent anode degradation found in this study, cathodic changes can also occur,
further complicating parameter identification. The model used assumed no electrolyte
dynamics, however with battery ageing, electrolyte degradation may occur [181] and
inflict limiting conditions on the cell, which could be otherwise attributed to an
electrode. Therefore, it would be valuable to investigate model parameter updates
with electrolyte inclusion.

In EV applications, multiple cells are stacked together, and they are likely to
experience inhomogeneous degradation. Thus, adjusting parameters for a single cell
may not be effective for the entire pack and may not be computationally feasible.
While simpler models such as ECMs may be preferred for parameter updates in a
BMS, finding an efficient method for updating the parameters for the entire pack

remains a challenge.

5.2.2 Modelling at high C-rates

Literature on power cell modelling is lacking, and Chapter 4 has shown that not all

dynamics and conclusions drawn from thicker electrode cells are necessarily applicable
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to high-power cell applications. More research should focus on informing decisions
about which dynamics to model and which ones to exclude. A useful metric for this
could be the identification of limiting conditions and an assessment of which condition
occurs first (if any) in a given application, but this would need further research.
Numerous studies have emphasised the importance of the solid diffusion coefficient
change with lithiation, which was also investigated in Chapter 3. However, when more
attention was focused on the solid diffusion problem in Chapter 4, it was revealed
that its functional dependency on lithiation has a negligible impact on simulated
voltage (if solid diffusion limiting condition is not reached) but adding the dependence
on lithiation increases model complexity and solution time. Current techniques for
solid diffusion coefficient estimation are limited, and more research is required to
improve and harmonise these techniques. Additionally, more thought should be given
to a general consideration of whether lithiation-dependence improves model accuracy
or provides model redundancy. With the increasing production rate of cells and
increased amount of variants available on the market, improvement in characterisation

techniques (either experimental or parameter fitting) is sought.
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APPENDICES

Appendix A: Deriving the link between entropy pro-
filing and the differential voltage analysis

The open circuit potential is considered analytical and differentiable. While this

condition is true throughout most of the OCP range, the abrupt energy changes

accompanying phase transitions result in localised ‘discontinuities’ on the OCP curve

across the degree of lithiation. This rapid change in the OCP gradient is commonly

identified by the DVA as a peak on the dV/d@Q curve. Because OCP is a function

of both lithiation and temperature, discontinuities in  dimension propagate across
dAS

the T plane (see Fig. Al). Therefore, computing %, allows for identification of the

same discontinuities as DVA.

Z

A

Eqcp(x,T)

=

T

Figure A1l: Graphical representation of the open circuit potential (z) dependency on
temperature (7") and degree of lithiation (z). Angle « is arbitrary and assumed for
visualisation purpose only.

To demonstrate a direct relation between the DVA and entropy change, following

equation is derived:
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d (OFEocp) _ d
dQ \ or )" dQ

where DVA is

DVA:(

Substituting molar entropy change

dQ

(

dEocp _ d (dEocp
T ar \"do )’

dEocp
dQ ’

985 and DVA into equation (1) gives

d i@(AS)
nF Oz

x

):%(DVA).
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Appendix B: Entropy estimation algorithm param-
eter study

Methods considered:

Method 1: Eocpest = a+b-1n(t) (4)

Method 2: Eocpest = - ety (5)
a-t

Method 3: E st = —— 6

etho OCPest = 777 +c (6)

Table Al: Parameter values together with standard error for a selected point at
around 50 % SOC, discharge, for a pristine cell.

Method parameter value parameter standard error
a b c a b ¢
M1 0.0003313  3.7074226 - 0.0000036 0.0000112 -

M2 0.0382000  0.1302000 4.1229000  0.0005000 0.0033000 0.0002000
M3 525.0908726 -0.0000466 -520.9629492 0.0002537 0.0000028 0.0002537
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Appendix C: Optimisation procedure

Given the need to optimise parameters simultaneously using both voltage and tem-
perature measurements, a voltage cost function Jy . and a temperature cost function
Jr . were used applying the maximum likelihood estimation [175]. The temperature
function Jr is also assumed to consider average surface temperature Jrayg . as well
as maximum surface temperature Jppyax . contributions. The objective functions are

described below as

N, X i 2
L3 (v v
o= N LAV, "
eXp 51m )2

s = XX Z Z Z D )

(TeXP _ T51m ) 2

JTmax,c = e XT&);I;(II:&X ol ) (9)
JT,C - JTavg7c + JTmax,c~ (10)
Jtotal,c =e* JV,C + e* JT,C — 21 — Z2. (11>

Here, subscript ‘c’ refers to the C-rate dataset used (4C or 8C pulse), i is the timestep
(1s), and j and k are pixel coordinates in the horizontal (X-axis) and vertical (Y-axis)
directions respectively. The superscript ‘exp’ refers to experimental data, and ‘sim’
to simulated data; z is an inverse natural log of variance.

Due to the high computational cost of simulating this high-fidelity battery model,
a surrogate optimisation technique using MATLAB function surrogateopt was em-
ployed to reduce the number of cost function evaluations required. The solver searches
for the global minimum of the objective function, subject to predefined upper and
lower bounds miny f(x), such that ib < 2 < ub. The optimisation was initially set to
perform 100 evaluations choosing parameters at random. Subsequently, the adaptive

algorithm was initialised, with optimiser performance illustrated in Fig. A2.
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Figure A2: Optimisation cost function output using the 4C 100s square wave exci-
tation data at 50 % SOC. The first 100 iterations are performed through a random
search, followed by an adaptive search.
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Figure A3: Prediction results showing the performance of DMD for average surface
temperature for 8C COMSOL simulation with arbitrary parameters (a) mean absolute

error over time for the worst predicted pixel and (b) error histogram distribution for
all pixels.

Appendix D: Dynamic mode decomposition

In Fig. A3, we demonstrate the performance of the above-given algorithm by pre-
dicting an 8C COMSOL simulation for an arbitrary step within the optimisation
procedure. Prediction up to a time horizon of 1000 s shows great accuracy with very
low error, therefore allowing us to shorten the simulation by half.

Despite the high number of pixels available from the IR camera reading, finding
the linear map may not be straightforward. Therefore, several augmentations should
be done for DMD. First, the effect of the dynamic current in pulse simulations is
considered, which leads to the use of DMD with control [182]. Then, to enable

computation of thermal gradients with respect to time, the X vector is augumented
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with delayed snapshots as well as nonlinear terms [183,184]. This leads to:

_ ]év_l -
_ - _ _ ]é\f—2
XY =T, X't =T
IN=3
Xyt =T | = A X2 =T | +B (12)
(1)
XN 2 T51m XN 3 T51m 3
e el el ey
Y+ Y
(1)
L . _
— AY + BY (13)

Here double delay was used as well as current with the square of the current at
the same time. This allowed us to capture the second derivative of the temperature
as well as power losses related to the square of the current. As it may not be possible
to find high dimensional versions of A and B, SVD was employed to find reduced
order versions, following the procedure in [182], we first define 2 by concatenating Y

and Y vertically.

then the corresponding singular value decomposition is found as

Q= U5, VH (15)

here (-)% denotes the hermitian (or complex-conjugate transpose) operator and r

denotes that only the first r singular values and corresponding singular vectors are
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computed and the rest is truncated. Using SVD again:
Yt U,5,V0 (16)

In this study,r = p = 14 was used, which is found by trial-and-error. Then reduced

order matrices A and B are computed by:

B=UY VISTUY e, (18)

T

where a : b denotes only rows from a to b are used where y number of rows of Y and

¢ is the number of rows of Y. Lastly, any prediction of Xeq could be written as:

21 = Az + BTy, VE € [1, Nyred) (19)
5 =U'Y, (20)
Xpred,k - Up,l:MZk + Trsriiric (21)

Here Nprea = 2500 was used to guess until the 2500s.
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