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7All models are wrong, but some are useful.”

George E. P. Box






Abstract

The performance impact of beginning of life cell-to-cell variation on a lithium-
ion battery system using reduced-order pack models of di Lerent resolutions is
investigated. The aim is to evaluate the eledts of variance, how simplified
models of the entire battery pack can reproduce certain key performance indi-
cators, such as fast charge time or extractable discharge energy, under di [erent
operating conditions and levels of parameter dispersion. The aim also seeks to
identify when higher model resolution is necessary and its subsequent e [edt on
the computational time. The parameter dispersion in the system is introduced
as variations in capacity, internal resistance, and state of charge imbalances
between the individual cells, with varying degrees of parameter variation and
combinations. Two simulation environments were used which both utilized an
equivalent circuit model consisting of two RC-branches; one for fast charging
procedures with a more refined thermal representation of the system, and one
for discharge simulations with a less detailed thermal model.

The results show that the influence of cell-to-cell variation depend strongly
of both the parameter being varied and the operating mode. During fast charge,
resistance variation has the strongest e [edt on the charging time. When only
one parameter is varied, the lowest resolution model predicts similar perfor-
mance indicators to that of the full-scale model. However, as more parameters
are allowed to vary simultaneously, the reduced models deviate increasingly
from the fully modelled system. During discharge, capacity and initial state of
charge have the greatest impact on the usable energy in the pack. The di[erknt
cell models produce minor di [erknces in the performance indicators regardless
of the amount of variation or the parameter combinations.

The findings indicate that reduced order models can be suitable for cer-
tain analyses, particularly when variation is limited. The gain in computational
runtime is however closely related to the level of spatial representation of in-
dividual cells used to capture temperature gradients in the system. Full scale
modelling becomes more important, especially during fast charge simulations,
when multiple sources of heterogeneity interact together. This is valid both
on a system perspective as well as on a cell-to-cell perspective. Reduced order
models could however be useful during discharge scenarios, both on a system
and cell-to-cell perspective, if the discharging current is considered relatively
low, with only minor losses in the predicted accuracy. This thesis therefore pro-
vides guidance for selecting the appropriate model resolution in battery pack
simulations depending on the operating mode, and highlights the importance
of accounting for cell-to-cell variations in both system design and performance
evaluation.

Keywords: Cell-to-cell variation, Reduced-order modelling, Fast charging, Dis-
charge performance, Thermal modelling.
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Introduction

Advances in electri cation technology, global environmental regulations, and
growing customer demand for sustainable mobility solutions are driving factors
in the present global automotive industry. Though there are currently several
options available on the global market for more sustainable propulsion systems
compared to internal combustion engines, battery electric vehicles (BEVs) have
emerged as a pathway towards reducing greenhouse gas emissions and the de-
pendency on fossil fuel [1]. The transition towards electri ed vehicles have
placed lithium-ion battery systems at the core of the modern automotive indus-
try. Lithium-ion battery systems are utilized in a wide range of applications,
due to its performance in key indicators such as high energy densities, high
coulombic e ciencies, and low self-discharge features [2]. Within this transi-
tion, the overall performance, safety, and cost-e ectiveness play a critical role
in determining the competitiveness between di erent models of BEVs, automo-
tive manufacturers or user acceptances. The development of e cient, reliable
and robust battery systems is therefore a valuable indicator for achieving goals
related to consumer experience, sustainability, and safety.

In an electric vehicle, the traction battery system is a complex system
consisting of a variety of safety-critical subsystems. Ideally, the battery system
should have high energy density to provide a su cient amount of usable driving
range before recharging, while also maintaining a high power capability to meet
dynamic load demands as well as a robust thermal behaviour during di erent
environmental or driving conditions to ensure a safe operation [3]. At the same
time, the battery system must be designed to operate reliably and safely over
many years while also adhering to strict requirement regarding cost, weight,
packaging and manufacturability.

The complexity of a modern traction battery system consequently yields
a system deeply integrated in the overall vehicle architecture. As a result, the
performance of a battery system should not only be evaluated at a component
level, but also in the broader context of full vehicle system operation. The
utilization of mathematical models is therefore an essential tool in the develop-
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ment process, enabling key insights in design concept and operating scenarios
early in the product development cycle.

However, modelling battery systems in an accurate as well as a computa-
tionally e cient manner remains an area of its own challenges and opportuni-
ties for research and industrial development [4]. As battery systems present a
multi-physics complexity involving several aspects, with key challenges coupled
to electrical and thermal phenomena, di erent modelling approaches may rely
on assumptions or simpli cations to balance accuracy with computational cost.
Even so, certain modelling techniques coupled with speci c assumptions may
inherit the model's ability to accurately represent the non-uniform behaviour
that may arise within large battery packs, especially during non-ideal driving
conditions or periods of higher loads.

Modern BEVs consist of a large number of cells connected in series and par-
allel con gurations with strict requirements on the manufacturer in regard to
the cells properties. Despite being manufactured with tight speci cations, bat-
tery packs exhibit cell-to-cell variations (CtCV) due to intrinsic factors such as
manufacturing tolerances, material inhomogeneities, and process uctuations
[5]. These internal factors can cause deviations within the battery pack, which
could manifest in localized temperature spikes in the pack and an increase in se-
lective ageing of the cells over time. CtCV also manifest from extrinsic factors
such as non-uniform operating conditions, unequal load sharing, asymmetri-
cal cell connectors, ine cient cell arrangements or insu cient cooling systems,
which further ampli es disparities during usage [6]. These cell variances may
manifest in di erences in capacity, internal resistance, thermal behaviour or
ageing mechanisms between individual interconnected cells [7], which could
signi cantly a ect the overall performance on a system level. System level per-
formance, such as usable energy or peak power, is often limited by the weakest
cell in the battery pack. This may cause a premature capacity fade, an ac-
celerated degradation of specic cells, and an increased risk of safety-critical
features [8].

1.1 Related Work

Modelling the e ects of CtCV in lithium-ion battery systems has received a
growing attention in the academic research, motivated by the critical impact
non-uniform cell distribution can have on performance, lifetime and safety as-
pects. A recent study focuses on the in uence of CtCV on fast charging per-
formance for battery packs, where it was investigated how distribution of cell
capacity and internal resistance a ects charging time, the nal delivered en-
ergy quantity and temperature consistency within the pack [9]. The results
show that variations in the initial capacity predominately in uences the nal
energy quantity, while variations in the resistance between cell to cell largely
impacts the charging time. The authors also conclude that coupled parameters
variations show a decline in pack performance in later ageing stages, with a
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non-linear degradation of pack charging capabilities.

A multi-physics model that couples electrochemical, thermal and ageing
behaviour is investigated in [6]. Their study shows that module topology and in-
terconnection design signi cantly a ect current and thermal distribution within
a battery module. The authors emphasize that not only cell properties have
an e ect on cell variations and the level of homogeneities within the battery
pack, but also the electrical architecture. This includes module con guration,
contact resistance and connector design, and the layout of busbars, tabs, and
wiring.

The works of [10] investigates the impact of CtCV in battery pack and how
it a ects the performance of BEVs. It compares di erent methods, string and
Cross con gurations, across three pack sizes, various discharge rates and under
nine operating conditions. The results indicate that cross-connected battery
packs have a tendency to deliver less energy than string-connected ones, leading
to shorter driving ranges. The authors also conclude that a greater deviation
in initial cell capacity reduces overall energy output, where string connected
packs exhibit better performance under these operating conditions.

A Monte Carlo study by [11] shows that intrinsic variations in internal
resistance and capacity may lead to distinct di erences in current distribution,
heat generation and temperature spread, especially during high discharge rates.
While parallel connected cells could reduce capacity spread, it also has an
adverse e ect on heat and temperature spread. The authors also conclude
that current, heat and temperature correlate strongly with internal resistance
and capacity. A similar Monte Carlo study is investigated in [12] on battery
energy storage systems, with a focus on voltage deviations across the system. In
this work, voltage deviations refer to the maximum terminal voltage di erence
between any of the cells within the system. Both experimental and simulations
show that CtCV may introduce signi cant voltage deviations at very low and
high SOC levels, especially if the spread of the internal resistance between cells
is higher.

The authors in [13] develop and validate a battery pack model using ex-
perimental vehicle data, focusing on how individual cells e ect overall system
performance and ageing rates. Small CtCV caused by manufacturing di er-
ences or uneven ageing concludes to have a small short-term e ect on pack
voltage and temperature distribution during a single drive cycle, but these ac-
cumulates over time. Variations in capacity between cells are further shown to
have an in uence on the spread of the state of charge (SOC) level at the end
of the drive cycle.

The work in [14] examines the correlation between capacity fade and re-
sistance increase in commercial pouch cells under controlled accelerated ageing
rates at various temperatures and SOC. A strong correlation is concluded be-
tween capacity fade, due to loss of available lithium-ions, and the increase of
resistance for both calender and cycle ageing. The authors also conclude that
temperature has an important e ect on the accelerated decrease or increase
of these parameters, where higher operating temperatures has a more severe
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impact on cycling life compared to calender life. A similar work in [15] pro-
vides valuable insights into the correlation between parameter variations in
capacity and resistance and its e ect on the overall pack statistics of modules
connected in series, parallel or mixed con gurations. Both parallel and series
con gurations can reduce the overall parameter variations in modules, with
parallel con gurations being more e ective at reducing capacity variations.
The study nds that parallel-series connected packs o er a better statistical
capacity performance compared to series-parallel con gurations, while having
similar statistics in resistance variations. Furthermore, mixed modules in con-
gurations of series and parallel cells could o er an optimized trade-o, with
bene ts scaled by the number of cells in the system.

1.2 Motivation

Existing battery pack modelling techniques may rely on the assumption of
identical cells within a battery pack to reduce modelling complexity and com-
putational time [16]. Equivalent circuit models (ECMs) or reduced order elec-
trochemical models are widely used for their computational e ciency on a
system level analysis [17 19]. However, many of these models neglect to in-
clude CtCVs, which may limit the models' ability to accurately predict pack
level behaviour under various operating conditions.

While it is clear that modelling CtCV and its outcome has a direct con-
nection to system level performance, studies have also begun to explore the
variations in cell properties and behaviour by investigating parameter distri-
bution [20], stochastic modelling frameworks [21] or by utilizing data driven
methods [22] to address the variability in cell properties and degradation rates.
While these methods provide system knowledge under certain operating sce-
narios, challenges exist in balancing the modelling delity with simulation run-
time, as well as systematically assessing how variance in cell parameters, such
as capacity and resistance, in uence the battery pack on a system level. As
a result, there is a gap and consequently a need for a modelling framework
that addresses the importance of CtCV in battery systems and its outcome
on system performance, while also remaining a suitable option for system level
applications and practical implementations.

1.3 Aim and Research Questions

This thesis aims to evaluate a computationally e cient scalable modelling
framework that accounts for CtCV in lithium-ion battery packs, as well as eval-
uating its impact on overall system level performance. In this context, system
level performance is de ned by key performance indicators such as the energy
delivered from the battery pack and the fast charging time for a BEV. Battery
packs with a varying level of detail of n modelled cells are compared to a fully



1.4 Delimitations 5

modelled system consisting of N cells. For reduced order models, the electrical
guantities such as terminal voltage and power losses of each modelled cell are
appropriately scaled up with N=n to represent a full battery pack consisting of

a system total of N cells. This scaling enables a consistent comparison between
models of di erent resolutions while maintaining identical nominal system level
operating conditions.

Speci cally, the study seeks to identify common cell parameters, such as
capacity and internal resistance, that signi cantly in uence the system level
performance under realistic automotive applications. The thesis also aims to
determine the level of modelling resolution that is needed to, in an e cient
way, represent the level of CtCV that exhibits within a battery pack without
compromising simulation runtime. This study focuses on the spread of capacity
and internal resistance variations at the beginning of life for a battery pack.
Furthermore, the study also aims to gain insights in how non-uniform state of
charge distributions interact with the CtCV, and its implications on battery
system performance.

In accordance with the aim of the thesis, the following research questions
forms the foundation of this study:

Q1 Which cell-level parameters, internal resistance, capacity, as
well as the presence of non-uniform state of charge distribu-
tions between cells have the greatest impact on battery system-
level performance indicators for automotive applications?

Q 2 What modelling level of detail, in terms of n out of N modelled
cells, is required to capture the dominant e ects of cell-level
variance without excessive simulation runtime?

Q3 Do reduced order models preserve both pack-level electrical
response, such as system voltage, and internal cell-to-cell im-
balance, such as voltage and SOC deviations, compared to full
scale simulations?

1.4 Delimitations

The thesis is based on two distinct operating conditions; charging and discharg-
ing of a battery pack. More complex cycles, partial cycles, low-temperature
operations, or how mixed charging and discharging pro les impacts system
performance are not evaluated. By doing so, the simulation matrix is kept
manageable.

The e ects of cell balancing mechanisms are not actively implemented in
the models. All simulations assume a passive state without the e ects of active
or passive balancing strategies, meaning that cell-to-cell di erences are allowed
to persist and evolve without equalization during charge or discharge. The
impact of certain balancing controls is therefore mitigated from this study.

The parameter variation in this study is treated as static rather than time
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evolving. While real battery packs exhibit progressive divergence through age-
ing and usage, this thesis uses xed variations scenarios to establish a baseline
understanding of inherent cell variations. Therefore, ageing and lifetime evo-
lution of the battery pack is outside of the current scope.

The analysis is conducted for one speci c battery pack architecture. Dif-
ferent series-parallel topologies, cell chemistry types, cooling con gurations or
system voltages are not compared. The results therefore apply speci cally to
the modelled system con guration.



Theory

This chapter provides the theoretical foundation for understanding cell-to-cell
variations in battery systems. It begins with an introduction of fundamen-
tal battery concepts, starting on a cell level perspective and evolves from the
scaling of individual cells to a complete battery pack. Sources of cell-to-cell
variations are thereafter presented, distinguishing between manufacturing in-
duced variations and divergences that develop over time. This is then followed
by battery modelling approaches, particularly equivalent circuit representation.
The chapter ends with addressing the practical relevance of key cell character-
istics and the interplay between electrical and thermal dynamics.

2.1 Introduction to Battery Systems

At the core of any battery system is the battery cell, a type of energy storage
device which can convert chemical energy to electrical energy through redox
reactions. Although there exist numerous di erent electrochemical cells on the
commercial market, lithium-ion battery cells are currently the most widely used
type of rechargeable battery on the global market, with applications ranging
from portable electronics, to electric vehicles and battery energy storage sys-
tems [23]. Much of the success of the lithium-ion battery can be traced to the
properties of lithium, which enables cells to be manufactured with high energy
and power output as well as minimum maintenance, thus making it a robust
choice for BEVs. While a battery cell can be manufactured in di erent types
of shapes, such as cylindrical, prismatic or pouch cells, the electrochemical
reactions and the cell's states still remain the same [23].

2.1.1 The Lithium-lon Cell

A lithium-ion battery cell is built up of several components, but can generally
be categorized as active or inactive materials. The rst group consists of com-
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Figure 2.1: A schematic illustration of a lithium-ion battery cell during a
process of charge and discharge. Adapted from [25].

ponents such as the positive and negative electrodes, as well as the electrolyte.
The second group of components consists of a separator, a set of current collec-
tors and the battery casing [24]. The positive and negative electrodes, separator
and current collectors are all soaked in the electrolyte, and enclosed in the bat-
tery casing. Typically, the negative electrode consists of graphite, which is
sometimes mixed with silicone to increase the overall charge capacity, while
the positive cathode is a metal oxide or phosphate. The separator acts as a
membrane which separates the active materials, where the ions in the elec-
trolyte can move freely through the separator during charge or discharge of
the battery cell. The electrolyte functions as a conductive medium in which
the ions can transport from one electrode to the other. During discharge, the
electrons mitigate from the negative electrode to the positive electrode through
the external circuit. Similarly, electrons mitigate from the positive electrode
to the negative electrode during charge. The current collectors are thin sheets
of aluminium, copper, or nickel which act as a support element for the active
material on the electrodes, with the key purpose of collecting and distributing
electrons to the di erent regions of the electrodes [24].

The electrochemical reactions during a discharge process for the negative
and positive electrode can respectively be described by

LixCe!C g+xLi ¥ +xe
Li;x M+xLi *+xe LM (2.1)

where M is represented by a general metal oxide and x 2 [0 1] represents
the variable number of lithium ions and electrons that intercalate during dis-
charge [26]. During a charge process, the reactions are reversed. The working
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principles of a general lithium-ion battery cell are presented in Figure 2.1.

2.1.2 Capacity

The capacity of a battery, regardless of its electrochemical composition, is a
fundamental property which represents the total amount of electrical charge
that can be stored and subsequently discharged during speci ed operating con-
dition. The nominal capacity of a cell is specied by the manufacturer and
is based on standardized test conditions, where the manufacturer also provide
information about limitations regarding voltage, current and temperature.

From an electrochemical standpoint, the capacity is also a measurement of
the amount of lithium-ions in the electrolyte and the amount of active material
in both of the electrodes [27]. During discharge, lithium-ions are extracted from
the negative electrode and intercalated into the positive electrode until one of
the electrodes reach a limiting concentration or when a prede ned voltage cut-
o level is reached. Therefore, the usable capacity of a battery cell does not
only rely on intrinsic material properties, but also on the selected operating
window during use or pre de ned control systems.

It should be observed that battery capacity is not a xed quantity, but
varies with operating conditions. The discharge rate has a signi cant in uence
on the extractable capacity, as higher currents lead to an increase in polariza-
tion losses, causing the terminal voltage to reach the cut-o limit earlier [28].
The operating temperature also has an impact on the capacity, where lower
temperatures lead to a reduction in the ionic conductivity and di usion pro-
cesses, while elevated temperatures can reduce short-term capacity but has a
greater impact on accelerated degradation patterns and capacity fade.

Over the lifetime of a cell, the capacity gradually fades due to irreversible
degradation mechanisms. This includes mechanisms such as loss of cyclable
lithium-ions, growth of the solid electrolyte interphase, and loss of active elec-
trode material [29]. Capacity fade is commonly used as an important metric
to classify the battery ageing and its state of health, and is often expressed
relative to its initial nominal capacity. When the state of health reaches a set
criteria, usually 70 to 80% of its initial capacity, the cell is considered at its
end of life [30].

A useful parameter in battery systems with a strong correlation to the ca-
pacity is the C-rate, which is the current normalized by the capacity. Currents
are usually expressed in terms of this parameter, where 1C is the current used
to drain a fully charge battery in one hour, while 0.5C or 2C would drain the
battery in two hours or 30 minutes, respectively.

2.1.3 State of Charge

The state of charge is an essential state variable which is used to describe the
available capacity of a battery at any point in time. It is typically expressed as
a dimensionless quantity or a percentage, where a value of 100% corresponds to
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a fully charged state while 0% represent a fully discharged state. As the state
of charge is a measurement of the available amount of charge in a battery,
it can also be an indication of the distribution of lithium ions between the
negative and positive electrode. While this internal distribution represents the
true value for the state of charge, it cannot be measured directly in practical
battery systems.

In battery systems, the state of charge is commonly de ned with respect to
the nominal capacity of the cell as per the manufacturer's speci cations. How-
ever, since the state of charge cannot be measured directly, it must be estimated
using a combination of measurement signals for current, voltage and temper-
ature, in conjunction with modelling techniques. State of charge estimation
can generally be classied into two categories; online and o ine estimations
[31]. In practical applications though, o ine estimations are not feasible due
to their restricted requirements.

Online estimation include data driven or model based methods, as well as
Coulomb counting. Data driven estimation techniques include the usage of neu-
ral networks, which uses real time data for current, voltage and temperature to
train on to estimate the state of charge [32]. Similarly, model based estimation
such as physics based or equivalent circuit modelling with an observer, such as
a Kalman lter, can correct voltage or current predictions to estimate the state
of charge. On the contrary, Coulomb counting estimates the state of charge by
integrating the current over time, and is the most commonly used method for
BEVs [33]. The SOC at time t using Coulomb counting is described by

Z tott
SOC(t) = SOC(t o)

i0d (2:2)
nom to
where SOC(f) represent the initial SOC when the battery cell starts to charge
or discharge, Qom is the nominal capacity of the battery cell, and i(t) represent
the charging or discharging current, with a positive value when discharging.
Furthermore, represent the Coulomb e ciency, with < 1 during charge and
=1 during discharge.

2.1.4 Open-Circuit Voltage

The open-circuit voltage (OCV) curve describes the relationship between the
equilibrium voltage of a cell with respect to its SOC. The OCV is de ned as the
voltage of the cell when no current is applied, and after a su cient long enough
time has passed so the cell has reached its electrochemical equilibrium [34].
While under these conditions, the measured voltage at the terminal accurately
re ects the potential di erence between the positive and negative electrode.
The shape of the OCV curve is primarily dictated by the electrochemical
properties for the electrodes' material composition [35]. As lithium-ions are
intercalated or de-intercalated depending on if the battery is being discharged
or charged, the available amount of free lithium-ions in the electrolyte varies,
leading to a change in the cell's equilibrium voltage. As a result of this, the
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OCYV curve varies non-linearly with the SOC and exhibits a pro le that is spe-
ci ¢ to the cell's chemistry, where the changes in the OCV are more signi cant
near the lower and upper SOC extremes.

The relationship between the OCV and the SOC forms the basis for mod-
elling and estimation techniques used in battery systems, since the OCV curve
can provide a reference in which the terminal voltage can be compared with
under load. During load, the terminal voltage and the OCV deviates due to
the internal resistance of the battery cell and polarization e ects, which are
strongly in uenced by the magnitude of the current, temperature, and the age-
ing of the cell [36]. Therefore, the OCV curve serves as a fundamental input
parameter in many battery models, as a building block to estimate the terminal
voltage of the cell during operation.

Additionally, the OCV curve may also exhibits hysteresis, meaning that a
cell's equilibrium voltage at a speci ¢ SOC can di er depending on if it reached
that SOC through charging or discharging [37]. In other words, the equilib-
rium voltage of a cell is not only a function of the SOC, it is also dependent
on the history of the cell. The origins of hysteresis can be traced to thermo-
dynamic entropic e ects, mechanical stress and microscopic distortions within
the active material particles for the electrodes [38]. Due to the occurrence of
hysteresis, OCV measurements are typically represented at two separate OCV-
SOC curves, with one obtained during charge and the other during discharge.
Figure 2.2 illustrates the deviation between the two OCV curves for a typical
lithium-ion cell. The observed deviation between these two curves is dependent
on the cell's chemical composition, and can be in the magnitude of a few tens
of mV to over 100 mV [38]. In practical applications however, the average value
of the charge OCV and the discharge OCV is often used as the true reference
value for the OCV due to the pronounced e ects of hysteresis, which usually
takes several days to accurately measure [39].

Figure 2.2: OCV curves for a lithium-ion cell during charge and discharge,
showing the deviations in the measured voltages due to the e ect of hysteresis.
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2.1.5 From Cells to Battery Packs

In practical applications for a BEV, a single cell cannot provide su cient volt-
age, current or energy to meet the demand of the entire system. As a result,
modern traction batteries are constructed by connecting multiple cells in both
series and parallel con guration to form modules, which are then combined
to form a complete battery pack. This level of con guration allows voltages,
capacity and power to be scaled to a desired level to meet the system require-
ments, while also allowing exibility in thermal management.

Series connection between individual cells within a module increase the
overall voltage of the module by summing the voltage of each of the individual
cells, whereas parallel connections increase the total capacity of the module
while maintaining the same voltage level over multiple parallel connected cells
[40]. Modules are often packaged in a way to allow for su cient electrical insu-
lation, structural stability, and e ective cooling of the cells to form a building
block for the overall system architecture.

Battery packs are formed by connecting multiple modules in series, paral-
lel, or a combination of both, to achieve the system's requirement on voltage,
capacity and power. As for cell connections, the same fundamental principles
regarding voltage and capacity distribution apply when connecting modules
together. Figure 2.3 shows an illustration of a typical battery pack and its
components. A battery pack in a modern BEV can contain a cell count of
anywhere in the range of a few hundred cells, or even lower, all the way to
above 7000 cells, with a shift towards high-voltage systems in the range of 400
to 800 V to reduce power losses [41]. Furthermore, battery packs are often de-
scribed by a notation that indicates the number of cells connected in series and
parallel. A con guration described as mSnP denotes a system where m series
connected cells are connected in n parallel groups to form either a module or
the entire battery pack.

Figure 2.3: A battery pack and its components.
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2.2 Concept of Cell Variations

Cells within a battery pack exhibit inherent variability due to manufactur-
ing deviations, operational di erences, and ageing-related degradation. Initial
di erences introduced during manufacturing can be ampli ed by non-uniform
operating conditions, while ageing further increases cell-to-cell heterogeneity
over time.

2.2.1 Manufacturing Variability

The cause of cell-to-cell variations begin at the manufacturing stage. Figure
2.4 shows a typical manufacturing process of a lithium-ion cell, with sources of
variations during the manufacturing process and their implications on the cell.
Microscopic di erences, such as porosity, active material particle size distribu-
tion, and cracks or gas pockets can create an uneven di usion of lithium-ions
and at which rates chemical reactions occur [42]. For instance, graphite anodes
tends to exhibit an anisotropic tortuosity, while cathode materials are more sus-
ceptible to coating thickness or binder distribution. During electrode mixing,
coating, drying, calendaring, and process inconsistencies, such as compression
ratios, can in uence the electrode density and its ionic conductivity. These fac-
tors can directly in uence the initial capacity and the power fade, with optimal
calendering and compression ratios needed to obtain a long-term high capacity
retention and power performance [43]. Furthermore, intrinsic factors such as
misalignment in electrode winding or stacking, suboptimal terminal connection
placement, and inconsistencies in electrolyte lling causes mechanical stresses
and induces variations in initial capacity and impedance.

Small variations in cell properties are however impossible to avoid, and cells
from the same production line are usually sold in di erent grades of batches to
account for the variability [42]. The initial discharge capacity tends to follow
a normal distribution curve, whereas the initial impedance is skewed with a
larger tail towards higher resistances [44 47].

2.2.2 Operational Variability

A source of operational variability in cells is due to unequal current distribution
among cells, which arises in parallel connected system con gurations. Varia-
tions in internal resistance, busbar resistance, or system con gurations result
in a di erence in the experienced current between cells, where cells with a lower
total impedance tend to be prone to higher currents [6, 7]. The unequal current
distribution result in di erences in energy output and electrical stresses, which
in uences voltage responses, heat generation and degradation rates within the
individual cells.

Heat generated by cells can also be further ampli ed due to operational
variability. Di erent temperature gradients among cells arises due to an un-
even heat generation, spatial positioning of the cells, as well as limitations in
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Figure 2.4: Manufacturing process for a lithium-ion cell. Adapted from [25].
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the cooling system [48]. Electrochemical reactions, di usion phenomena and
internal resistance within a cell are strongly dependent on temperature, where
a higher operating temperature generally can reduce the internal resistance and
increase electrochemical reaction rates, with a temporary increase in power ca-
pability and voltage response. However, elevated temperatures also accelerate
degradation mechanisms, thereby limiting the usable lifetime of a cell [48].
Operational variability can also manifest through an imbalance of the SOC
between cells. Small di erences in self-discharge rate, capacity and internal re-
sistance between cells can cause individual cells to reach their respective upper
or lower SOC or voltage limit at di erent time during cycling. As a result, the
capacity in some cells is being overutilized while others are being underutilized,
which over repeated cycling can contribute to an increased divergence in cell
behaviour and non-uniform ageing patterns across the battery pack [49].

2.2.3 Ageing and Degradation Mechanisms

Over time, electrochemical and mechanical process alter the internal structure
of a cell and its properties, leading to a gradual degradation in performance.
A primary e ect of degradation is capacity fade, which predominately stems
from mechanisms such as loss of lithium inventory and loss of active mate-
rial [50]. These two degradation modes are caused by side reactions within
the cell. Graphite exfoliation, metal dissolution into the electrolyte coupled
with electrolyte decomposition, current collector corrosion, binder decomposi-
tion and loss of electrolyte causes a reduction of the amount of active material
inside the cell. Loss of lithium inventory is however caused by the formation
and thickening of the solid electrolyte interface, cathode electrolyte interface
formation, and lithium plating. These processes are strongly in uenced by
temperature, SOC window, and C-rates, where cells exposed to higher temper-
atures or electric loads degrades faster [50].

Ageing mechanisms are typically categorized as calender and cycle ageing.
Calender ageing occurs when the battery cell is at rest, i.e. when no current
is owing to or from the cell, and is primarily in uenced by the level of SOC,
temperature and the time elapsed [51]. Cycle ageing, on the other hand, is
driven by the magnitude of the C-rate, temperature, the SOC, as well as the
depth of discharge and the cycling frequency.

2.3 Battery Modelling

In the eld of battery modelling, a wide array of models have been developed
to represent the electrical behaviour during operating conditions or to pre-
dict degradation. These models di er in complexity, computational demand,
and suitability for real-time applications, and are generally classi ed as rst-
principles white-box models to data-driven black-box models [52]. A white-box
model is driven by the physical laws, properties and limitations that governs
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a electrochemical cell, whereas black-box models have no knowledge of the un-
derlying physics of the cell but instead uses mathematical expressions and data
to describe a cell during operating conditions. In between white and black-box
models, grey-box models exist as a mend of the two. These models incorporate
some of the physical laws to preserve interpretability, while also relying on data
for parameter estimations or to improve the predictive accuracy.

Regardless of which kind of battery model used, a general predictive model
should be able to capture the potential di erence of the positive and negative
electrode, both at rest and during use. When a current is applied to a cell, the
terminal voltage V; of the cell can be de ned as

Vi = Ve + ( + gt o) (2.3)

where \j is the open circuit voltage and denotes voltage losses due to the
e ects of polarization, which could be considered either static or dynamic [53].
The static ohmic polarization losses, , is determined by the resistance in the
current collectors, particles and the electrolyte. Ohmic losses follows Ohm's law
and are usually proportional to the magnitude of the current. The ohmic po-
larization manifest as an instantaneous voltage drop when a current is applied,
which can be signi cant at high C-rates.

Dynamic charge transfer polarization, ¢, is a consequence of the required
activation energy needed for electrochemical reactions within the cell to start
and keep continuing [53]. In order for lithium-ions to start intercalate or de-
intercalate, a certain amount of activation energy must be overcome. The
e ects of transfer polarization are generally small at low C-rates, but grows
non-linearly as the current increases.

The term . is the concentration polarizations, also known as dynamic
di usion polarization, which arises due to a limited rate of mass transport
within the cell [53]. Lithium-ions are transported in the electrolyte and the
active materials through di usion during charge and discharge. Concentration
gradients can develop during high C-rates, as a consequence of fast reaction
rates compared to the transport of ions. As a result, local concentration spots
can occur near the electrodes' surfaces, which lowers the equilibrium potential.
The e ects of the concentration polarization typically develop more gradually
compared to the ohmic polarization, but can be more pronounced at high C-
rates or at the end of charge and discharge cycles when the concentration of
lithium-ions are the largest. Figure 2.5 shows the terminal voltage behaviour of
a cell during load, highlighting di erent surfaces due the the e ects of di erent
voltage drops.

The e ect of polarization causes losses within the cell, mainly in form of
heat which increases the temperature of the cell. Furthermore, polarization is
strongly in uenced by operating temperature, SOC, ageing and the direction
of the current, i.e if the cell is charged or discharged [54]. An increase in
the internal resistance due to degradation of the battery cell amplies the
ohmic resistance, while loss of active material can intensify the concentration
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Figure 2.5: Example of a discharging procedure of a cell, highlighting its
dynamics during load. Notice how the cell's terminal voltage approaches the
open circuit voltage as the time goes towards 3.

polarization. Consequently, the behaviour of polarization e ects is not only a
function of the operational conditions, but also an indication of battery health.

In order to capture the dynamic e ects of a battery cell during use, a battery
model typically contains at least two parts; a static part which describes the
cell's capacity and its OCV characteristics, and a dynamic part which models
the voltage response to changes in the current [53].

2.3.1 Physical Models

A physical battery model provides a representation of the physical and chemical
processes that occur inside of a battery cell, where these models are typically
single particles or Pseudo-2D particle models [25]. A Pseudo-2D model treats
the electrodes within the cell as a separate mass consisting of spherical particles
which are submerged in the electrolyte, where these patrticles di use into the
electrolyte during charge and discharge. This representation is mathematically
achieved by a number of complex set of partial di erential equations, which
gives the model a high accuracy at the expense of a higher computational
runtime [55].

The model can however be simpli ed to a single particle model, which rep-
resent the entirety of the cell with a single particle with uniform distribution of
the chemical reactions within the electrolyte. Although the model is simpli ed,
it is still fairly complex with a high computational time [25].

2.3.2 Equivalent Circuit Models

Less complex than physical models, equivalent circuit models are widely used to
represent the electric behaviour of a battery cell in a computationally e cient
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and implementable manner. Instead of modelling the internal electrochemical
characteristics in details, ECMs describe the terminal voltage response of a cell
with electrical components such as resistors, capacitors, and voltage sources.

A fundamental part in any ECM is the OCV, which is typically obtained
either experimentally or from the cell manufacturers, and modelled as a volt-
age source. To model the losses due to polarization, ECMs include an ohmic
resistance, Ry, connected in series with the voltage source [56]. This compo-
nent accounts for the instantaneous voltage response to current changes, which
occurs due to ionic electrolyte and material resistance within the cell. The
simplest of all the ECMs only takes into account the ohmic resistance, and is
commonly known as the Rint model. However, this model can in most cases
not accurately represent the dynamics of a battery cell during operation [57].
In order to capture the dynamic e ects of the voltage response, RC branches
are typically introduced to model the e ects of charge transfer processes and
di usion phenomena.

A common structure is the Thevenin model, which consist of a voltage
source in series with the ohmic resistance R as well as one or more parallel
RC branches connected in series. Each RC branch represents a time constant
in the battery cell's dynamic response to a current. A single RC branch models
the short term polarization e ects, while multiple RC branches can improve the
model's accuracy by representing processes occurring at di erent time scales
within the cell [58]. However, the addition of multiple RC branches increases
the model's complexity, and the number of parameters needed to be identi ed.
Figure 2.6 illustrates an n-th order equivalent circuit model.

The voltage dynamics over the n-th RC branch can be described by [58]

dVj 1 1.

at R.C. Vn + a| ; (2.4)
with a time constant of , = R,C,. The parameters R, to R, and C; to C,
are usually identi ed by experimental techniques such as pulse current tests or
electrochemical impedance spectroscopy [56]. However, it is important to take
into consideration that these parameters can not be treated as constants, but
rather a function of temperature, SOC, direction of the current, and the ageing
of the cell. These dependencies are often implemented in practical systems by
utilizing lookup tables based on experimental measurement data or empirical
functions. During load, the terminal voltage of the cell using an n-th order
ECM can be de ned as

X
Vt = Voc |R0 + Vm , (2.5)

m=1

where iRy represent the instantaneous ohmic voltage drop, while ¥ is the
voltage drop over an RC branch. In theory, there is no limit on how many
RC branches to implement into the model. However, it has been shown that
increasing the model order beyond two or three RC branches often leads to
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Figure 2.6: An n-th order ECM used for cell voltage simulations.

diminishing returns in model accuracy due to the increase complexity in pa-
rameter estimation [59].

Considering that the ECM is an empirical model, it does not incorporate
the physical properties of the cell to its voltage response, nor does it contain
any information about the internal characteristics within the cell due to degra-
dation mechanisms such as solid electrolyte interface growth, lithium plating,
or active material loss. These factors could limit its applicability for long-term
ageing or lifetime estimations unless combined with empirical ageing models
[17]. Furthermore, another limit within the model is to capture the e ects of
the voltage response of the cell during di erent operating conditions. Since the
ECM parameters vary with SOC, temperature, current, and age, prediction
accuracy may degrade if the model is operating outside its intended identi ca-
tion range [19]. Extrapolation to unseen load pro les, temperatures, SOC or
ageing states may yield inaccuracies in the results. The dependency on SOC,
temperature, current, and ageing complicates parameter identi cation, since it
would require data sets from all di erent operating conditions.

2.3.3 Thermal-Electrical Modelling

When a current is applied to a cell, it simultaneously impacts its voltage re-
sponse as well as its temperature evolution. In order to capture the e ects of
the increase in temperature, a model which describes the temperature dynam-
ics for a cell during use can be coupled with any model which describes the
current-voltage dynamics. The lumped thermal model is the simplest model
used in system level simulations and battery management systems, and as-
sumes that the cell's temperature is spatially uniform and can be described by
a single state variable [53]. The lumped thermal model can be described by

me?T-[ =hAc(Tamp T)+ i(Y_t{%/ﬁ; ; (2.6)

Qgen
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where hA:(Tamp  T) represents the exchange of thermal energy to or from

the surroundings and Qe are the heat losses generated from within the cell.
Furthermore, m is the mass of the cell, G is its specic heat capacity, hA.

represents the lumped convective heat transfer coe cient, and T, is the

ambient temperature. The lumped thermal model is valid when the internal

temperature gradients are small, which typically occurs when the Biot number
is low [60]. However, a limitation of the lumped thermal model is that it cannot

capture the spatial temperature gradients that forms within large scale battery

packs.

The lumped thermal model can be further re ned by the usage of a thermal
resistance network model. The thermal resistance network model represents an
entire battery pack as a network of thermal nodes connected by a network of
thermal resistances, where each cell is represented by its own thermal mass
[61]. Heat transfer between cells, coolant pipes or coolant liquid, and the am-
bient surroundings are modelled through conductive or convective resistances.
Thermal resistive networks improve spatial detail by using more nodes and
connection, but the model becomes more complex and harder to parametrize.

For each node i in the system, the change in temperature can be modelled
as

dT; X1 1
miCP:iE:Qgen;i + j W ; (2.7)
where my, Cpi and Qgen; is the mass, specic heat capacity and internal
generated heat for node i respectively. R, represents the thermal resistance
between node i and j, while T; is the node temperature and T represents
neighbouring node temperatures.

2.4 Relevance of Cell Characteristics

It is clear that the behaviour of a battery cell and the entire battery system
is inherently multi-physical. The changes in electrical, thermal, and electro-
chemical phenomena are strongly interconnected, and are all related to the
concentration of free lithium-ions within the cell. The applied current drives
the reaction kinetics and ion transportation, which in turn generate heat due
to the internal resistance and polarization losses. Consequently, the dissipated
heat increases the temperature, which in turn a ects the ionic conductivity,
di usion rates and reaction kinetics, thereby also altering the internal resis-
tance and the available capacity. The increase in the internal resistance will
also increase the consumed energy and decrease the measured terminal voltage
of the cell. As a result, the measured terminal voltage of a cell is not only
determined by a single parameter, but emerges from the dynamic relationship
between SOC, current, temperature, and internal resistance. Figure 2.7 illus-
trates how the dynamic interplay between the cell's electrical, thermal and
capacity characteristics are in uenced by each other during use.
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Figure 2.7: In uence relationship of cell parameters.
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Method

This chapter describes the modelling approach and the simulation methodology
used to investigate the e ects of cell-to-cell variations. It starts with presenting
the underlying manufacturing data used, which forms the basis for parameter
distribution in the simulations. Thereafter, the reduced order modelling tech-
nigue is introduced, as well as the implementation of ECM parameters and
references values. De nitions for each variance level are presented, in con-
junction with how the discharge and charge simulations were performed. The
chapter ends with presenting some of the chosen performance metrics, and their
importance on a system level as well as cell level perspective. Modelling aspects
have been performed in collaboration with Volvo Cars Gothenburg.

3.1 Manufacturing Data

The modelling and variation analysis conducted in this thesis is based on end
of manufacturing line measurement data obtained at cell level. The avail-
able dataset includes the measured discharge capacity and the direct current
internal resistance (DCIR) for a population of cells which originates from a
production batch with a total sample size of approximately 15 000 cells. These
measurements represent the initial electrical characteristics of the cells prior to
integration into modules and battery packs. This provides a realistic basis for
quantifying the impacts of manufacturing-induced parameter dispersion, rather
than operational variability or ageing-related degradation.

Figure 3.1 illustrates the distribution of the recorded manufacturing data
for capacity and DCIR, where 4 and  is the mean value and standard
deviation for capacity while y and  is the mean value and standard deviation
for DCIR. Both capacity and DCIR exhibit approximately Gaussian behaviour
around their respective mean values, with a relatively small standard deviation.
The standard deviation for capacity is less than 1% with respect to the average
capacity, while the standard deviation for DCIR is less than 2% with respect
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Figure 3.1: Statistical distribution of measured discharge capacity and DCIR
for the analysed cell population.

to the average DCIR. It can also be noted that the data for both parameters
is slightly skewed to lower values. The data also indicates that capacity tends
to exhibit a small degree of outliers, while outliers in DCIR are more extreme
both above and below its average value.

In addition to the one-dimensional analysis of the two parameters, the rela-
tionship between capacity and DCIR is presented in Figure 3.2. It is clear that
no distinguishable pattern is noticeable between the two parameters, where a
both high and low capacity value can be coupled with a low or high DCIR
value. However, the data indicates signs of a higher concentration around its
respective mean values. Furthermore, the data exhibits a linear correlation co-
e cient of r , = 0:036, denoting a weak correlation between the two variables
and a p-value of 6:3 1 , indicating that the correlation is statistically sig-
ni cant. While a weak correlation and a low p-value do not necessarily imply
that the two variables can be seen as independent of each other, it would how-
ever indicate that a change in x (capacity) would result in an almost negligible
e ect in y (DCIR). Therefore, the remaining work in this thesis is based on
the assumption that capacity and DCIR can be treated as two independent
random variables.

Figure 3.2: Discharge capacity versus DCIR at end-of-line testing.
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3.2 Reduced Order Modelling

The studied battery pack consist of one large module, with cells connected in
the internal arrangement of 192S1P. The reduced order modelling technique
involves treating the battery pack in groups of 6, 12, 24, 48, 96, as well as
modelling all the cells in a group of 192. These arrangements are denoted as
the n-cells model throughout this thesis, where n 2 f6 12 24 48 96 192g.
Figure 3.3 presents an illustration of the grouping for the 6 cells model, where
each group consists of 32 cells to reach the system total of 192 cells. Each
group is further modelled with one 2nd order ECM, e ectively treating all the
cells within a group with the same capacity, internal resistance, and initial SOC
level. By grouping cells together and utilizing one ECM per group, the terminal
voltage and power losses generated from the ECM can be multiplied with the
number of cells within the group, and summed together with the terminal
voltages and power losses from the remaining groups within the battery pack
to get the system voltage and power losses. The system voltage and the power
losses were also adjusted to take into consideration the e ect of voltage drops
over busbars, welding tabs, and connector terminals within the battery pack.

3.2.1 Model Implementation

In order to analyse the e ects of variance in battery systems, two di erent
software were used with a xed simulation time step. The implemented models
in these software were built upon pre-existing models within the company, but
were subsequently modi ed to implement the reduced order modelling tech-
nigue. MATLAB together with Simulink were used to model the battery pack
during discharge, as a stand-alone unit disconnected from the vehicle. On the
other hand, GT-SUITE was used for simulations regarding fast charge mod-
elling. Both of these software are able to implement some sort of thermal-
electrical coupling in order to capture the e ects of heat generation from power
losses. In Simulink, the generated heat from the cells, and the subsequently
change in temperature, was modelled with a lumped thermal model to provide
an average cell temperature for the electro-thermal coupling for each ECMs.

Figure 3.3: Schematic layout of a 6 cells reduced order model.
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On the contrary, a resistive thermal network model was used in GT-SUITE
to capture the spatial e ects of heat generation and the subsequent rise in
temperature.

While it may seem counter-intuitive to use two di erent software for mod-
elling, for charging and for discharging the battery pack, the essence of the
chosen modelling strategy and software heavily depends on the expected cur-
rent passing through the system. During fast charge, the battery system ex-
periences higher current in order to push as much energy into the system as
possible during a short amount of time, in order to reduce the overall charging
time. However, pushing a higher current through the system also manifests
in a larger degree of power losses in the battery pack, where the power losses
are proportional to the square of the applied current. These power losses have
a direct impact on the surrounding temperatures of the cells within the pack,
which also a ects the cells voltage dynamics. A system with a higher magni-
tude of power losses requires a more re ned thermal model to more accurately
capture the e ects of the temperature rise for each modelled cell within the
system. On the contrary, a simpler thermal model could be used when lower
system currents are expected and thereby limiting the modelling complexity
and the subsequent computational time.

In order to establish if the two software could predict similar results dur-
ing a discharge scenario when subjected to the same input current, a constant
current which is typically seen in series-connected BEVs during real world high-
way usage was simulated for 600 seconds for both software. In the complete
battery pack, no variations in either capacity, internal resistance or SOC were
present. The voltage dynamics and the SOC evolution for a single cell in the
battery system are presented in Figure 3.4 for the simulated time frame. Both
software are able to predict the same evolution of the terminal voltage and the
evolution of SOC, indicating that a simpler thermal model can be a feasible
modelling strategy if the applied current can be considered relatively low. By
using a simpler thermal model without a reduction in predictive accuracy, the
expected computational runtime could potentially also be reduced while the

Figure 3.4: Comparative voltage dynamics and SOC evolution for the two
software used for battery cell modelling.
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results could still be comparable to that of a system with a more advanced
thermal modelling strategy.

Due to the introduced cell-to-cell parameter variability, the individual cells
within the battery pack may exhibit di erences in SOC levels during operation.
To represent a pack level SOC, a weighted SOC function was implemented.
The function combines the individual SOC values for each cell to obtain a
representative SOC for the entire battery pack.

3.2.2 ECM Parameters

The parameters Ry to R, and C; to C; in the 2nd order equivalent circuit
models were implemented as lookup tables in both simulation environments.
As these parameters represent the ohmic resistance and the polarization dy-
namics of the battery cell, the dependency of operating conditions of the cell
must also be taken into consideration. To capture this dependency, the pa-
rameters were de ned as functions of SOC, temperature, and if the battery
pack was being charged or discharged. The lookup tables were constructed
based on experimentally identi ed parameter values across di erent operat-
ing conditions. During the simulations, the appropriate parameter values were
subsequently obtained through interpolation within the lookup tables based on
the instantaneous SOC, temperature, and current direction.

3.2.3 Reference Values

In order to introduce variance into the system, reference values were chosen
to represent the system during a state without deviations. For capacity, the
nominal value was set to 4 for all cells in the system when no deviations were
present for that variable. While a change in capacity can be easily modi ed
to allow for a distribution seen in Figure 3.1, special considerations were taken
into account for the distribution of DCIR to be able to incorporate the spread
of the data into the constructed models. Namely, a single cell model was used
and simulated during discharge with the same constant C-rate, starting SOC,
and total time as the cell manufacture's DCIR measurement procedure. The
di erence between the simulated starting and nal voltage, together with the
applied current, could thereby be used to obtain a simulated DCIR, R, for
the single cell model. Figure 3.5 shows the simulation procedure. In order to
represent the models with a nominal DCIR value of , a linear scaling factor
k with the de nition of

k= 2L (3.1)

was multiplied to all of the parameters Ry to R,. By scaling the simulated
DCIR, all the cells in the system would e ectively have a DCIR of  when
no deviations were present for that variable. Furthermore, the time constant
for each of the two RC branches in the equivalent circuit models were imple-
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Figure 3.5: lllustration procedure for obtaining the simulated DCIR value.

mented to be una ected by the changes in DCIR, i.e. G and C, were inversely
multiplied by k.

3.3 Variance Case De nition

The impact of CtCV was investigated using prede ned variance scenarios. To
study the inuence of dierent levels of variability, three levels of variance
scenarios were considered for the manufacture spread of capacity and DCIR,
specically 1 j, 2 i, and 3 ; where i 2 fx yg. For each variance level, an
imbalance case was de ned for each modelled cell in order to represent di erent
distributions of capacities or DCIRs within the battery pack. While this can be
seen as a quasi-random state rather than a true random distribution, it allows
for the theoretical installed capacity or DCIR in the complete battery pack to
always remain the same between all of the simulations, regardless of how many
cells that were being modelled or the range of selected variance level.

The generated parameter values for the individual cells within the battery
pack were chosen to always include the lower and upper bound of the speci ed
variance level, i.e. ; k jand j+k jfork2fl 2 3g, and were assigned
to two of the modelled cells within the pack. The cell parameters values for
the remaining cells within the pack were assigned by using an evenly spaced
distribution between these two bounds. This approach ensured that the full
range of the specied variance level could be represented within the battery
pack.

The evenly spaced distribution was constructed such as the number of
parameter values located below the mean value for capacity or DCIR would
be equal to the number of parameter values above the mean value. As a
result of this, the distributions generated remained symmetrical around the
respective mean values while still covering the variability range de ned by the
selected standard deviation level. A summary of the di erent variance cases
and con gurations are presented in Table 3.1.

Variation in initial SOC level for all of the individual cells within the bat-
tery pack was implemented in the same con gurations and case setups as pre-
viously described for capacity and DCIR. However, unlike capacity and DCIR,
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Table 3.1: De nition of the three variance scenario cases used during the
simulations.

Case Variance Uniform Index  Forced cell Forced cell
level spacing k a ; k ; at ;+k

1 i1 Yes 1 1 cell 1 cell

2 P2 Yes 2 1 cell 1 cell

3 i 3 Yes 3 1 cell 1 cell

variations in initial SOC level cannot be directly associated to manufactur-
ing tolerances, since initial SOC variations represent potential imbalances that
may manifest during storage or operation. To account for these imbalances,
deviations in the initial SOC of individual cells were introduced for each of
the modelled cell within the pack. The magnitude of the SOC variations was
de ned by three deviation levels, namely 1%, 2%, and 3%. These levels were
selected to represent realistic SOC mismatches that may be present in the
battery pack prior to charge or discharge.

3.3.1 Discharge Simulation Procedure

The discharge performance of the battery pack was evaluated under a con-
stant power operating condition. During all simulations, the battery pack was
required to deliver a constant output power of 17.5 KW. The constant power
discharge pro le was selected because it closely represents the operational con-
ditions which can be encountered in electric vehicles' powertrains. During
operational use for a BEV, the battery pack is typically required to deliver
power instead of a xed current, where the power demand is determined by
the vehicle control system and the traction motor. To maintain a constant
output power level, the pack current was dynamically adjusted to increase at
each simulated time step as the instantaneous pack voltage decreased, ensuring
that the product of the applied current and pack voltage matched the targeted
power demand.

The discharge process was simulated until a termination condition was
met, based on cell-level voltage constraints. Since the cells in the pack exhibits
parameter variability, the weakest cell in the pack may reach its cut-o voltage
limit earlier than the other cells in the pack. Therefore, the discharge simulation
was terminated when the terminal voltage of any of the individual cells in the
pack reached its minimum voltage level, making sure that the operational limits
of the cells were respected as well as preventing the risk of over-discharge of
the weakest cell within the battery system.
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3.3.2 Fast Charge Simulation Procedure

The fast charging of the battery pack during the simulations was implemented
using a stepwise current charging protocol. The charging current was de ned
through a lookup table as a function of a cell's terminal voltage and temper-
ature. During the simulations, the charging current was determined at each
time step based on the instantaneous terminal voltage and the temperature of
a cell within the battery pack. To ensure that the operational limits for each
cell within the pack were respected, the voltage of the cell with the highest
terminal voltage and temperature were used as a reference for the current to
use from the lookup table. The approach mimics the behaviour of practical
battery systems, where the cell with the most limiting properties determines
the allowable charging current in order to prevent any cell within the system
to experience overvoltage.

The charging current was applied for each simulated time step according
to the prede ned current table. As the cells' voltages increased during the
charging process, the protocol subsequently reduced the current to limit the
voltage rise. The fast charging simulations continued until the entire battery
pack reached a weighted SOC level of 100%.

3.4 Performance Metrics

To evaluate the impact of CtCV on the battery pack, several performance met-
rics were de ned and monitored during the simulations, where these metrics
provide quantitative measures of the pack performance and allow for compari-
son between the di erent variance cases. A key metric considered in this study
is the usable energy that can be delivered from the pack during discharge before
the termination criteria is met. The metric is determined by integrating the
delivered power over the discharge duration, and provides a direct indicator
of how CtCV in uences the e ective energy that can be extracted from the
battery pack during a certain operating scenario. Furthermore, another metric
related to energy is the amount of energy charged within the rst 10 minutes
of charging the battery pack. For EV drivers, this performance metric captures
overall user experience and practical charging constraints in the pack, and the
amount of energy charged in this time frame is a key customer expectation for
DC fast charging [62, 63].

Another important metric is the cell voltage deviation, which describes the
spread of the individual cell voltages within the battery pack. The metric is
calculated as the di erence between the maximum and minimum cell voltage
at any given time during the simulations. Voltage deviations are particularly
interesting to investigate when analysing parameter variability, since di erences
in capacity, internal resistance or SOC can cause the cells to operate at di erent
voltage levels during charge and discharge. A large voltage deviation may
indicate an increasing imbalance within the battery pack, and may subsequently
lead to earlier termination of operation due to voltage limit restrictions in the
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battery management system (BMS) [64].

Another equally important metric is the SOC deviation between cells, in
order to quantify the imbalance in charge distribution within the battery pack.
The metric is de ned as the di erence between the highest and lowest SOC
values among all cells in the pack, and provides insight into how di erences
in cell capacity, resistance or initial SOC conditions can lead to an uneven
utilization of the cells within the battery pack.

Furthermore, for fast charging simulations, the time required to reach a
pack SOC level of 80% and 100%, starting from an initial SOC level of 10%,
was also used as an additional performance indicator. For electric vehicles in
practical applications, reaching 80% SOC is, in most cases, su cient to resume
operation or continue the journey, as well as limiting vehicle downtime [65].
While the 10-100% SOC charge time is less critical for everyday use, it provides
a measurement when the battery pack can be considered fully charged and is
important in certain scenarios where maximum available energy is needed, such
as long trips or as a backup power application.

Model accuracy was quanti ed using two error metrics: the relative error
in system voltage and the relative error in voltage deviation. These metrics
enables a systematic comparison between the reduced order cell models and
the full scale 192-cells model across both charge and discharge conditions. The
relative error in system voltage measures how well a reduced order reproduces
the pack-level electrical response of the full model, and is de ned as

Vpack;ROM (t) \4 pack;full (t)

Rel. error Vpaek (t) =
P Vpack;full (t)

100% (3.2)

where V[ oirom (1) @and Vo (1) represent th_e pack voIt.age for the reduced
order and the full scale cell models for each simulated time t. Furthermore,
the relative error in voltage imbalance assesses how well the reduced models
capture cell-to-cell imbalance, and is de ned as

Vv )V t
Rel. error V(1) = rom () run (9 100% (3.3)
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where V o () and V ;,, (t) represent the simulated voltage deviation in
the system for a reduced order cell model and the full scaled model, at each
time t. While these two metrics seems similar, they provide di erent insights
into the chosen modelling strategy. Together, these two metrics form a joint
analysis on both system level and cell level perspective. A reduced order cell
model may match system voltage quite well compared to the full scaled model
during charge or discharge of the battery pack, while still missing the internal
divergence between individual cells and the predicted voltage deviation.







Results

This chapter presents the results from the simulations for each cell model during
charge and discharge of the battery pack. The results are organized in sections
to rst show how the system behaves when it only contains variation in one
parameter, and is thereby followed by combinations of bivariate and trivariate
variations. Under each section, the results obtained are analysed. The chapter
ends with how the system e ciency changes with the introduction of parameter
variance, as well as the impact on simulation runtime for each cell model.

Owing to con dentiality constraints, a majority of the results have been
normalized with a reference state, which is indicated by the subscript ref. In the
reference state, a simulated system during charge and discharge containing no
inherent variance in any of the investigated parameters is considered. Voltage
deviations are normalized and presented as per unit (p.u.).

4.1 Singular Parameter Variation

In the singular parameter variation, only one of the investigated parameters
capacity, DCIR or initial SOC level is allowed to vary within the battery pack,
while the remaining two parameters are kept constant at their nominal values.
Nominal values consist of the average statistical values for capacity or DCIR,
while a nominal value for initial SOC indicates a system with no intentional
SOC imbalance between individual cells. By isolating individual parameters,
each parameter can be systematically evaluated with respect to its impact on
system performance.

4.1.1 Fast Charge

When the system exhibits parameter variation in only one variable, the e ect of
the system performance can be widely di erent. Figure 4.1 shows the simulated
charging times from 10% SOC to 80% and 100% SOC. It can primary be

33



34 Chapter 4 Results
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Figure 4.1: E ects on charging time considering only singular parameter
variations in the battery pack, where (a) and (d) consider only variations in
capacity, (b) and (e) only variations in DCIR, and (c) and (f) only variations
in initial SOC imbalance.

noted that each of the reduced order cell models predict the same trends in
charging time as to that of the full scale cell model. However, a larger degree
of deviation for the charging time from 10% to 80% SOC can be seen in Figure
4.1a-c, corresponding to variations in capacity, DCIR or initial SOC levels.
The largest deviation between the cell models can be seen for Case 1 in Figure
4.1c, where the simulated charging times between the lowest reduced order
cell model and the highest order cell model di er by approximately 0.33% of
each others. Overall, the average time di erence between the worst and best
performing models, regardless of case setup and parameter variation, is less
than 0.25%. Similarly, the charging times from 10% to 100% SOC show minor
di erences between the cell models in Figure 4.1d-f, with respect to variations
in capacity, DCIR and initial SOC levels. The average time di erence between
the worst and the best cell model regardless of case and investigated parameter
spread is less than 0.25%, where variations in DCIR can be contributed to a
majority of this time di erence.

The e ects of variance for each parameter can also be seen in Figure 4.1.
A larger degree of variations in DCIR primarily a ects the charging time nega-
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tively, where the cell with the highest DCIR and temperature limits the avail-
able charging current. An increase in the total charging time can be noticed,
regardless if it's the time to 80% or 100% SOC. On the contrary, variations
in capacity or initial SOC levels between cells indicate a reduction in the fast
charging times, where a larger degree of variation in the system further de-
creases the simulated charging times.

The battery pack does not only experiences variations on a system level
perspective. Figure 4.2 illustrates time-wise overlapping plots for each of the 6
cell models and their corresponding e ects on the maximum SOC and voltage
deviation between cells within the system, for each variance level. Considering
the evolution of SOC deviation within the system, it can be noted in Figure
4.2a that variation in capacity deviates the SOC in individual cells when the
simulated time progresses, where the rate of deviation is higher in the begin-
ning of the charging cycle when a higher current is applied. On the contrary
however, Figure 4.2b and ¢ show that when variations in only DCIR or initial
SOC are present in the system, either no SOC imbalance will occur or that the
SOC imbalance will stay constant during the entirety of the charging protocol.
Furthermore, the SOC imbalance has an e ect on the evolution of the voltage
deviation in the system over time, where the voltage deviations seen in Figure
4.2a and c are of similar magnitude towards the end of the charging cycle.
Each of the 6 cell models can predict similar results in the voltage deviations
throughout most of the charging cycle for these two parameters, where most of
the deviations between the models are seen before a quarter of the simulated
time frame. However, the voltage deviations seen in Figure 4.2b when only
considering variation in resistive elements show a larger degree of spread of the
voltage deviation in the system, where the deviation between the individual cell
models increases as the variation in the system increases. Due to only contain-
ing resistive elements in this case, the voltage deviation between individuation
cells within the system is proportional to the applied current and the variance
level within the system, where the voltage deviation between individual cells
tends to zero as the magnitude of the charging current decreases.

These results of the singular parameter variation in the battery pack sug-
gest that each of the three investigated parameters can have di erent outcomes
on system level performance, as well on cell level, when subjected to an in-
creasing variance level. It is clear that variations in DCIR of individual cells in
the system primarily in uence the charging times for the battery pack, which
is due to that the cell with the highest terminal voltage in the pack limits the
entire charging protocol. On the contrary though, variations in capacity or
initial SOC between cells in the pack would suggest a decrease in the charging
times. This is also reasonable, since the cell with the lowest capacity or the
cell with the highest SOC would limit the amount of charge delivered to the
entire pack. However, when variations in capacity or SOC are present, the
system either starts from a balanced or imbalanced scenario and reaches an
imbalanced state at the end of the charging period. The imbalance in SOC for
individual cells in the system can be anywhere in the range of 1-3%, depending
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on the variance level of the system. Additional balancing time therefore have

to be considered and subsequently added to the total charging time so each cell
in the system can reach the same SOC set-point, whether it's a set-point of
80% or 100% SOC. Therefore, a system containing only variations in capacity

@
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Figure 4.2: Evolution of SOC and voltage deviations in the system during
the fast charging protocol, where (a) is variance in capacity, (b) is variance in
DCIR, and (c) is variance in initial SOC imbalance between cells.
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Figure 4.3: E ects on how much energy which can be charged into the battery
pack in the rst 10 minutes as well as the peak power during charge considering
only singular parameter variations in the system. In this case, (a) and (d)
consider only variations in capacity, (b) and (e) only variations in DCIR, and
(c) and (f) only variations in initial SOC imbalance.

or SOC could potentially show a similar magnitude of the charging times as
to that of a system that only contains variations in DCIR after balancing of
individual cells have been performed.

Figure 4.3 shows how much energy can be charged into the system in the
rst 10 minutes of charging, as well as the peak power the battery system ex-
hibits during charge. Each of the reduced order cell models predict the same
trends in the charged energy as well as the peak power in the system compared
to a fully scaled cell order model. A small degree of variation is however seen
in Figure 4.3a-c for variation in capacity, DCIR and initial SOC levels, where a
higher order cell model predicts lower amounts of charged energy compared to
a reduced order model. Even though the models' experience spread in regards
to the investigated parameter and in conjunction with the variance levels, the
charged energy between the lowest and the highest resolution model is on av-
erage less than 0.16%. Furthermore, it is clear that each of the investigated
parameters impact the amount of energy charged negatively, with a reduction
of the energy level when the variance in the system increases. Variations in
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initial SOC levels between individual cells in the system seems to have a more
severe impact on the amount of energy charged into the battery pack, compared
to only considering variations in capacity or DCIR.

On the other hand, the peak charging power in the system can potentially
be reduced for a system which includes variance. The peak power during charge
is shown in Figure 4.3d-f for variations in capacity, DCIR and initial SOC,
where each cell model generally predicts the same amount of maximum power.
The e ects of a reduction in peak power are more pronounced and similar when
considering variations in DCIR or initial SOC, while the e ects on peak power
in conjunction with capacity variance can be considered almost neglectable.

Considering a system level perspective, Figure 4.4 shows the relative errors
for the system voltage for each of the 5 reduced order cell models compared to
the fully scaled cell model. Overall, the relative errors in the system voltage
are on average less than 0.05% during the charging cycles regardless of the
degree of variance in the pack, with occasional spikes occurring when a step is
performed in the current prole. These spikes can occasionally be somewhat
higher when considering variations in only DCIR, as illustrated in Figure 4.4b.
Variations in capacity and initial SOC imbalance does however show similar
patterns and magnitude in the relative errors, as shown in Figure 4.4a and c,
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Figure 4.4: Relative error in system voltage when using a reduced order
model, where (a) considers variations in only capacity, (b) is variations in
DCIR, and (c) is variations in initial SOC levels.
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Figure 4.5: Relative error in maximum voltage deviations when using a re-
duced order model, where (a) considers variations in only capacity, (b) is vari-
ations in DCIR, and (c) is variations in initial SOC levels.

but with a slightly lower magnitude than that compared to variations in DCIR.

Figure 4.5 shows how the relative errors for the voltage deviation progresses
during the simulated charging cycle for each of the 5 reduced order cell models,
in relation to the fully scaled cell model. The trend seems to indicate that with a
greater amount of variance in the system, the relative error in voltage deviation
can also be reduced, regardless of the investigated parameter. Considering the
relative error when only variations in capacity or SOC are present, Figure 4.5a
and c, a noticeable high relative error can be seen during the lower quarter of the
charging protocol. However, during this region, the overall voltage deviations
between individual cells are generally low or close to zero. In comparison,
Figure 4.5b illustrates the relative error in the predicted voltage deviations
for variation in only DCIR. A relatively high error can be noted throughout
the entirety of the charging cycle, regardless if the overall voltage deviation is
considered high or low.

On a system level perspective for charging, a reduced order model could
be a feasible solution to implement when only considering variation in one of
the three variables. Each of the reduced order models predict similar results to
that of a fully scaled model with respect to charging times, amount of energy
charged, peak power during charge, and the evolution of the system voltage.
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While minor deviations are present between the reduced order models, these are
generally small in absolute magnitude. However, a reduced order model may
show a rather large relative error in the maximum voltage deviation between
individual cells in the system. While the magnitude of these relative errors
for a reduced order model can be considered relatively small, in the order of a
few mV, it may or may not have an impact on the system's operational limits,
particularly in scenarios where tight voltage thresholds govern charging cut-o,
cell balancing activation, or safety protections.

4.1.2 Discharge

Figure 4.6 shows the amount of usable energy which can be extracted from the
battery pack when singular parameter variations are present in the system. It
is interesting to note that a neglectable di erence can be seen between the 5
reduced order cell models and the fully scaled model, where each of the 6 sim-
ulated model predict the same amount of usable energy no matter the variance
level or the parameter variation. While variation in each of the investigated
parameters show a decrease in the amount of usable energy from the battery
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Figure 4.6: Usable energy considering singular parameter variation, where
(a) is variance in capacity, (b) is variance in DCIR, and (c) is variance in initial
SOC levels.
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pack, it can be noted in Figure 4.6a and c that variance in capacity and initial
SOC level between cells have a larger impact on the amount of usable energy
which can be extracted from the pack. While both of these parameters have a
larger impact on the usable energy, the results also indicate that variations in
initial SOC levels between individual cells within the system have a more neg-
ative impact on the amount of extractable energy from the system compared
to variations in only capacity. While Figure 4.6b also shows that variations in
DCIR have a declining impact on the usable energy in the system, the e ects
of this parameter is diminishing small compared to variations in capacity or
initial SOC imbalance.

The evolution of the SOC and voltage deviations in the battery pack during
discharge are presented in Figure 4.7. Similar to that of the SOC and voltage
deviations for fast charge, each of the 6 cell models are plotted in the gure for
each of the variance cases. Similar results as for charging can be seen, namely
that variations in capacity, Figure 4.7a, will tend to make the cells deviate more
in SOC levels from each others as the battery pack is discharged. The SOC
deviations when considering variations in DCIR or initial SOC, Figure 4.7b and
¢, exhibit same results as for fast charging, with either no deviation between
individual cells or a constant deviations between each cell in the system.

The voltage deviations seen in Figure 4.7a-c for variations in each of the
selected parameters show similar pattern during the discharge cycle with a
major di erence in that the voltage deviations when considering variations in
either capacity or initial SOC level is in order of ten times higher than that
of variations in only DCIR. When only considering variations in DCIR, the
maximum voltage deviation between two cells in the system is less than 0.4
p.u. for a majority of the simulated time frame. However, it can be anywhere
in the range of 1-3 p.u. for variations in capacity or initial SOC mismatch,
depending on the variance range. Furthermore, as the discharge cycle is nearing
its absolute end, a sharp increase in the maximum voltage deviation between
cells can be observed, regardless of which parameter that is being investigated.

During discharge, each of the reduced order models predict the same
amount of usable energy compared to the fully scaled model, regardless of
the variance level or the chosen parameter. By using a reduced order model
for the predicted usable energy when there is only variation in one parameter,
the subsequent computational time may be reduced without loosing any ac-
curacy in terms of predictive ability. However, it is also clear that the e ects
on initial SOC spread between individual cells within the battery pack have a
larger impact on the amount of extractable energy from the system, compared
to variations in only capacity of DCIR. While variations in capacity and DCIR
are unavoidable and will be present in most battery packs to a certain degree,
it is essential to ensure that each cell is balanced to the same SOC, or at least
that the maximum SOC deviation between cells are signi cantly low, before
the battery pack is being discharged.

Furthermore, it is clear that variations in any of the investigated param-
eters have an e ect on the maximum voltage deviation in the system during
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discharge. While variations in DCIR can be considered to have a rather mild
e ect of the voltage deviation during the discharge cycle, it is shown that the
voltage deviations due to capacity variance or SOC variations between cells
have a larger impact on the voltage spread, especially towards the end of the
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Figure 4.7: Maximum SOC and voltage deviations within the battery pack
during the discharge cycle, where (a) shows variation in capacity, (b) shows
variations in DCIR, and (c) shows variations in initial SOC levels.
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Figure 4.8: Relative error in the system voltage during the discharge cycle
for the 5 reduced order cell models in reference to the full scaled model. In
this con guration, (a) is when considering only variations in capacity, (b) is
when considering only variations in DCIR, and (c) is when considering only
variations in initial SOC levels for the cells.

discharge cycle. The rather high and sharp increase in the voltage spread con-
sidering variations in capacity or initial SOC towards the end of the discharge
cycle stems from the behaviour of the OCV-curve towards absolute 0% SOC.
As the OCV-curve for a lithium-ion cell decreases sharply towards the lower
speci cation limit, small variations in individual SOC readings for each cell in
the system can have a large impact on the overall voltage spread in the battery
pack. The e ects of voltage spread could be reduced either by ensuring that
each cell is balanced with regard to SOC before discharge or by avoiding deep
discharges through limiting the usable SOC window. However, by doing so,
the amount of usable energy extracted from the battery pack would be further
limited.

The relative errors for the system voltages during discharge for each of the
reduced order cell models are illustrated in Figure 4.8. Each of the 5 reduced
order cell models are able to predict the same pack voltage readings during the
discharge cycle as a full scaled model, no matter the investigated parameter or
the selected variance range. While the relative errors compared to full scaled
model are small through the majority of the discharge cycle, an increase in
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Figure 4.9: Relative error in maximum cell voltage deviations during the
discharge cycle for the 5 reduced order cell models in reference to the full
scaled model. In this con guration, (a) is when considering only variations
in capacity, (b) is when considering only variations in DCIR, and (c) is when
considering only variations in initial SOC levels for the cells

the relative errors can be noted towards the end of the discharging protocol.
This is illustrated in Figure 4.8a and ¢ when considering parameter variations
in capacity or initial SOC levels. While the relative errors in system voltage
considering variations in only DCIR exhibits the same trends as the previous
two parameters, it is signi cantly lower throughout the entirety of the discharge
cycle as well as for each of the variance cases.

The e ects on the relative errors on the voltage deviations during the
discharge cycle for each of the reduced order models are shown in Figure 4.9.
While the overall relative errors are small during the majority of the discharge
phase, and increase in the errors can be noted in Figure 4.9a and c for capacity
and initial SOC imbalance when the discharge phase is nearing its end. The
errors for these two parameters are of similar trends to that of the system
voltage errors, with the exception that the relative errors when considering
variation in capacity are somewhat higher than the relative errors when only
considering variations in SOC. On the contrary however, variations in DCIR,
Figure 4.9b, show an almost insigni cant e ect on the relative errors in voltage
deviations for the 5 reduced order cell models.
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It becomes evident that a reduced order cell model is able to predict the
same accuracy in system voltage and the maximum voltage deviation between
cells within the system when the pack is being discharged. This would imply
that the same level of accuracy in system perspective, as well as cell-to-cell
perspective, can be expected during the investigated operating condition, re-
gardless which parameter that is allowed to vary and how large the parameter
spread is. While some di erences in the absolute magnitudes of the system volt-
age and voltage deviations can be expected when the discharge cycle is nearing
its termination condition, the majority of the discharge cycle does however
show diminishing di erences between the di erent cell models.

4.2 Dual Parameter Variation

In the dual parameter variation study, the combined in uence of capacity vari-
ation and DCIR variation on overall battery pack behaviour and performance
is systematically investigated. Unlike single parameter analyses, this approach
enables a more comprehensive assessment of how these two key sources of cell-
to-cell heterogeneity interact and jointly a ect pack-level dynamics during op-
eration.

In this con guration, all cells are initialized with identical SOC, meaning
that no inherent SOC imbalance is present at the start of the simulations. By
eliminating initial SOC deviations, the analysis isolates the e ects of capacity
and internal resistance variations, ensuring that any observed divergence arises
solely from these parameters rather than pre-existing charge di erences.

4.2.1 Fast Charge

Figure 4.10 shows how the charging times, the amount of energy charged,
and the peak power during charge are impacted by having variations in both
capacity and DCIR. The e ects on charging times from 10% to 80% SOC, as
shown in Figure 4.10a, indicate a somewhat increasing trend as the variance in
the system increases. Some deviations can also be noticed between the lower
and higher delity cell models, where the maximum di erence between any of
the cell models within the same case setup is less than 0.17%. On the contrary,
the same trends in charging times can not be seen in Figure 4.10b when the
system is charged to 100% SOC. Each of the models predict a decrease in
the overall charging times. The maximum di erence between the di erent cell
models is less than 0.06% when the variance in the system is low, which can
be seen for Case 1. This di erence does however increases to approximately
0.34% when the variance level is increased further, as seen in Case 3.

The amount of energy charged in the rst 10 minutes continues to show a
declining trend when the system contains dual parameter variation, illustrated
in Figure 4.10c. While there are some dierences in the amount of energy
a lower order or a higher order cell model will predict during the charging
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phase, the overall maximum di erence in energy content between the lowest
and highest order cell model is less than 0.14%, regardless of the variance level
in the system. Likewise, the e ects on the maximum charging power in the
system show a declining trend in Figure 4.10d during the charging protocol,
with a decrease in the peak power as the variance in the system increases. Each
cell model predicts the same level of accuracy in the peak power when the
variance in the system in low. However, some deviations can be seen between
the models when the variance level in the system increases.

(a) (b)

©) (d)

Figure 4.10: E ect in dual parameter variation on the battery system, con-
sidering only a joint variation in capacity and DCIR.

Figure 4.11: Overlapping plots for each cell model with respect to time and
variance level, showing the maximum SOC and voltage deviation between the
cells in the battery pack.
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Figure 4.11 shows how the SOC and voltage deviation manifest in the
battery pack as time progresses during the charging cycle. As with the sin-
gle parameter variation, the SOC deviations exhibit identical behaviour when
variations in capacity are present in the battery pack, with no contribution
from the variation of DCIR. Each of the tested cell models are able to pre-
dict the same amount of SOC deviation in the system, regardless of the cell
model resolution. However, the predicted maximum voltage deviation between
cells throughout the charging cycles are seen to deviate between the di erent
cell models, with an increase in this deviation when the variance in system is
higher or in the beginning of the charging protocol. Furthermore, the observed
voltage deviations clearly show the contribution of each of the parameters ca-
pacity and internal resistance and their impact on voltage deviation evolution.
Initially, the observed voltage deviation in the system can be attributed to the
variation of resistive elements in the system, while the e ects of variation in
capacity tends to show up later in the charging cycle when the SOC deviation
of individual cells have reached a more pronounced state in conjunction with a
lower charging current.

When combining variations in capacity and internal resistance, it becomes
clear that a reduced cell model may have some limitations in accuracy de-
pending on the performance indicator. While the cell models predict similar
charging times to 80% SOC, with increasing trends as the variation in the
system increases, the same pattern can not be seen in the charging times to
100% SOC. The lowest order cell model shows a larger degree of deviation in
the simulated charging time compared to the models of a higher order, where
this deviation increases as the variance in the system increases. This seems
to indicate that when more parameters are allowed to vary within the system,
coupled with a higher degree of variance level, that a reduced order cell model
may decrease in accuracy. However, the deviation between models and the
amount of charged energy that can be charged into the system in the rst 10
minutes is of similar magnitude to that of the singular parameter variation.
This seems to indicate that performance indicators that are measured rather
early in the simulation phase, compared to those measured in later stages of
the simulation phase, may be less sensitive to the accuracy of a reduced order
cell model.

Similar to the results for the charging times to 100% SOC when only con-
sidering variations in capacity, a system consisting of dual parameter variation
would also require balancing of individual cell SOC towards the end of the
charging protocol. Even though the results indicate a reduction in the overall
charging times, additional time would have to be added to reach a system that
is fully charged and all cells are balanced. The balancing time would likely
be higher than that of when considering only variations in capacity, due to an
increase in power losses in the system as a consequence of the added variations
of internal resistance in the battery pack.

The relative errors for the predicted system voltage during charge for the
reduced order models are shown in Figure 4.12. Occasional spikes in the relative
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Figure 4.12: Relative error for the system voltage during charge for the
reduced order models in comparison to the full scaled model.

Figure 4.13: Relative error in maximum voltage deviation in the system for
the reduced order models.

error between the models are noticed during the charging cycle, when a step
in the charging current is performed. However, the average error is generally
small throughout the entirety of the charging cycle, with a similar magnitude
in the observed error no matter the amount of variance in the system.

The e ects of the relative errors on the voltage spread when utilizing a
reduced order model are illustrated in Figure 4.13. With a smaller degree of
variance in the system, the error in predicted voltage deviation seems to be
higher towards the beginning of the charging cycle, or when utilizing one of
the lower order cell models. The relative error between a lower and the highest
order model does however decreases during the simulated time frame as the
variance level in the battery pack increases.

While a reduced order cell model can predict the same level of accuracy
for the SOC deviation in the battery pack, the predicted voltage spread within
the system may di er between the cell models during fast charging. As higher
current passes through the system during fast charge, a reduced order cell model
may under-predict the power losses each cell exhibit, and its corresponding
change in temperature. Since many of the parameters in the ECM are functions
of temperature, simpli cations in the subsequent temperature increase that
each cell in the system exhibit may limit the models performance to accurately
predict deviations on a cell-to-cell level. These simpli cations may manifest in
a rather high relative error on a cell-to-cell level perspective. On a system level
perspective however, these variations are barely observed in the overall pack
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voltage level.

4.2.2 Discharge

During discharge, the amount of usable energy which can be extracted from the
battery pack is shown in Figure 4.14. Each of the simulated cell models are able
to predict the same amount of energy discharged from the battery pack, with
a neglectable deviation from each other. The trend in usable energy suggest
a similar pattern to that of singular parameter variation, where an increase in
variation of the individual parameters show a decrease in the usable energy.

Figure 4.15 shows the evolution of SOC and voltage deviations for each
cell model, when the system is subjected to di erent variance levels. Each cell
model is able to predict the same trends in SOC and voltage deviations during
discharge, with no noticeable di erence compared to each others. Throughout
the majority of the discharge of the battery pack, the voltage imbalance stays
in between 0.5-1.5 p.u. depending on the variance level. A sharp increase in
the voltage spread can however be seen towards the end of the discharge cycle,
regardless of the variance level in the system.

Figure 4.14: Amount of usable energy that can be extracted from the system
when considering variations in capacity and DCIR.

Figure 4.15: Maximum SOC and voltage deviations in the battery pack dur-
ing discharge, for each variance level and for each cell model.
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Figure 4.16: Relative error in system voltage for the reduced order models.

Figure 4.17: Relative error in voltage spread for the reduced order models
compared to the full scaled model, for each variance level.

The relative errors in system voltage for the reduced order models are
presented in Figure 4.16. Throughout the majority of the discharge of the
battery pack, it can be seen that the errors between the reduced order models
and the fully scaled model is signi cantly low, with an increase towards the end
of the discharge cycle. Towards the end of the cycle, and when the variance in
the system increases, the errors for a reduced order cell model increase.

It can be seen in Figure 4.17 that the relative errors in the predicted voltage
spread for the reduced order models during the majority of the discharge cycle is
signi cantly small, and increases gradually towards the end of the simulations.
Rather high spikes in the error can however be noticed in the beginning of the
discharge cycle, attributed to an overall voltage deviation that tends towards
zero during the investigated time frame.

During discharge, a reduced order cell model can in the same accurate way
predict the level of usable energy extracted from the battery pack, regardless
of the resolution of the reduced cell model and the level of variance in the
system. Even though there exist some deviations between the cell models
towards the end of the discharge cycle, and when the variance level in the system
increases, this di erence in system level voltage can generally be considered low.
Furthermore, during the majority of the discharge cycle, the predicted system
voltage between the cell models show insigni cant di erences.

When the system contains variations in capacity and internal resistance,
and all the cells are being balanced in SOC before the discharge protocol be-
gins, the battery pack reaches an imbalance in SOC between individual cells
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within the system when the discharge scenario ends. It is clear from the single
parameter variation that this phenomena is caused by the amount of variation
in capacity the system exhibits. Similarly, the voltage deviations in the system
show over time similar results as to that of only having system variations in
capacity. This would indicate that, when variations in both parameters are
present, the e ect of internal resistance variation on voltage deviations in the
battery pack is masked by the level of capacity variation in the system.

4.3 Combined Parameter Variation

In the combined parameter variation case, the battery pack is subjected to
heterogeneities in cell capacity, internal resistance, and initial SOC distribution
across individual cells. These variations are introduced before the onset of the
charging or discharging protocol in order to capture the compounded e ects of
realistic cell-to-cell non-uniformities on pack-level behaviour.

4.3.1 Fast Charge

The e ects on the performance indicators during fast charge when the system
consists of a combined parameter variation are shown in Figure 4.18. While the
di erent cell models predict similar trends in the system behaviour, diverging

patterns start to emerge. Considering the charging times to 80% SOC, it is
shown in Figure 4.18a that a reduced order cell model starts to diverge more
compared to a higher resolution model. The di erences in the predicted times

(@ (b)

() (d)

Figure 4.18: E ect from combined parameter variation on the battery system,
considering variation in capacity, internal resistance, and cell SOC.
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Figure 4.19: Overlapping plots for each cell model with respect to time and
variance level, showing the maximum SOC and voltage deviation between the
cells in the battery pack.

are fairly low when the variance in the battery pack is low, approximately
0.33% di erence between the lowest and highest resolution model. However,
this di erence increases to approximately 0.58% when considering the case with
the maximum amount of variance in the battery pack. Similarly, the charging
times to 100% SOC in 4.18b show a similar pattern. The time dierence
between the lowest and highest resolution cell model is around 0.28% when
the variance level in the battery pack is low, but increases to approximately
0.50% for the highest variance case.

Likewise, the di erent cell models show di erent amount of energy charged
within the rst 10 minutes of charging, as shown in Figure 4.18c. A higher
resolution model generally shows less amount of energy charged than that to a
lower resolution model. The overall energy di erence is around 0.26% between
the lowest and highest resolution model for the lowest variance con guration.
However, this di erence increases to around 0.42% for a system containing the
maximum amount of variation.

It can further be seen in Figure 4.18d that the reduced order cell models
generally predict a higher maximum charging power compared to a higher
resolution model. When the variance of the investigated parameters are low
in the system, a power di erence of 0.07% is observed between the highest
and lowest resolution cell models. However, when the variance in the battery
pack increases, a maximum power di erence of 0.09% is observed between the
models.

The e ects on the maximum SOC and voltage deviations in the battery
pack for each variance case are presented in Figure 4.19. Each cell model is able
to predict the same evolution in SOC deviations over time as the battery pack is
being charged. Starting from an imbalance in SOC between the individual cells
within the system, this imbalance in SOC between cells tends to go towards
zero as time progresses, regardless of the amount of variance in the system. A
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higher degree of variance in the system does however show a marginally greater
SOC deviation at the end of the charging protocol. While each cell model can
predict the same level of accuracy in SOC deviation, voltage deviation over
time seems to be more sensitive. While the overall trends are the same within
the di erent cell models, the spread of the predicted level of voltage deviation
are more pronounced within the di erent cell models. The spread between the
models increases as the variance level in the pack increases.

When the battery pack contains variance in three parameters, it becomes
evident that the chosen cell model resolution can have a larger degree of impact
on certain performance indicator as compared to when the system only exhibits
singular or dual parameter variation. Considering the charging times, the lower
resolution cell models are generally showing faster charging times compared to
the higher resolution models. While the maximum time di erence between the
lowest and highest resolution cell model is generally quite low when considering
the charging time to 80% SOC, a larger deviation between the cell models can
be expected when considering the charging times to 100% SOC. Therefore, the
applicability of the lowest of the reduced order cell models may be somewhat
limited in this aspect when predicting charging times. While each of the cell
models have the capability of more or less show the same level of accuracy in
some system performance indicators, the deviations seen in other system level
performance indicators will however likely continue to increase as the battery
system is subjected to higher variance levels or during more extreme operation
scenarios.

The introduction of combined variations in capacity, internal resistance
and initial SOC mismatches between cells does however more representably
demonstrate a real word battery pack before it is being charged. Since itis clear
from the singular and dual parameter simulations that capacity deviations in
the system will deviate individual cell SOC within the pack during discharge,
these deviations would still be present in the system before charging it. By
allowing for deviation in SOC between cells in the pack before charge, the
time spent on balancing cells in the pack when the system nearing a weighted
system SOC of 100% would also be reduced. This is owning to the fact that
the individual SOC deviation between cells within the system is less than 0.3%
at the end of the charging protocol.

The reduced order cell models does show a relatively small error in regards
to system voltage during the majority of the charging protocol compared to the
full scaled model, as seen in Figure 4.20. While occasional spikes occurs when
there is a step in the charging current, the overall error is below 0.1% through-
out the majority of the simulated time frame. On a system level perspective,
this would indicate that a reduced order cell model would show similar system
voltage levels to that of the full scale model. Some di erences would however
be present, but these would overall be small in contrast to the system voltage.

The e ects of the spread in the predicted voltage deviations within the
battery pack for the reduced order models can be seen in Figure 4.21. The
relative error for the lowest resolution cell models generally have a higher dif-
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