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This thesis investigates the thermal behaviour of a commercial 21700 NCA Hibriucel|
through combined experimental characterisation and lumped thermal modelling. The work
focuses on quantifying heat generation mechanisms and predicting temperalutierevo
under various operating conditions. Experimental measurements includeciojgn
voltage profiling, entropic heat coefficient determination, tesatsfer coefficient
estimation, and chargdischarge cycling at 0.5C, 1C, and 2C. Additional caletiio
experiments are conducted to validate the thermal model under controlled thermal boundary
conditions. The modelling framework incorporates reversible and irreversible heat
generation, temperatudependent parameters, and a thermal time constaattdrfrom
cooling-curve analysis. Model predictions are evaluated against measured temperature
responses, showinmgasonablagreement across all testeddes. The results highlight the
influence of current rate on heat generation, voltage relaxatidrtharmal response, while
demonstrating the suitability of a calibrated lumped model for representing the thermal
dynamics of cylindrical Lion cells. The developed methodology provides a practical
foundation for future battery thermal management demighfor scaling cellevel thermal
characteristics to modulevel simulations.
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SYMBOLS AND ABBREVIATIONS

Roman characters

A Area m?

Co Specificheat capacity JK'lkg'?
Cn Battery capacity A

h Heat transfer coefficient W.m2.K*
I Current A

P Generated heat J

T Temperature °C

Z Time constant S

U Voltage Vv

V Voltage \%
Subscripts

a Ambient temperature

conv Convection

diss Dissipation

exp Experimental

max Maximum

min Minimum

n Nominal

ocv Open circuit voltage

ohm Ohmic overpotential

rad Radiation



sim Simulation

0 Initial

Abbreviations

Al Artificial intelligence

ANN Artificial neural networks

BEV Battery electric vehicle

BMS Battery management system
BTMS Batterghermalmanagemengystems
CC Constant Current

CCD Cyclic Charge and Discharge

Cv Constant Voltage

DMC Dimethyl carbonate

EC Ethylene carbonate

ECM Equivalent circuit models

EHC Entropic heat coefficient

EV Electric vehicles

HP Heat pipe

HPPC Hybrid pulse power characterization
IEC Internationaklectrotechnicatommission
IHTA Inverse heat transfer analysis

ISC Internal short circuit

LCO Lithium Cobalt Oxide

LFP Lithium iron phosphate



LIB

LMO

LSPM

NCA

NMC

NREL

oCcVv

PDE

PEG

PET

P2D

RC

RSME

SEI

SOH

SPM

SVM

3D

Lithium-ion battey

Lithium manganese oxide

Lumped singlgoarticle model

Lithium nickel cobalt aluminium Oxide
Lithium nickel manganese cobalt oxide
National renewable energy laboratory
Operntcircuit voltage

Partial differential equation
Polyethylene glycols

Polyethylene Terephthalate
Pseude2D

Resistorcapacitor

Root mean square error

Solid electrolyte interphase

State of health

Single particle model

Support vector machine

Threedimensional
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1 Introduction

Lithium-ion batteries are widely used in portable electronics, electric vehicles, and-energy
storage systems due to their high energy density, long cycle life, and efficient performance.
However, their thermal behavior remains a critical challenge, asetammpe strongly
influences internal resistance, ageing, safety, and overall performance. Understanding and
predicting heat generation is therefore essential for ensuring reliable and safe battery

operation.

During charge and discharge, electrochemical processes generate heat through both
irreversible losses and reversible thermodynamic effects. The magnitude of this heat depends
on the operating conditions, cell chemistry, and physical design of the catidi@al cells

are widely adopted due to their robustness and manufacturing practicality, but their compact

geometry can result in significant temperature rise under high current loads.

This thesis investigates the thermal behavior of a 21700 NCA cylindrical cell by developing
a lumped thermal model capable of predicting cell temperature during operation. The model
incorporates experimentally measured epeauit voltage, entropic heabefficients, and a
thermal time constant obtained from cooltigyve analysis. Experimental characterization,
including open circuitvoltage QCV) profiling, charge and discharggcling at various €

rates, and calorimetric tests, provides the input data required to validate the model.

The objective of this work is to characterize the heat generation of the cell and develop a
calibrated thermal model that can support future thermahagement strategies for

cylindrical lithium-ion batteries.

1.1 Lithium-ion Batteries Overview

Thedevelopment of lithiumon batteries began in the early 1980s in response to the demand
for lightweight, highcapacity rechargeable power sources. Dr. Akira Yoshino created the
first practical lithiumion battery prototype in 1983, using lithium cobaliod e ( Li Co O
the cathode and polyacetylene as the anode. The technology was patented in 1985, and



commercialized by Sony in 1991, marking the beginning of a new era in energy storage
(Yoshino, 2012)

In everyday usage, the term battery is often applied to any electrochemical energy storage
device, whether it is a single cell, a module, or a complete battery pack. A cell is the
fundamental electrochemical unit that converts chemical energy directlyelettrical

energy When multiple cells are electrically connected, typically in series or parallel, they
form a module, which increases the overall voltage or capacity. Several modules, combined
with monitoring, control units, fuses, cooling systems, sindctural enclosures, form a
battery pack, which is the fully functional system used in applications such as electric
vehicles or energy storage systems. Although some definitions specify that a battery must
contain at least two cells, this distinctionnist always upheld. In consumer and technical
contexts alike, the term "battery" may refer to a single cell, a module, or a pack depending
on the | evel of integration. I n this thesi
the electrochemida uni t while Abatteryo wild.l deno
assembly or be specified further as a module or pack, depending on c@ritel¢én &

Reddy, 2001).

1.1.1 Working Principles of Lithiurvion Batteries

A lithium-ion (Li-ion) battery consists of active materials at the positive and negative
electrodes, an electrolyte, and a separator. The separator functions as a barrier between the
electrodes to prevent short circuits. The active materials are respofwilthe oxidation

and reduction reactions that drive battery operation. These reactions occur through an
intercalation process, where lithium ions are inserted into or removed from host materials
without causing significant structural changes. Typicé#lig,positive electrode is made of a
lithium metal oxideor phosphatewhile the negative electrode is composed of graphite. The
electrolyte contains a |lithium salt, such
like ethylene carbonate (EC) and dimethyl carbonate (DM@E)minium and copper are
commonly used as current collectors for the positive and negative electrodes,

respectivelyEnergy, 2021)

During discharge as shown iRigurel, lithium ions are déntercalated from the negative

electrode and intercalated into the positive electrode, while Li in negative electrode



undergoes oxidation and the-ions in the positive electrode undergo reduction. This
movement of lithium ions is driven by the potential difference between the electrodes, and
electrons flow through an external circuit, producing an electric current. Wadmattery is
charged, the process is reversed: lithium ions move from the positive to the negative
electrode. In the initial cycles, parasitic reactions between the electrolyte and the negative
electrode form a passivation layer known as the selittolyte interphase (SEI). The
formation of this layer results in an irreversible loss of lithium, which can cause a small
reduction in capacity. However, the rated capacity of-emicell accounts for this initial
loss(Energy, 2021)
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Figurel Discharging Process of a Lithiiom Battery(Korthauer, 2018)

1.1.2 Overviewof Li-ion BatteryCell Formats

Lithium-ion batteries are manufactured in several standardized cell formats, each designed
to meet specific requirements related to energy density, mechanical stability, thermal
performance, and packaging efficiendyoriba, 2014) Although the fundamental
electrochemical principles are identical across all configurations, the external geometry and

i nternal assembly strongly influence the
suitability for different applications. The ntosommon commercial formats include
cylindrical, prismatic, pouch, and coin cells, each offering distinct advantages andftsade

in terms of performance, safety, and manufacturing complexity. A brief overview of these



cell types is presented belowigure 2 illustrates the various lithiuson cell formats

currently available on the market, and the following sections describe each type in detail.
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Figure2 Schematic Representation of Common Lithiambatteries: (A) coin cell, (B) cylindrical cell, (C) prismatic cell,
and (D) pouch cefLiang et al., 2019)

1.1.2.1 Cylindrical Cells

In cylindrical cells, the electrodes and separator are rolled tightly in a spiral configuration
and enclosed within a cylindrical casing. These cells feature a robust body with flat
terminals, offering high cycle stability but relatively low packagingcegficy. Cylindrical

cells are typically identified using fiveigit codes; for instance, the widely used 18650 cell

has a diameter of 18 mm and a length of 65.0 @the commonly used cylindrical formats
include 14500, 14650, 18500, 21700, 26650, and 32650. These cells are frequently used in
applications such as laptops, medical devices, communication systeikes goower tools,

and security equipmeKfrote, 2022)

1.1.2.2 PouchCells

Pouch cells are characterized by their flexible, lightweight design, which utilizes laminated
aluminiumfoil as the outer casing instead of a rigid metal enclosure. This structure enables
exceptionally high packaging efficienayver 90% along with reduced weight and greater

design flexibility, making pouch cells particularly suitable for compact electronic devices



and spaceonstrained applications. Internally, they consist of stacked layers of anodes and
cathodes, separated by a porous-conductive separator. These components are enclosed
in a multilayered laminate: the innermost layer is a {seatlable, eleabtyte-resistant
polymer (e.g., modified polypropylene), the middle layedisniniumfor barrier protection

and thermal conductivity, and the outer layer is typically a durable polymer such as nylon or
polyethylene terephthalate (PET), providing mechanical strength, insulation, and
printability. Electrical connectivity is established by welding metallic tabs to the current
collectors, allowing external connections. Despite their many advantages, pouch cells are
more vulnerable to mech&al damage compared to rigid battery forn{&@epinadh et al.,

2022)

1.1.2.3 Prismatic Cells

Prismatic cells use a semgid or rigid rectangular casing, often madeahfminiumor steel,
providing high structural stability. The internal componeatsctrodes and separatare
stacked in sheets. These cells are preferred for smerstrained applications where
minimizing swelling is important. They are marked with-digit codes For example, a
504050 cell measures 5.0 mm in thickness, 40 mm in width, and 50 mm in (Anotk,
2022)

1.1.24 CoinCells

Coin cells, also known as button cells, are small, circular batteries commonly used in
compact, portable devices such as wristwatches, LED lights, healthcare instruments (e.g.,
glucose meters, thermometers, heart rate monitors), calculators, remotesc@mtdotar
keys.These batteries typically consist of a stainlgte®l casing, a graphitmated copper

foil serving as the anod@urwamargapratala et al., 2020he diameter of a coin cell is

greater than its height, giving it its distinctive shape.

Lithium-ion coin cell formats followlnternational ElectrotechnicalCommission (IEC)
standards and are designated by prefixes
indicate a rechargeable lithiuion chemistry, while the numerical code specifies the cell

diameter and thickness in tenths of a millimeter (e.g., LIR2032 correspo2® mm x 3.2



mm). These cells typically consist of a stainles=e| case and cap, a separator, a graphite
based anode, a lithinintercalating cathode material, and an electrolyte. Common
rechargeable lithiuaon coin cell formats include LIR2032, LIR2025, and LIR24Bfote,
2022)

1.1.3 Overview ofLi-ion BatteryChemistries

Lithium-ion batteries are composed of various chemistries, each offering distinct advantages
and tradeoffs in terms of energy density, safety, lifespan, and cost. The cathode material
plays a critical role in determining the overall performance and ditifaif the battery for

specific applications. Lithiuncobaltox i de (Li CoO LCO) i's  wi
electronics due to its high energy density, although it suffers from thermal instability and
moderate cycle life. Lithiutmanganesex i d e ( LLM®)mprovides improved thermal
stability and safety but has a shorter lifespan, making it suitable for power tools and some
electric vehiclegHoriba, 2014)Lithiumironphos phat e (Li FePO , LFP)
thermal stability and long cycle life, making it a preferred choice for electric vehicles and
stationary storage, despite its lower energy den@tan et al., 2014)Lithium nickel
manganeseobaltox i de (Li Ni MnCo O NMC) represents
good energy density, power capability, and cycle life, and is widely adopted in electric
mobility solutions(Horiba, 2014) Lithium nickel cobalt aluminiumox i de ( Li Ni Co A
NCA) delivers high specific energy and long lifespan, and is commonly found in premium

electric vehicles, though it poses certain safety and cost cor{&amset al., 2014)

Alongside the cathode, the anode material contributes significantly to the overall behaviour
and performance of the battefyraphite remains the dominant commercial anode material
due to its structural stability and reliable lithidntercalation behaviour. However, its
moderate theoretical capacignd susceptibility to lithium plating at high charge rates
present notable limitations, motivating the development of higapacity and more robust
anode alternativgs. Chen et al., 2025; Koech et al., 2023i)icon provides exceptionally

high theoretical capacity and demonstrates strong electrochemical performance, but its large
volume expansion during lithiation leads to stress, cracking, and instability of the SEI layer.
To mitigate these effects, silicos often incorporated into structured or composite designs

that help accommodate the volume change and preserve mechanical irfi2asayl &



Eisenbraun, 2021; Koech et al., 20243hium titanate (LTO) is identified as a promising
anode material due to its minimal volume change during cycling, which provides strong
structural stability and improved safety compared with graphite. Although LTO exhibits low
electronic conductivity anch moderate theoretical capagciti)s performance can be
substantially enhanced through nanostructured and composite material desigimdetio
compositesdemonstrate reduced chatigansfer resistance, improved rate capability, and
excellent cycling sthility, achieving 97.2% capacity retention at 10C after 1000 cyZles
Zhao, 2023)Other anode materials, including altype systems such as silicon and tin and

a range of metal oxides, can offer higher capacity or enhanced electrochemical performance.
However, these materials typically experience significant volume changes, patioeriz

and limited electronic conductivity during cycling, which compromise their stafifligch

et al., 2024)

The initial phase of this research focused on the selection of suitable Htmubattery
chemistries for comparative analysis. Four commercially established cathode materials,
Nickel Cobalt Aluminium Oxide (NCA), Nickel Manganese Cobalt Oxide (NMC)iuin

Iron Phosphate (LFP), and Lithium Manganese Oxide (LMO), were selected because they
represent technologically mature and widely deployed systems in modern ditmum
batteries. These chemistries were chosen due to their distinctly different electicalhand
thermal characteristics, which provide a robust basis for evaluating performance, safety, and
degradation mechanisms under diverse operating conditions. Collectively, these four cell
chemistries account for more than 90 percent of global lithamrmcell production for
traction and stationary energy storage applicat{@ssi & Amer, 2025) In addition, they
span a wide range of specific energy, app
approximately 500 to 7000 cycles, thereby providing a representative and comprehensive
dataset for comparative electittermal modelling and thermakhaviour analysigM. K.

Tran, Dacosta, et al., 2021; Walvekar et al., 2022)

NCA provides high specific energy of up to 260 M¢hand strong power capability, which
makes it a reference material for high performance lithimmcells. However, its reduced
thermal stability and relatively high cost, mainly driven by the high content of cobalt and
nickel, remain important limitati@(X. Chen et al., 2025; Velev et al., 2028MC offers

a balanced compromise between energy density in the range of 180 to 2&f) Ydlfety,

and cost, and typically achieves 1000 to 2000 charge discharge cycles. Its degradation



behaviour is strongly influenced by the nickel to manganese ratio and the applied current
rate(Assi & Amer, 2025; Torregrosa et al., 2024P is characterised by excellent thermal

and chemical stability, long cycle life in the range of 3000 to 7000 cycles, and enhanced
safety due to the absence of nickel and cobalt. Although its specific energy of 120 to 160
Wh/kg is lower than that of nickel rich chemistries, its structural robustness makes it highly
suitable for applications that prioritise safety and duralMialvekar et al., 2022} ithium
manganesexide (LMO) provides high power capability, with a typical specific energy of
approximately 120 Wig, low material cost, and good thermal stability. However, it suffers
from reduced cycle life, typically less than or equal to 1000 cycles, which is mainly
associated with manganese dissolution and structural degradation under elevated operating
temperatees(Lu et al., 2023; M. K. Tran, Dacosta, et al., 2021)

Figure3 summarizes the key performance metrics of these chemistries, enabling evaluation
of tradeoffs among energy density, cycle life, safety, and cost, which are critical for battery

design, thermal management, and application specific optimization.

NCA NMC
Safety Safety
Cycle Life Specific Power Cycle Life Specific Power
cost Specific Energy cost Specific Energy
LMO LFP
Safety Safety
Cycle Life Specific Power Cycle Life Specific Power

cost Specific Energy cost Specific Energy

Figure3 lllustrating theKey PerformanceCharacteristics ofourLithium-ion Battery ChemistriesNCANMC,LFPand
LMQ Each radar plot comparé&afety, Specific Bwer, Specific Bergy, Costand Cycle Lif¢Walvekar et al., 2022)



1.1.4 Thermal Runaway in Lithiuaon Batteries

The cathode in a lithiuAon battery is typically composed of lithium transition metal oxides

or phosphates with a high redox potential, which determines the operating voltage of the cell
and contributes to its energy capacity. The anode consists of afgmtgith a low redox
potential and stable electrochemical behaviour, enabling reversible lithium intercalation and
long term cycling stability. The separator and electrolyte are critical components that
strongly influence the overall performance of lithiion batteries. Their physicochemical
properties affect ionic conductivity, thermal stability, cycle life, and capacity retention. The
separator provides electrical insulation between the electrodes while allowing Jitmum
migration, and the electrolytacilitates efficient ion transport between the electrodes during

operation.

Figure 4 illustrates the causes of thermal runaway in lithiom batteries, which can be
triggered by three types of abuse: mechanical, electrical, and théechanical abuse
includes crushing, impacts, or puncturing; electrical abuse involves overcharging, deep
discharging, or short circuits; and thermal abuse results from high temperatures or exposure
to fire. These conditions can damage the separatornfpsman internal short circuit (ISC),

which generates excessive heat. This heat can accelerate chemical side reactions, release
flammable gases, increase internal pressure, and eventually cause fire or explosion. The
presence of flammable liquid electrtédg further increases this risk. Using seltdte

electrolytes is one possible solution to improve battery safety.

Penetration
Overcharge

Internal
Short Circuit

" Electrical he I Fire

Abuse g g:g

Explosion

Figure4 Factorsleading toThermalRunaway inLithium-ion Batteries(X. Feng et al., 2018)



The thermal runaway process is often described by three characteristic temperatigres. T
the temperature where séléating begins, usually due to decomposition of the solid
electrolyte interphase (SEI).Ts the temperature at which thermal runaway is triggered,
often caused by separator failure and internal short circuit. At this point, the temperature rise
becomes rapid. sTis the highest temperature reached during the process. Some thermal
models focus on the entire process fromtd Ts, while others simulate only part of the
response, such as from Tz (M.-K. Tran et al., 2022)Figure5 illustrates these stages

and highlights the sequence of thermal and electrochemical reactions leading to thermal

runaway in lithiumion batteries.

Stage I Stage IT Stage III Stage IV

Separator break up

Safety venting

Micro inner short circuit 350 T

Separator melting

Reaction between
lithium and electrolyte

100
0%SOC 25%SOC  S0%SOC  75%SOC  100%S0C
Capacity
0 T T ] I

25°C 90°C  150°C  200°C 300°C s00°¢

Figure5 Runaway Mechanism and Critical Temperature Rafgydghium-ion BatteriegH. Li et al., 2019; Qi et al.,
2025)

1.2 Battery Thermal Management Systems (BTMS)

As electric vehicles (EVs) continue to evolve, manufacturers adopt different strategies in
battery design and configuration to meet growing demands for performance and driving
range. With the increasing capacity of EV batteries, the need for efficiemhaher
management becomes even more important. According to the Global EV Outlook Report
(IEA, 2020) battery electric vehicles (BEVS) are expected to achieve average driving ranges
of 350 to 400 km by 2030, supported by battery capacities of approximat&ly KA@h.

These advances bring batteries closer to the performance range of conventigrai/ared
vehicles(He, 2024) However, as battery size and power increase, so does the importance of
integrating advancebatterythermalmanagemensystems (BTMS). These systems play a

key role in ensuring battery safety, extending lifespan, and maintaining consistent



performance under various operating conditions. As the industry shifts toward more
sustainable transportation solutions, the implementation of reliable and efficient BTMS

becomes essential in supporting the next generation of EV technologies.

Lithium-ion batteries (LIBs), which are widely used in EVs, are sensitive to both high and
low operating temperatures, as well as to temperature inconsistencies within the battery
pack. The primary goal of a BTMS is to keep the entire battery within aasdfefficient
temperature range during operation and charging. However, thermal performance is not the
only consideration. A practical BTMS must also be lightweight, scalable, eréfrgent,

and compatible with other components within the battery paiskgenerally recommended

that the BTMS should not exceed 20% of the total battery pack weight, and it should not
interfere with critical elements such as wires, busbars, or structural comp@iabist al.,

2022)

Battery performance

Increased / Optimal \ Intensified

resistance | : temperature | side reaction
: i 5
—-40 15C 35C 90 - 120°C
Charge failure  Optimal temperature Thermal runaway

Figure6 Temperature window ensuring optimal LIB efficiefiapniciello et al., 2018)

In terms of thermal targets, effective cooling strategies aim to maintain the maximum battery
temperature (fax) below 40°C, and preferably under 35°C, while ensuring that the
minimum temperature fn) remains above 15°C during colder conditions. To promote
uniform performance and reduce degradation, the temperature variation within the battery
pack (@T) shoul.d be kept under 5AC

BTMS technologies can be categorized in several ways, including active or passive systems,

heating or cooling approaches, and by the type of cooling methodsuskeds air, liquid,



phase change materials (PCM), or heat pipes (HP). Active systems, which use fans or pumps
to drive cooling, are common in liquid and-baised designs and are known for their high
efficiency, though they add system complexity. In contrast, passive syssemBCMs or

HPs to dissipate heat without the need for external power.-B&dd systems are
particularly useful for improving temperature uniformity, while HPs are valued for their fast

response and high thermal conducti{iBlabi et al., 2022)

An overview of different cooling methods is presenteé&igure 7 andwill be explored in

more detaibelow.
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Figure7 Categories of Battery Thermal Management Systédiabi et al., 2022)

1.2.1 Active Cooling

Active cooling methods are essential battery thermal managemensystems (BTMS),
particularly for applications involving high power demands such as fast charging, steep
accelerations, or prolonged operation. These systems employ external mechanisms to drive
a working fluid typically air or liquid to effectively dissipate the heat generated during
battery operation. By offering enhanced thermal regulation and precise temperature control,
active cooling helps maintain battery safety, efficiency, and life§parihao et al., 2021)

The two most common active cooling strategies ardased and liquitbased systems,

which are discussed in detail below.



1.2.1.1 Air Cooling

Air-based cooling systems are widely adopted in BTMS due to their simplicity, reliability,
costeffectiveness, and safety. Air, being abundant and having excellent dielectric properties,
eliminates the need for electrical isolation between coolant arefyeélls. This allows for
flexible integration with various cell geometries and simplifies batergpping designs by

removing the need for liquid coolants.

Air BTMS typically employs blowers or air conditioning units to regulate battery
temperature. Forced air convection provides higher heat rejection compared to natural
convection, but it may generate additional noise and require larger ducts and blowers,
increasing the system's size, weight, and parasitic power consupwghichmay offset its

inherent advantagé€Basu et al., 2016)

Recent studies have focused on improving air cooling performance by optimizing cell layout,
airflow paths, or combining air cooling with other thermal strate(Besu et al., 2016)
Among these, cell arrangement plays a crucial role. Poor layout can restrict airflow, trap
heat, and create thermal hotspots, posing safety and performance risks during EV operation
(Yang et al., 2015)
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Figure8 Schematic diagram of (a) an diased battery cooling system, and cell arrangement configurations: (b) aligned,
(c) staggered, and (d) crodse, 2024)

It is also important to highlight an additional configuration of the@aling system. In terms

of airflow direction, various path configurations have been proposed and can be mainly



categorized into three types:type, Ztype, and other novel designs, as illustratefigure

9. The Utype and Ztype represent conventional layouts. In théype battery pack, where

both the inlet and outlet are located on the same side, cooling air enters through the lower
duct, passes through the channels between adjacent battery coolingplhtests as heated

air from the upper vent via the outlet. In contrast, thgpe battery pack positions the inlet

and outlet on opposite sid¢ble, 2024) Since the outlet is fixed in these conventional
designs(Y. Liu & Zhang, 2019proposed a novettype airflow configuration incorporating

two outlets controlled by valves to improve cooling flexibility
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Figure9 (a) Utype, (b) Zype, and (c)-fype BTMS configuratior{sle, 2024)

1.2.1.2 Liquid Cooling

Liquid cooling is one of the most effective thermal management methods for Hitwum
battery systems, and it can be categorized into two main types: indirect cooling and direct
cooling (also referred to as immersion cooling), depending on whether tlzntcoomes

into direct contact with the battery components.



In indirect liquid cooling, the coolant circulates through components such as cooling plates
(E et al., 2018)discrete tubegXia et al., 2017)or cooling jacket§Sheng et al., 202pJaced

in contact with the outer surfaces of the battery cells. This method allows the heat generated
by the battery to be transferred away without the coolant directly touching the cells, thereby

reducing the risk of electrical haza@akur et al., 2020)

On the other hand, direct liquid cooling involves full contact between the coolant and the
battery. This requires the use of roonductive fluids to prevent short circuits. The key
advantage of this method is the significantly improved thermal contagt railting in a

much higher heat transfer rate. Direct liquid cooling can be further divided into-pimage

and twephase systems, based on whether the coolant undergoes a phase change during heat
absorption.Compared to indirect systems, direct lidj@ooling generally provides better
thermal regulation and more uniform temperature distribution across the battery pack. The
direct contact between the battery and coolant also allows for simpler flow path designs and
reduces the complexity of sealing ®rss, thereby lowering the risk of coolant leakage and
subsequent failures. Despite these advantages, direct liquid cooling is not yet widely
implemented in commercial electric vehicles due to challenges such as fluid selection, cost,

and safety considerans (J. Liu et al., 2023)

(a)

Figurel0 Schematic lllustration @&) Direct and(b) Indirect(Trumony, 2025)iquid Cooling Methods for Battery Packs



1.2.2 PassiveCooling

Passive cooling strategies in Battery Thermal Management Systems (BTMS) have gained
traction due to their ability to regulate battery temperature without relying on external energy
input or complex mechanical compone(8sddique et al., 2018)'hese systems capitalize

on the inherent properties of materials and physical phenomena, such as latent heat
absorptionto dissipate heat. Compared to active systems, passive methods offer advantages
such as reduced weight, improved reliability, and lower parasitic power consumption,
making them especially suitable for compact or -sestsitive application@Nicholls et al.,

2024) Among the most widely studied passive approaches are phase change materials
(PCMs) and heat pipes (HPs), both of which have shown promise in maintaining temperature
stability and improving battery safef@harifi et al., 2024)The following sections explore

the mechanisms, classifications, and performance characteristics of these passive cooling

technologies in detalil.

1.2.2.1 Phase Change Materials (PCM)

PCMs have recently gained attention as a promising solution for managing the thermal
behavior of lithiumion batteriesCompared to conventional air or liquid cooling methods,
PCMs offer distinct advantages, primarily due to their ability to absorb and store significant
amounts of heat via latent heat during phase transitions between solid and liquid states.
Figure 11 illustrates this thermal response, highlighting tleethermal segmenthat
corresponds to the phase change prod®ken the battery temperature rises near the PCM's
melting point, the material begins to melt and absorbs heat, effectively maintaining a stable
temperature close to the phase change temperature. By carefully selecting a PCM with an
appropriate melting pointhe battery can be kept within its optimal operating temperature
range. During this melting process, the PCM continues to absorb heat without a significant
increase in temperature until the phase change is comigldike traditional materials that

rely on sensible heat storage, PCMs utilize latent heat, which enables a much higher heat
storage capacity in a compact and lightweight form. Héagled cooling systems are entirely
passive, requiring no fans, pumps, or external power sources. This pagsnreenot only

reduces system complexity and maintenance needs but also enhances reliability.



Additionally, PCMs can help suppress thermal runaway events by passively absorbing
excess heat generated during uncontrolled exothermic reactions, potentially preventing

dangerous temperature spikdisiri & Hadim, 2025)

Temperature Profile Without PCM

Temperature

Temperature Profile with PCM

Melting Point @ « —— " — — -
Two Phase Area

Time

Figurell Temperature vs. Time profile of a Phase Change Material (PCM) during heating

However, one of the main limitations of PCMs is their inherently low thermal conductivity,
which slows both the rate of heat absorption from the battery and the rate of heat dissipation
to the environment. This can reduce the effectiveness of-B&d sytems, especially in
applications with high heat loads or rapid charge/discharge cycles. As a result, improving
the thermal conductivity of PCMs through material enhancement strategies has become a
key area of research in battery thermal manage(damtg et al., 2023)

One way to classify PCMs is by the type of phase transition they undergo. These include
solid-solid (SSPCMs), soldiquid (SLPCMs), soliggas (SGPCMs), and liquidjas
(LGPCMSs) transitiongMaknikar & Pawar, 2023; Pielichowska & Pielichowski, 2014; W.

Wu et al., 2020)Among these, solitlquid PCMs (SLPCMs) are thmost usedn battery

thermal management systems because they offer a high capacity for storing thermal energy
and experience only minimal volume change during melting and solidifjihg/Vu et al.,

2020) However, one drawback is that they can leak whdigund state. To address this,
researchers often add materifsown as functional fillerdo stabilize the structure and
improve heat transfdzhi et al., 2022)In contrast, soliesolid PCMs (SSPCMs) avoid the
leakage issue entirely because tdeynotmelt. Instead, they change their internal crystal



structure during phase transition. This makes them a stable and clean option, especially in

applications where dimensional stability and cleanliness are esg€etigl et al., 2024)

paraffin®

Figurel2 Classification of Phase Change Materials (PCMs)

The second classification is based on chemical composition, dividing PCMs into organic,
inorganic, and eutectic types. Organic PCMs are preferred in many applications due to their
stability, noncorrosiveness, and relatively high latent hesggacity.They include paraffin
hydrocarbons whose properties improve with longer carbon chéomgever, increasing the

chain length also elevates the melting point, which may be unfavorable for battery thermal
management applicationdNon-paraffins such as fatty acids, esters, alcohols, and
polyethylene glycols (PEGS) offer alternative phelsange options, providing a wider range

of melting temperatures and improved tunability for specific thermal management
requirementglanniciello et al., 2018 Despite their benefits, organic PCMs suffer from low
thermal conductivity, flammability, and potential leakage during the melting phase, all of
which can increase thermal resistance and safety risks in BOsliSet al., 2023; C. Liu et

al., 2020; zhi et al., 2022)norganic PCMs, such as hydrated salts and metal alloys, offer
better ther mal conductivity and | atent he

°C to +1000 °C), buthey face issues like supercooling, corrosion, and phase separation



(Avik, 2024) Hydrated salts 1|ike CaCcCl L6H O an
researchefbr PCM applications. Metdbased PCMs, though highly conductive, are dense,
expensive corrosiveand less practical for larggeale systemglanniciello et al., 2018)

Eutectic PCMs, which are mixtures of two or more pure materials, exhibit congruent melting
and solidification behavior at a fixed temperature, often lower than the components
themselvegMilian et al., 2017) These can be categorized into organaiganic, inorganic
inorganic, and organitnorganic eutectic§Baetens et al., 2010; Zhi et al., 202%Jhile

eutectic PCMs offer enhanced thermal reliability and tunable melting points, their thermal
conductivity and longerm performance remain underexplo(€dLiu et al., 2020; Nazir et

al., 2019)

Lastly, PCMs are classified by temperature range, which is critical for selecting the
appropriate material for BTMS applications. One classification approach groups PCMs into
low-temperature (<220 °C), medidtemperature (2220 °C), and higltemperature
(>420 °C) categoriefAlehosseini & Jafari, 2020)A more BTMSrelevant classification
proposed byai et al., 2023jlefines lowtemperature PCMs as those melting below 100 °C,
mediumtemperature PCMs between 100 and 300 °C, andtkigperature PCMs above
300 °C. For lithiumion battery systems, PCMs with melting points between 20 and 50 °C
arerecommendedas they help maintain operating temperatures below the safety threshold
of 50 °C(Rao et al., 2011)0rganic PCMs arsuitedfor low-temperature conditions, while
inorganic PCMs are more suitable for higimperature thermal storag¥. Zhao et al.,
2022)

1.2.2.2 Heat Pipes

Heat pipes (HPs) have become a popular solution for temperature regulation across many
residential and commercial applications, largely because of their exceptional heat transfer
abilities. Often calledthermal superconductdtsHPs can conduct heat up to ninety times
more efficiently than a copper rod of the same size. This property allows them to maintain a
nearly uniform temperature at the evaporator surface. Their adaptable geometry also makes
them suitable for integratiomto various spatial configurations. As a result, HPs are
increasingly viewed as an effective option for cooling and temperature control in hybrid and
electric vehicle (HEV/EV) battery syster(&fzal et al., 2023)



At their core, heat pipes operate using a-plase heat transfer mechanism, which allows
them to move substantial amounts of thermal energy with minimal temperature differences.
This phasechange process provides a significantly higher effective heat transfer coefficient
compared to conventional singtdase systems. Additionally, HPs do not require any
auxiliary coolandcirculation system, which reduces system complexity and ggner
consumptionTardy & Sami, 2009; Xiao & Faghri, 2008)

As illustrated inFigure13, a heat pipe typically consists of a closed metal tube divided into
three sections: the evaporator, the adiabatic zone, and the condenser. Inside this sealed
structure, a working fluid exists in both liquid and vapor phases. When heat is applied to the
evaporator, the fluid absorbs this energy and vaporizes. The resulting vapor travels to the
condenser, where it releases its latent heat and returns to a liquid state. This extracted heat is
usually removed through a coolithgpp, commonly air oiwater basedFinally, the liquid

flows back to the evaporator section through a wick structure via capillary aktiamks to

their high thermal efficiency, passive operation, and design flexibility, heat pipes present a
highly promising approach for future battehyermal management systeiffszal et al.,

2023)
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Figurel3 Schematic of a heat pipe illustrating tvphase heat transfer via vapor flow and liquid return through the wick
structurgAfzal et al., 2023)
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1.2.3 Hybrid

Recently, hybrid cooling techniques that integrate passive and active cooling strategies have
gained increasing attention to address the growing thermal management challenges in battery
modules. These approaches are particularly relevant under extrenaéingpeonditions



such as higispeed driving, uphill movement, or fast charging, where the charging rate can
reach 4C to 6C with power levels up to 400 kW, significantly exceeding the conventional
1.5'2.0C rates used in typical electric vehicles. A common hybrid configaraivolves

the combination of PCM cooling with forced air, liquid, or heat pipe systems. Figure 11
illustrates various hybrid cooling strategies used in battery thermal management. Such
integration helps leverage the latent heat absorption of PCMs wialdimg active heat
removal to maintain acceptable temperature ranges. Studies have shown thigqu€CM
cooling systems can effectively control the maximum temperature duringrdtgh
discharges, although maintaining uniform temperature distributioosacthe module
remains a challenge. Temperature differences have often exceeded the ideal threshold of
5 AcC, highlighting the need for further (
uniformity. Moreover, hybrid systems generally introducelitmhal weight due to the
inclusion of PCMs, pumps, fans, and heat sinks. Since increased weight directly affects
vehicle energy efficiency, lightweight design should also be a key optimization objective

alongside thermal performance parame&raNu et al., 202Q)
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Figurel4 Basic layout of hybrid battery thermal management systems: (gP@M, (b) liquiPCM, and (c) heat pipe
(Vikram et al., 20249onfigurations.

1.3 LIB Modelling Approaches

To design efficient and safe battery systems, especially for electric vehicles (EVs), it is

crucial to accurately model both the electrochemical and thermal behaviour of ditmum



batteries. Battery modelling approaches are generally categorized into empirical,
electrochemical, and dathiven models. Empirical models, such as equivalent circuit
models (ECMSs), are derived from experimental data and widely used in battery management
systems (BMS) due to their simplicity and low computational demands. These models
typically consist of combinations of resistors and capacitors to represent the dynamic
electrical behaviour of the batteffM. K. Tran, Mathew, et al., 2021)in contrast,
electrochemical models, including the Pse@@b(P2D) and Single Particle Model (SPM),
provide deeper insight by solving partial differential equations based on ion transport,
reaction kinetics, and spatial variations within the cell, affga detailed understanding of

the internal physical and chemical proceg&sHan et al., 2021 Although these models

are powerful, they come with increased computational complexity. With the rise of artificial
intelligence, datalriven models have emerged as a promising approach. These models use
machine learning algorithms to predict battery h@ha and performance from large
datasets, often without requiring explicit physical equat{&etix Omojola et al., 2024; Oh

et al., 2024)Each of these modelling strategies has its advantages and limitations, and their

selection depends on the specific application and required level of accuracy.

1.3.1 Electrochemical Modelling

This section focuses specifically on electrochemical modelling approaches, which describe
lithium-ion battery behaviour using governing equations for ion transport, charge transfer,
and thermodynamic processes. These models vary in their level of ddtadraputational
requirements, ranging from microstructuesolved heterogeneous modgls et al., 2020)

to porouselectrode formulations such as the P2D framewbDdyle et al., 1993)as well as
reducedorder representations including the Single Particle M@datan et al., 199&nd

its variants. The following subsections provide an overview of these electrochemical

modelling categories.

1311 Heterogeneous Models

The heterogeneous model provides a detailed and spatially resolved approach to simulating

the behaviourof lithium-ion batteries by reconstructing the actual thateeensional (3D)



microstructure of the electrodes and electrolyte phases. This is achieved using advanced
imaging techniques such asrXy micrecomputed tomography, which enables accurate
modellingof the solid and pore domains without requiring voleemeraged parameters such

as porosity or average particle s(ze et al., 2020)

Unlike conventional volumaveraged models, the heterogeneous model incorporates
explicit geometrical features and boundary conditions at the patrticle scale. This allows for a
high-resolution analysis of spatial variations in lithium concentration, cumlensity
distribution, and local temperature gradients within the electrode. Such detail is particularly
important for analysing performance during highate charge/discharge cycles and for
investigating degradation phenomena at the microstructural (Eaey et al., 2020; Lu et

al., 2020)

Figurel5Reconstructed 3Molume of theHectrodeShowingDistinct Phases inGreyscale White Represents NM@ctive
Material, Dark Grey Indicates theCarbon-Binder Domain, andBlack Corresponds to th&ore Space(Lu et al., 2020)

Additionally, the model facilitates the evaluation of mechanical stresses that develop during
electrochemical cycling. These stresses originate from theumiéorm expansion and
contraction of active materials due to inhomogeneous lithiation, which méyderacking,
delamination, or separator deformatidinis, in turn,affeds both the mechanical integrity

and safety of the ce{Fang et al., 2020)

Despite its advantages, the application of heterogenemdelling in practical battery
design remains limited by several challenges. High computational demands and the need for
high-resolution tomographic data can restrict scalability. Moreover, limitations in imaging

resolution and possible distortions during imageuggstion may affect the model's accuracy.



Certain interfacial featuresuch as contact resistance between the current collector and the
electrode coatinglso remain difficult to capture with current imaging techniqiffiemg et
al., 2020)

1.3.1.2 Pseude2D (P2D) Models

The Pseuddwo-Dimensional (P2D) model, originally developed by Doyle, Fuller, and
Newman based on concentrated solution theory, is widely regarded as one of the most
accurate and detailed electrochemical models for describindgbéhaviourof porous
electrode lithiumion batteries(Doyle et al., 1993) This model has been successfully
validated across various lithium chemistries, including lithium iron phosphate (LFP), lithium
cobalt oxide (LCO), lithium nickel cobakluminium oxide (NCA), and lithium nickel

manganese cobalt oxide (NM@Jaosong He, 2024)

The P2D model operates under two core assumptions: (1) the active material in the electrode
is composed of spherical particles, with lithium transport governed bystaliel diffusion;

and (2) the electrical conductivity of the current collectors is @afftly high to neglect
variations along the transverse directions (y and z), allowing the model to focus-on one
dimensional (xdirection) dynamics for reaction and transport processes. As illustrated in
Figure 16, the model divides the battery cell into three primary domains: the negative
electrode, the electrolyte (separator), and the positive electrode. During discharge, lithium
ions deintercalate from the solid phase in the negative porous electrogetethrough

the electrolyte, and intercalate into the solid phase of the positive porous electrode. This
process reverses during charg(f@mper et al., 2015)
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Despite its high accuracy, the fdider P2D model involves many nonlinear partial
differential equations (PDES), which require numerical solutions due to the lack of analytical
ones, resulting in high computational cos Han et al., 2021)his makes it impractical

for simulating thermal and electrochemical behaviour under varying duty cycles-imreal
applications, particularly in battery thermal management system (BTMS) design for electric
vehicles (EVs)Cheng, 2019)Although some studies have developed reducddr P2D
models to improve computational efficien@. Li et al., 2021(Li et al., 2021), the inclusion

of detailed internal phenomena such as current distribution often adds limited value for
thermal analysis at the module leyghntharaj & Marconnet, 2019As a result, the P2D
model may be considered overly complex for lasgale thermal modelling in EV

applications.

1.3.1.3 Single Particle Models (SPM)

To reduce the complexity of the P2D modglaran et al., 199Broposed theingle particle

model (SPM), which assumes that each electrode in a cell can be represented by a single,
uniformly sized spherical particle (s€&gure 17). This simplification is valid under the
condition of uniform current distribution across both electrodes. The model neglects spatial

variations in concentration and potential within the electrolyte phase, replacing them with a



lumped solution resistance term. Consequently, the electrolyte phase is excluded from the
model, and lithium concentration within the solid phase is described using a-sedend
polynomial. This approach significantly improves computational efficiencyilewh

mai ntaining acceptable accuracy under 1C
realism,Guo et al., 201lincorporated temperature dependence into the original SPM. Their
results showed strong agreement with experimental voltage data for hbmupouch cells

di scharged at rates of 0.03C, 0.5C, and 1«

Anode Separator Cathode

eee®e®e. "I
O Q Q Q ‘—/5011(1\“
Y XX Y Li-

'Y X X

V(1) >

8 cl(r,1)
3 PN
~ ( Ll+ )
-y
—
R Va

cEi(zzt)

Figurel7 SimplifiedConcept of the Single Particle Model (SPRtpresentingeachBectrode as &ngle Soherical
Particle (Zhang et al., 2020)

However, the assumptions of the SPM break down at hightés (i.e., >1C), where
concentration gradients in the electrolyte phase become signifgaatet al., 2011)This

leads to over 10% error in voltage predictions and a comparable discrepancy in heat
generation estimatioKhaleghi Rahimian et al., 2013Fonsequently, the SPM becomes
inadequate for accurate heat generation prediction undeafhgke EV operating conditions,
limiting its suitability for BTMS design.

1.3.14 Lumped Single Particle Models

To address the limitations of the SPM at highenat@s,(Ekstrom et al., 2018nhtroduced

the Lumped Single Particle Model (LSPM), which simplifies the SPM by assuming that only
one electrode contributes significantly to diffusi@tated voltage losses. This approach
reduces model complexity, lowering the number of required paresmeteapproximately

10, compared to 22 and 40 for the SPM and P2D models, respectively. The LSPM improves

accuracy under >1C conditions by fitting three key electrochemical paranotters



over pot e ndmirgadimerssibnledsChargelexchange curreit&hd diffusion time

c o n s t @ axpeririedtyl data using the Levenbéigrquardt algorithn{Ekstrom et al.,
2018) The nondestructive nature of the data acquisition process makes the model suitable
for EV applications(Ng et al., 2020) Voltage prediction errors remained within 12 mV
under dynamic drive cycles up to £1QEkstrom et al., 2018pand under low Qates (e.g.,
0.3C), discrepancies were less than 7 (Ng et al., 202Q) These benefits have led to

increasing adoption of LSPM in thernmabdellingstudies.

1.3.2 Equivalent Circuis Models (ECM)

The Equivalent Circuit Model (ECM) is an empirical model developed based on
experimental data. It typically consists of a series resistor and one or more parallel resistor
capacitor (RC) networks, as showrHigure18 The resistoRo represents the internal ohmic
resistance of the battery cell, while the RC networks capture dynamic electrochemical
phenomena such as douldger capacitance, charge transfer, and mass transport effects
(Ding et al., 2019)Due to its simplicity and low computational demand, the ECM is widely
employed in battery management systems (BMS) for estimating the state of charge (SOC)
and state of health (SOHM. K. Tran, Mathew, et al., 2021However, unlike physies

based electrochemical models, the ECM provides no direct insights into the internal
physicochemical processes of the cell. Its parameters (e.g., resistors and capacitors) are
generally extracted using hybrid pulse power charaetion (HPPC) tests under isothermal
conditions at varying SOC levels. In practice, however, electric vehicle (EV) batteries
operate across a broad temperature spectrum, limiting the ECM's effectiveness in predicting
thermal behaviourfor battery thermal minagement system (BTMS) applicatiaipd. K.

Tran, Mathew, et al., 2021Furthermore, achieving high accuracy with ECM requires
extensive datasets, which becomes particularly challenging for aging studies, where
parameter recalibration is frequently needed to reflect the evolving battery characteristics
(Teliz et al., 2022)
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Figurel8 Schematic of an Equivalent Circuit Model (ECM) with multiple RC parallel netwBEing et al., 2019)

1.3.3 Machine Learning

Artificial intelligence (Al) has emerged as a powerful approach for modelling and simulating
lithium-ion batteries, offering high prediction accuracy and reduced computational cost
compared to traditional physitmsed models. Adriven techniques, partiarly those

based on machine learning (ML), can learn complex relationships from large datasets,
enabling accurate predictions of state of charge (SOC), state of health (SOH), voltage
response, internal temperature, and capacity degradation without ngquietailed
electrochemical equations. Models such as artificial neural networks (ANNS), support vector
machines (SVMs), and deep learning architectures have been successfully applied to forecast
battery behaviour under diverse operational conditions. €Tldesadriven methods are
especially beneficial for regime implementation in battery management systems (BMS),
where they facilitate fast decisignaking to enhance battery safety, efficiency, and lifespan.
Furthermore, hybrid approaches that integrpte/sicsbased understanding with Al
techniques known as physietmfformed machine learningare gaining attention for
combining interpretability with predictive performance. Thus, Al modelling presents a
promising path for advancing battery simulation, particularly when conventional modelling
is limited by computational burden or incomplete knedge of material parametgfselix
Omojola et al., 2024)
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2 ThermalModelling

Battery modelling approaches can be applied at different levels of abstraction, ranging from
module and pack configurations down to the electrochemical processes within a single cell.
Since the thermal behaviour of the overall system originates froftegellphenomena such

as reaction kinetics, transport processes, and local heat generation, cell modelling provides

the necessary foundation for accurate thermal simulaii@meng, 2019; S. Han et al., 2021)

2.1 Cell Modelling

Within cell modelling, heat generation plays a central role because it directly links the
electrochemical processes to the resulting thermal response. Understanding how reversible
and irreversible sources of heat arise is therefore a prerequisite fartipgetemperature
evolution and designing effective thermal management strai@gielsl et al., 2022; Nazari

& Farhad, 2017)



2.1.1 Heat Generatiom LIBs

The thermal response of lithidion batteries is a critical factor influencing their
performance, safety, and lifespan. The heat generated inside a battery during operation
originates from two primary sourcagversible and irreversibleeat. The reversible heat is
associated with the entropy change of the electrochemical reactions and can be either

endothermic or exothermic, depending on the sign of the entropy coeffieient , where

"Y is the opertircuit voltage. It is given by:

Y
0¥

where'@lenoteghe current, andvis thecell temperatur€K). On the other hand, irreversible

D

heat arises from ohmic losses and polarization effects within the cell, mainly due to internal
resistance to ion and electron transport. The total irreversible heat generation can be
represented as:

0 ‘oY 2
where'Y denotes the total internal resistance of the (cell JThis includes ohmic, charge
transfer, and mass transport resistances, which collectively contribute to polaraation
shown inFigure20. Polarization leads to a voltage deviation from the equilibrium potential
during operation, further increasing heat generation under high curren{Naads &
Farhad, 2017)The total heat generation rate in the cell, often referred to as the Bernardi

equation, combines these components:

3)

- - Y
5w v o
Here,w is the terminal voltage (Vand™Y is open circuit voltage (V)which represents
the equilibrium potential of the cell under-fumd conditions The first term represents
polarization heatwhile the second term captumstropyrelated heat effectd his equation
is widely used in thermahodelling of batteries, providing a reliable basis for designing
BTMS (Jindal et al., 2022)
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Figure20 Illustration of the model structure and heat generation sources in lithambatteries(Nazari & Farhad,
2017)

2.1.2 Heat Transfein LIBs

LIBs are complex, heterogeneous systems in which electrochemical and thermal phenomena
are strongly coupled. When considering heat transfer within these systems, the three primary
mechanismsconduction, convection, and radiatiorust be evaluated. Given the internal
structure of LIBs, which predominantly consists of sidialid and solidliquid interfaces,

heat conduction serves as the principal mode of internal heat tréBisfieet al., 2025)

If significant temperature gradients are anticipated within the lithanmcell, thermal
modelling typically employs a form of the thrdamensional heat conduction equation, as
shown in Equatior{4). This approach is particularly relevant for scenarios such as safety
simulations, préheating studies, and fashargingnvestigationslin this context, the thermal
conductivity directly influences the spatial and temporal distribution of the cell temperature,
T, which is a function of both positiomfuftx and timed. Dueto the layered structure of

the electrode and separator stack, lithiom batteries exhibit anisotropic thermal
conductivity, with distinct values in each Cartesian directidq®hQhQ . Although

Equation(4) is typically expressed in Cartesian coordinates, it can also be formulated in



cylindrical coordinates i i , which is often more appropriate for cylindrical cell
geometriegSteinhardt et al., 2022)

y

TY T LY Y T Y (4)
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where” is the average density of the battdyy,is the average specific heat capaaigg & s

the volumetric heat generation rate

If internal temperature gradients within the cell are negligible, typically indicated by a low
Biot number, the lumped capacitance model, as presented in Eq&xtimmovides a suitable
approach for modelling the cell temperature. In this simplified model, the temperature rise
of the cell is primarily governed by its specific heat capacity and the heat dissipation, which
together determine the amount of energy regdir t o al t er t lSteinlaetd | 6 s
et al., 2022)

o
N6 # Tr_o fecBece A ©)

n n n (6)
where then is heat dissipation that is combination of convection and radiation heat

transferandw is the volume of the cellThermal convection and radiation are considered

at the free boundary, as expressed in Equatiorend(8).

Figure21 lllustration of Two Primary Heat Dissipation Mechanisms in a Battery Cell: Natural Convection and Thermal
Radiation(Kovacs et al., 2025)



I EI"Y Y (7)
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whereQs the natural convective heat transfer coefficievigpresents the surface boundary

temperature,Y is the ambient temperature denotes the surface emissivity, ands the

Stefan Boltzmann constant.

Natural convective heat transfer between the battery and the external environment occurs
through the relative motion of a flyitypically air or liquid across the battery surface. This
passive method of thermal dissipation is employed in lacgée energy storage systems

The effectiveness of natural convection is influenced by several factors, including fluid
velocity, temperature gradients, and thermophysical properties such as density, specific heat
capacity, and thermal conductiviggun et al., 2025)

When a fluid flows over a heated battery surface, higher flow velocities enhance heat
removal. At a constant flow rate, a lower fluid temperature increases the temperature
difference between the surface and the fluid, thereby improving convective haéértran
Fluids with high specific heat capacity can absorb more heat, while those with high thermal
conductivity are more effective in transporting it away from the suiface/. Han et al.,
2022)

In addition to convection, thermal radiation also plays a role in heat dissipation, especially
at higher operating temperatures. Radiation is a form of energy transfer that does not require
a medium and occurs through electromagnetic waves emitted frdvattieey surface. The

net radiative heat transfer depends on surface emissivity, surface temperature, and ambient
temperature. Although radiation is generally less dominant compared to conduction and
convection in lithiumion batteries, its contribution bemes more significant at elevated
temperatures due to its proportionality to the fourth power of tempei@tatehard et al.,

2000)

Convection can be further classified into natural and forced tggabustrated in thEigure

22 . Natural convection arises from buoyancy effects driven by density differences in the
fluid, while forced convection is induced by external means such as fans or pumps.
Compared to forced convection, natural convection typically exhibits lower heatetransf

rates and limited temperature con{®un et al., 2025)
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Figure22 lllustration of (a) Forced Convection and (b) Natural Convection Mechanisms.

2.1.3 Previous work®n Cell Modelling

The first comprehensive formulation for quantifying heat generation in electrochemical
systems was presented (Bernardi et al., 1985who derived a general energy balance
equation that accounted for reversible, irreversible, and mixing heat contributions within a
unified thermodynamic framework. This model provided the theoretical foundation for
analysing the thermal behaviour of bete and continues to underpin contemporary electro
thermal modelling approaches. Subsequefiilpyle et al., 1993gxtended this concept by
developing the first pseuedavo-dimensional (P2D) electrochemical model for lithiimn
polymer cells. Their model coupled charge, mass, and energy conservation to predict spatial
variations in potential, concentration, and tempes during galvanostatic cycling.
Collectively, these pioneering works established the fundamental framework for integrated
electrochemicdlthermal modelling and have remained the cornerstone for subsequent
advancements in battery system analyBislding upon these foundational studies, a range

of recent investigations have advanced battery thermal and electrochemical modelling
through experimental validation and mudimensional simulation approaches. A summary

of these representative studies is pnése inTablel, highlighting their key findings.



Tablel Recent Studies on Thermal and Electrochemical Simulation of Litmu@ells

Serial Author Battery Key Findings
no. Type
Compared three thermal modeling approache
under constant and dynamic discharges. All mo(
(Paccha | Cylindrical agreed with experi mer
1 Herrera et | 26650 cell | 1.5C). Lumped model provided reliable results w
al., 2020) LCO minimal computational cost, whileupled
electrochemicélthermal modetaptured voltage
and temperature fields most accurately.
Developed and validated a 1D transient therm
model for Sony 18650 Libn cells using
calorimetric data. The model accurately predict
. Cylindrical temperature evolution at moderatedes and
(Al Hallaj et
2 1865Q demonstrated a strong dependence of tempera
al., 1999) . .
LCO rise on cooling rate. Thmal runaway was
observed between 10844 °C depending on stats
of charge, defining safety thresholds for largeale
cell designs.
Theproposed inverse heat transfer analysis (IH1
Cylindrical method was validated under dischgrge rates ran
3 (U. Han & 2170Q from 0.25C to 2.0C, demonstrating excellent
Lee, 2022) NMC agreement with exper.i
confirming its reliability in predicting temperatur
evolution across varying load conditions.
Developed a pseuel@D electrochemicathermal
model coupling 1D electrochemical and 3D he;
transfer equations to simulate temperature evoly
4 (Bahiraei et| Prismatic in an NCA prismatic cell. The model accurately
al.,, 2017) | Cell, NCA predicted cell temperature within 4% deviation
from experimentand demonstrated increasing
temperature with discharge rate, reaching 39.7 °
3C under safe operating limits.
A combined experimental and analytical study,
developed a transient heggneration model unde
air cooling. Higher @ates and lower ambient
(Xie et al. Ppuch temperaturgs increased heat generation a.no
5 2018) ’ Single temperature rise. The model accurately predict
Cell, LTO cell temperaturew(ith less thar2% error),

confirming discharge produced more heat tha
charge and overdischarge caused sharp temper
rise.




Tablel ntinued

Conducted chargelischarge experiments at 12C
comparing natural convection, PCM, and P&

Cylllggglgal cooling. PCM cooling reducedMC cell
(M. Chen et cells temperature by 4.7 °C at 1C and 12.8 °C at 2(
al., 2020) NMC and while LFP cells showed smaller drops
LEP (approximately2 °C). The method effectively
stabilized temperature and preserved capacity u
higher Crates.
Measured anisotropic thermal conductivity and h
capacity, then established a 2D axisymmetric
thermal model using HPR@erived resistance an
Cylindrical | entropy data. The model accurately predicted c
(Q. Wu et - 0
al., 2023) 2170Q and su_rfa_ce temperat.uresslt@ less tharl.5 °C
NCA deviation) under 12C discharge. Core
temperature reached 60 °C at 2C with
approximately3 °C internal gradient, validating th
model 6s r el-celhthermalibehsviorf
Developed a coupled electrochemi¢hérmal
model combining porouslectrode and transient
N heattransfer formulations to predict temperatur
Cylindrical .
evolution of acell. The model accurately
(Jeon, 2014) 1865Q . . :
LCO reproduced experimental trends, showing high
discharge temperaturespproximately50 °C at 2C)
and a transition from entropic to Jowleminated
heating with increasing-Cate.
Developed a lumped thermal characteristic mog
coupled with the Bernardi equation to estimatg
internal temperature online. Introduced an adap
forgettingfactor recursive least squariefoint
. Cylindrical Kalman filter for ceestimation of internal
(Shi et al., .
2022) 1865Q temperature a.ndxt.ernal thermal res.l.s_tance.
LFP Experimental validation under HPPBgijing bus

dynamic stress te®BDST, and fulicycle tests
showed high accuracy with a maximum RMSE
0.53 °C, confirming robustness for reahe battery
management applications.




Tablel ntinued

10

(Ozdemir et
al., 2021)

Cylindrical
1865Q
NCA

A coupled electrochemidahermal model was
developed to solve mass, charge, and-traasfer
eqguations incorporating a variable convective
coefficient. Experimental validation under 015C
1.5C discharges demonstrated excellent agreen
with measured dat@vith less tharl °C and 0.11 V|
RMSE). The model effectively captured mandre
induced temperature gradients while confirmin
nearly uniform thermal behavior at lowr@tes.

11

(Mevawalla
et al., 2020)

pouch cell
LFP

A pseudethreedimensional electrochemigal
thermal model was developed by coupling-one
dimensional electrochemical and thhdienensional
heattransfer equations to simulate a 5 Ah NCA
prismatic pouch cell. The model demonstratec
strong agreement with experental datawith less
than4 % deviation) and accurately captured th
temperature rise with increasing discharge rat
reaching 39.7 °C at 3C while remaining within t
safe operational range.

12

(Abbas et
al., 2024)

Pouch cell
NMC

A threedimensional lumped thermal model bast
on a resistaneeetwork approach was develope
and validated against a detailed firgiement
model for a single NMC pouch cell. The mode
accurately reproduced both transient and stead
state temperature emion under 1C5C
discharges, achieving less than 0.5 °C deviatig
from FEM predictions while reducing
computational time from six hours to approximat
three seconds.

2.2 Battery Module Modelling

A lithium-ion battery module is an assembly of interconnected cells configured to deliver
higher voltage and capacity than a single cell. Modules are typically designed with integrated
thermal management features to maintain the temperature within saéiaps limits,
thereby enhancing reliability and safety. In additiBMSs are often incorporated at the

module level to monitor parameters such as cell voltage and temperature, enabling active



balancing and performance optimization. This not only improves overall system efficiency

but also contributes to prolonging the battery's servicgSifende et al., 2023)

Figure23 BatteryModule @nfigured in a 3P4&rangemenfAvik, 2024)

2.2.1 Previous works oiModule Modelling

The earliest systematic investigations into battery pack thdretalviourwere conducted

at thenationalrenewableenergylaboratory (NREL) in the late 1990&2esaran & Burch,
1997)made a pioneering contribution by presenting one of the first comprehensive analyses
of the thermal performance of EV and HEV battery modules and packs. Their work
combined fundamental heat transfeodelling with finite element simulations to assess
temperature evolution within ledacid modules and across muttiodule pack assemblies.

The study demonstrated how internal heat generation, module geometry, airflow
configuration, and casing thermal conductivitfluence temperature gradients at the pack
level. Importantly, it highlighted that inadequate thermal design can lead to temperature non
uniformity, accelerated aging, and electrical imbalance among cells and modules,

emphasizing the necessity of dedicated battery thermal management systems.

Building on this foundation(Pesaran, 2002jntroduced one of the earliest lumped
capacitance ther mal model s for battery pa
simulation platform. This work enabled prediction of battery temperature evolution under
realistic drivecycle conditions and linked hérmal behaviour to electrochemical

performance indicators such as internal resistance, available power, and efficiency.



Additionally, 2D and 3D finite element analyses were used to explorelgaskairflow
configurations, revealing that parallel airflow architectures offer markedly improved
temperature uniformity compared to series configurations. Collectively, thesesskaid

the groundwork for modern approaches to battery pack thermal modelling.

Table2 summarises recent studies on lithiion battery pack modelling, highlighting the

cell chemistries employed and the key findings of each work.

Table2 Recent Studies on Thermal and Electrochemical Modelling of LitbiuBatteryModule.

Serial Author Battery

o, Type Key Findings

Using a thermoelectric coupling model, the
studyanalyzedairflow direction, intake
velocity, and cell arrangement in a-gill
prismatic LFP pack. Aligning airflow with cel
6 length improved cooling, while staggered
Prismatic arrangements reduced local hotspots. An
cells LFP optimal configuration (10 mm staggered
distance, 5 mm gEing) lowered maximum
temperature by 0.5% and temperature
difference by 4.2%, demonstrating enhance
cooling and improved uniformity.
Proposed a loveomputational 3D lumped
thermal model that captures thermal
interactions between cells, tabs, and insulat
layers. The model closely matched FEM
10Pouch predictions with a maximum deviation of
cells, approximately0.42 °C while reducing
NMC computational time from 21 h (FEM) to 6 s f¢
a 10cell module. Results demonstrated
accurate temperature prediction for both sing
cell and multicell modules across dischargge
and periodic cycling conditions.

(Wang et al.,
2025)

(Abbas et al.,
2024)




Table2 Continued

Developed a 3D electrochemittiermal
model using the P2D framework to evaluat
heat generation, dissipation, and life span o
6s2p pack with multiple cathode chemistrie

: . 12. under air cooling. The NMC pack achieved t
(Mangaiyarkaras| cylindrical e :
best thermal stability with an optiina
& Jayaganthan,| cellsof . o .
2024) 2170Q temperz?\tu.re rgnge of 21.3.8 °C, maximum
NMC heat dissipation of 102.5 W, and SOC/SO}
retention of 100%/80%. Despite faster capac
fade, NMC chemistry provided superior hed
management and operational efficiency
compared with LCO, LFP, and LMO system
Conducted experimental and numerical
evaluation of a liquietooled 4S4P NMC pack
16 under 1C4C discharges. The system
oylindrical maintained cell temperatures below 40 °C, ¢
(J. W. Han et al. cells of the chillerassisted configuration improved
2022) 18650 temperature uniformity by up to 35%. Motle
NMC experinent agreement was within 2 K,
confirming the accuracy of the thermal
predictions and the
symmetrical cooling design.
Developed a Thevenibased equivalent circu
model that incorporates the effects of state
charge, state of health, and temperature o
(M. K. Tran model parameters. Experimental validatiorn
Mathew. et a;I. 5 pouch demonstrated an RMSE below 20 _mV and
202’1) " | cells LFP MAPE below 0.5%, representing
approximately a 50% improvement in voltag
prediction accuracy compared to conventior
models and confirming its suitability for real
time battery management applications
Compared air and PCM cooling under an HE
load profile. Air cooling kept temperatures
16 within safe limits but showed higher non
(F. Chen et al. cylindrical | uniformity, whereas PCM coo.ling achievgd
2020) "I cellsof excellent unifor mi
26650, | increased mean temperature and reduced ¢
LFP life. Overall, air cooling was found to be mo

costeffective and durable when considering
thermal performance and ageing.




Table2 Continued.

Demonstrated that watgipe cooling
significantly improves pack thermal behavic
under dynamic COCV cycling. Simulation

16 closely matched experiments, with deviatior
(K. Li et al. cylindrical | mainly attributed to constant therrphys?cal
7 2018) ’ cellsof parameters and neglected contact resistan
18650, | Water cooling maintained safe temperatureg
NMC low C-rates, while PCM became more effecti
at high CGrates. Results indicate that a hybri
PCMi water system offers optimal performan
across varying load conditions.
Developed and validated a coupled
electrochemicélthermal model to investigate
forced aircooling in aligned and staggered
60 cylindricalcell packs. Results showed that
oylindrical increasing longitudinal spacing reduced
(Yang et al., maximum temperature but increased powse
8 cells of : .
2015) 18650 demand, wile larger transverse spacing
LEP improved uniformity but raised average
temperature. The optimized aligned
configuration ($= 34 mm, $= 32 mm)
achieved balanced cooling performance wit
minimal temperature neaniformity.
Developed a coupled electtibermal model for
prismatic LFP cells and ackll pack, validateg
4 from 7120 °C to 25 °C withapproximately3%
(Jaguemont et . . error. The model accurately captured voltag
9 Prismatic . :
al., 2016) behavior, energy loss, and sk#ating at low
cels, LFP
temperatures, and reproduced pskel non
uniformity with higher temperatures in inne
cells.
Developed a 3D coupled electrochenmiical
30 thermal model for a liquitooled 6S5P NCA
oylindrical paf:k. Experimental valldatuon showed
(Basu et al., approximately90% accuracy witthess tharl K
10 cells of . . .
2016) 18650 deviation, while the proposed design
NCA maintained temperature rise below 7 K at 2.]

ensuring compactness and high thermal
uniformity.




3 Characterization Methods

I n this masterds thesi s, the experiment al
cylindrical lithiumtion cell in the 21700 format with NCA chemistry and a nominal capacity

of 4.5 Ah. The key specifications of the cell are listed@able3. Further analysis of the cell
required measurement of the open circuit voltage and the implementation oficharge
discharge cycling under controlled loading conditions, which will be presented in the

following sections.

To perform the experimental measurements, a Neware battery cycler ModdOBUSvas

used. A battery cycler is an essential instrument that enables the controlled application of
current and the simultaneous measurement of voltage in electrochemicdhgaisctice,

the cycler allows the operator to define charging and discharging protocol, apply the required
current with high precision, and continuously record the corresponding voltage response of
the cell. In addition, the cycler actively monitors batirrent and voltage in real time,

ensuring accurate execution of test profiles and reliable data acquisition.

Table3 Technical Specifications of the Lithion Cells Used in This Study

No. Particulars Values
1 Brand Name Molicel
2 Model Name INR-21700P45B
3 Capacity (Typical) 4500 mAh
3.6 V (Nominal)
4 Cell Voltage 4.2 V (Charge)
2.5V (Discharge)
4.5 A (Standard)
5 Charge Current 135 A (Maximum)
6 Discharge Current 45 A (Continuou3
. 0°C to 60°C (Charge)
7 Operating Temperature “40°C to 60°C (Discharge)
8 Shape Cylindrical
9 Diameter 21.55 mm
10 Height 70.15 mm
11 Weight 7049

In this work, the Newar8TS-4000 was employed to conduct both OCV characterization

and dynamic cycling tests
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Figure24 Singlecell testing was conducted using the Neware battery cffslék, 2024)

3.1 Open Circuit Voltage (OCV) Measurements

The OCV of a cell is a static function of its state of charge (SOC) and temperature, whereas
most other aspects of cell performance are dynamic in nalurerefore, separate
experiments are required to characterize the CZ8®@C r el ati onshi p and
behaviour To determine the OCV profile, the general procedure is as follows: the cell is first
fully charged, then discharged at a very low current to the minimum operating voltage while
continuously monitoring both the terminal voltage and thenudative amperdours
discharged. Subsequently, the cell is rechagrggain at a very low currenb its maximum
operating voltage, with voltage and charge data recorded throughout the process. This slow
chargédischarge cycle ensures that the voltage approximates the true equilibrium OCV at
each SOC poingPlett, 2015)

The slow charged i scharge rate is intended to mini
behaviar and maintain a quasiquilibrium state throughout the test. While a C/30 rate is
commonly used as a compromise between equilibrium accuracy and test duration, a C/50
rate was employed in this study to further reduce transient effeetsl & Danzer, 2013)

Based orfigure 18, the terminal voltage can be expresse&@sation(9),

YOYO o YoQomrt Y ©)

Here,’Y represents the ohmic resistance, &gl the time constant defined as the product
of resistance and capacitance in the equivalent RC cifthérefore, by reducing the
current, the first two terms on the rigténdside of Equatior{9) can be neglected.



OCYV profiles obtained during charging and discharging differ due to voltage hysteresis,
which arises from thermodynamic asymmetry, kinetic polarization, and structural changes
in the electrode materials. As a result, the OCV is not a suadleed functiorof the SOC,

with the charging OCV typically appearing higher than the discharging OCV at the same
SOC. To maintain consistency in modelling, an averagedi@GOL curve is commonly
used to suppress hysteresstated variations and provide a smooth, singlkied
relationship suitable for equivaleaircuit and electrochemical modgBarai et al., 2015;

H. Feng et al., 2021)

To obtain a unified OCV curve from both charging and discharging thadanethods were
employed. The first is the conventional approach, referred to as the aver@yeat
constartSOC methodBussios et al., 2024As illustrated inFigure25, this method requires
averaging between poinBsandC, which represent the OCV values from the discharge and
charge cycles, respectively. The second approach, known as the av@@@ed constant
OCV metha (Ning & Zhang, 2015)involves averaging between poiisand B, which

correspond to the SOC values from the charge and discharge cycles, respectively.

2.9 . ——Charge —— Discharge

0 10 20 30
SOC

Figure25 Schematic Representation of OCV Calculation Using Two Different Methods

As previously noted, the OCV is also a function of temperature, and in S2ctidn we
introduced the concept of reversible (entropic) heat. To evaluate the entropic heat coefficient
in a lithiumrion battery, charge and discharge experiments were conducted at different
temperatures using a low current rate of Gf30a et al., 2023)The slope of this linear fit

at each SOC point corresponds to the entropic heat coefficient which quantifies the reversible



heat contribution. This analysis was repeated for multiple SOC levels to obtain a full profile

of the entropic heat coefficient as a function of SOC.

For ths experimental procedure, a Gamry Reference 3000 potentwasaemployed to
precisely regulate the applied current and voltage throughout the measurements. In parallel,
a Weiss climate chamber was utilized to ensure a stable andoméiblled ambient
temperature, thereby minimizing external thermal disturbamedsnabling consistent test

conditions.

3.2 Cycling

The loopectyclic charge andlischarge test was conducted using the Neware BTS 8.0. The
cells were cycled using a constant curirennstant voltage (GQGCV) charging protocol
followed by a constant current (CC) discharging protocol at varicustéS. After each
charge and discharge ptea 30mi nut e r est period was i mpl ¢
voltage and temperature to stabilize before proceeding to the next cycle. The temperature of
each cell during cycling was measured using a PT100 sensor, whidthgsran accuracy in

the range of 0.1 to +0.3 °@Kako, 2023) To verify the thermal model under different
operating conditions, three-1@tes were selected. A 0.5C rate represents mild cycling with
limited heat generation, serving as a baseline for model accuracy undetréss
conditions. The 1C rate correspomdsiominal operation, often used as a benchmark in both
experiments and simulations. Finally, the 2C rate reflects an extreme scenario with
significantly higher heat generation and thermal gradients, testing the robustness of the
model under aggressive aing. This range of @ates is commonly adopted in battery
studies to cover realistic usags well as worstase conditiongKako, 2023; Patel et al.,

2025) A comprehensive summary of the cycling parameters is preseniathled.



Table4 Cycling Protocol for Differentr@tes

C-rate
0.5C 1C 2C
Parameters
Charging CurrentA) 2.25 4.5 9
Charging Voltage cuoff (V) 4.2 4.2 4.2
Charge Current Cuiff after CV 50 50 50
charge(mA)
Rest Periods) 1800 1800 1800
Discharge CurrentA) -2.25 -4.5 -9
Discharge Voltage Cuaff (V) 3.0 3.0 3.0
Rest Periods) 1800 1800 1800
Number of Cycles tested 2 2 2

3.3 Heat Transfer Coefficient Measurement

To characterize the overall heat transfer coeffici@oft the battery cell, a dedicated cooling
experiment was conducted. Estimati@through empirical correlations was considered
impractical, as convective and radiative heat losses are influenced by various, factors
including ambient temperature, airflow conditions, cell geometry, and surface protherties

are difficult to capture accurately with standard models. Inst€adas determined by
anal yzing t h ebelagdurfolowiryg@ shargeocycldm thegexperiment, the

cell was chargedising CC chargingnd then left to cool in a quiescent environment.
Throughout this cooling periotivo thermocouples were used to continuously monitor the
ambient air temperature, while a third thermocouple, affixed to the cell surface using thermal
paste to ensure good thermal contact, measured the cell temperature. This setup ensured that
the recordedemperature decay was predominantly governed by natural convection and
radiatian to the surroundings, allowing for a reliable estimation of the overall heat transfer
coefficient(U. Han & Lee, 2022)



During the rest period, when no electrochemical reactions take place, the thehnaabur

of the cell can be described by a simplified energy balance. The general form of the energy
conservation equation for the cell is given in Equaffgn Once the discharge ends, the
volumetric heat generation term becomes negligible, and the temperature decay is governed
solely by heat dissipation. This heat lossmedelledu si ng Newt onds | aw
incorporatingconvecton as expressed in Equatiof@-(8). Substituting these terms into the
energy balance yields a firstder differential equation that describes the cell temperature

during the cooling phase.
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This differential equation describes how the cell temperature decays toward the ambient
temperature due to heat logdl quantities in EquatioL0) are known or measurable except

forQ which must be de wasknown,rambteawad daleulatecefrorh 6 s
the cell geometrandthe value for specific heatas takerfrom (Murashko et al., 2020)

Thus, Qwas treated as an unknown parameter to be extracted from the cooling data. To
estimate’Qan inverse heat transfer analysis was carried out by fitting the model to the
measured cooling curvBy manipulating the governing equations, the following expression

is obtained:

Y Y Y va- (12)

LS (12
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wheret is the time constant aritt; and”Y ambientand celltemperaturgrespectively.

3.4 Calorimetric Cycling Experiments

An isothermal calorimeter was used to precisely measure the total heat generation of the
lithium-ion cell during chargedischarge cycling. This method allows direct quantification

of both reversible and irreversible heat, ensuring accurate evaluatioa of¢the | | 6 s t h
behaviour. As shown biNazari & Farhad, 2017tonducting measurements under constant
temperature conditionssing a isothermalcalorimeter minimizes external temperature
effects and provides reliable data for validatthgrmal models and improving battery

thermal management systems.



The calorimetric cycling experiments were conducted using a Thermal Hazard Technology
(THT) IBC-PL Isothermal Battery Calorimeter, integrated with a Huber MPC Minichiller
600 temperature control unit. The 1B is specifically designed to study the thekrma
behaviourof pouch and prismatic lithiuson cells under strictly controlled isothermal
conditions. The calorimeter quantifies the heat generated by the cell through precise
measurement of the temperature differential between two parallel plates, exdharitk one
adjustable, thermally connected to a k&ak block via a calibrated thermal resistance plate.

The heat produced by the cell induces a proportional temperature difference across these

plates, which is continuously monitored to calculate theesponding heat flow.

A Huber Minichiller 600 circulated thermostated fluid through the calorimeter jacket to
maintain the chamber temperature at a fixed set point of 30 °C, ensuring stable isothermal
operation as described in the mantofiedct ur
centrally between the measurement plates, and good thermal contact was ensured using the

recommended clamping procedure and a thin thermal interface layer.

To perform the chargelischarge cycling, a Chroma 17011 battery cell tester was connected

to the calorimeter via the electrical feedthroughs provided on the instrument. The tester
supplied controlled current and voltage profiles while the calorimeter tsinadusly
recorded the associated heat generation. Data acquisition was carried out using both the THT
Control Software and Battery Pro Software: the former recordedlbeatiata, whereas the

latter collected voltage, current, and cell temperature Bagare26 illustrates a schematic

representation of the calorimeter setup.

Isothermal
Battery |
Calorimeter
Cycl :
Lol — Chiller

Figure26 Schematic representation of the calorimeter setup

This integrated setup enables accurate quantification of total, reversible, and irreversible heat

generation during dynamic cycling of pouch and prismatic lithiomcells under well



defined isothermal conditions. However, the calorimeter used in this study was not originally
intended for cylindrical cells, which introduces additional uncertainty in the measurements.
The cylindrical 21700 cell establishes only a narrow line of comtitietthe flat calorimeter

plates, leading to higher and raniform thermal contact resistance; as a result, part of the
generated heat may dissipate laterally or through pathways that bypass the calibrated heat
flux sensors. Small air gaps between thevedrsurface and the plates further increase
uncertainty, and although the calorimeter maintains an isothermal boundary, it cannot

compensate for these geometigpendent deviations in heéix distribution.

4 Single Cell Modellimg

To translate the developed singlell thermal model into a practical simulation framework,
a computational platform was required that could efficiently handle nonlinear; time
dependent equations and allow for flexible integration of experimental dataLAB®

was selected for this purpose due to its widespread use in batterylingpdéd robust
numerical solvers for differential equations, and its builtools for data processing and
visualization. Moreover, MATLAB enables straightforward integratidnexperimental
inputs such as opetircuit voltage (OCV), entropic heat coefficients, and specific heat
capacity into the model, while providing flexibility to test different boundary conditions and
cycling profiles. These capabilities make MATLAB an ajgiate choice for implementing
the thermal model, ensuring both computational efficiencyr@meducibility of resultgY.

Liu, 2025)

4.1 MATLAB Implementation

The singlecell thermal model was implemented in MATL&ABR2024b to simulate the
temperature evolution of the lithiuran cell during charge and discharge cycles. The
governing equations, presented in the se@idn are derived from the Bernardi equation,

which accounts for both irreversible heat generation and reversible entropic contributions

as expresseth Equation(13). To numerically solve the coupled fistder differential
equations describing the cell 6s ther mal d

solver uses an adaptive Ruihf@tta method, providing an optimal balance between



computational efficiency and numerical accuracy, making it particularly suitable for

problems involving nonlinear temperatutependent paramete@lvarez et al., 2021)
Y Y .
LY % 666 0 By Y (13
T o Ty
The model input parameters consisted of the experimentally measured OCV, the entropic

| #

heat coefficients, and the specific heat capacity reporte(Abgh et al., 2023)These
parameters were integrated into MATLAB scripts to evaluate transient thermal responses
under different @ate profiles. Additionally, the implementation was structured to allow
flexible configuration of boundary conditions, enabling the inclusiovaobus convective

heat transfer coefficients and ambient temperature setBygeearranging Equatio(iL3),

"® can be eliminated, allowing the thermal behavior to be expressed in terms of a lumped
time constant. As discussed in Sect®B , this simplification enables the model to be
reformulated using the thermal time constanfacilitating a more compact and practical

implementation for parameter estimation and simulation.

A A 2N I
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The voltage, current, and temperature data aredependent variables. To simulate them
in MATLAB, an interpolation function was required to align the datasets with a uniform
time interval. For this purpose, the builtonedimensional interpolation funion finterplo

was employed

To compare the OCV and terminal voltage by evaluating their difference, it was first
necessary to determine the SOC for each data point. The SOC was tracked using the
coulombBcounting method during both the charge and discharge cycles. Because the cells
were allowed to rest at the end of each cycle, the voltage relaxed toward equilibrium,
enabling the final SOC of each rest period to be used as the initial SOC for the subsequent
cycle. This approach ensured a consistent and accurate SOC reference thitheghaie

dataset.

(19
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Where"YU dis the initial SOC an¢ is the nominal capacity of the cell.



4.2 Error Analysis

To evaluate the accuracy of the thermal model and its agreement with the experimental
measurements, two common error metrics are used: the Root Mean Square Error (RMSE)
and the error percentage. These indicators quantify the deviation between simulated and

measured values and provide an objective measure of model performance.

4.2.1 Root Mean Square Error (RMSE)

RMSE is a widely used statistical metric that expresses the average magnitude of the error

between predicted and observed values. It is calculated as:

(16)
YYD O g YOy

Where™Y is the simulated valuéy is the corresponding experimental value, and

the total number of data points.

RMSE places a higher weight on larger deviations due to the squared error term, making it
sensitive to peak differences or rapid transitions in the dataset. A lower RMSE indicates
better agreement between simulation and experi(@hdi & Draxler, 2014)

4.2.2 Error Percentage

Error percentage provides a normalized measure of deviation relative to the magnitude of
the reference (experimental) value. It is often calculated adisgluteerror:

Y oY (17)
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This metric expresses the error in percentage terms, allowing the performance to be assessed
independently of the scale of the measured variable. It is particularly useful when comparing

different operating conditions or datasets with varying magnit(ities & Kim, 2016).



5 Results

This chapter summarises the key experimental findings and modelling outcomes of this
work. It begins with the identification of parameters required for the thermal model, followed

by the characterisation of cell voltage behaviour and temperagpendenproperties. The

latter part of the chapter evaluates the model performance under differatet €&nditions

and compares the predicted heat generation with calorimetric measurements. Together, these
results provide the basis for assessing the accuracyagplccability of the developed

thermal model.

5.1 Heat Transfer Coefficient

To assess the repeatability of the measurement procedure, the experiment was performed
independently on two separate cells. As showRigure27, t he @T decay pr
cells exhibit very similar behaviour, and the fitted exponential curves overlap closely across
the entire time range. The extracted time constant for both cells is approxigately 1 @
demonstrating a high level of consistency between the two measurements and confirming

the reliability of the experimental setup.
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Figure27 Fitted Cooling Curve from Experimental Data

5.2 ReferencéCV Measurements

Figure28 presents the OC\SOC relationship for both the charging and discharging paths.

A distinct voltage hysteresis is observed across most of the operating range. At low SOC,
the charging OCV is noticeably higher than the discharging OCV, with the difference
gradually diminishing toward mi&OC. Between approximately #@0% SOC, the two
curves nearly converge, after which a small separation becomes visible again as the cell
approaches full charge. Overall, the OGGOC profiles remain smooth for both directions,

with the charging trajectory consistently exhibiting slightly higher voltages than the
discharging trajectory throughout thetireSOC window.



4.2 ——Charge —Discharge
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Figure28 OCV as a Function of SOC for Both Charging and Discharging Processes.

Figure29 compares the OC\NSOC profiles obtained using the Average@V at Constant

SOC method and the Averag&®C at ConstaH®DCV method. Both methods produce
nearly identical OCV curves, following the same smooth and monotonically increasing trend
across the eime SOC range. The two profiles overlap closely throughout most of the
window, with only minor deviations appearing at very low SOC3(96). These differences
remain small, and the overall shape and magnitude of thei ©C¥ relationship are
consistent beteen the two approaches, indicating that both methods provide a comparable
representat i onSOGfelatiortshep. cel | 6 s OCV
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Figure29 Two Different Methods for Obtaining a Unified OCV Curve.



5.3 OCV at Different Temperaturkleasurements

The experiments were conducted at three temperatures: 23 °C, 30 °C, and 40 °C. However,
during the OCV measurement at 30 °C, an unexpected issue occurred, rendering the
corresponding dataset unreliable for use in the simulations. As shofsigure 30, the
measured values at 30 °C deviate markedly from the consistent trends observed at 23 °C and
40 °C.

.5 ~——OCV@23C—OCV@30C —OCV @ 40 C,

0 10 20 30 40 50 60 70 80 90 100
SOC

Figure30 Comparison of OG8OC Curves Measured at 23 °C, 30 °C, and 40 °C

5.4 Entropic Heat Coefficient

Figure 31 presents the entropic heat coefficient (EHC) as a function of SOC for both the
charging and discharging paths, including the experimentally measured curves and the
reference data extracted fro(Rriedrich et al., 2022)The experimental charging and
discharging curves show clear directional asymmetry, with the charging EHC remaining
close to zero and mostly negative across the SOC range, aside from a sharp rise at very low
SOC. In contrast, the discharging curve exbil@itmuch wider variation, reaching more
negative values at low SOC, becoming positive between rough®040 SOC, and showing

a steep increase near full charge. Overall, the discharging path displays consistently larger

absolute values, and the two experital profiles do not overlap. The reference curves from



Friedrich show significantly smaller magnitudes and smoother behaviour, remaining mostly

negative and only becoming slightly positive at high SOC.

3.3 —— Charging EHC —— Discharging EHC
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Figure31 Charging vs. discharging entropic heat coefficient (EHC), including experimentally measured data and
reference EHC fro(riedrich et al., 2022)

The entropic heat coefficient (EHC) represents the reversible heat exchange associated with
lithium intercalation and deintercalation. In a fully reversible electrochemical system, the
EHC profiles obtained during charging and discharging would be idermticne underlying
entropy change is thermodynamically the same in both directions. However, numerous
studies have reported that the charge and discharge EHC curves do not coincide in practical
lithium-ion systems(Bernardi et al., 1985; Zilberman et al., 2018his asymmetry is
typically attributed to electrode hysteresis, kinetic polarization, anddegténdent entropy
variations. These effects are especially pronounced at low and high SOC, where phase
transitions, staging phenomena, and-idwal solidsoluion behaviour occufAssat et al.,

2019) As a result, although symmetric EHC curves would indicate perfectly reversible
thermodynamics, the asymmetry observed in the literature reflects the intrinsic irreversibility

of real lithiumion cells.



5.5 Chargedischarge cycling

In this sction, the results corresponding to the 0.5C, 1C, and 2C cycling rates are presented.
The temperature figures in this section re

temperature profiles for each operating condition are provided in App&ndix

5.5.1 Resultsat 0.5CRate

Figure32 shows the voltage and current profiles for the ex&i@ cycle. At this low Qate,

the constanturrent (CC) charging period lasted approximately 6224 s, followed by a CC
discharging period of 6519 s. After the discharge currentowasff, the cell exhibited a
voltage relaxation oB6 p o i 6, reflecting the decay of ohmic and concentration
overpotentials toward the equilibrium OCV.
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Figure32 Experimental Voltage and Current Profiles at €Raie

Figure33(a) presents the simulated and experimental albient temperature difference

( T ) f o atetcyele usidg bBtICOCGWrocessing approaches. The Avera@edV at
ConstartSOC method resulted in an RMSE of 0.57 K and a maximum error of 5.1%,
yieldingapeak si mul ated oT of 3.1 K duiSOGa di s
ConstartOCV method improved the agreement with the experimental data, reducing the

RMSE to 0.47 K and the maximum error to 5.03%, while producing the same peak simulated



T of 3.1 K. The maxi mum ,whch providas thereferdnceqpT
level for evaluating model fidelity under lowi@te conditions. As expected, the temperature
rise during discharge is higher than during charge, with an average peak difference of 0.72
K between the charging and dischargoigses of each cycle.

Figure 33(b) presents the simulation results obtained when the entropic heat coefficient
(EHC) is included in the model. Incorporating the EHC leads to an increase in the RMSE to
1.75 K, which can be attributed to uncertainties in the experimental EHC measurements. The
largest deviations occur at the beginning of both the charging and discharging steps, where
the EHC is highly sensitive to the state of charge. As discussed in Séctignthe
experimentally determined EHC values are higher than the reference values reported in the
literature. Because the entropic heat contribution is directly proportional to the EHC, this

discrepancy propagates through the model and results in the abskfifeeences in the
predicted temperature profiles.
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Figure33llustration of the Simulated and Experimental @elY 6 A Sy G ¢ SYLISNI (G dzNBE 5A FFSNBy O
Current Profile at 0.5Rate: (a) Excluding the EHC and (b) Including the EHC.

5.5.2 Resultsat 1C-Rate

Figure34 presents the voltage and current behaviour at-eafi€Ccycle. Under this nominal
operating condition, the constarurrent (CC) charging period lasted approximately 2899
and the CC discharging period lasted 323%Afer the discharge phas¢he voltage
recovered bp6  p ¢ it 6, indicating a stronger relaxation effect compared with the 0.5C

case due to increased polarization.
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Figure34 Experimental Voltage and Current Profiled@Rate



Figure35( a) presents t he gqalecyle. Mypexpedtes,anareasingthe t h e
current results in a higher temperature rise and greater sensitivity to the s€@&dted
averaging methodsUsing the Average®CV at ConstanSOC method, the RMSE

i ncreased to 1.14 K and the maximum error
during discharge. When applying the Avera@@dC at ConstarDCV method, the
agreement with the experimentatnd improved, lowering the RMSE to 0.93 K and the
maxi mum error to 9.79%, and yielding a pes
reached 6.2 K, illustrating the stronger thermal response at nomirzé ©peration. The
temperatee rise during discharge remained higher than during charge, though with a reduced
peak difference of 0.58 K compared with the 0.5C case.

Figure 35(b) shows the results when the EHC is included. Similar to the 0.5C condition,
inaccuracies in the measured EHC data introduce additional deviations. However, the
influence is more pronounced at 1C, where the RMSE increases to 2.77 K. The largest errors

appear at low and high SOC, where the entropic contribution to heat generation is strongest
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Current Profile alGRate: (a) Excluding the EHC and (b) Including the EHC.

5.5.3 Resultsat 2C-Rate

Figure36illustrates the voltage and current profiles at tha@@. The higher current results
in a significantly shorter constantirrent (CC) charging duration of 1349 s and a CC
discharging duration of 1594 s. A pronounced voltage relaxati@6of p wirt6 was
observedafter the discharge phasehich is larger than the 130 mV relaxation at 0.5C and
the 160 mV observed at 1Chis increasing trend reflects the stronger polarization and
overpotential effects that develop at higherates. The 2C case therefore represents the
most demanding operating condition and
aggressive cyathg.

0

S

C
<



4.4 12

43 ——Voltage Current 10

Voltage(V)
w w
(0)} o
o N H (o)) (o]
Current(A)

w
w
' ' ! '
o o A~ N

N

© w
'

=

N O

2 . 25 3 3.5 4 4.5
Time(h)

Figure36 Experimental Voltage and Current Profile2@Rate

Figure 37( a ) il lustrates t mate cygd Thisropefaiing eosditidno r
produces the highest thermal stress among
values and the strongest amplification of modelling uncertainties. Using theged®&V

at ConstanSOC approach, the RMSE reached 1.61 K and the maximum error 12.69%, with

a peak simulated oT of 13.3 K. These val uct
0.5C and 1C results. The Average@®C at Constar®DCV method retainedguperior
accuracy, reducing the RMSE to 1.29 K and the maximum error to 9.48%. The peak
experi ment al T reached 14. 25 K, confir mi:t
with high-ratecycling.

Figure37(b) presents the simulation results obtained with the EHC included in the model.
As observed at the otherr@tes, uncertainties in the measured EHC introduce additional
deviations; however, the effect is most pronounced at 2C, where the entropic heat
contribttion coincides with the large irreversible (ohmic and polarization) losses.
Consequently, the RMSE increases to 4.24 K, and the mismatch becomes most apparent
during the latecharging and earldischarging stages. Furthermore, because the entropic
heat tem scales with the applied current, the high current at 2C amplifies the thermal

response, resulting in the largest temperature deviation among all testesC


















