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Thermal Characterization of Large Lithium-ion cells
Rajesh Vishwakarma, Amithesh Selvakumar Rajeswari
Department of Electric Power Engineering

Chalmers University of Technology

Abstract

Accurate thermal management is critical for battery management systems (BMS) to
prevent thermal runaway and optimize performance. The reliability of thermal mod-
els depends on precise characterization of material properties and heat generation,
yet many existing models rely on assumed or incomplete parameters, limiting accu-
racy. This study investigates the thermal properties and behavior of 4695 cylindrical
lithium-ion cells using a combined experimental and simulation-based approach.

A custom-built isothermal calorimeter measured reversible and irreversible heat gen-
eration across various C-rates and temperatures, while entropic coe [ciehts were de-
termined using calorimetric and potentiometric methods to ensure consistency and
validate the experimental setup. An Electrical Equivalent Circuit Model (EECM),
developed with experimental and manufacturer-provided data, was integrated into
a 3D electrothermal COMSOL model to analyze internal temperature distributions
and heat propagation.

Results show that heat generation rises significantly with increasing C-rate, with
discharging producing up to 36% higher peak heat than charging, highlighting non-
linear scaling and the importance of tailored cooling strategies. Calorimeter cali-
bration revealed systematic errors at low power, which were e [edtively mitigated by
o [sekt correction and noise filtering, reducing errors to below 4% at moderate to high
power levels. Cooling simulations demonstrated that double-sided liquid cooling at
a 60° configuration o [erk the best balance between thermal performance, uniformity,
and practical design, outperforming single-sided and high-angle alternatives. Over-
all, the integrated experimental and modeling framework provides critical insights
for the design of safer, more e [cieht thermal management systems in large-format
lithium-ion batteries for electric vehicles.

Keywords: 3-D, Li-ion, Calorimeter, Potentiometer, Thermal model, Heat transfer,
EECM,
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Introduction

1.1 Background

The global transition to electric vehicles (EVs) is signi cantly reliant on develop-
ments in lithium-ion battery technology, notably in terms of safety, longevity, and
performance. E ective thermal management is crucial for this, as temperature
severely limits the working region of lithium-ion cells. Inadequate thermal man-
agement can cause rapid degradation at best and catastrophic thermal runaway at
worst.

While Battery Management Systems (BMS) rely on precise thermal models to regu-
late temperature, the quality of these models is frequently restricted by insu cient
characterization of key thermal characteristics. Many existing models rely on as-
sumed or generalized values for heat generation (which includes both irreversible
(Joule heating) and reversible (entropic) heat) and material characteristics. This
simplicity fails to convey the complex, non-linear thermal behavior of cells under
dynamic loads, particularly in large-format cylindrical cells such as the 4695, which
have signi cant interior temperature di erences. As a result, there is a need for
a completely veri ed, multidimensional approach that precisely characterizes heat
generation and incorporates these factors into high- delity models, allowing for the
design of optimized thermal management systems.

1.2 Purpose

The purpose of this work is to develop thermal models to study the thermal behav-
ior of a cylindrical cell. In addition to this, a thermal model for a battery cell with
active cooling strategy was developed and an experiment was performed to validate
the thermal behaviour of the cell.

The principle aim of this study is:

" To determine the entropic coe cient of large-format cylindrical lithium cell
experimentally on calorimeter.

To quantify the contribution from reversible and irreversible heat over di erent
C-rates and temperature conditions.

To compare entropic coe cients calculated indirectly from heat measurement
on a calorimeter to the direct measurement of entropic coe cient on a poten-
tiometer at di erent temperatures and C-rates.
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To quantify the heat generated at di erent C-Rates through usage of an Equiv-
alent circuit model (1-D) under the existing parameters and experimental part
of this work.

To develop a 3D electrothermal model for analyzing the thermal performance
of the battery cell across varying C-rates.

To make a quantitative comparison of di erent cooling strategies and propos-
ing a suitable one for this cell using the 3D electrothermal model.

N

N

1.2.1 Environmental and ethical consideration

As highlighted brie y in Section 1.1, the heat generation in lithium-ion batteries is a
critical factor in advancing electric-vehicles (EVs) and ultimately reducing societies
dependency on fossil fuels. As our dependence on electric-powered technologies,
such as EVs and renewable energy storage systems, continues to increase, lithium-
ion batteries and perhaps other energy storage technologies will become a crucial
element in our technological infrastructure. However, the performance of energy
storage technologies is directly in uenced by factors such as the rate of heat gen-
eration, which typically arises from losses and ine ciencies within the system. A
deeper understanding of these thermal processes enables researchers and engineers
to optimize battery design for improved heat management and overall performance.
Enhanced thermal control not only increases the safety and reliability of electric
vehicles and energy storage systems but also promotes the broader adoption of sus-
tainable technologies. Consequently, this advancement supports the reduction of
carbon emissions and dependence on fossil fuels, contributing to global e orts to
mitigate climate change. Therefore, investigating and controlling heat generation

in lithium-ion energy storage systems is essential for facilitating society's transition
toward a low-carbon future.

When conducting experimental work of this nature, it is essential to consider the
ethical dimensions that underpin such studies. The Institute of Electrical and Elec-
tronics Engineers (IEEE) Code of Ethics provides a valuable framework upon which
this research is based. A key ethical consideration involves safeguarding the health,
safety, and welfare of the public throughout the course of the study[4]. For in-
stance, should the ndings of this thesis be applied in real-world contexts, they
must not pose any risk to users or the wider community. Therefore, it is imperative
that all reported results are accurate, transparent, and presented with due diligence.

Given the inherent possibility of experimental error, ensuring repeatability and re-
producibility is critical to validate the reliability of the ndings. Moreover, any
unexpected or anomalous results must be reported objectively, rather than omit-
ted to align with a preferred conclusion or hypothesis. Finally, in an increasingly
globalized and interdisciplinary research environment, collaboration across diverse
cultures and perspectives remains vital. This has been embraced in the present work
through engagement with individuals from di erent disciplines and worldviews to
enhance the ethical and scienti ¢ robustness of the study.
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Theory

The following chapter aims to provide theoretical background on the core aspects
of the experimental work. At the heart of the thesis work is the lithium-ion battery
cell - which is the primary test object during the experimental work. In addition, it

is equally important to highlight the fundamental theory behind the experimental
techniques used. Therefore, the following section will cover the working principle of
LIB cells, calorimetry and the thermodynamics of heat generation.

2.1 Lithium-ion Battery

A battery is de ned as a chemical storage device and in the context of electric
vehicles, a battery pack consists of a set of interconnected battery cells that power
the electric motor and other electronic devices in the vehicle. The scope of the thesis
is primarily on the individual battery cell level. Lithium-ion batteries (LIBS) have
grown in popularity due to their high power density (W/kg) and energy density
(Wh / kg) compared to other battery technologies such as Lead Acid batteries. A
battery with high power and energy density is an important requirement for electric
vehicles as it allows for more energy to be stored while reducing the size and weight
of a battery pack - and ultimately, minimizing costs.

2.1.1 Working principle of a lithium-ion cell

The fundamental unit of a battery system is the battery cell also referred to as an
electrochemical cell. A battery cell converts chemical energy to electric energy and
vice-versa; where the process of converting chemical energy into electric energy is
referred to as discharging, while the reverse process is referred to as charging [1,
2]. Battery cells that strictly undergo the discharging process are referred to as gal-
vanic cells, while those that only undergo charging are referred to as electrolytic cells.

The fundamental design of an electrochemical cell consists of several key compo-
nents namely: electrodes, separator, electrolyte and current collectors[3]. The basic
design is that lithium-ions move between positive (cathode) and negative (anode)
electrodes through the electrolyte medium as illustrated in Figure2.1. The positive
and negative electrodes serve as the sites for which electrochemical reactions take
place. These chemical reactions that occur during charge and discharge are based
on electrochemical oxidation and reduction reaction processes, or simply redox re-
actions. During the redox reactions, electrons travel via an external circuit from

3



2. Theory

one electrode to another while aiming to maintain a balanced charge. The oxidation
reaction process takes place at the negative electrode (anode), where the electrons
then travel via an external circuit (through the current collector) to the positive elec-
trode (cathode), where now the electrons are accepted and the reduction processes
occurs. Simultaneously, lithium-ions ow through the electrolyte and separator to-
wards the cathode. This process is referred to as discharging, and vice-versa would
be charging. Therefore, during discharging the anode is an electron donor, while the
cathode is a electron acceptor.

During the operation of a LIB cell, the State of Charge (SOC) is an important mea-
sure of the battery cell's available energy. Essentially, the SOC refers to the amount
of current energy capacity (in unit of Amp hours, Ah, or milli-Amp hours, mAh)

of the battery as a percentage of its maximum energy capacity (Ah). For example,
if a LIB cell has a maximum capacity of 100 mAh, and it's currently at 50 mAh
remaining charge, then the SOC level would be 50%. Typically, a LIB cell's upper
and lower SOC limits are recommended by the manufacturer based on the tolerable
voltage: 0% SOC represents the lower voltage allowed (cut-o voltage), and 100%
representing the maximum voltage tolerable (voltage limit). These voltage limits
are in place as to prevent under or over voltage scenarios that may lead to damages
and worse-case, thermal runaway.

Accurately determining the SOC of a LIB cell is a challenging task as a LIB cell
is dynamic in nature - often resulting in the true SOC level changing based on
temperature, and more importantly, battery cell ageing - which is due to degradation
overtime. The two main methods of estimating a LIB cell's SOC level is by coloumb
counting, which is the integration of the amount of current (ampere) with time
(hours). The other method is by open circuit voltage (OCV) relaxation, where
the battery cell's SOC level is estimated by the open circuit voltage obtained after
allowing a long relaxation period.

2.1.2 Cell Form Factor

LIB cells used in electric vehicles typically come in three designs: cylindrical, pris-
matic and pouch cells. Each of which have their own advantages and disadvantages.

Cylindrical

Cylindrical cells are the most recognizable shape of battery cells, and they are made
from electrodes materials that are wound together in a "jelly-roll" shape as seen in
Figure 2.2(a). These cells are often encapsulated in a hard casing as to provide me-
chanical strength. Their main advantage is they are typically faster and cheaper to
manufacture compared to the other designs. However, a major challenge is they do
not occupy space e ciently compared to a prismatic or pouch cell due to the nature
of cylindrical geometry hence they are not ideal when it comes to packaging.
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Figure 2.1: Charge discharge process in Li-ion battery (Image Credit:
https://sivVector/Shutterstock.com)

Figure 2.2: Type of packing for Lithium ion battery a) Cylindrical cell, b)
Prismatic cell and c) Pouch cell (img credit:Barnett Technical Services. (n.d.). Hot
Disk Battery Anisotropy. Steve's Solutions.)

Prismatic

Prismatic cells are rectangular shaped LIB cells that are typically enclosed in a metal
casing as seen in Figure 2.2(b). The electrodes can either be wounded or stacked

5
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on top of each other. Like the cylindrical cell, the prismatic is encased with metal
(typically aluminum metal casing) to improve the mechanical strength. The size of
these cells tend to be larger than cylindrical and hence the overall capacity is usually
higher. However, if packaging is not done carefully in a battery pack, then thermal
management can be a challenge where thermal propagation (spread of heat from
cell to cell) becomes more likely.

Pouch

Finally, the pouch cell shares resemblance to the prismatic with the rectangular
shape, however they are not enclosed in a metal casing, but instead in a pouch as
seen in Figure 2.2(c). These pouches are normally made of a layer of aluminum-
coated plastic Im and thus allowing them to be light. Hence, pouch cells tend
to be thinner allowing them to be packaged in a more e cient manner compared
to prismatic and cylindrical. However, this comes at the cost of poor mechanical
strength as there is no metal casing to protect the LIB cell. The electrodes are
typically stacked or rolled in a Z-fold.

2.2 Thermodynamics and Heat Generation in LIB
Cells

In understanding the heat generation and transfer processes that occur within
lithium-ion (LIB) cells, it is important to explore the underlying thermodynamic
principles. Thermodynamics describes the relationships between heat, energy, and
work. In LIB cells, these relationships are key to understanding the mechanisms of
heat generation and energy losses.

2.2.1 Heat Generation Components

Heat generation Qua) in a LIB cell comprises both irreversible heat @Q;,) and
reversible heat Qey) COMponents

Qoat = Qir + Qrev (2.1)

Irreversible heat: Associated with ohmic losses, calculated by product of curremi (
and di erence between the battery's actual measured voltage during operatiok J
and it's open-circuit voltage Eocv)

Qirr = I(E EOCV) (2.2)

Reversible heat: Due to entropic changes during charge/discharge given by the the
product of current, temperature of the cell T.e ) and entropic coe cient of the the

cell (—%’IC:” )

!
@kcv
(@R

Combined equation: The total heat generation becomes

Qrev = 1T cen (2.3)

6
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@Bcv
@

This equation shows that heat is generated due to internal resistance (ohmic heating)
and entropy changes. The sign o% determines whether the entropy change is
endothermic (cooling during discharge) or exothermic (heating during charge).

Qoat = 1 (E Eocv) + ITcen

(2.4)

2.3 Heat generation thermal parameter

2.3.1 Open Circuit Voltage (  Eocv)

Common approaches to measuring thEqcy of lithium-ion cells include linear in-
terpolation during low-rate cycling, Galvanostatic Intermittent Titration Technique
(GITT), and voltage relaxation methods. The linear interpolation method involves
cycling the cell at very low current rates (typically | < C=10) such that overpo-
tentials are minimized, allowing the instantaneous voltage to approximate the true
equilibrium voltage. Voltage relaxation methods commonly apply partial discharge
steps (e.qg., every 5% SOC), followed by extended rest periods (often multiple hours),
assuming the cell voltage stabilizes toward th&oc, once chemical and electrical
equilibrium is reached (typically when voltage variation is less than 0.1 mV/min).

In the present study, however, theEqcy Was determined using a calorimetric method
at a low C-rate of C/20 and a controlled temperature of 25C, where the cell was
cycled through the full depth of discharge (0 100% SOC) during both charge and
discharge. This approach eliminates the need for prolonged rest periods at each
SOC step, which are typical in potentiometric or GITT methods, allowing for a
continuous evaluation of the cell's thermal and electrochemical response.

2.3.2 Entropic Factor Determination

The entropic factor, often referred to as the entropic coe cient @ Bcy =@ ), can

be obtained either by direct voltage measurements across temperatures or indirectly
by thermal loss analysis. The two main direct measurement methods include the
potentiometric technique and the less commonly used calorimetric approach [4, 5].

The potentiometric method measures the cell'Eocy at discrete temperatures, as-
suming a linear relationship between voltage and temperature at a certain SOC,
whereby the slope of this linear t yields the entropic coe cient. While accurate,
this technique requires prolonged equilibration times, especially for larger cells, due
to the slow approach to true equilibrium [6].

The calorimetric method employed in this work, carried out at a low current rate
(I  C=10), leverages the measurement of the total heat generated by the cell inside
a calorimeter at constant, controlled temperature. Since the calorimeter captures
both reversible and irreversible heat, the irreversible heat contributions arising from

7
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overpotentials and joule heating can be e ectively subtracted by averaging the heat
generated during charge and discharge cycles at the same C-rate [7].

The advantage of this calorimetric approach is the ability to cycle the cell contin-
uously over the entire 0 100% SOC range without requiring lengthy rest periods
at each SOC interval, while still obtaining a continuous and smooth pro le of the
entropic coe cient.

A key assumption underlying this method is that the irreversible heat primarily
due to ohmic resistance is approximately equal during charge and discharge at
a xed C-rate. Therefore, the entropic factor can be estimated using a simpli ed
relation derived from the Newman equation

!
@ BCV - Qdischarge + Qcharge_
@ e 2T cey ’

(2.5)

wherel is the applied current, Tee is the cell temperature (in Kelvin), and Qcharge
and Qgischarge represent the measured heat losses during charge and discharge cycles,
respectively [7].

This methodology, as applied in the current study, reliably produces entropic co-
e cient data that are consistent with previous ndings, while o ering a practical
balance between measurement accuracy and experimental duration [4].

2.4 Calorimetry

A calorimeter is an instrument used to measure the heat of chemical reaction or
physical changes. The basic principle is that a calorimeter contains a vessel (or
container) in which the sample being studied is placed. The surrounding area of the
calorimeter is known as a shield, and there can be several shield layers to provide
improved isolation of the sample.

Calorimeter instruments can be divided into the following main categories:

1. Adiabatic calorimetry in which there is no heat exchanged with the outside
environment. In order to achieve this it is a prerequisite to have near perfect
insulation so as to ensure that there no heat being added or removed from the
system.

2. Non-adiabatic calorimetry are those that have exchange of between the vessel
and the outside environment.

3. Isothermal calorimetry in which there is a constant shield temperature.

4. Non-isothermal calorimetry in which the shield temperature is not constant.
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The calorimeter experimental setup used in the following thesis work is a isothermal
conductive calorimetry.

2.4.1 Heat ow sensors

The heat ow sensors that are integrated inside of the calorimeter are thermo-electric
devices that are based on the Seebeck e ect (the reverse being the Peltier e ect)
which is a phenomenon where a temperature di erence will produce a voltage signal.
The heat ow sensors consist of a large number of thermocouples connected in series
electrically to produce a large voltage output, while also being connected in parallel
thermally to produce a high voltage to temperature di erence ratio. Typically, the
thermocouples are made of p- and n-doped bismuth telluride. The voltage di erence
U is generated across the semiconductor material inside the heat ow sensors when
a temperature dierence T is applied across the junctions of the material. The
amount of voltage produced per temperature di erence is referred to as the Seebeck
coe cient - thus it de nes the strength of the thermoelectric e ect of the heat ow
sensors. The Seebeck coe cient &/ =K) for a single thermocouple is de ned by

U=a T (2.6)

Within a heat ow sensor the Seebeck coe cient can be de ned ak = Na, where

N is the number of thermocouples in the thermoelectric device. According to au-
thor Wadso the sensitivity of a thermoelectric heat ow sensor is governed by the
following properties [8]:

N

The devices thermal conductanceK (W=K)
" The Seebeck coe cient,E (V=K)

These two coe cients relate both the heat ow rate through the heat ow sensors,
as well as the voltage output folK and E respectively, to the di erence between the
sample and the heat sink in the calorimeter. Ultimately, the ratio between these two
properties will provide the ratio between heat ow rate per voltage output which
represents the calibration coe cient

= K=E (2.7)

2.4.2 Calorimeter calibration

The heat ow sensors record the heat dissipated from the Li-lon in terms of the
voltage response. However, to measure the heat dissipated in units of watts, a
calibration coe cient is required. The calibration coe cient is a constant that
indicates the proportion between the calorimeter output (in voltage) and the thermal
power input. A common method of determining the calibration heat conduction
calorimeters is by electrical calibration [8]. This involves using a calibration heater
(resistor) which is heated by passing a currert(A), and the corresponding voltage

9
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response is measured. The thermal powBr(W) that is produced in the calibration
heater with resistanceR() can be obtained from

P=1%R (2.8)

An important aspect of conducting calorimetry experiments is in using a reference
sample. The central idea being the reference (or second 'sample’) should not produce
any heat, but should have similar thermal properties as the sample. By using the
reference, one can record the heat ow measurements of both the sample and the
reference, where the di erence between the two can be measured. If the calorimeter
setup up reaches thermal equilibrium, then low noise and low drift will be measured.
Author Wadso [8] notes that the important property of the reference is that the
thermal properties (e.g. heat capacity) should be similar, and that not the reference
should not produce any heat. Considering calibration at di erent thermal powers,
the general principle is that one should expect the voltage output from the heat ow
sensors to follow a proportional relationship to the thermal power at steady state.
Therefore, the calibration coe cient should be independent to the thermal power
level.

2.4.3 State-of-Charge (SOC) Determination

Lithium-ion (Li-ion) batteries are widely used in electric vehicles, renewable energy
systems, and grid storage. Accurate estimation of the state of charge (SOC) de ned
as the available capacity (in Ah) expressed as a percentage of the rated capacity is
essential for ensuring performance, safety, and battery longevity [9, 10].

SOC estimation is challenging due to the complex electrochemical processes involved,
as well as varying operating conditions such as temperature, ageing, and current ow.
Overcharging or deep discharging can cause irreversible battery damage, making
reliable SOC monitoring a key function of any battery management system (BMS)
[11, 12].

A common method for estimating SOC is coulomb counting, which integrates the
current over time. This is often supported by voltage measurements and cell-speci ¢
data, including temperature and aging characteristics. Manufacturer-provided char-
acterization data can further improve estimation of the accuracy [9].

Despite its usefulness, Coulomb counting is sensitive to initial SOC errors, self-
discharge, and leakage currents. Therefore, modern systems often combine it with
model-based or data-driven approaches to ensure robust SOC tracking throughout
the battery life cycle [10].

2.4.4 Coulomb Counting Method

The coulomb counting method, also known as ampere hour counting and current
integration, is the most common technique for calculating the SOC. This method
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employs mathematically integrated battery current readings over the usage period

to calculate SOC values given by
Z o+

(I b IIoss) dt (2-9)

where SOC{,) is the initial SOC, Crated is the rated capacityl,, is the battery
current, and |55 IS the current consumed by the loss reactions [10, 12].

SOC = SOC(to) +

rated to

The Coulomb counting method then calculates the remaining capacity simply by
accumulating the charge transferred in or out of the battery. The accuracy of this
method relies primarily on a precise measurement of the battery current and an
accurate estimation of the initial SOC. With a pre-known capacity, which might be
memorized or initially estimated by the operating conditions, the SOC of a battery
can be calculated by integrating the charging and discharging currents over the
operating periods. However, the releasable charge is always less than the stored
charge in the charging and discharging cycle. In other words, there are losses during
charging and discharging. These losses, in addition with the self discharging, cause
accumulating errors. For a more precise SOC estimate, these factors should be
taken into account. In addition, the SOC should be recalibrated on a regular basis
and the declination of the releasable capacity should be considered for more precise
estimation [11].

2.5 Battery Models

The main objective of the battery model is to estimate heat generation while also
predicting cell performance. There are various battery models, each with its own set
of objectives and complexity. Furthermore, when selecting a battery model, certain
variables must be considered. Complexity, computation time, accuracy, and number
of parameters are just a few examples.

2.5.1 Overview of Battery Models

A comprehensive study was conducted on di erent battery models to evaluate their
goals, application, and complexity. Each model is designed to capture dierent
aspects of battery behavior. In this section, we will explore more about various
battery models and choose the best model for our work.

2.5.1.1 Electrical Equivalent Circuit Model (EECM)

It is the most common approach for battery numerical analysis. Electrical equivalent
circuit modeling is a useful description of battery dynamics that can capture the
battery cell's non-linear attributes. In addition, the model is capable of precisely
describing the 1-V properties of the battery and presenting its electrical behavior.
EECM can be used to optimize battery designs, enhance performance, and prolong
battery life by simulating the battery's behavior under diverse operating conditions.
Finally, it is easy to combine with other methods (e.g. Coupled with Thermal Model
to form an Electro-Thermal Model) and is computationally essential.
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2.5.1.2 Electrochemical Model

Beginning with the battery's internal operation, the electrochemical model provides
a plausible explanation of how lithium ions behave in the battery during charging
and discharging. Every model parameter has a distinct physical meaning. The
electrochemical mechanism model is appropriate for use in the aging and degrada-
tion analysis of battery performance since it can simulate the signi cant microscopic
physical quantities inside the battery in addition to describing the macroscopic phys-
ical quantities like voltage and current [13]. But the model often set up partial
di erential equations with many unknown parameters[14].

2.5.1.3 Peukert's Law Model

The Peukert's law is used to predict the runtime of fully charged rechargeable lead-
acid batteries and assess their nonlinear capacity under di erent constant discharge
currents. It is used to represent the rate dependence of the lead Acid Battery
capacity, because of its accuracy, ease of use, and robustness over a wide temperature
range. It also applies to a wide range of lead acid battery technologies with varying
voltages and capacities. But it has it's own limitations. For example, it doesn't
consider the e ects of temperature on batteries, age of the battery and self discharge
rate of the battery during low discharge rate [15].

2.5.1.4 Neural network model

An e cient method for estimating SOH is the neural network model. The input
layer, the hidden layer, and the output layer make up its three layers. SOC is
one of the model inputs, along with the ECM parameters ohmic resistance (RO0),
polarization resistance (Rp), and polarization capacity (Cp). A neural network is a
type of statistical model that requires a lot of experimental data to train in order
to produce optimal results. It is taught repeatedly by a learning algorithm until the
estimation error is smaller than the predetermined threshold and does not require
knowledge of the precise electrochemical reaction [16].

2.5.1.5 Selection of Battery Model

The integration of models with the BTMS is a crucial element in choosing the
appropriate model, alongside factors such as accuracy, the number of parameters
needed for the model, computation time, and complexity.
Neural network models are e cient; however, they necessitate a substantial
amount of experimental data, which can be challenging to obtain.
" The Peukert's law model is primarily utilized for lead-acid batteries, and the
Peukert's law equation fails to account for the e ects of temperature and cycle
life on battery capacity.

Both the electrochemical model and the equivalent circuit model o er viable
alternatives and can be integrated with the BTMS.
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The electrochemical model is the most precise for estimating the state of charge
(SOC); however, it is quite complex and involves partial di erential equations,
making real-time solutions challenging.

Conversely, the electrical equivalent circuit model requires fewer parameters,
provides accurate results, is applicable to all battery chemistries, performs well
under nonlinear conditions, and has low complexity.

Thus, the electrical equivalent circuit model is selected for the battery model in this
study.

2.6 Electrical Equivalent Circuit Model

Equivalent circuit model o ers a practical solution by representing the battery as an
electrical network with passive components. These components includes resistors,
capacitors, and ideal voltage sources are used to capture the key features of the
battery's behavior. Equivalent circuit modeling is used to optimize battery designs,
increase performance, and extend battery life by precisely imitating the battery's
behavior under various kinds of operating conditions. Thevenin model of the ECM
as depicted in gure 2.3, is used in this study due to its balance between accuracy
and simplicity. The components of the EECM are described in Table 2.1.

Figure 2.3: ECM thevenin model with 2 RC pairs.[17]

Vi=Voc IR0 Verc1i Vre2 (2.10)
where:
" V4 is the terminal voltage of the battery (V),
Voc is the open-circuit voltage, which depends on the state of charge (SOC)
V),
| is the battery current, positive during discharge (A),
Ry is the ohmic resistance representing internal and contact losses)(
Vre1 and Vrc» are the voltage drops across the rst and second RC networks

(V).

N
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Table 2.1: Battery Equivalent Circuit Component Descriptions

Parameter | Component Type Description
RO Resistor Ohmic resistance
R1 Resistor Charge transfer resistance
R2 Resistor Di usion or polarization resistance
C1 Capacitor Double-layer capacitance
Cc2 Capacitor Di usion capacitance (Warburg equivalent)
I Current Current ow through the components
ocv Voltage Source Open Circuit Voltage
Veell Terminal Voltage Voltage of the cell

Using (2.10), the instantaneous terminal voltage of the battery under load is cal-
culated. It accounts for the open-circuit voltage, the instantaneous drop due to
internal resistance, and the transient voltage drops across the two RC networks,
capturing both fast and slow polarization e ects.

According to [18], the double RC network is the most popular ECM design, and
provides a good trade-o between error and complexity when compared to single
and triple RC network designs. Although the accuracy of three pairs of RC networks
is higher, they are more complicated and require a signi cant amount of computing
time. On the other hand, accuracy and computation are low in a single pair RC
network. The solid/electrolyte interface (SEI) dynamics, lithium ion di usion, and
charge transfer kinetics are examples of transient battery dynamics that are cap-
tured by the double pair RC network.

When modeling a battery's dynamic behavior, accuracy and complexity are both
essential considerations. The ECM has the ability to meet both criteria well. The
model is made up of three major components: one representing the thermodynamic
properties of the battery chemistry, such as the open-circuit voltage (OCV) as a func-
tion of SOC, another representing the kinetic aspects of the cell's internal impedance
behavior and a source or load to complete the circuit for charge or discharge proce-
dures [19].

2.7 Battery Thermal Models

There are multiple thermal models for battery cells that have been identi ed in
the literature. Di erent models have varying e ects on how well heat is transferred
within the cell. Choosing the appropriate thermal model based on the data available
Is required to analyze the temperature pro le of the battery cell during operation.

2.7.1 Partial Di erential Equation Models

At rst, physics-based battery models that describe electrochemical, thermal, and
ageing behaviors are developed. The combination of all of these models results
in an extremely complicated structure that is formally represented by a sequence
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of coupled nonlinear partial di erential equations (PDE). The modeling of such a
system is severely limited due to its excessive demand for computing power and
complexity.

2.7.2 Lumped RC Thermal Model

The battery is separated into a limited number of distinct nodes, each of which is
regarded as a separate part in the design of this model. Additionally, it is assumed
that the system's temperature gradient is minimal, which suggests that conduction-
induced internal thermal resistance is minimal. Finally, it is also assumed that the
battery's properties are uniform. The battery casing and core, for instance, are
regarded as two distinct isothermal nodes. On the other hand, the anode, cathode,
separator, and other components inside the core are seen as a single, homogeneous
entity with averaged properties [20].

2.7.3 FEA of Battery Thermal Model

The nite element method is a method that involves discretizing the object to be
examined or dividing it into multiple components. A node connects each element
to its neighbors. Then, a mathematical equation is created to represent the object
being viewed. According to [14], this model is accurate and useful for investigating
the behavior of heat in the cell and surroundings. However, it requires a large
amount of data, which can lengthen the duration of the simulation.

2.7.4 Selection of Thermal Model

The choice of the battery thermal model is in uenced by several factors, including
accuracy, the simulation tools at hand, the data available, and how well it integrates
with the Battery Thermal Management System (BTMS). The Partial Di erential
Equation (PDE) model is overly complex and requires intricate mathematical equa-
tions. In this study, we have opted for the lumped capacitance thermal model.
The lumped capacitance thermal model is straightforward, providing satisfactory
accuracy along with quick computation times.

2.8 Temperature e ects on Cell

Lithium-ion batteries for electric vehicles must be able to operate at a variety of
temperatures, typically between 20 and 4C. Temperature has a signi cant impact
on both cycle life and energy capacity. High temperatures limit battery life, while
low temperatures a ect the cell's energy, power, and charge capacity. The thermal
problems and e ects of commercial Lithium-ion batteries are covered in detail in
this section.
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2.8.1 E ects at high temperatures

When the battery is subjected to high temperatures, there is a loss in power and
also a fade in capacity that causes performance degradation of the Lithium-ion cell.

According to [21] when the ambient temperature exceedsZ5and lower than 55C,
the discharge capacity of the battery increases as the temperature rises. This is
due to increased activity of the battery's internal materials, faster deintercalation
of lithium ions, and a decrease in internal resistance. When the ambient temper-
ature rises to 60C, the discharge capacity of the lithium ion battery of the three
materials falls slightly below that of 55C. The fundamental cause is that high tem-
peratures reduce the activity of the active battery's internal electrolyte and the
reaction strength of the electrode material.

Apart from performance degradation, when LIBs are subjected to high tempera-
tures, aging occurs. Aging shortens LIBs' lifespan in addition to a ecting their
performance. Cycle aging and calendar aging are generally included in the aging of
LIBs. However, because of the complex composition and mechanism of LIBs, these
two forms of aging always coexist. The aging process will be accelerated and LIB
degradation will result if the operation temperature is raised above the ideal range
[22].

2.8.2 E ects at low temperatures

First, the low temperature will change the electrolyte's properties. As the tempera-
ture decreases, the viscosity of the electrolyte increases, reducing ionic conductivity.
As the impedance of the directional migration of chemical ions increases, so does
the internal resistance.

In addition to that, the rise in charge-transfer resistance in LIBs is also a signi cant
factor in performance degradation at low temperatures. LiFePO4-based cathodes
exhibit three times higher charge-transfer resistance at -20 compared to room
temperature [23]. According to [24], the charge-transfer resistance grew drastically
as the temperature dropped. A depleted battery has much higher charge-transfer
resistance than a charged battery. Charging a battery at low temperatures is con-
sequently more challenging than discharging it. Additionally, performance decrease
at low temperatures is linked to the slow pace di usion of lithium ions within elec-
trodes.

2.8.3 Thermal Runaway

The vast majority of LIB res can be traced back to LIB thermal runaway (TR),
which is caused by mechanical, electrical, and/or thermal abuse and involves com-
plex chemical and physical processes. Thermal runaway is more likely to occur when
the battery temperature exceeds 8C. Between 80 and 10T, the anode begins to
degrade, and an exothermic reaction within the cell produces a variety of gasses.
As the temperature rises, the separator and electrodes melt, resulting in contact
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between the anode and cathode. A positive cathode begins to degrade and release
oxygen about 136-15CC. The cell may ignite and catch re as a result of oxygen
evolution and other chemical reactions. At temperatures between 1%Dand 180C,

the cell becomes thermally unstable and may experience thermal runaway if heat
dissipation is inadequate [25].

Individual lithium-ion cells may fail thermally for a variety of causes, the most
common of which being internal short-circuits, overheating, and overcharging or
discharge. These factors also produce an initial increase in cell temperature, which
triggers this chemical processes.

A

Internal Short Circuits : These are a typical cause of thermal runaway, of-
ten due to physical damage, defects in manufacturing, or the failure of internal
separators, resulting in direct contact between the anode and cathode.

Overcharging and Discharging : Excessive charging or discharging rates
might stress the battery, increasing the risk of overheating and thermal run-
away.

External Heat Sources : Thermal runaway can occur when batteries are ex-
posed to high ambient temperatures or are close to heat-generating equipment
because they can more rapidly reach critical temperatures.

2.9 Thermal Management System

The Battery Thermal Management System (BTMS) is a vital component of electric
vehicles (EVs) and other energy storage systems that use rechargeable batteries. The
primary purpose of this device is to keep batteries within an appropriate tempera-
ture range, ensuring their safety, e ciency, and lifespan. Temperature changes have
a considerable impact on battery performance, so it is critical to keep them within a
particular range. The primary function of a BTMS is to control the temperature of
the battery pack using cooling and heating technologies, which may involve the use
of cooling systems, fans, or other devices to manage heat generated while charging
or discharging and give warmth under particular situations.

BTMS can be applied with a variety of methods, including air cooling, liquid cooling,
phase change materials (PCMs), and thermoelectric coolers as depicted in gure 2.4.
The two primary types of BTMS are active BTMS, which uses uids in motion, and
passive BTMS, which does not. Electric vehicles typically use active systems, such
as pushed air or coolant. Liquid cooling systems can be direct or indirect, with
direct systems providing better heat transfer but necessitating additional study into
dielectric uids.
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Figure 2.4: Dierent types of thermal management systems for EV batteries [26].

2.9.1 Air Cooling

The use of air to cool LIBs has becoming more common in commercial vehicles
because of its intrinsic bene ts, which include less complex design, economic feasi-
bility, and smaller packing. In electric vehicle powertrains, air cooling of the battery

is lightweight, low maintenance, and has a straightforward design. In this kind of
management system, the air is used for ventilation, heating, and cooling. The heat-
ing or ventilation e ects can be achieved by either forced or natural convection.

Figure 2.5: Schematic diagram of air cooling, (a) passive air cooling, and (b)
active air cooling [27]
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When active cooling is used, an electric fan blows air over the battery pack at
higher speeds as shown in gure 2.5. The accelerated air thus reduces the maxi-
mum temperature and temperature uctuations. When using natural air cooling,
air convection ows into the battery pack without spending any energy, making it
only ideal for low-density batteries. The advantage of passive air cooling is that it
costs less than active air cooling and is run silently due to the absence of fans.

According to [28], there are three signi cant variables in the air-cooling system.
These variables, which can improve or decrease the system's e ciency, are air ow
velocities, ow rate, and the geometrical arrangement of the battery packs.

As reported by [14], the air-cooling system has been frequently employed in BESS.
Air cooling may not be the optimal cooling technique due to its poor heat capacity
and thermal conductivity. However, it remains an appealing solution for BTMS
because there are no leaks and no heat exchangers. It is also easier and more
comfortable to maintain than liquid cooling. The only cooling system in Table
that uses passive air convection is the Nissan Leaf EV. The movement of the car
while driving improves air ow through the battery pack, making the passive cooling
system more e cient.

2.9.2 Liquid Cooling

Liquid cooled BTMS are used in EVs to have enhanced heat dissipation character-
istics when compared to Air cooled BTMS. These BTMS use liquid coolants such
as water, ethylene glycol or nano uids to remove heat e ciently from the battery
cells and also maintaining an optimal operating temperature which helps in improv-
ing battery pack longevity and safety. Liquid cooling can be categorized into two
methods: one in which the coolant comes into direct contact with the battery cells,
and another in which the coolant runs through channels or plates that contact the
battery module. Indirect cooling techniqgue moves the heat produced by the battery
to the outside with the owing coolant, avoiding direct contact between the coolant
and the battery whereas Direct cooling greatly improves the contact area between
the battery and the coolant, thereby obtaining an extremely high heat transfer rate.
Direct liquid cooling can be classi ed as single or two phase depending on whether
the coolant has a phase change. Direct liquid cooling outperforms indirect liquid
cooling in terms of cooling e ect and temperature distribution uniformity. Because
the battery and coolant are in direct touch, elaborate ow channel designs are un-
necessary, and the potential of unintentional coolant leakage, which could create
short circuits in the battery, is minimized [29].

Jiahao Liu et al.[29] have also discussed that di erent battery shapes are appropriate
for di erent cooling devices when using indirect liquid cooling. Cylindrical batteries
typically use isolated tubes or jackets to increase the surface-coolant contact area.
Flat cold plates are usually the best option for prismatic and pouch batteries as
shown in gure 2.6. Because the coolant and battery do not come into direct contact,
the air gap between the cooling plate or tube and the battery contributes to heat
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insulation and lower heat transfer e ciency. To remove air gaps and thus reduce
thermal contact resistance, a high-precision cold metal plate and a high-thermal
conductivity grease or epoxy bonding agent are required.

Figure 2.6: Cooling direction for di erent cell types [30].

The liquid cooling system has four primary factors. Similar to air cooling, these
factors the number of channels, the in ow mass ow rate, the ow direction, and
the channel width can increase or reduce the system's e ciency. These factors
were studied and the results were provided by [31].

The cooling e ciency improves as the number of channels increases. However,
cold-plates with more than ve channels do not appear to have any signi cant
advantages.

To minimize the maximum temperature and temperature di erential, increase
the in ow mass ow rate, which is more e cient than other approaches. How-
ever, it comes at the expense of energy usage.

Increasing the channel width can reduce the energy consumption. When it was
doubled in size, there was a signi cant drop in pressure. Lowering the temper-
ature di erence between batteries is challenging due to higher heat generation
in the near-electrode area and varying cooling e ects.

Because of the cost and safety considerations, such as the possibility of short-
circuiting and leaking, the direct liquid cooling system for BTMS may not be the
preferred choice for most present applications. Direct liquid cooling requires a di-
electric material with low viscosity, high thermal conductivity, and thermal capacity,
unlike indirect cooling systems.
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Case Setup

The following section aims to describe the methodologies followed during the calorime-
ter, cell assembly, cell characterisation and heat generation experiments. The main
requirement of the experimental methodology is to address the objectives outlined
in Section 1.2.1.

3.1 Overall setup for calorimeter

The overall experimental setup is shown in gure 3.1. The setup consists of a
custom-build calorimeter that is housed in a styrofoam box. The working principle

of the calorimeter was described in Section 2.4. The calorimeter consists of two
sides labeled side A and side B, where in between the sample and reference cells
are placed. Between the sample and reference, the styrofoam material is placed to
insulate the sample and reference from potential heat transfer.

The two sides of the calorimeter aluminum plates are integrated with thermal heat
sensors. On each side, there are two pairs of thermal sensors connected in series,
giving a total of 8 - four on each side. The heat sinks on both side A and B have
the water circulation owing through and is controlled by the Julabo temperature
regulator. To provide good contact, both plates are tightened using spring holders.
The voltage output from the heat ow sensors on sides A and B for both sample
and reference are added together - thus giving the total heat output from the sam-
ple. The voltage output in the thermal sensors are recorded using the PICO logger.
PT100 temperature sensors are used to measure the temperature on each side A
and B of the calorimeter, the calorimeter indoor box temperature and the outside
temperature. In total, 8 channels connected to PICO logger were used for recording
the PT100 temperature. The calorimeter was placed inside a large styrofoam box as
to replicate a adiabatic environment where minimal heat is to escape to the outside
environment. Finally, the isothermal bath system used was a Julabo F25MA which
provided a constant supply of water at constant temperature.

3.2 Measuring instrument

The various measurement instruments used throughout the experimental work in-
clude the following:
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Figure 3.1: Overview of experimental setup on calorimeter.(Adapted from

authors Lidbeck & Syed [13])

GAMRY Reference 3000 potential  : The battery tester is used to perform
electrochemical tests on LIB cells such as charging and discharging cycles. The
heat ow measurements (in mV), cell voltage output (V), and current (A) are
measured using the GAMRY.

PT-104 Data Logger : Temperature and heat ow measurement recorder in
degrees Celsius and milliVolt respectively.

FLUKE 787 : Multimeter used to measure voltage and resistance of sample
in Volts and ohms respectively.

MACCOR 4000 : Potentiometric measurements were performed using the
MACCOR 4000 cell tester system, which o ers high-precision control over
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voltage, current, and temperature parameters. The MACCOR 4000 enables
reliable cycling protocols and open-circuit voltage measurements necessary for
the accurate determination of entropic coe cients in lithium-ion cells. The
system integrates advanced electronics with thermal management to maintain
consistent environmental conditions throughout the experiments.

Table 3.1: Speci cations for GAMRY 3000 Reference and PT-104 Data Logger

GAMRY 3000 Reference

Operation limits 15V;3.0Aor 30V; 15A
Potential applied accuracy 1 mV 0.2% of setting
Potential measured accuracy 1 mV 0.2% of reading

Current applied / measured accuracyy 5 pA 0.05% of range

PT-104 Data Logger

Compatibility Works with PT100 and PT1000 sensors
Accuracy (unitof 23 2 C) 0.015 C + 0.01% of reading
Resolution 0.001 C

3.2.1 Components of Calorimeter setup

N

Heat ow sensor : The battery tester is used to perform electrochemical tests
on LIB cells such as charging and discharging cycles. The heat ow measure-
ments (in mV), cell voltage output (V), and current (A) are measured using
the GAMRY.

Twin calorimeter con guration: : Temperature and heat ow measurement
recorder in degrees Celsius and millivolt respectively.

Heat sinks : Multimeter used to measure voltage and resistance of sample in
Volts and ohms respectively.

Temperature regulator : Jalabo temperature regulator is used to achieve a
temperature controlled environment where water circulates into the calorime-
ter at a desired temperature.

Copper sheets : Copper sheets with high thermal conductivity is attached to
the heat ow sensors as to increase heat transfer

Thermal pads : Similar to the copper sheets, the thermal pads with high
thermal conductivity is attached to both the heat ow sensors and copper
sheets to increase heat transfer

Testing jig : A customized cell holder was designed and partially fabricated
using 3D printing technology to securely mount the dummy cell for calorimet-
ric experiments. This holder ensures mechanical stability and optimal thermal
contact between the cell and the calorimeter, thereby enhancing the accuracy
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and reproducibility of heat measurements.

Dummy cell : Dummy cell was employed to replicate the thermal and elec-
trical behavior of a real 4695 format lithium-ion battery cell without the risks
associated with active battery chemistry. This dummy cell is designed to ex-
hibit a similar heat dissipation pro le and internal resistance as an operational
battery but contains no electrochemical materials.

The use of such a chemically inert dummy cell is a good safety measure. It
eliminates hazards such as thermal runaway, leakage, or explosion that could
arise during prolonged testing or calibration procedures. Moreover, it provides
a stable and reproducible platform for calibrating the calorimeter apparatus
and validating measurement methods. The dummy cell employed in this study
was designed to replicate the thermal and electrical response of the commer-
cial lithium-ion cell, enabling safe experimental calibration under controlled
laboratory conditions. Its similarity in heat dissipation behavior ensures that
the calorimetric setup could be e ectively validated before measurements on
real cells.

By utilizing the dummy cell, the experimental setup can be thoroughly char-
acterized under controlled conditions, ensuring the accuracy and reliability
of subsequent thermal measurements performed on real battery cells. This
approach enables the detection of systematic errors and noise sources in the
measurement system while maintaining a safe laboratory environment.

3.3 Method to evaluate discrepancy between both

techniques

The methodology for measuring di erence in results and acceptance threshold de -
nition consists of four main steps, as described below.

Step 1: Reference Mean Calculation

The reference mean entropic coe cient from cell 1 and cell ZC(x), at each state
of charge &) is calculated as:

ECy(x) + ECa(x)

EC(x) = 5

(3.1)

Step 2. Reference RMSE Calculation

The reference root mean square error (RMSE) at eachis then computed as:
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RMSE ref(X) =

(ECi(x) EC(x))2+(ECa(x) EC(X))?

5 (3.2)
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Step 3: Global Threshold Establishment

The maximum standard deviation threshold, ., is de ned as the maximum RMSE
value across all states of charge:

max = Maxf RMSE (X)g;  8x 2 [0;100]%S0C (3.3)

Step 4: Acceptance Criteria De nition

The calculated RMSE for each dataseRM SE ¢(X), is evaluated against the de ned
thresholds according to the following criteria:

8
EAcceptabIe RMSE (e1(X) max (1 threshold)
RMSE (X) = EMarginally Acceptable  ax < RMSE (X) 2 max ( 2 threshold)

* Unacceptable RMSE ((X) > 2 max
(3.4)

3.4 Simulation Setup
The case studies for the modeling and simulation part of this work consists of:

" Battery Model (EECM)
" Battery Thermal Model
" BTMS

The rst step in the work was creating a model that combined several models to
predict the temperature in the LIBs. Each of these models requires a di erent set
of steps, which are eventually combined in order to achieve the desired result. The
electrical equivalent circuit model (EECM) was initially chosen. According to the
EECM model, it is necessary to rst determine the initial model parameters, which
include the resistances, capacitances, and OCV with the function of the SOC. The
electrical equivalent circuit model was used to determine the heat generation of
the cell for various c-rates, after the initial model parameters were estimated. To
make sure the EECM model was accurate, it was veri ed with the help of experi-
mental data. BTMS was then modeled at the cell level within the battery thermal
model. It was used to control the cell's thermal characteristics. In simulations, the
BTMS system was utilized to examine various cell operation conditions and identify
limitations of air or liquid cooling. The result can be found in the results section.

3.5 Electrical Equivalent Circuit Modeling
In this section, we will look into how the parameters for the ECM is determined

and how it is implemented in COMSOL to obtain the heat generation of the cell at
various C-rates.
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3.5.1 Parameter Estimation

The accuracy of the ECM is dependent on the parameters in the model. The pa-
rameters are identi ed using measurement data obtained from the GITT test that
was performed by VOLVO. These tests were conducted under various conditions,
such as varying temperatures and C-rates. The parameters identi ed in this tests
were RO, R1, R2, C1, C2 and OCV. When an arbitrary magnitude pulse current is
applied to the cell, the corresponding voltage response is as illustrated in gure 3.2.
The data correlation shown in gure 3.2 represents the relationship between the
state of charge (SOC) and the open circuit voltage (OCV). The OCV and SOC
values are determined during the rest periods, when no current is applied and the
terminal voltage has reached a steady state, ensuring that the measurements re ect
the equilibrium behavior of the cell. The RO impacts the instantaneous response,
while the RC parallel networks impact the delayed response.

Figure 3.2: ECM data correlation [14].

The values were then transformed into readable information (look up tables) using
MATLAB and then exported as a text le for modeling the ECM in COMSOL.

" RO: It stands for the battery's ohmic resistance. In addition to producing a
voltage drop proportional to the current, it also creates a leap in voltage at
the start of the current step.

R1 & R2 : It represents charge transfer and di usion resistance of the cell.
These resistances contribute to transient voltage behavior (voltage relaxation
after current changes).

C1 & C2 : It denotes the capacitive behavior at the electrode/electrolyte in-

terface in the RC networks. It dictates the time constants of the battery's
dynamic response.

26



3. Case Setup

(@) (b)

Figure 3.3: OCV obtained at di erent conditions as function of temperature and
SOC during a) charging and b) discharging.

OCV (depicted in gure 3.6) and RO are temperature and SOC-dependent factors,
whereas R1,R2,C1, and C2 are temperature, SOC, and current-dependent variables.
All of the parameters for the four distinct temperatures for charge and discharge
were estimated for the cell at various SOCs.

3.5.2 EECM Modeling

Figure 3.4: ECM modeling Work ow

Figure 3.4 represents the ow of work done for constructing the EECM model. The
data from the GITT test was transformed into readable data using a MATLAB
script. The data was saved as a text le and subsequently imported into COMSOL
to de ne the ECM, where the irreversible heat was estimated using the parame-
ters extracted from the GITT test. In COMSOL, under the "Electrochemistry
Batteries" branch of the Physics interface, the "Electrical Circuit" block is used to
represent the Equivalent Electrical Circuit Model (EECM) in our study. The model
parameters are then imported into COMSOL as an interpolation function. The pa-
rameters R1, R2, C1, and C2 are de ned as functions of SOC, OCV, Temperature,
and Current, while OCV and RO are de ned as functions of SOC and temperature.

Finally, these parameters are assigned to each component that collectively make up
the electrical circuit component in COMSOL Multiphysics shown in gure 3.5.
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Figure 3.5: ECM modelled in COMSOL Multiphysics.

The components shown in gure 3.5 are connected in series to represent the ECM
depicted in gure 2.3. The components are de ned using look-up tables which
are imported in to COMSOL from MATLAB. For example, RO gets allocated to a
resistor block R1, while R1 and C1 are allocated to the Resistor-Capacitor couple
RC1 and R2 and C2 are assigned to the the Resistor-Capacitor couple RC2. Finally,
a current is provided in the current source block 11 in the EECM to determine voltage
response and irreversible heat generation from the battery cell. There are localized
heat generated at each component of the ECM. The total irreversible heat generated
obtained is the sum of heat obtained from di erent components as shown in (3.5).

Qi = CirR1:g+ cirR¢1:g+ cirRc2:q (3.5)

where Q;; denotes the irreversible heat generated by the cell for di erent C-rates,
cir represents the name of the electrical circuit as shown in gure 3.B; represents
the component name andj represents the heat obtained from the component.

For the reversible heat, the entropic coe cients obtained from the calorimetric and
potentiometric experiments were de ned into the OCV1 block as shown in gure
3.6. The termdEOCYV denotes the entropic coe cients andOCV_LUT denotes the

open-circuit voltage obtained from the GITT test. The reversible heat is calculated
by taking the localized heat generated in the OCV block asir:OCV _ 1.q.
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Figure 3.6: De ning the Battery Open Circuit Voltage 1 block.

3.6 3D Thermal Model

The thermal model has been developed based on the electrical properties of the
EECM. This model aims to simulate the heat transfer processes occurring within
and out of the cell. During battery operation, heat generation arises from various
energy conversion mechanisms, including chemical reactions, electrical processes,
and mass transport phenomena. Accurate prediction of both cell temperature and
heat generation rate is essential for constructing a reliable thermal model.

The VOLVO cell simulation team has previously developed comprehensive 3D ther-
mal models for both prismatic and 21700 lithium-ion cells using COMSOL Mul-
tiphysics. The present work builds upon these existing simulations. This section
provides an overview of the methodology employed to derive the thermal model from
the previously established COMSOL-based cell simulations.

3.6.1 Modeling Thermal Model

With the heat generated by the ECM, the primary goal of our model was to illus-
trate the temperature distribution within the battery cell using the minimal amount
of thermal properties that were accessible to us.

3.6.1.1 Geometry

A lumped 3D CAD model of the battery cell was developed to represent its geometry
as described in gure 3.7, incorporating key structural components such as the jelly
roll, mandrel, current collectors, outer casing, and terminals. The model geometry
was de ned based on dimensional measurements obtained from CT-scan imaging.
Each component was assigned a corresponding material, determined through CT-
scan analysis of the cell. The jelly roll was represented using lumped material prop-
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erties to capture the overall thermal behavior of the electrochemical layers without
explicitly modeling individually. The thermal properties of components such as the
current collectors and cell assembly parts were estimated using reasonable engineer-
ing assumptions (described in Section 3.6.1.2) and assigned accordingly. Distinct
material properties were also de ned for the outer casing, terminal, and mandrel.
The complete list of materials and their associated thermal properties is summarized

in Table 3.2.

Table 3.2: List of Components with Corresponding Materials

Component

Material Assigned

Terminal

Positive current collector and air

CAN

Jelly Roll

Mandrel

Negative current collector and air

Cell assembly components and air

Aluminum

Combined properties of air, rubber,
and metals

Combined properties of air and copper
(70-30 ratio)

Stainless steel

Material with properties of the cell

Air

Combined properties of air and alu-
minum (70-30 ratio)

Figure 3.7 3D Geometry of the 4695 cell
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3.6.1.2 Heat Transfer

The heat transfer in this study can be di erentiated into two:

Heat transfer within the battery cell.

Heat transfer from the battery cell to the surroundings.

To accurately capture heat propagation within the battery cell, the heat generated
by the ECM was uniformly distributed across the entire jelly roll, as illustrated
in gure 3.8. thermal properties, such as thermal conductivity for components,
including the can, mandrel, and terminal were de ned using COMSOL's internal
material library. For the remaining components, the e ective thermal conductivity
was determined through analytical estimation, calculated using (3.6).

_ kiAr+ koA;

ko= s (3.6)

where k; represents the equivalent (e ective) thermal conductivity,k;,k, denotes
the thermal conductivities of material 1 and material 2 andA;,A, represents the
cross-sectional areas of the materials perpendicular to heat ow.

To monitor the temporal variation of the cell's internal temperature, a temperature
probe was placed at the geometric center of the jelly roll, recording data at one-
second intervals. The temperature measured by this probe was used as input to the
EECM, as the model parameters vary dynamically with changes in cell temperature.
This setup establishes a feedback loop in which the EECM continuously updates its
parameters based on the real-time temperature within the battery cell, as illustrated
in gure 3.9.

To enable this coupling, the EECM parameters were de ned as functions of the
probe temperature, ensuring that the model accurately represents the temperature-
dependent behavior of the cell and that parameter variations correspond to the
thermal state of the system.
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Figure 3.8: EECM Heat Input to Jelly Roll in 3D Thermal Model

Figure 3.9: Temperature sensor feedback to update ECM parameters.

In COMSOL Multiphysics, within the "Heat Transfer" physics module, the "Heat
Transfer in Solids" interface is employed to model thermal interactions. In this inter-
face, the heat transfer coe cient (HTC) is applied to the outer surfaces of the cell to
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represent convective heat exchange with the surrounding environment. The proce-
dure for de ning the heat transfer coe cient as a boundary condition is illustrated

in Figure 3.10. The heat transfer coe cient is a critical parameter that governs
the rate at which heat is exchanged between the battery cell and its surrounding
environment. Conceptually, it serves as a thermal bridge between the cell and its
surroundings, controlling how e ciently the cell dissipates the heat generated dur-
ing operation.

Figure 3.10: Assignment of Heat Transfer Coe cient in COMSOL Model

In this study, the heat transfer coe cient was determined and subsequently adjusted
as a function of the C-rate, since the rate of heat generation is highly dependent
on the charging and discharging intensity of the cell. By adapting the coe cient
to re ect varying operating conditions, the thermal model can more accurately re-
produce the cell's real-world thermal behavior. The primary objective of tuning
this parameter is to maintain the cell within its safe operating temperature range,
thereby preventing overheating and ensuring consistent and reliable performance
during operation.

3.6.1.3 Simulation Con guration

N

The external surfaces of the cell are subjected to natural convection with a
heat transfer coe cient of 10 W=(m? K).

N

Ambient temperature is set to 298.15 K.

" The initial voltage of the cell was set to 2.8 V, and a negative current (varying
according to the C-rate) was applied to the model to simulate the charging pro-
cess. (In COMSOL Multiphysics, a positive current conventionally represents
current owing out of the model. Therefore, during battery charging where
current ows into the cell the applied current is de ned as negative within
the simulation framework.)
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A time-dependent solver was employed to solve the model, with the total
simulation time determined by the C-rate, since the charge duration varies
inversely with the applied current rate.

3.7 Battery Cooling Strategy

When di erent cooling strategies are applied in the model, the heat transfer coe -
cient varies across the outer surfaces of the battery cell. For example, in a single-
sided cooling con guration, the surface of the cell is in direct contact with the cooling
tube exhibits a signi cantly higher heat transfer coe cient than the remaining sides,
which are exposed only to ambient air. Due to the presence of a vent at the bottom
of the cell, bottom cooling is not feasible.

To investigate the in uence of these variations on the cell's thermal behavior and
internal temperature distribution, three distinct cooling strategies were simulated
for the 4695 battery cell: top cooling, single-sided cooling, and double-sided cooling.
These simulations were conducted to analyze the resulting temperature gradients
within the cell and to assess the relative e ectiveness of each strategy in managing
heat dissipation and maintaining thermal uniformity.

The primary di erence between the simulation setups for each cooling strategy lies
in the location of heat removal from the cell surfaces. Depending on the selected
cooling con guration, a higher heat transfer coe cient is assigned to the surfaces

in contact with the cooling tube depicted in gure 3.11, representing enhanced con-

vective cooling. In contrast, the remaining surfaces are assigned lower coe cients
corresponding to natural convection with the surrounding air.

Single-sided cooling : Since only one side of the cell is in contact with the
cooling tube, that portion of the surface is assigned a higher heat transfer
coe cient, while the remaining surfaces maintain lower values corresponding
to natural convection.

Double-sided cooling : When both sides of the cell are exposed to cooling,
these surfaces are assigned higher heat transfer coe cients, while the remain-
ing surfaces retain lower values representative of natural convection.

Top cooling : In the case of top cooling, the terminal of the cell is the primary
surface exposed to the cooling system. Consequently, the terminal surface is
assigned a higher heat transfer coe cient, while the remaining surfaces are
exposed to natural convection and retain lower values.
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(@) (b) (©)

Figure 3.11: Heat ux removal representation of a) Top, b) Single-sided and c)
Double-sided cooling.

The heat transfer coe cient (HTC) can be calculated using the formula:

_Q
h_AT

(3.7)

where:
"~ h  Convective heat transfer coe cient (W=m? K)
" Q Heat transfer rate (W)
" A Surface area (m?)
" T  Temperature dierence (K or C)

For a cylinder, the curved surface area is (double-sided cooling):
A=2rh =2 23 935mm? 135216mm? = 0:0135216n°
Given (for 1.5C-rate):
Q = 10:5W(from gure 4.27(b)); T =10 °C (desired temperature = 40C)

Substitute the values:
He 105 _ 105
© 0:.0135216 10 0:135216

h 78W/m?2. K
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3.7.1 Simulation Con guration

" All external surfaces of the cell except the surface that is in contact with the
cooling tube, were subjected to natural convection with a heat transfer coe -

cient of 10W=(m? K).

The heat transfer coe cient for the cooling tube is determined using (3.7).

Ambient temperature is set to 298.15 K.

Initial voltage of the cell is set to 2.8 V and negative current (varies with re-
spect to C-rate) is fed into model in order to charge the cell.

A time-dependent solver was employed to solve the model, with the total
simulation time determined by the C-rate, since the charge duration varies
inversely with the applied current rate.

3.7.2 Cell-Level Simulation for Module Analysis

In real-world conditions, where battery cells are closely packed, heat dissipation to
the ambient is minimal. The surrounding cells act as thermal barriers, limiting heat
transfer from individual cells to the environment. As a result, the module tends
to exhibit a more uniform temperature distribution, as heat is shared among the
cells. To capture this behavior, an additional simulation was conducted with an
optimized contact area between the cooling tube and the cells, allowing for more
realistic representation of heat transfer within the module.

The two main factors considered to simulate the module-level cooling strategy are:
Bending radius of the cooling tubes

Temperature gradient of the cell.

3.7.2.1 Modeling

The cooling side of the cell is partitioned to replicate the cooling area of the cell in
real world as shown in gure 3.13. The contact area between the cell and cooling
tube was de ned using an inscribed angle as shown in gure 3.12.
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Figure 3.12: Inscribed angle depicting the cooling area

Using this angle, the arc length of the cooling tube is determined as shown in (3.8).
As a result, an independent heat ux removal value is provided for this arc length
in order to recreate the cooling tube contact. The cooling area is then calculated
using the arc length and height of the cylinder to determine the amount of heat ux
required to be removed.

L = 360 2r (3.8)

In this case the angle i90 and the radius is 23 mm. So the arc length or the
contact length of the cooling tube and the cell is

90
L= 2e5 2 23mm (3.9)
L =36:11mm: (3.10)

Similarly, for 60° the contact length is 24.07 mm.

Figure 3.13: Thermal Model representing the cooling contact area for 90
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Initially, the temperature of the cooling surfaces was xed at 2%C, corresponding

to the cooling tube temperature used at a 1C-rate. A surface integration of the
battery cell cooling surface at a xed temperature of 2% was performed to eval-

uate the thermal conductance of the cell surface. The result, expressed in W/K,
represents the e ective heat transfer rate per unit temperature di erence across the
surface. The resulting thermal conductance, expressed as a function of time, was
subsequently divided by the cooling surface area to calculate the time-varying heat
ux necessary to e ectively remove heat from the cell.

Since we use double-sided cooling, the cooling area fof 80

The curved surface area (CSA) of a cylinder is given by,
CSA= rh
Substituting the given values, r = 36:11mm (from (3.10)) and h = 93:5mm:

CSA=36:11 935

CSA 33733mm?

Similarly, for 60° the cooling surface area i225055mm?.

h= — (3.11)
where

h = heat transfer coe cient (W/m 2K),
Gy, = thermal conductance (W/K),
A = curved surface area ().

Using (3.11), the varying heat ux needed to maintain the surface at 2& is calcu-
lated.

3.7.2.2 Simulation Con guration

N

All external surfaces of the cell except the surface that is in contact with
the cooling tube, are thermally insulated with a heat transfer coe cient of O
W=m? K).

N

The heat transfer coe cient for the cooling tube is determined as shown in
(3.11).

Ambient temperature is set to 298.15 K.
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Initial voltage of the cell is set to 2.8 V and negative current (varies with re-
spect to C-rate) is fed into model in order to charge the cell.

A time-dependent solver was employed to solve the model, with the total simu-
lation time determined by the C-rate, since the charge duration varies inversely
with the applied current rate.

The cooling strategy was simulated for contact angles of 9and 6. As the contact
length of the cooling tube decreases, the heat ux required to be removed from the
cell increases. In these simulations, heat transfer to the ambient was assumed to be
zero to replicate a worst-case scenario. Initially, the xed heat ux was determined
based on the maximum heat generation of the cell. However, applying this same
ux during periods of lower heat generation could cause the cell temperature to
drop below 25C. To prevent this, a time-varying heat ux removal strategy was
implemented, enabling the cooling system to adjust according to the instantaneous
heat generation and maintain the cell temperature within the safe operating range.
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Results

4.1 Open circuit voltage

The OCV-SOC relationship was established through low-rate charging and discharg-
ing cycles at 0.05C, with voltage values averaged to minimize hysteresis e ects and
measurement uncertainties. Figure 4.1 presents the experimental results showing

charge voltage, discharge voltage, and the estimated OCV curve across the full SOC
range.

Figure 4.1: OCV-SOC relationship derived from 0.05C charge and discharge
cycles

The obtained OCV curve exhibits the characteristic non-linear voltage-SOC rela-
tionship typical of lithium-ion batteries, with a voltage range spanning from 2.8V

to 4.18V across 0-100% SOC. The curve demonstrates three distinct regions: steep
voltage gradients at low SOC (0-0.1) and high SOC (0.95-1.0), and a more linear
relationship in the intermediate range. This behavior aligns with ndings reported

in literature [32] [33], who observed similar voltage characteristics in lithium-ion
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cells under quasi-equilibrium conditions.

The hysteresis e ect, evident as the voltage di erence between charge and discharge
curves, is most pronounced in the 0-0.4 SOC range with a maximum deviation of
approximately 50mV. The estimated OCV curve serves as the fundamental reference
for subsequent SOC estimation accuracy evaluation and battery management system

4.2 Calibration Coe cient

The calorimeter calibration was conducted to establish a reliable conversion between
the sensor electrical output (millivolts) and the corresponding thermal power dissi-
pated by the cell (watts). A dummy cell was used inside a temperature-controlled
incubator at 25°C to minimize thermal uctuations.

The calibration protocol involved initially discharging the dummy cell at 0.05 C

to 2.8 V, followed by a 60-hour rest period to reach thermal and electrochemical
equilibrium. Subsequently, the sensor voltage was recorded for a series of known
power inputs applied by a DC power supply: 0.1, 0.4, 0.8, 2.1, 7.5, and 10 W ( g-
ure 4.2). For each power level, the average millivolt output and the calibration
coe cient (W/mV) were computed (table 4.1). After calibration, the dummy cell
was recharged at 0.5 C for 30 minutes to restore baseline conditions.

Figure 4.2: Measured voltage with variation in power input for calibration

Initial calibration results revealed notable variability and instability, especially at low
power inputs. At 0.1 W, the calibration coe cient peaked around 28.6 W/V with
a coe cient of variation (CV) exceeding 84%, indicating dominant measurement
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noise and o set e ects. For higher power levels (0.4 W and above), the coe cient
stabilized between approximately 20 and 23 W/V, with CVs dropping below 20%,
achieving excellent precision and reduced measurement variance (table 4.1). This
trend highlights that noise and background o sets signi cantly impact low signal
levels but become negligible as power and thus signal amplitude increases.

Table 4.1: Calibration coe cients and variability at di erent power inputs.

Power (W) Avg Voltage (mV) Calibration Coef. (W/V) Std. Dev. (W/V) CV (%)

0.1 5.84 28.59 24.15 84.48
0.4 17.71 23.40 4.44 18.99
0.8 34.73 23.29 2.56 10.97
2.1 102.55 20.52 0.97 4.70
7.5 373.05 20.11 0.18 0.89
10.0 475.37 21.04 0.28 1.34

To mitigate measurement noise and baseline o sets, a correction procedure was ap-
plied. This included o set subtraction and signal ltering, signi cantly reducing
variance and improving calibration coe cient stability across all power levels, par-
ticularly at the challenging low-power end. Post-correction results (table 4.2) show
more consistent calibration coe cients clustered around 20 22 W/V with notably
decreased standard deviations ( gure 4.3 and gure 4.4) and CVs.

Table 4.2: Calibration results after noise o set correction.

Power (W) Avg Voltage (mV) Avg Calibration Coef. (W/V) Std. Dev. (W/V)

0.10 6.59 19.73 0.56
0.40 18.48 21.65 0.30
0.80 35.43 22.64 131
2.10 103.31 20.35 0.67
7.50 373.81 20.06 0.01
10.00 476.13 21.00 0.24
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Figure 4.3: Identi ed calibration coe cient with variation in power input for
calibration. The panels correspond to increasing power levels from left to right and
top to bottom: (1) 0.10 W, (2) 0.40 W, (3) 0.80 W, (4) 2.10 W, (5) 7.50 W, (6)
10.00 W.

Figure 4.4: Standard deviation for calculated epsilon values
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4.3 Heat generation

The large format lithium-ion battery (LIB) cell tested here, with a capacity of 33 Ah,
was cycled between 2.8 V and 4.2 V. The heat ow measurements reveal clear di er-
ences in thermal behavior during charging and discharging, as shown in Figures 4.6
to 4.8. In summary, the initial calibration highlighted system limitations due to
measurement noise and baseline o sets, especially at low power levels where errors
reached nearly 67%. After applying o set correction and noise Itering, calibration
demonstrated improved precision and stability with errors falling below 4% for mod-
erate to high power inputs. This correction signi cantly enhanced the linearity and
accuracy of the calorimeter, enabling reliable thermal power measurements essential
for precise battery thermal characterization and modeling.

During charging, heat generation is predominantly positive, re ecting exothermic
processes. Discharging, however, shows more complex thermal behavior, with both
exothermic and endothermic signals appearing. Sharp peaks often coincide with
changes in current or internal resistance.

A key observation is the asymmetrical thermal response between charging and dis-
charging, especially at higher C-rates. This di erence comes from the fundamental
electrochemical and mass transport mechanisms active in each mode. When charg-
ing, lithium ions must overcome increasing activation barriers to intercalate into
already occupied electrode sites [34, 35]. This leads to di erence in heat patterns
linked to concentration gradients and structural changes as state of charge (SOC)
varies.In contrast, during discharge, lithium ions leave the electrode materials, ini-
tially requiring less energy but facing growing transport limitations as discharge
progresses. Lithium can be easily removed from the anode at initially, but as anode
sites empty out, the residual ions have much greater transport limitations due to
less available sites in the cathode lattice. This leads to transportation issues, which
explains why heat levels rises signi cantly towards the end of discharge cycle.

4.3.1 Origins of Heat Generation

At very low C-rates (e.g., 0.05C), currents are small and ohmic losses are minimal.
Electrochemical reactions proceed near equilibrium, so polarization losses are low.
Under these conditions, entropic heat dominates, leading to relatively low and stable

heat ow across SOC (gure 4.7, 0.05C curves).

When the C-rate increases to 0.1C, ohmic heating increases signi cantly due to its
guadratic relation with current ( gure 4.7). Meanwhile, higher currents promote
larger concentration gradients and mass transport limitations, causing additional
polarization losses. This is re ected by the elevated baseline heat ow compared to
0.05C .
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Figure 4.5: Heat ow pro le during cycling at C/10.

At high C-rates like 0.3C, resistive and polarization e ects dominate heat generation.
The thermal output grows nonlinearly with current due to kinetic limitations in ion
transport and reaction overpotentials. This results in complex, multi-peak heat
signatures as the battery moves further from equilibrium.

4.3.2 Charging Heat Generation Behavior

During charging, the heat ow patterns intensify with increasing C-rate:

" At 0.05C, heat remains low and smooth for most of the cycle, with slight
changes re ecting phase transitions and lithium insertion into electrode struc-
tures.

At 0.1C, heat generation increases and shows distinctive peaks at certain SOC
levels. These correspond to electrode structural changes or sharp voltage vari-
ations, indicating energy consumed by resistive losses and material reorgani-
zation.

At 0.3C, heat generation is substantially higher, with peaks exceeding 1100 mW.
The early sharp rise relates to lithium concentration gradients forming, while
subsequent peaks re ect complex interactions of internal resistance and evolv-
ing mass transport e ects.

4.3.3 Discharging Thermal Characteristics

Discharging presents quite di erent heat pro les:

" At low C-rates (0.05 C), heat ow starts moderately and declines as SOC
decreases, illustrating changing thermodynamics and resistance.

At 0.1 C, heat remains elevated and relatively constant before tapering at the
end of discharge, dominated by resistive and polarization heat.

At 0.3 C, discharge heat peaks above 1500 mW initially, then decays expo-
nentially. This pattern re ects rapid lithium depletion at easy extraction sites
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and increasing di culty maintaining current as concentration gradients be-
come severe. A noticeable heat increase at low SOC suggests mass transport
challenges requiring extra energy.

4.3.4 Implications for Thermal Management

The clear dependence of heat generation on C-rate has important practical conse-
guences. Heat output increases nonlinearly with current, meaning thermal man-

agement systems must be designed to handle disproportionately higher heat loads
during high-power operation. For instance, peak heat at 0.3 C rises more than ten-

fold compared to 0.05 C, despite only a sixfold increase in current.

Moreover, the asymmetric heat patterns between charging and discharging highlight
the need for adaptive cooling strategies that respond to changing SOC and cycling
modes. Both peak and average heat rates need consideration: average heat is rele-
vant for steady thermal load, while peaks dictate transient responses and risks such
as thermal runaway.

Figure 4.6: Overall heat ow pro le during cycling at C/20.
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Figure 4.7: Heat ow during charging at di erent C-rates.

Figure 4.8: Heat ow during discharging at di erent C-rates.

4.4 Entropic measurement using calorimeter

The calorimetric measurements were carried out with the help of the set up as
outlined in Section 3.2 at two temperatures (18 and 25C) and across three cycling
rates (C/3, C/10, and C/20). With the reversible heat values calculated during
charge and discharge cycle and average reversible heat was calculated for example
as shown in gure 4.9 for 0.1 C, entropic coe cient was calculated (2.5) for that
particular C-rate and temperature. The focus here is on how the entropic coe cient
changes with state of charge (SOC) and how sensitive it is to temperature and
cycling conditions.
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Figure 4.9: Average reversible heat ow during 0.1 C charge and discharge cycle
at 25 deg C

At C/10, the entropic coe cient pro les recorded at 15°C and 25C showed broadly
similar shapes across the SOC window, but clear di erences in magnitude were
evident. At 25°C, the entropy change was more pronounced, while at A5 the
values were consistently lower, especially in two regions: early lithiation (10 20%
SOC) and the high SOC range above 95%.

Figure 4.10: Entropic coe cient pro le with C/10 cycling at 15 and 25 deg C
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Figure 4.11: Entropic coe cient pro le at 15 deg

Figure 4.12: Entropic coe cient pro le at 25 deg

When comparing cycling rates at constant temperature, further distinctions became
clear. At 25°C, the lowest rate (C/20) captures the smallest uctuation in peaks of
entropic coe cient value throughout SOC range. This indicates that slower cycling
allows the system to remain closer to equilibrium by avoiding the e ect of thermal
lags, giving a more well-de ned entropy signal. As the rate increased to C/10 and
then C/3, the overall magnitude decreased, and the pro les became much smooth,
due to insu cient time to measure the heat signals. At C/3, the signal was strongly
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dampened, pointing to limitations in how quickly the system can equilibrate. A
similar picture was observed at 1%, having simiar suppression, highlighting that
the e ect of high cycling rate which severely restricts the accurate reversible heat
response.

Another noteworthy observation is the reproducibility across repeated runs. For
both temperatures, the pro les at C/10 were highly consistent between cycles, with
only small variations in peak values. At C/3, the scatter was more evident.

Taken together, the calorimetry results highlight a robust nding: faster cycling
rates diminish both the magnitude and clarity of the entropy pro les. These results
con rm that the entropic response is highly sensitive to both kinetic limitations and
thermal conditions, and they provide a direct experimental picture of how cycling
environment in uences reversible heat generation in the cell.

4.5 Entropic measurement using potentiometer

As mentioned in chapter 3, potentiometric measurements were performed using
MACCOR 4000 (section 3.2), at three temperatures (2C, 25°C, and 40C) such

as shown in gure 4.13 across the SOC 100%. The aim was to evaluate how the
Eocv changes with the cell temperature across entire SOC range and to derive the
entropic coe cient ( @cyv =@ &).

Figure 4.13: Change in volatge due to changing cell temperature.
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Figures 4.15 and 4.16 show the OCV as a function of temperature for Cell 1 dur-
ing charging and discharging and gure 4.14 shows one example for calculating
(@Bcy=@&;) at SOC equals to 80%.

Figure 4.14: Calculating the slope at SOC 80 during charge cycle.

The linearity across the di erent SOC points was excellent, with most regression
ts reaching R? values above 0.9. This demonstrates that the OCV temperature

relationship is consistent and reliable, which is essential for extracting entropic co-
e cient values.

Figure 4.15: Open-circuit voltage as a function of temperature at di erent SOC
levels for Cell 1 during charging.
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Figure 4.16: Open-circuit voltage as a function of temperature at di erent SOC
levels for Cell 1 during discharging.

A summary of slopes and regression quality is provided in table 4.3. Most SOC
points gave strong ts (e.g.,R?2 > 0:98 at 20%, 50%, 70%, and 90%). However, the
extreme points (0% and 100% SOC) showed poor linearity, witR? values below
0.7. This suggests incomplete equilibration or slow relaxation at those states, which
likely prevented the OCV from fully stabilizing.

Table 4.3: Summary of entropic coe cients and linear t quality ( R?) for Cells 1
and 2 during discharging.

SOC (%) Cell 1 Cell 2
Slope (MV/K) R? Slope (MV/K) R? Fit Quality
0 0.170 0.770 -0.060 0.699 Poor
10 -0.420 0.944 -0.190 0.995 Good Excellent
20 -0.034 0.993 -0.128 0.943 Excellent Good
30 -0.093 0.911 -0.036 0.957 Good Excellent
40 0.110 0.940 0.052 0.988 Good Excellent
50 0.093 0.988 0.210 0.992 Excellent
60 0.037 0.503 0.221 0.730 Poor
70 0.051 0.991 0.084 0.978 Excellent
80 0.042 0.973 0.052 0.990 Excellent
90 0.099 0.999 0.0125 0.993 Excellent
100 - - 0.0119 0.752 Poor

The resulting entropic coe cient pro les are shown in Figures 4.17 and 4.18 for both
Cell 1 and Cell 2. The curves clearly reveal alternating positive and negative regions
across SOC. At low SOC (10 30%), both cells show negative coe cients, indicating
entropy decreases in this range. In the mid-SOC region (40 90%), the coe cients

52



4. Results

turn positive, with values around 0.04 0.12 mV/K. At high SOC, the coe cients re-
main positive, re ecting increased con gurational entropy during delithiation. These
trends were consistent for both cells.

Figure 4.17: Entropic coe cient as a function of SOC for Cells 1 and 2 during
charging.

Figure 4.18: Entropic coe cient as a function of SOC for Cells 1 and 2 during
discharging.

Overall, the potentiometric measurements con rm that the entropic coe cient varies
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strongly with SOC, with reproducible patterns of negative values at low SOC and
positive values at higher SOC. The comparison of Cells 1 and 2 shows excellent
agreement, strengthening con dence in the method and highlighting the robustness
of the data.

4.6 Comparison of Calorimetric and Potentiomet-
ric Methods

Both calorimetric and potentiometric methods produced entropic coe cient pro les
with similar overall shapes, but their reliability varied depending on experimental
conditions. To quantify this, the calorimetric data were Itered using root mean
square error (RMSE) analysis at two test temperatures, 26 and 25C as mentioned

in section 3.3. These RMSE plots ( gures 4.19 and 4.20) help to identify SOC regions
where calorimetric measurements can be trusted, and where they are a ected by
experimental error. Potentiometric results are used as a baseline for comparison
(3.2, 3.3 and 3.4).

4.6.1 RMSE at 25 °C

Figure 4.19: Charging

Figure 4.19 shows the RMSE of calorimetric entropy values across the SOC range
at 25°C. Three trends are evident:

" 030% SOC: High RMSE values indicate poor reliability. The calorimetric
signal in this region was noisy and inconsistent, in contrast to the clear negative
entropy captured by potentiometry.

3080% SOC: Most data points fall within the +1 acceptance threshold,
especially at lower C-rates (C/20, C/10). This region shows the best overlap
with potentiometric results, where mid-SOC entropy values are stable and
reproducible.

90 100% SOC: RMSE values drop sharply, and pro les from multiple cycles
agree closely. Both methods consistently report strong positive entropy in this
region.
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4.6.2 RMSE at 15 °C

At 15°C, the RMSE pro le (gure 4.20) shows much larger error across most of the

SOC range. The only region with consistently acceptable RMSE was at mid SOC
(20 90%). Low SOC (0 2%) and high SOC (90 100%) were dominated by scatter,

producing unreliable entropy values.

It is important to note that these deviations should not be interpreted as true
temperature e ects on entropy. Instead, they likely arise from experimental setup:
At lower temperatures, heat leakage through imperfect insulation increases
the background noise of the calorimeter, arti cially in ating RMSE.
At higher temperatures (e.g., 4€C,), the limited relaxation time after current
steps may not have been su cient for the cell voltage to reach equilibrium,
leading to poor OCV ts.

Figure 4.20: Charging

In contrast, potentiometric measurements remained stable, capturing smooth neg-
ative entropy at low SOC and positive entropy at high SOC, con rming that the
underlying thermodynamic pro le is una ected by temperature within this range.
The scatter in calorimetry therefore re ects measurement limitations, not a true
physical dependency.

4.6.3 Overall Assessment

The RMSE analysis shows that calorimetry is sensitive to experimental conditions.
Given the rapid changes in the entropic coe cient at extreme SOCs, any small in-
accuracies or noise in the temperature, voltage, or current measurements can be
signi cantly ampli ed when calculating the derivative %‘TJ . This makes the deter-
mination of the entropic coe cient highly sensitive in the critical regions. At ex-
treme SOC levels, as entropic heat is highly sensitive to small temperature changes,
phase transitions in electrode materials, and lithiation / de-lithiation under high lat-
tice in uence, causing unstable or irregular entropy pro les and unreliable data [34,
35].Research indicates that heat generation pro les can vary signi cantly across dif-
ferent locations on a battery cell [36]. Rapid and complex heat generation pro les at
extreme SOCs hence precise methods should be taken while measuring parameters

such as heat ow.
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Potentiometry, by contrast, avoids these issues: the long equilibration steps ensure
accurate OCV values, producing reliable entropic coe cients across the full SOC
window at all temperatures tested. This highlights potentiometry as the more ro-
bust approach, with calorimetry o ering complementary insight only in carefully
controlled SOC regions. Using both together strengthens con dence in the results
and clari es the boundaries of reliability for entropy measurements in lithium-ion
cells.

4.7 EECM Parameter Validation

The constructed model was validated through multiple approaches to ensure its
performance not only on available data but also under new operating conditions.
Validation helps identify potential aws and ensures that the predicted temperature
distribution is robust, reliable, and representative of real-world behavior.

The Equivalent Electrical Circuit Model (EECM), which accounts for the irreversible
heat generated by the battery cell, was validated using two distinct load cycles,
shown in gures 4.21 and 4.22. These load cycles con rm that the parameters ob-
tained from the GITT tests are correctly implemented within the model. Each load
cycle represents a straightforward current voltage pro le, with the corresponding
current applied to the EECM as depicted in gures 4.21(a) and 4.22(a). The goal
is to reproduce a voltage response that closely matches the experimental load cycle.
Any deviations in the simulated voltage are then used to ne-tune and scale the
RC parameters, ensuring the EECM accurately represents the cell's electrical and
thermal behavior.
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(@)

(b)

Figure 4.21: a) Current applied to the EECM and b) Voltage response from
EECM and GITT test.

The discrepancy in values is observed in gure 4.21(b) when the voltage is less than
2.8V. This is because of the inability of the solver to extrapolate the OCV values
under 2.8V, since the tests performed to obtain these values are in the range of 2.8 -
4.1 V. Furthermore, it also could be due to solver being unable to converge because
of low SOC which results in nonlinear equations approaching singularities. The
singularities COMSOL warns about in low-SOC regions are usually logarithmic
or reciprocal concentration terms (from Nernst equations, Butler Volmer kinetics,
or transport relations) that diverge as species concentrations approach zero or max-
imum limits, making the Jacobian nearly singular and causing solver divergence.
So, a more relaxed and inside the de ned voltage range is simulated to validate the
model again.
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(@)

(b)

Figure 4.22: a) Current applied to ECM and experiment and b) corresponding
voltage responses.

The cycle shown in gure 4.22 demonstrates that the ECM parameters obtained
from the GITT testing are highly reliable (since the voltage obtained from ECM
is almost superimposed on the voltage obtained experimentally). Building on this,
the next step is to validate the heat generation predicted by the ECM model using
(2.4). To do this, we compare the amount of heat calculated by the model with the
heat actually measured in the experiments as shown in gure 4.25.

The entropic coe cient values have been identi ed for both the charging and dis-
charging processes in gure 4.17 and gure 4.18 respectively. Using these values, we
can estimate the total heat generated by the cell and then directly compare it with
the experimental data to evaluate how well the model re ects real behavior.
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(@)

(b)

Figure 4.23: a) EECM subjected to 0.1C current and b) Corresponding EECM
voltage response.

At a 0.1 C-rate, the applied current is calculated usin@:1 capacity. The capacity
denotes the nominal capactiy of the cell. Under these conditions, a full charge or
discharge cycle lasts approximately 36,000 seconds (10 hours), as illustrated in gure
4.23(a). To ensure stability between charging and discharging phases, the cell is al-
lowed a rest period of 3,600 seconds before transitioning from one phase to the other.

At lower C-rates, the total heat generated is primarily dominated by reversible heat,
as observed in gure 4.24. The main contributor to this reversible heat is the en-
tropic coe cient, which was determined experimentally. Some discrepancies are
noted, as illustrated in gure 4.25, due to the model interpolating between discrete
entropic coe cient values measured during charging and discharging.
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Figure 4.24: Heat generated by the cell during 0.1C Cycling

Figure 4.25: Comparison of heat generation at 0.1C Rate

In reality, the entropic response of the cell changes smoothly and continuously,
rather than in discrete steps. Because reversible heat generation is highly sensitive
to variations in the entropic coe cient, even small di erences can result in signi -
cant uctuations in the predicted heat.

Another factor contributing to these discrepancies is the location of heat measure-
ment. Experimentally, heat is recorded at the surface of the cell, whereas in the
simulation it is calculated at the center. This introduces a lag governed by the
thermal time constant, which represents the rate at which heat generated inside the
jelly roll propagates to the cell surface. Due to time constraints, the thermal time
constant could not be measured experimentally, which further explains the observed
deviations between the model predictions and experimental results.
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4.8 Battery Electrothermal Model

First, the heat generated at each C-rate was calculated using the ECM parameters
in combination with the experimentally determined entropic coe cient within the
ECM model. Since the GITT experiments were performed at 0.1C, 0.5C, and 1C,
the software interpolated the RC parameter values for intermediate C-rates and
extrapolated them for higher C-rates. However, extrapolation beyond 2C proved
unreliable. Consequently, the total heat generation was evaluated at 0.1C, 0.3C,
0.5C, 1C, 1.5C, and 2C.

(@)

(b)
Figure 4.26: Overall heat generation at a) 0.3C and b) 0.5C rates.

Figures 4.26 and 4.27 show that the heat generated increases with rising C-rates
due to the corresponding increase in current. The reversible heat is associated with
entropic changes in the battery, which depend on the cell chemistry and the state
of charge, as described in (2.3). At lower C-rates, the current is relatively small,
resulting in minimal irreversible heat, so the reversible heat dominates the total heat
generated.
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(@)

(b)

Figure 4.27: Overall heat generation at a) 1C and c) 2C-rates.

At higher C-rates, as the current increases, the irreversible heat grows rapidly due to
its quadratic dependence on current, as described in (2.2). However, the reversible
heat does not vanish; it continues to contribute based on the entropic coe cient and
the rate of change of the cell's voltage with temperature. In certain SOC ranges
where the entropic coe cient is large (either positive or negative), the reversible
heat can still be comparable to the irreversible heat, even at high C-rates.

In essence, while irreversible heat dominates at high currents, the reversible compo-
nent is always present because it depends on the intrinsic thermodynamic properties
of the cell rather than the current magnitude. It can either add to or subtract from
the total heat generation, depending on the sign of the entropic coe cient.

The total heat generated was then used to compute the temperature distribution
within the cell using a 3D thermal model. Figure 4.28 illustrates the resulting tem-
perature distributions at di erent C-rates, simulated under the conditions described
in Section 3.6.1.3.
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