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Understanding and modelling the thermal behaviour of incumbent and future lithium 

ion batteries 

by Xiao Hua 

 

The thesis begins with a literature review on the thermal behaviours for an incumbent and a 

future lithium ion battery, which are Lithium iron phosphate (LFP) prismatic batteries and 

Lithium sulfur (Li-S) pouch batteries, respectively. Research gaps were identified for both 

types of batteries, requiring the development of novel experimental techniques and/or 

modelling approaches for each type.  

Lithium sulfur batteries are an important next generation high energy density battery 

technology. However, the phenomenon known as the polysulfide shuttle was identified as one 

of the most important challenges needing to be overcome. It causes accelerated degradation, 

reduced Coulombic efficiency and increased heat generation, particularly towards the end of 

charge. Research was conducted on how to track, quantify and therefore prevent the shuttle 

effect, in order to improve the safety and increase cycle life of Li-S batteries in real 

applications. This required the real-time detection of the onset of shuttle during charge. The 

diagnostic technique Differential Thermal Voltammetry (DTV) was used to track the shuttle 

effect during charging for the first time, and quantitative interpretations of the experimental 

DTV curves were performed by thermally-coupling a zero-dimensional Li-S model. The 

DTV technique, together with the model, is a promising tool for real-time detection of shuttle 
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in applications, to inform control algorithms for deciding the end of charging, thus preventing 

excessive degradation and charge inefficiency. 

Lithium iron phosphate prismatic batteries are widely used in both sustainable transportation 

and stationary energy storage. However, system level thermal management for large format 

prismatic cells is rarely considered in the literature. Equivalent circuit models (ECM) were 

shortlisted, due to their ease of implementation and low complexity. The accuracy of an ECM 

is critical to the functionality and usefulness of the battery management system (BMS). 

However, their accuracy is limited by how easy they are parameterised, and therefore 

different experimental techniques and model parameter identification methods (PIM) have 

been widely studied. Yet, how to account for significant changes in time constants between 

operation under load and during relaxation has not been resolved. In this work a novel PIM 

and a modified ECM is presented that increases accuracy by 77.4% during drive cycle 

validation and 87.6% during constant current load validation for a large format LFP prismatic 

cell. The modified ECM uses switching RC network values for each phase, which is 

significant for this cell and particularly at low state-of-charge for all lithium ion batteries. 

Different characterisation tests and the corresponding experimental data have been trained 

together across a complete State-of-Charge (SoC) and temperature range, which enables a 

smooth transition between identified parameters. Ultimately, the model created using 

parameters captured by the proposed PIM shows an improved model accuracy in comparison 

with conventional PIM techniques.  

Large format prismatic cell’s thermal management is challenging due to the large internal 

heat generation rate, longer distance for internal battery core away from the heat exchange 

cooling interface and therefore larger thermal gradient across the cell. The standardised 

surface Cell Cooling Coefficient (CCC) can be used to quantify the degree of difficulty of a 

target cell to be thermally managed. Here, in this thesis, the novel metric surface CCC is 

introduced and implemented onto a large format LFP prismatic cell, with aluminium alloy 

prismatic casing. Further, based on developed PIM, a parameterised and discretised 3-

dimentional Electro-Thermal Equivalent Circuit Model is developed. The developed model is 

validated using the experimental data through embedding corresponding boundary conditions, 

including drive cycle noisy load and constant current CCC square wave load, electrically and 

thermally at the same time. The study offers a quantitative guide of the trade-off between cell 

energy density and surface CCC, and also a casing selection analysis is conducted. The CCC 

metric together with proposed model enable the cell manufacturer and Original Equipment 
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Makers (OEMs) to customise the cell design based on the casing material, single cell energy 

density, cell thickness and CCC/capability to be thermally managed.  In the future cell design 

process, this study offers a cost-effective, time-efficient, convenient and quantitative way, in 

order to achieve a better and safe battery design (high capacity, power and longer lifetime) 

for wider application needs. 

Finally, it is concluded that, for both incumbent and future lithium ion batteries, 

understanding the thermal behaviour is the key for a safer, lighter, longer lifetime, longer 

range application. By using engineering customised experimental techniques together with 

empirical and/or physical simulations, enhanced understanding with quantitative battery 

optimisation and thermal management are achieved in this thesis. The findings in thesis are 

beneficial for wide range of communities including research community, industry OEMs, 

application engineers, battery management system developers, control engineers and electric 

vehicle end users.              
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1. Introduction 

1.1.  Backgrounds: the motivation of Electrification  

The majority of the countries in the EU, China and USA have announced the plan to ban the 

sale of the internal combustion engine (ICE) vehicles in next few decades[1], to improve air 

quality and reduce greenhouse gas emissions [2]. The research and development of Electric 

Vehicles (EVs) (Hybrid Electric Vehicles (HEVs), Plug in Hybrid Electric Vehicles (PHEV) 

and Battery Electric Vehicles (BEVs)) are essential to this low-emission transformation.   

The sales of EVs have increased dramatically, there were over 2 million electric vehicles sold 

in 2018, up from just a few thousand in 2010. Bloomberg NEF forecast the sales of annual 

passenger EVs to rise to 10 million in 2025, 28 million in 2030 and 56 million by 2040, 

illustrated in the figure below [3], and many now consider the electrification of transport to 

be inevitable. 

 

Figure 1 Global long-term passenger vehicle sales by drivetrain: by 2040 57% of all 

passenger vehicle sales and over 30% of the global passenger vehicle fleet, will be electric [4] 

One noticeable point is that, the demand for batteries isn’t entirely coming from passenger 

EVs, there is also significant demand from commercial EVs, stationary storage, consumer 
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electronics and electric buses, etc. Unsurprisingly, the demand for lithium-ion batteries is 

currently growing rapidly. Forecasted demand is predicted to approach 2000 GWh annually 

by around 2030. [4] 

 

Figure 2 Annual lithium-ion battery demand.[4] 

Despite the rapid growth in sales today, there are over a billion vehicles on the road and EVs 

are still less than 0.5% of the global vehicle fleet. [5] One key factor is the battery pack unit 

price, as it affects the sales price directly. However, the volume weighted average lithium-ion 

pack price has also dropped significantly since 2010, reaching 176 $/kWh in 2018. [4] 

 

Figure 3 Average lithium-ion pack price: $/kWh[4] 
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A good example of how to electrify transport rapidly is China, due to its aggressive policy-

supported push and pull at both national and regional levels. [4] As a consequence China has 

become a global leader in both EV demand and production. [6] For example Elon Musk and 

his Tesla Inc collaborated with Shanghai government, and went from permits to a finished 

plant in just 168 working days. That Gigafactory is able to produce 35 GWh of batteries 

annually. [7] This is already helping improve air quality in China. The United Nations 

Environment Programme published a report for Air Pollution Control in Beijing, and the 

greenhouse emission of Beijing and its surround areas have decreased significantly from 

2013 to 2017, due in part to the rise in transportation structure optimisation: electric vehicles 

in public fleets. [8] A visualised evidence is demonstrated in the figure below.  

 

Figure 4 Spatial distributions of annual average PM2.5 concentrations in Beijing and its 

surrounding areas. (2013, 2017)[8] 

However, to continue widespread electrification at an acceptable cost, there are still many 

technical barriers. One of the key challenges is the immature Lithium-ion technology. With 

the inevitable trend for electrification and dramatic increase in battery demand, the research 

community and industrial OEMs are aligned, to make Li-ion battery cheaper, safer and 

extended range and longer lifetime. The goal of this thesis is to contribute a small part 

towards this wider international effort. 
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1.2. Thesis Aim and research objectives      

In order to progress battery technology, there are 2 ways to approach the problem.  

The first is to use engineering to maximise the performance of existing Li-ion battery 

technologies which are already commercialised widespread e.g. Lithium iron phosphate (LFP) 

or Nickel Manganese Cobalt (NMC) cells. For example, through better Battery Management 

Systems (BMS) and/or better pack design particularly Battery Thermal Management Systems 

(BTMS).  

Lithium iron phosphate (LFP) was first described as a cathode material for batteries in 1997 

by Padhi et al. [9] After a decade of development, Nishimura et al. in 2008 demonstrated the 

high charge-discharge rate capability of LFP through combined high-temperature powder 

neutron diffraction and the maximum entropy method. [10] At a similar time LFP based 

lithium-ion batteries were being scaled up for mass production for PHEVs and/or EVs. Since 

then, LFP is projected to capture significant part of the EV industry because its essential 

benefits: intrinsic safety, low cost, high cycle-lifetime, high power capability, reliability, 

widespread availability of materials, low toxicity and flat voltage profile. On the other hand, 

the key drawbacks of the LFP are its lower nominal voltage which leads to lower volumetric 

energy density and specific energy. [11–13]   

The second approach is improving the cell performance internally through new material 

development, such as new cathode/anode material or solid-state batteries, which exceed the 

limits on volumetric energy density and specific energy of LFP or NMC cells. A 

representative of this approach is the Li-metal cell, which includes Lithium-sulfur (LiS) cells.  

LiS cells stand out among other technologies because of their promising energy density 

compared to conventional lithium-ion batteries: a theoretical specific energy (Gravimetric 

Energy Density) of 2,567 Wh kg-1 and theoretical energy density (Volumetric Energy Density) 

of 2,199 Wh l-1, which almost 7 times greater(Gravimetric) and 2 times greater (Volumetric) 

compared with today’s Li-ion batteries (Li-ion has 387 Wh kg-1 and 1,015 Wh l-1).[14,15] 

The disadvantages of LiS cells, such as self-discharge, rapid capacity fade, low charging 

efficiency and difficulties of estimating State-of-Charge (SOC), [16] mean it is not yet ready 

for mass production.  

Both approaches require detailed thermal characterisation as temperature is one of the key 

limiting factors for all batteries’ performance and lifetime. For most material combinations, 
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the suitable operating temperature range is between 20 °C – 40 °C, coinciding with most 

environmental temperature conditions around the world. Large temperature deviations, 

especially during fast charging, can lead to accelerated degradation and, in extreme cases, 

thermal runaway. [17–22] Therefore, BTMSs are a key limiting factor for EV development, 

and the majority of EVs on the market nowadays are equipped with BTMSs.[23] Yet, there 

are still significant limitations in how most BTMSs are designed, and the compromises they 

have to make are mostly caused by the way the cells are designed. [24]  

As a battery researcher, understanding every single type, chemistry, and format is my 

ultimate dream. However, due to limited timescale for the PhD as well as priorities 

influenced by my funder (a cell manufacturer), this thesis has focussed on studying two cells 

in detail. For the future battery candidate selection, Li-S cells were selected, over all-solid-

states or Li-Air cells because our group had a project funded, the ‘Revolutionary Electric 

Vehicle Battery’ REVB project involving a UK based Li-S cell manufacturer, OXIS Energy. 

The cells that have been studied are all provided by OXIS Energy. Although of interest the 

Li-Air cells and All-Solid-State Li-ion cells were difficult to obtain from a sustainable and 

reliable vender, therefore were not selected. To represent the incumbent technology, the LFP 

prismatic cell was selected, as the PhD personal funding started in the middle of the second 

year, provided by Envision AESC. The cells that were studied were of particular interest to 

Envision AESC and were provided by them. The theme of the thesis linking the research 

done on both the incumbent and future battery technology is thermal management.    

LiS has a significant temperature dependency on its usable capacity and its lifetime. 

Degradation is strongly linked with operating conditions, cycling rates as well as operating 

ambient temperature due to the accumulation of precipitated Li2S and the effect of shuttle. 

[25–27] However, the thermal behaviour of LiS cells was poorly understood, therefore, and 

as the major heat source the thermal behaviour of the shuttle reaction needed to be quantified 

and modelled.  

In contrast, the understanding of heat generation in LFP cells is well studied and understood 

by the research community, therefore the major task identified was to develop a model to 

study different cell designs and how they interact with cell cooling methods. The BTMS for 

large format prismatic cell is challenging to design and optimise and requires advanced 

simulation tools for design. Prismatic cells typically have a very low surface area to capacity 

ratio making it harder to exchange heat with a cooling system compared to smaller capacity 
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cells. [28] Although a single cell in an open space may easily radiate the heat generated from 

charge and discharge it is not easy to do so inside a large battery pack. [29] 

In summary, studying the thermal behaviour of lithium ion batteries is essential for EV 

development. This is true for both LFP cells and LiS cells. However, their very different 

maturity level required an individual approach. In order to address the objectives above and 

within the PhD timeframe,  

This thesis had the following objectives for the LFP cells: 

• Develop a client facing (user-interface friendly), thermally coupled, Equivalent-

Circuits-Model (ECM). Do this for one of the most common battery chemistries with 

a conventional form factor, which is mass produced, but not fully thermally optimised. 

The cell chosen was a large-format prismatic LFP. 

• As part of the Electrochemical Science & Engineering (ESE) group at Imperial 

College London be part of the team developing the newest understanding in how to 

evaluate how easy or hard it is to thermally manage a battery. Therefore, use the Cell 

Cooling Coefficient (CCC) which quantifies the rate of heat rejection in the above 

study. Demonstrate this metric on prismatic cells for the first time and use the ECM 

model developed to study the internal thermal gradient distribution.  

• With the information gained from the CCC together with the model to conduct a cell 

design optimisation study (Cell thickness, cell casing material) for better thermal 

management performance and less difficulty to be thermal managed.  

And for the LiS cells: 

• Develop a new diagnosis technique using Differential Thermal Voltammetry (DTV) 

that can monitor the LiS cells internal states and quantify the amount of shuttle in real 

time. Use such quantification to study the relationship between shuttle and heat 

generation of LiS cells. Also, the technique should minimise the cost of hardware to 

be cost-feasible for mass production.    

• Develop a thermally coupled zero-dimensional model for LiS cells, that can be used 

to interpret the data in real time. Such model should be able to form the basis of a 

DTV based LiS control algorithm to prevent degradation and improve charge 

efficiency.   

These objectives then led to the following research questions:  



Xiao Hua 2020  Ph.D. Thesis 

31 

 

For LiS cells: 

1. Could one in-situ experimental diagnostic tool (e.g. DTV) quantify, track Li-S shuttle 

effect?  

2. Could this diagnostic tool, DTV, be used as a charging cut-off tool to minimise shuttle?  

3. Could thermally-coupled 0-Dimentinal LiS model provide optimal charging 

algorithms?  

For LFP cells: 

4. Could the CCC metric be capable of providing better thermal gradient understanding 

for large format LFP prismatic cells?  

5. Could the CCC be used as a novel method for thermal parameterisation of an ECM?  

6. Could the discretised Electro-thermal ECM model have developed together with 

embedded CCC boundary conditions be used for cell optimisation?    

7. Are existing ECM electrical parameterisation methods suitable for large form factor 

LFP cells, and if not, what improvements are needed?  

8. Could changes in cell configuration affect the large format LFP prismatic cells 

thermal behaviours? And decrease the difficulties of thermal management for such 

large format cells? 

To efficiently use the time and resource allocated, the scope of the PhD and this thesis is 

limited as follows:  

• Although it would have been a natural follow on, this work did not include 

developing a degradation model for LiS due to multiple reasons: low Li-S battery 

stock, end of the research project. *1   

• The thermal management system development and modelling will only be researched 

at the cell level. The pack level study was beyond the scope of this thesis.  

• Each lithium-ion cell variants and chemistries will be used to develop their own 

model and assess the relevant applications. The ECM model and CCC focussed on the 

LFP prismatic cells*2 and the 0-D model and DTV focussed on LiS pouch cells. 

Assessing alternative cell formats and chemistries was beyond the scope of this thesis.  

• The Hydrogen Fuel Cell, which is one possible alternative power sources, was beyond 

the scope of this thesis.  
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*1 The project involving OXIS energy ended during the second year of PhD, and the supply 

of Li-S pouch cells stopped.  

*2 The PhD was funded since the second year of the study, by Envision AESC, who provided 

the prismatic cell. The ECM model developed was in collaboration with Dassault Systèmes, 

under paid software Dymola. Detailed collaboration information and proof of contribution is 

attached in the Appendices.     
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1.3. Thesis Outline 

The thesis starts with a detailed literature review, in order to establish the research gaps. Then 

the following chapters answer the research questions stated above.  

This section summarises each chapter of this thesis:  

• Chapter 1: Introduction  

✓ This chapter introduces the reasons behind the battery research, which stated from 

authoritative organisations. The research aim, research questions and outline of 

this thesis are presented into details.  

• Chapter 2: Literature review 

✓ This chapter introduces working principles, format, chemistry of lithium-ion cell, 

specifically on Li-S cell and LFP cell. Identifying gap in the research.   

• Chapter 3: DTV technique on LiS cell and corresponding 0D modelling 

✓ This chapter demonstrates the experimental implementation of the novel diagnosis 

technique DTV on single LiS pouch cell.  

✓ Presents the details of how DTV quantify and track the polysulfide shuttle effect.  

✓ Shows the 0D thermally coupled model can capture DTV patterns and used to 

interpret DTV experimental data.   

✓ Describes the charge control algorithms based on qualitatively analysis of DTV.  

✓ Presents optimal charge cut-off points to prevent degradation & charge 

inefficiency 

• Chapter 4: Novel Equivalent circuit model parameterisation method for Li-ion 

batteries 

✓ This chapter demonstrates a novel method to parameterise the LFP prismatic cell 

for ECM modelling. 

✓ Discussed the difference and the achieved enhancement on the new parameter 

identification method, compares with conventional methods.  

• Chapter 5: CCC Surface technique on LFP cell and corresponding Discretised ECM 

modelling 

✓ This chapter demonstrates experimental technique CCC is implemented on the 

LFP prismatic cell.  

✓ Discussed this cutting-edge metric, which has the capability of evaluating cell’s 

ability of heat rejection.  
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✓ Describes the development of the 3-dimensional thermo-electric ECM model.  

✓ The model is used to demonstrate the internal heat distribution of the thermal 

gradient under different cooling strategies. Proposing any cell configuration 

optimisation that maximise the performance of thermal management. 

✓ Discusses the optimal cell configuration change concluded, using the cell design 

quantitative study to compare, revise and update the cell optimisation.  

✓ Shows that CCC as a new thermal parameterisation method for lithium-ion 

Electro-thermal ECM modelling. 

 

1.4. Publication explanation:  

This thesis has the work both from previous published academic journal papers and the 

academic journal papers that are submitted and under review. The first author of the journal 

papers published/submitted is also the author of this thesis, Xiao Hua. This section explains 

the permission of the usage of the materials and also the contribution of co-authors.  

Chapter 3 is based on the journal publication by Xiao Hua, Teng Zhang, Gregory Offer and 

Monica Marinescu. ‘Towards online tracking of the shuttle effect in lithium sulfur batteries 

using differential thermal voltammetry’ Journal of Energy Storage, 21 (2019), pp. 765-772. 

The article is published with ELSEVIER, which grants the author to retain the right to 

include it in a thesis or dissertation using the full article, where permission is not required. 

The thesis author has led this work in all areas, acted as first & corresponding author. Dr 

Teng Zhang, Dr Gregory Offer and Dr Monica Marinescu have contributed to the article in 

providing supervision and edited the manuscript. Additionally, Dr Monica Marinescu assisted 

on the 0D model development and the implementation of the mathematical equations into the 

model. The contents of this chapter include (in part/full) material copied verbatim from the 

journal publication. All authors were notified of the use of the material for this thesis and no 

objection was raised.  

Chapter 4 is based on the journal publication by Xiao Hua, Cheng Zhang, Gregory Offer. 

‘Finding a better fit for lithium ion batteries: a simple novel, load dependent, modified 

equivalent circuit model and parameterization method ‘under review in Journal of Power 

Sources. The article is publishing with ELSEVIER, which grants the author to retain the right 

to include it in a thesis or dissertation using the full article, where permission is not required. 
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The thesis author has led this work in all areas, acted as first & leading author. Dr Cheng 

Zhang, Dr Gregory Offer have contributed to the article in providing supervision and edited 

the manuscript. Additionally, Dr Cheng Zhang has contributed towards the data analysis prior 

the parameter identification process, also the mathematical implementation of the 

parameterisation procedure. The contents in this chapter includes (in part/full) material 

copied verbatim from the journal publication. All authors were notified of the use of the 

material for this thesis and no objection was raised.  

Chapter 5 is based on the journal publication by Xiao Hua, Claas Heckel, Nils Modrow, 

Cheng Zhang, Alastair Hales, Justin Holloway, Anmol Jnawali, Shen Li, Yifei Yu, Melanie 

Loveridge, Paul Shearing, Yatish Patel, Monica Marinescu, Liang Tao, Gregory Offer. ‘The 

Prismatic Surface cell cooling coefficient: a novel cell design optimisation tool & thermal 

parameterisation method for a 3D discretised Electro-Thermal Equivalent-Circuit Model 

‘under review in Journal of eTransportation. The article is publishing with ELSEVIER, 

which grants the author to retain the right to include it in a thesis or dissertation using the full 

article, where permission is not required. The thesis author has led this work in all areas, 

acted as first & leading author. Dr Cheng Zhang, Dr Gregory Offer have contributed to the 

article in providing supervision and edited the manuscript. Additionally, Dr Cheng Zhang & 

Dr Shen Li has contributed towards the equivalent circuit model parameterisation procedure. 

Dr Alastair Hales contributed towards the construction of the Surface Cell Cooling 

Coefficient experimental apparatus, Dr Liang Tao contributed to providing the testing cells 

and providing cell datasheet, Justin Holloway, Dr Yifei Yu and Prof. Melanie Loveridge 

contributed the cell dismantling experiments. Prof Paul Shearing and Anmol Jnawali 

contributed into the CT scanning/imaging experiments. Claas Heckel and Nils Modrow 

contributed to the coding of the electrical and thermal model development. The model is 

developed within software ‘Dymola’ from Dassault Systèmes, where the detailed contribution 

of the model is attached to the appendices.  The contents in this chapter includes (in part/full) 

material copied verbatim from the journal publication. All authors were notified of the use of 

the material for this thesis and no objection was raised.   
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2. Literature Review 

2.1. Introduction  

This chapter introduces a detailed literature review of the lithium-ion and lithium sulfur cell. 

The working principle of the cells, electrode materials, degradation modes and various type 

of cell configurations are presented. Also, in order to identify the gap between the latest 

research literature and the current work, a few specific battery related topics are discussed, 

such as modelling techniques, diagnosis techniques, cell evaluation techniques, where those 

topics are relevant to the research aims.  

2.1.1. Why we research, produce and use Lithium-ion battery 

As briefly discussed in the introduction, the significant rise in the EV market is driving the 

battery industry into a fast-growing stage. The annual demand of Lithium-ion battery/battery 

packs today is over 200 GWh (2019) and is predicted grow exponentially in the next decade. 

[4] Under such welcoming circumstances, the battery related activities are well-funded and 

well-focused, among both industry and research communities. However, one of the key 

barriers of the EV R&D nowadays is the range limit, which is limited by the energy density 

of the battery system. Optimising the existing battery technology through engineering is 

needed, in order to maximise its performance. Meanwhile, scientists and engineers are also 

working on other battery chemistries with higher theoretical limits.      

2.1.2. Why we move to Lithium-sulfur 

Today’s lithium-ion batteries have limits of 387 Wh kg-1 theoretical specific energy 

(Gravimetric Energy Density) and 1015 Wh l-1 theoretical energy density (Volumetric Energy 

Density). By contrast, the Li-S cell has a theoretical specific energy of 2,567 Wh kg-1 and 

theoretical energy density of 2,199 Wh l-1, which almost 7 times greater (Gravimetric) and 2 

times greater (Volumetric) compared with today’s Li-ion batteries. [14,15] (Please note, these 

comparisons are fair only within theoretical limits and didn’t take into account the extra 

material needed to make a functional cell, e.g. current collectors, tab, casing material) The 

figure below, although being slightly outdated from 2011, shows how increased energy 

density translates directly into increased driving range. [14] State-of-the-art commercially 

available EVs now can already achieve ranges of 600 km (EPA), i.e. Tesla Model S Long 

range with 100 kWh Lithium-ion battery pack. [30,31] With the same volume & ratio of the 
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battery-pack, an EV with Li-S battery pack could have an even longer driving range or a 

lighter battery pack. (Battery pack prices now are approaching  $150/kWh, and Li-ion is 

achieving 300 Wh/kg)   

 

Figure 5 Practical specific energies for some rechargeable batteries, along with estimated 

driving distances and pack prices (Data captured in 2011) [14] 

 

The figure below demonstrates a few common types of cathode/anode materials and their 

experimental and theoretical specific capacity, showing that sulfur is a promising candidate 

for cathode material because of its higher theoretical limits. [32]  
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Figure 6 Approximate range of average discharge potentials and specific capacity of some of 

the most common conversion-type cathodes (theoretical)[32] 

2.2. What is Lithium-ion battery: working principle  

Rechargeable Li-ion battery have a few essential components: positive electrode, negative 

electrode, ion-conducting electrolyte, electrically insulating separator, metallic foil current 

collectors, tabs, and an outer casing of some kind. In the figure below, it shows the particle 

and cell scale structures of a cylindrical cell. [33] The outer layers of positive and negative 

electrodes are coated on current collectors, which sandwich the separator which is permeated 

with the electrolyte, as shown in the figure below. [34]  
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Figure 7 Structure of a Li-ion battery, showing cell-scale and particle-scale structures.[33] 

 

Figure 8 Schematic of the configuration of rechargeable Li-ion batteries. [34]  



Xiao Hua 2020  Ph.D. Thesis 

40 

 

Lithium has only one electron in its outer shell and is therefore highly reactive with water and 

air. However, when lithium is part of a metal oxide, it is stable and makes a good positive 

electrode material. By definition, the anode is the electrode where oxidation occurs, and the 

cathode is the electrode where reduction occurs. However, the negative electrode and positive 

electrode are often called the anode and cathode respectively, even though this is only 

actually true under discharge.    

As shown in figure 8, when the battery is fully charged the lithium is stored in the anode, 

which is often made from porous materials such as carbon graphite. During discharge an 

oxidation reaction occurs, and lithium ions and electrons are produced. The lithium ions 

transport into the electrolyte and travel through the electrically insulating separator, while the 

cathode accepts the lithium-ion where it is reduced. At the same time, the electrons are 

released through current collectors and move from the anode via the external load to the 

cathode. The equations 1 & 2 demonstrate the discharge reaction at anode and cathode 

respectively.       

𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒: 𝐿𝑖𝑥𝐶6 → 𝑛𝐿𝑖+ + 𝑛𝑒− + 𝐿𝑖𝑥−𝑛𝐶6 (1) 

𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒: 𝐿𝑖𝑦𝑀𝑂2  + 𝑛𝐿𝑖
+ + 𝑛𝑒− → 𝐿𝑖𝑦+𝑛𝑀𝑂2 (2)  

Similarly, in the charging process, the entire reaction reverses. The lithium ions diffuse back 

from positive electrode to negative electrode, while the electrons are accepted at the negative 

electrode. The equations 3 & 4 show the charge reaction at both ends.  

𝐶ℎ𝑎𝑟𝑔𝑒: 𝐿𝑖𝑦+𝑛𝑀𝑂2 → 𝐿𝑖𝑦𝑀𝑂2  + 𝑛𝐿𝑖
+ + 𝑛𝑒− (3) 

𝐶ℎ𝑎𝑟𝑔𝑒:  𝑛𝐿𝑖+ + 𝑛𝑒− + 𝐿𝑖𝑥−𝑛𝐶6 → 𝐿𝑖𝑥𝐶6 (4) 

During the charge and discharge reactions, both positive and negative electrodes have their 

own electrochemical potential values. The difference in the electrochemical potential values 

of the positive and negative electrodes is called the Open-Circuit Voltage (OCV).  

2.2.1. How Lithium Sulfur works 

Similar to some Li-ion batteries, lithium sulfur batteries use lithium as negative electrode 

material, but sulfur for the cathode material. Equation 5 describes the charge and discharge 

overall process of the lithium sulfur cell, where the sulfur is stored in the porous conducting 

carbon matrix in the cathode. During discharge, the reduction of elemental sulfur S8 occurs 
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via various polysulphides intermediates such as Li2S8, Li2S4 and Li2S2,  and to ultimately 

produce Li2S, where the element sulfur is offering a theoretically capacity of 1672mAh g-1 

[14,35]. Figure 9 shows the discharge process graphically.    

2Li+ + 2𝑒− + 𝑆 ↔  𝐿𝑖2𝑆 (5) 

 

Figure 9 Work principle of Li-S battery [36] 

Figure 10 and equation 6-12 summarise the equations that were used in the mathematical 

model by K. Kumaresan, Y. Mikhaylik, and R. E. White et al, to describe the discharge 

process of a Li-S battery in a schematic way. [37,38] 

Elemental sulfur S8 has low solubility (19 mol/m3)[39], thus it is mostly in the solid phase 

𝑆8(𝑠) at the beginning of discharge. The dissolution reaction below in equation 6 is therefore 

the first step required. Thereafter, during the discharge process the liquid phase sulfur 𝑆8(𝑙)is 

reduced to sulphide ions with decreasing oxidation number as shown in equation 7-11 below.       
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Figure 10 Schematic of Lithium-Sulfur battery with electrochemical reaction equations. 
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The Lithium metal at the anode surface is therefore oxidised when discharging, lithium ions 

are formed, as shown in equation 12.    

𝐿𝑖 ⇌  𝐿𝑖+ + 𝑒− (12) 

As the discharging process continues, the concentration of both lithium ions and sulphide 

ions increase.[39] However, some of the lower order polysulfides also have limited solubility 
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and therefore, the following dissolution/ precipitation equations (13 & 14) describe the 

formation of 𝐿𝑖2𝑆2(𝑠) and 𝐿𝑖2𝑆(𝑠). 

2𝐿𝑖+ +  𝑆2
2− ⇌  𝐿𝑖2𝑆2(𝑠) (13) 

2𝐿𝑖+ +  𝑆2− ⇌  𝐿𝑖2𝑆(𝑠) (14) 

Similar to discharge process, the charging reactions reverse the equations 5 – 14, the lithium 

is extracted from the positive electrode via electrochemical reactions at the solid-electrolyte 

interface and the Li-ions diffuse to negative electrode surface. During charging, the 

polysulfides produced during discharge reactions are oxidised from short chain polysulfides 

such as (𝐿𝑖2
+𝑆2

2− and 𝐿𝑖2
+𝑆2−) into long chain polysulfides such as (𝐿𝑖2

+𝑆8
2− & 𝐿𝑖2

+𝑆6
2−), and 

ultimately back into liquid & solid element phase sulfur 𝑆8(𝑙) and 𝑆8(𝑠). 

2.3. Electrode Material 

2.3.1. Cathode/Positive Electrode 

The majority of the intercalation cathode of lithium-ion battery are made from metal 

chalcogenides, transition metal oxides and polyanion compounds. [32] As introduced in 

previous section, the intercalation cathode of a lithium battery is a solid host network to store 

lithium ions, where the lithium ions can be inserted into and be removed from the host 

network reversibly. A qualified cathode material would ideally be equipped with the 

following characteristics:  

1. High coulombic efficiency and high free energy of reaction with lithium, which 

enables storing large quantities of lithium ions with high specific capacity.   

2. Good electronic conductivity, high lithium-ion diffusivity, high potential, which 

enables good rate capability and high power.  

3. Long cycle life, low cost of raw materials and production.       

4. Good thermal satiability which enable higher safety.   

There is no ‘perfect’ cathode material as there are inevitable trade-offs between the 

characteristics stated above. Therefore, choosing specific cathode material for different 

operating scenarios is a critical decision to be made in the battery powered applications such 

as electric vehicles, energy storage station or Unmanned aerial vehicles (UAVs).  
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As figure 11 shows, there are mainly 4 types of intercalation cathode crystal structures, which 

are (a) layered, (b) spinel, (c) olivine and (d) tavorite. 

 

 

Figure 11  Crystal structures and discharge profiles of representative intercalation cathodes: 

structure of (a) layered (LiCoO2), (b) spinel (LiMn2O4), (c) olivine(LiFePO4), and (d) 

tavorite (LiFeSO4F) (e) typical discharge profiles of intercalation cathodes. [32] 
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LiCoO2 (LCO) was introduced by Goodenough et al in 1980 [40] and was the first form of 

layered transition metal oxide cathode. It was originally commercialised by SONY, and this 

material is still used in the majority of commercial Li-ion battery in consumer electronics 

applications. [32] Among its benefits of relatively high theoretical specific capacity 274 mAh 

g-1, high theoretical volumetric capacity 1363 mAh cm-3, low self-discharge, high discharge 

voltage and good cycling performance [41], LCO has drawbacks such as the high cost of 

cobalt (Co), low thermal stability and fast capacity fade at high current rates.  

To solve such challenges, partial substitution of Nickel (Ni) with Co was found to be an 

effective way to reduce cationic disorder [42] while reducing the cost of using Co and 

maintaining the same level of capacity. However, at higher range of SOC, the insertion of Ni 

will lead to insufficient thermal stability. Popular commercial solution to this issue it to dope 

aluminium into the cathode material, [43,44] As a result, the LiNi0.8Co0.15Al0.05O2 (NCA) 

cathode has been commercialised (used by Tesla).  

As figure 11 (b) presents, LiMn2O4 (LMO) is a promising cathode material because of 

cheaper raw manganese (Mn) cost and also less toxic compare to Co or Ni. However, LMO 

has undesirable structural changes during cycling. The layered structure tends to change into 

the spinel structure during Li ion extraction. To solve such structural instability, Ni and Co 

can be inserted into the cathode material to form lithium nickel manganese cobalt oxide 

(NMC) cathode. The NMC cathode has similar or higher achievable specific capacity than 

LCO/LMO, and similar operating voltage while having a reduced cost. LiNi0.33Co0.33Mn0.33O2 

is the common form of NMC on the market in the recent decade, while nickel-rich layered 

oxide LiNi0.8Co0.1Mn0.1O2 with a Ni, Co, Mn ratio of 8:1:1 and various intermediate ratios (i.e. 

5:3:2, 6:2:2) are being pursued by most of the lithium battery manufacturers to achieve higher 

energy/power density, where high nickel ones have already been implemented in application 

of EV. (higher nickel content allows higher Li extraction without structure deterioration). [32]     

LiFePO4 (LFP) is considered as the representative polyanions cathode material, which 

occupy lattice positions and increase cathode redox potential while stabilising its structure. 

[45] In recent decades, LFP is widely used in EVs and E-bus due to its thermal stability under 

normal or low C rates (e.g. below 2C rate). However, LFP cathode has a few major 

disadvantages such as low operating voltage (as figure 10 (e) demonstrates) and low ionic 

and electrical conductivity. As a consequence, during fast charging (e.g. 2C or higher rates) 
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the LFP cathode quite often generates large amounts of heat giving rise to large thermal 

gradients across the cell, which could lead to accelerated degradation. [46]  

 Figure 12 demonstrates the specific capacity and potential vs Li/Li+ for the most common 

intercalation-type cathodes described above (LFP, LCO, LMO & NMC): 

 

Figure 12 Approximate range of average discharge potentials and specific capacity of some 

of the most common intercalation-type cathodes (experimental).[32] 

By contrast to intercalation-type cathodes, conversion electrodes undergo a redox reaction 

during lithiation/delithiation, in which there is a change in the crystalline structure, followed 

by the breaking and recombining of chemical bonds. Sulfur cathode stands out because of its 

high theoretically specific capacity, as shows in figure 6 and low cost and abundance in the 

Earth’s crust of sulfur material.  

However, during the charge and discharge process, as the sulfur is reduced by lithium into 

low order polysulfides the total number of species dissolved in the electrolyte increases. This 

leads to increased viscosity and reduced conductivity, which leads to significant changes in 

the resistance of the cell. Particularly at the end of charging process, the polysulfide solubility 

reaches its peak value. Figure 14 shows polysulfide shuttle effect in a schematic way. The 

long chain lithium polysulfides produced during charging (𝐿𝑖2
+𝑆𝑛

2−) would be reduced to 
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shorter chain lithium polysulfides (𝐿𝑖2
+𝑆𝑛−𝑥

2− ) when it contacts Li metal at anode or interact 

with insoluble lithium polysulfides. [47]  

In addition the mobile high order polysulfides (𝐿𝑖2
+𝑆8

2− and 𝐿𝑖2
+𝑆6

2−) can diffuse to the anode 

and react with lithium directly, leading to very high self-discharge rates, and a phenomenon 

called the ‘shuttle’ [16]. The shuttle occurs during charging where the high order polysulfides 

diffuse to the anode where they are reduced to low order polysulfides, which diffuse back to 

the cathode where they are oxidised again, at best leading to low coulombic efficiencies and 

difficulties in estimating SOC, and at worst can continue indefinitely meaning a cell can 

never be fully charged. Figure 13 shows a typical Li-S battery charge/discharge voltage 

behaviour as well as the solubility/resistance change of the polysulfides. [36] The shuttle 

mechanism repeats itself and contributes significantly to heat generation, and the process is 

not fully reversible. As a consequence, the shuttle effect leads to the challenges that Li-S cells 

have a high self-discharge, relatively rapid capacity fade, low charging efficiency and 

difficulty estimating SOC. [16]  

 

Figure 13 Basic voltage behaviour Li-S battery with changed Polysulfide solubility and 

Polysulfide resistance.[36] 
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Figure 14 Schematic illustration of the parasitic polysulfide shuttle effect in a liquid 

electrolyte based Li/S8-cell.[48] 

2.3.2. Anode/Negative Electrode 

At the beginning (70s and 80s in last century) of lithium ion battery research and 

development, lithium metal was used as anode/negative-electrode material. However, lithium 

metal forms dendrites which can lead to short circuiting. As a consequence, thermal runaway 

can occur and ultimately batteries catch fire. [32] Therefore, secondary anode materials were 

needed to overcome this safety issue. A good anode material should have similar 

characteristics with cathode materials, such as long cycle life, low cost and higher specific 

capacities. In addition, a lower potential anode means a greater voltage difference between 

cathode and anode (aka. Open-Circuit-Voltage OCV), which contributes towards a higher 

energy and power density. In figure 15 (d), it shows the potential differences and specific 

capacity of lithium titanium oxide (LTO), Graphite, Silicon and magnesium oxide (MnO).  

Nowadays, the carbon (essentially graphite) anode is widespread used in lithium ion batteries 

because graphite is equipped with advantaging anode characteristics such as low cost, low 

delithiation potential, high specific capacity and so on. In the graphite anode, each atom of 

lithium is stabilised by 6 carbon atoms, as shown in figure 15 (a). This stable structure gives 

it mechanical stability and low volume expansion, which enable a battery with a high cycle 

life. [49]  

Lithium titanate oxide (LTO) is another commercially available anode material. It has higher 

potential vs Li/Li+ compares with graphite anode (1.55V vs Li as shown in figure 15 (d)). 

This allows LTO to be operated above 1V, which avoids the formation and growth of the 

anode Solid-Electrolyte-Interface (SEI). Higher potential operating window also prevent Li 

dendrite formation, even at high rates. LTO has a good thermal stability, relative high 
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volumetric capacity and high cycle life due to its negligible volumetric expansion upon 

lithiation. [32,50–52] Thus, although LTO does not have particularly high Li diffusivity or 

electrical conductivity, it is a good material for lower energy, but high power high cycle life 

Li-ion batteries. That’s why LTO is quite often used in grid-energy storage applications.   

Silicon is also used in anodes, and Figure 15 (c) demonstrates the crystal structure of the 

lithiation of silicon and figure 15 (d) shows that silicon has the highest specific and 

volumetric capacity. Nevertheless, it has the disadvantages of large volume expansions with 

lower cycle life. Therefore one solution is to blend carbon with small amounts (less than 10%) 

of silicon to have the benefits of higher specific capacity with acceptable volume expansions. 

[53] 

 

Figure 15  Crystal structures of (a) lithiated graphite (b) lithium titanate (LTO) (c) silicon 

during lithiation and (d) charge-discharge profiles at low charge/discharge rates for LTO, 

MnO, Si and Graphite. [32] 
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2.4. Current Collector 

In lithium ion batteries, the electrode materials are attached to the current collectors to 

transport electrons and power to/from the external devices/ battery cyclers. There are a few 

critical requirements for the current collectors. First requirement is the good electrical 

conductivity to reduce heat generation and increase efficiency. The second is that it should be 

thin and light. As a current collector may be considered as ‘inactive’ mass and volume in a 

battery, its usage reduces the gravimetric and volumetric energy densities of the battery. The 

last but not the least, it must be electrochemically stable in contact with the battery 

anode/cathode & electrolyte materials across the operating voltage windows of each 

electrodes. Therefore, for anode and cathode, the current collectors are different due to their 

various operating voltage windows. [54] 

Nowadays, in the majority of the commercial li-ion batteries, copper foil Cu is used for anode 

current collector and aluminium foil Al is used for cathode current collector. The aluminium 

foil is a good cathode current collector candidate, which is inexpensive, with high 

conductivity and electrochemically stable in contact with cathode material. The oxidation 

potential of Al is around 4.7 V with respect to Li/Li+, and the operation voltage of the 

cathode is around 3-4.7 V, it is therefore safe and stable. Cu is a good anode current collector, 

as current collector corrosion can occur by reactions with electrolyte components or if the 

potential of the anode gets too positive versus Li/Li+. Cu fits this operating potential window 

(0 V-2.5 V). If corrosion does occur this can result in gradual increase in internal resistance, 

gradual capacity fade and internal short circuit. The more detailed studies on current 

collectors are conducted in: [54–56].   
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2.5. Lithium-ion battery construction and configuration  

There are 3 major types of lithium ion batteries that are commercially available, which are 

prismatic, cylindrical and pouch. All 3 types of batteries are made of cathode aluminium 

current collector laminate, anode copper current collector laminate and separator, but with 

different packaging methods, or in other words encapsulation methods, and different 

wounding methods (e.g. laminated or jelly roll structure). 

Prismatic cell has the cell core of the laminated electrode stack structure or the jelly roll 

structure, encapsulated with a hard aluminium housing. For the jelly roll structure, the 

electrode current collectors are wound and flattened, as shown in figure 16. The prismatic cell 

enhances the space utilisation and allows flexible design, however due to its large thickness 

and volume for a single cell, it can be harder to thermally manage compared with cylindrical 

and pouch cells. [28,57,58] 

 

Figure 16 Cross Section of a prismatic cell.[59] 

Cylindrical cell is one of the most widely used packaging style for lithium-ion batteries, used 

by many EV OEMs (e.g. Telsa). The jelly-rolled electrode current collector laminates are 

spiral wound inside a cylindrical housing, normally steel or aluminium as shown in figure 17.    
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Figure 17 Cross Section of a cylindrical cell.[60] 

Pouch cells have a lightweight laminated pouch material as the external case. The cathode 

and anode foil tabs are welded to the electrodes and brought to the outside in a fully sealed 

way. The layered laminated electrode stacks are encapsulated within the housing (e.g. 

aluminium laminated film), as shown in figure 18.  

 

Figure 18 Cross Section of a pouch cell.[61] 
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Different form factors are designed and used in different applications, depending on which 

requirement takes the design priority. For example, pouch cell is less robust than prismatic 

and cylindrical batteries due to its soft case, but it delivers the benefits of high volumetric and 

gravimetric density of the system. Moreover, within the same form factor, different cell 

configuration designs can affect system efficiency particularly due to thermal management 

requirements. [62]  

2.6. Essential Electrochemical & Key Heat Generation Equations 

In this section, some essential electrochemical equations as well as heat generation equations 

are introduced. The nature of the electrochemical reactions are the interactions between 

reaction rate, current, potential and temperature. The following sections is referenced from 

the electrochemistry textbook: ‘Electrochemical Methods: Fundamentals and Applications, 2nd 

Edition’ by Allen J. Bard et al and Larry R. Faulkner et al. [63] 

2.6.1. Nernst Equation 

The Nernst equation is introduced for the cell thermodynamics at equilibrium, as below:  

𝐸 = 𝐸0
′
+
𝑅𝑇

𝑛𝐹
𝑙𝑛
(𝐶𝑖

∗)𝐿𝐻𝑆
(𝐶𝑖

∗)𝑅𝐻𝑆
                       (16) 

here: 

E = Cell Potential (Electromotive Force, EMF) at the temperature of interest, T 

E 0’ = Standard electrode potential  

R = Universal gas constant  

T = Temperature in kelvins 

F = Faraday constant, the number of coulombs per mole of electrons 

n = the number of electrons transferred in the cell reaction 

(𝐶𝑖
∗)
𝐿𝐻𝑆

(𝐶𝑖
∗)
𝑅𝐻𝑆

  = known as Qr, which is the reaction quotient of the cell reaction 

(𝐶𝑖
∗)𝐿𝐻𝑆 = Bulk concentration of species i at left hand side of reaction equation,  

(𝐶𝑖
∗)𝑅𝐻𝑆 = Bulk concentration of species i at right hand side of reaction equation 
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In the equilibrium state, there is no current flowing, where the electrode potential can be 

governed using the Nernst equation.   

2.6.2. Arrhenius Equation 

The Arrhenius equation defines the relationship between the operating temperature with the 

internal reaction rates:  

𝑘𝑟 = 𝐴𝑒
−
𝐸𝑎
𝑅𝑔𝑇 (16) 

where: 

kr = rate constant, which is the frequency of the collisions resulting in a reaction  

T = absolute temperature, in Kelvins  

A = the pre-exponent factor, a constant for each chemical reaction 

Ea = the activation energy for the reaction  

Rg = the universal gas constant  

The cell internal reaction rate defines the impedance of the cell, or what is known as phase-

dependent resistance. A higher operating temperature links with higher reaction rate, with 

lower cell impedance. As a result, higher achievable power is enabled at higher temperature 

due to the rate of reaction is increased.  

The operating temperature of a cell is linked with the overpotential as well, where the 

overpotential 𝜂 = 𝐸 − 𝐸𝑒𝑞, which is the difference between the cell potential E with 

thermodynamic potential, Eeq. A higher temperature leads to lower resistance of the cell, and 

therefore a smaller overpotential. As a result, higher achievable capacity is enabled at higher 

temperature due to the decreased overpotential (the cell terminal voltage hits the cut-off 

voltage at a later point).  

Temperature is a key operating condition for Lithium-ion battery, where it correlates with 

internal reaction rate, internal resistance and therefore overpotentials. It also relates to 

multiple degradation modes as well as safety concern, which will be expressed in the later 

sections.   
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2.6.3. Butler-Volmer Equation 

The Butler-Volmer equation describes how the electrical current that occurs at an electrode, 

is a result of the potential difference between the electrode and the bulk electrolyte. It is 

assumed that a redox reaction, essentially both anodic and cathodic reaction occur at the same 

electrode but the rates are different giving rise to a net reaction rate in one direction.  

𝑗 = 𝑗0 . {𝑒𝑥𝑝 [
𝛼𝑎𝑛𝐹

𝑅𝑇
(𝐸 − 𝐸𝑒𝑞)] − 𝑒𝑥𝑝 [−

𝛼𝑐𝑛𝐹

𝑅𝑇
(𝐸 − 𝐸𝑒𝑞)]} (17) 

 

where: 

j = Electrode current density  

j0 = Exchange current density  

E = Electrode potential  

Eeq = Electrode potential at equilibrium  

T = Absolute temperature in kelvins  

n = the number of electrons involved in the electrode reaction  

F = Faraday constant  

R = Universal gas constant  

𝛼𝑎 = Anodic charge transfer coefficient, dimensionless (0 ≤ 𝛼𝑎 ≤ 1) 

𝛼𝑐 = Cathodic charge transfer coefficient, dimensionless (0 ≤ 𝛼𝑐 ≤ 1) 

The first exponential term in the Butler-Volmer equation presents the contribution of the 

anodic reaction (oxidation), and the seconds is cathodic reaction (reduction). The exchange 

current density is the background current when there is an equilibrium state (e.g. zero net 

current). From the Butler-Volmer equation, the relationship between the current density of 

the cell and the overpotential is described, where a higher current density results in higher 

overpotential. As a result, it describes how a higher current with higher overpotential would 

leads to sooner cut-off voltage of the cell during charging and discharging, or in other words 
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there is a natural trade-off between power achieved (e.g. achievable current density) with 

energy (e.g. capacity).   

2.6.4. Heat Generation Equation 

The heat generation of a Lithium ion battery during operation can be separated into 2 parts, 

which are reversible and irreversible processes. [18,64–69] The reversible is dominated by 

the entropy change due to the material phase changes within the cell. Meanwhile, the 

irreversible heat generated is associated with the losses caused by the difference between the 

cell OCV and the operating cell terminal potential. The irreversible heat generation is caused 

by 2 types of interactions, which are long-range interactions and short-range interactions 

respectively. The transport of charge and species in the solid and electrolyte phases cause the 

long range interactions, and therefore ohmic heat generation. The charge-transfer reactions at 

the interphase cause the short range interactions, which leads to the kinetic heat generation. 

There is one study that summarises the above heat generation in a simple format conducted 

by Bernardi et al.[70]:  

𝑄̇irr = 𝐼 ∙ (𝐸𝑂𝐶𝑉 − 𝐸) = 𝑅 ∙ 𝐼
2 (18)  

𝑄̇rev = 𝐼 ∙ 𝑇 ∙
𝑑𝐸𝑂𝐶𝑉
𝑑𝑇

(19) 

𝑄̇ = 𝑄̇irr + 𝑄̇rev =   𝐼 ∙ (𝐸𝑂𝐶𝑉 − 𝐸) + 𝐼 ∙ (𝑇 ∙
𝑑𝐸𝑂𝐶𝑉

𝑑𝑇
) = 𝑅 ∙ 𝐼2 ++𝐼 ∙ (𝑇 ∙

𝑑𝐸𝑂𝐶𝑉

𝑑𝑇
) (20)  

where: 

𝑄̇irr = Irreversible heat generation 

𝑄̇rev = Reversible heat generation 

I = Applied current into the cell  

EOCV = Open Circuit Voltage 

E = Cell terminal potential   

T = Operating temperature of the cell, in kelvins  

R = Internal equivalent resistance of the cell  
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As stated in the heat generation equation, the heat generation of an operating Lithium ion 

battery (cell and/or pack) is associated with the current applied. Therefore, the positive 

feedback loop of the current magnitude, heat generation, operating temperature, battery 

internal resistance/impedance, cell potential & overpotential is formed.  

2.6.5. Li-S Shuttle Heat Generation Equation 

Lithium Sulfur batteries have different heat generation mechanisms, compared with 

conventional Lithium ion batteries (e.g. NMC, NCA, LFP cells). A  study by Mikhaylik et al 

[16] proposed a positive feedback between shuttle and cell temperature: and assumed shuttle 

to be the only heat generation mechanism, and exponentially dependent on temperature. In 

order to quantitatively study the shuttle heat generation, a few other equations were 

introduced: 

𝑑[𝑆𝐻]

𝑑𝑡
=  

𝐼

𝑞𝐻
− 𝑘𝑠[𝑆𝐻] (21) 

where: 

SH = High polysulfide amount (high plateau polysulfide concentration)  

t = Time.  

I = Charge/discharge current  

qH = Specific capacity of sulfur to high voltage plateau   

kS is shuttle constant or heterogeneous reaction constant. 

The equation above assumes that the rate of reduction of high polysulfide on the Li anode 

surface is directly proportional to the concentration SH. Then, the solution for this differential 

equation is derived as:  

𝐼 − 𝑞𝐻𝑘𝑠[𝑆𝐻] 

𝐼 − 𝑞𝐻𝑘𝑠[𝑆𝐻
0]
=  𝑒−𝑘𝑠𝑡 (22) 

where:  

𝑆𝐻
0   = the polysulfide concentration when t equals 0 at high plateau 

The Li-S battery self-heating during charge, increases the interaction rate of polysulfide with 

lithium anode.[16] Consequently, there is an increase of the shuttle constant kS  in Eq.23 and 
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Eq 24. The Arrhenius equation can be considered to describe the relationship between the cell 

Temperature T (T0 is the temperature where a charge process starts) and the shuttle constant 

kS, where A is the shuttle activation energy (0.56 eV).   

𝑘𝑠(𝑇) = 𝑘(𝑇0) exp [−
𝐴

𝑅
(
1

𝑇
−
1

𝑇0
)] (23) 

When charging, the terminal voltage gradually increases and heat generation is formed 

because of an increasing SH. Consequently, the heat generated due to shuttle effect exceeds 

the heat dissipated and forms a thermal gradient, such temperature change is described as:  

𝑑𝑇

𝑑𝑡
=  

1

𝑚𝑐ℎ
[𝑘𝑠(𝑇)𝑞𝐻[𝑆𝐻]𝑉𝐻 −  𝛼(𝑇 −  𝑇0)] (24) 

where:  

 𝑚 = the cell mass 

𝑐ℎ = the cell heat capacity 

𝑉𝐻 = voltage at high plateau  

𝛼 = cell heat-transfer coefficient 

Here, as described in Eq 21 to Eq 22, shuttle constant kS is temperature dependent, or in 

other words the Li-S cell behaviour (e.g. voltage behaviour) is sensitive to small amount of 

operation temperature change, on top of the heat generation Eq 23-24.  

2.7. Degradation 

Lithium ion battery would experience highly thermal dynamic usage or physical interplay 

over the entire lifetime, while the complex physical and chemical mechanisms cause the 

degradation of the battery. There are essentially 2 types of degradation, which are 

thermodynamic degradation and kinetic degradation, which are both caused by various 

reasons and lead to one of or both degradation effects: capacity fade and power fade. [71] 

The decrease in the loss of useable/fundamental cell capacity measured in Ah (ampere hour) 

is called capacity fade. Normally, the experimental method to identify capacity fade is to 

conduct a simple slow rate discharge on a fully charged cell. This capacity fade quantifies the 

cells’ ability to store energy. Further, the power fade represents the ability of the cell to meet 

the power demand for a system, identified by measuring the cell over potential. The kinetic 
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degradation caused by the rise in internal resistance/impedance, which leads to power fade. 

Also, an increase in resistance would contribute more heat generation, and also decrease the 

useful cell capacity due to hitting the voltage cut-off sooner. [71]  

The thermodynamic degradation has essentially 3 major degradation mode, which are 1) Loss 

of lithium inventory (LLI); 2) Loss of active material of the Negative Electrode (LAMNE); 3) 

Loss of active material of the Positive Electrode (LAMPE). In Figure 19 and Figure 20, the 

mechanisms of degradation in various locations, the causes and effects are introduced. [71] 

There are limited amount of lithium ions, which means the consumption of the lithium ions is 

irreversible. Therefore, in LLI mode, such as Solid Electrolyte Interface (SEI) growth, SEI 

and electrolyte decomposition and lithium plating/dendrite formation, the lost lithium ions are 

no longer participating in the redox reactions between the positive and negative electrodes, 

causing a decrease in the total amount of energy that can be stored. The cause of LLI in 

operation including time (calendar aging), high temperature, high voltage /SOC range and 

high operating current loads.  

The loss of active material, at both positive and negative electrodes deliver the degradation 

modes LAMPE and LAMNE respectively. For negative electrode, the active mass is lost and 

not available for the insertion of lithium ion due to loss of electrical contact, particle cracking, 

structural disordering and resistive surface layers (block of active sites). These degradation 

reactions lead to both capacity fade and capacity fade.  

Degradation remains as a major and critical research topic, and a few other good reviews in 

addition to the one conducted by Birkl et al., are from Vetter et al. and Palacin et al.  

[55,71,72] 
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Figure 19 Degradation mechanisms in Li-ion cells.[71] 

 

Figure 20  Causes and effect of degradation mechanisms and associated degradation modes. 

[71] 
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2.8. Safety  

One of the critical reasons for the thermal studies of Lithium ion battery is safety concern. As 

the battery is generating heat while operating with a load, both in charging and discharging. 

The high capacity and large serial-parallel numbers in many thermal dynamic applications 

(e.g. automotive) of Lithium-ion battery make safety an essential issue for the industry. 

Figure 21 and Figure 22, demonstrate the temperature operating windows for lithium ion 

battery as well as the different stages for the thermal runaway at various temperatures. [73,74] 

 

Figure 21 Safety operating window for lithium ion battery.[74] 
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Figure 22 Temperature ranges for different stages of thermal runaway test using EV-

ARC.[73] 

As previously mentioned, high operating temperature would cause degradation of the battery. 

In the extreme cases, the battery becomes status, leading to heat generation without an 

external load or heating sources. Consequently, this thermal runaway effect causes significant 

safety issues for all the applications.  

In the Figure 21 and Figure 22, the temperature operating window with corresponds thermal 

runway stages are presented:  

Stage 1: High operating temperature causes capacity fades, while the lithium ion is 

deintercalated from anode. [75–79]   

Stage 2: When temperature is above 50 °C, the capacity fade is happening while the SEI 

decomposition occurs. [80,81]  As a consequence, the anode loses its protection layer, 

therefore starts to react with electrolyte and certain amount of heat is generated and 

detectable. [80,82,83] 

Stage 3: Temperature is between 120 °C and 140°C, the separator is melting. [73,84]  

Stage 4: When temperature below 240 °C, the micro internal short circuit is happening, while 

the anode reaction continues. The active materials is consumed, leads to self-discharging. 

[73,80,85] 
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Stage 5 & 6: When the temperature is above 240 °C, the electrolyte, binder and remaining 

components are decomposed due to one complete internal short circuit. A significant amount 

of heat will be released. [86–88]    

Once again, in the safety concern domain, the thermal characterisation represents an essential 

topic for Lithium ion battery research. As introduced by Feng et al. and Lu et al. in [73,74], 

all the thermal runaway is starting from the higher end of ‘normal’ operating window, around 

50 °C. Therefore, essential experimental and modelling tools need to be developed, 

parameterised and validated to implement the understanding captured from the thermal 

literature review.   

2.9.  Key Thermal Evaluation and Diagnostic Experimental techniques  

Within Lithium-ion battery research fields, experimental techniques always play an 

irreplaceable role, to provide cell thermal and voltage responses in real-time. Here, 2 of the 

essential in-situ experimental techniques, Differential Thermal Voltammetry (DTV) and Cell 

Cooling Coefficient (CCC) have been reviewed and discussed in detail. These techniques are 

developed further in this thesis.   

2.9.1. Thermal Diagnostic Technique: Differential Thermal Voltammetry 

There are a range of diagnostic techniques, which enable measuring capacity loss without 

inserting a reference electrode (decoupling anode and cathode [89–91]). However, for 

automotive applications, integrating a reference electrode is impractical to implement, as it 

incurs extra cost and can influence the cell behaviour. [92] Therefore, there is a need for non-

destructive diagnostics, which can monitor degradation. A few examples include: 

Electrochemical Impedance Spectroscopy (EIS) [93,94], Slow Rate Cyclic Voltammetry 

(SRCV) [93], differential voltage analysis (dV/dQ) [95–98], Incremental Capacity Analysis 

(ICA, dQ/dV) [99–101]. However, no single technique is able to provide all the required 

information to decouple physical mechanisms for a whole cell. [102] Additionally, the 

majority of the diagnostic techniques require isothermal experimental conditions, which is 

nearly impossible to achieve in an operational Electric Vehicle. Therefore, a diagnostic 

experimental technique which is in-operando, doesn’t require isothermal requirement, non-

destructive, only needs few simple operational parameters (e.g. Voltage & Cell temperature) 

was needed.  
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A novel method of extracting the same information as SRCV, using galvanostatic operating 

modes (faster than SRCV), and enabled the monitoring of battery degradation through phase 

transitions (and therefore entropic heat, occur in the electrodes), was developed and presented 

by Wu et al. and Merla et al. [46,102,103], and called Differential Thermal Voltammetry. 

This technique only requires voltage and single cell surface temperature to conduct the 

diagnosis without requiring isothermal experimental conditions. The technique has been 

demonstrated for NMC [103], LFP [46] and battery packs, [104] demonstrating the tracking 

of phase transitions is meaningful and quantifiable for State-of-Health (SOH) estimation 

purposes.   

As described above, the thermal and heat generation behaviour of Li-S battery is relatively 

unique amongst batteries. Instead of ohmic and entropic heat generation dominating, the 

shuttle effect is the most important factor of heat generation for Li-S battery. Therefore, a 

strong candidate for study was can DTV be usefully demonstrated for Li-S batteries, and 

particularly: 

1. Could one in-situ experimental diagnostic tool (e.g. DTV) quantify, track Li-S 

shuttle effect?  

2. Could this diagnostic tool, DTV, be used as a charging cut-off tool to minimise 

shuttle?   

The detailed answers are presented in the Chapter 3 in this thesis.  

2.9.2. Thermal Evaluation Technique: Cell Cooling Coefficient  

Before the invention of Cell Cooling Coefficient (CCC), there was no universal and 

quantifiable standard to evaluate a lithium-ion battery’s capability to reject heat. [17,105] The 

recent Lithium ion battery development is driven by the energy/power densities, and battery 

heat rejection capabilities are generally overlooked. This leads to elevated operating 

temperature with large thermal gradient inside a cell, a module and a battery pack. To change 

the behaviour of the battery industry, a standardised metric to evaluate different cell’s heat 

rejection capability was required, or in other words, the degree of difficulty to be thermally 

managed.     

The empirically determined cell cooling coefficient (unit W/K) is measured using the total 

measured heat rejection rate Q during steady operation of a cell whilst thermally managing 

particular surfaces (surface cooling or tab cooling), divided by the largest thermal gradient 
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measured from the thermally managed surface (cell tabs, cell surface) to the hottest location 

(cell centre, uncooled surface). The metric quantifies how much heat can be removed for a 

1K thermal gradient within the tested cell. This thermal evaluation metric is independent of 

cycling rates, cell chemistries. Therefore, this tool provides a simple and easy way to evaluate 

how easy or not it is to cool a cell.  

The previous studies conducted by Hales et al. Diaz et al. and Marzook et al. [17,105] 

investigated the CCC for an NMC pouch cell. None of the studies have focused on the large 

format prismatic cell, which generates relative more heat and results in a larger value of 

thermal gradient. Thus, an additional research questions needed answering: 

3. Could CCC metric be capable of providing better thermal gradient understanding 

for large format LFP prismatic cells?  

The detailed answers are presented in the Chapter 5 in this thesis.  

2.10. Key Modelling Tools 

From a systems engineering perspective, there is a feedback loop in lithium ion battery 

development, where there are essentially 4 tasks interacting with each other: Experimental 

Validation, Model Development, Simulation and Optimisaiton. [106] Scientific research on 

full battery engineering often starts with experimental studies. In the absence of an existing 

approach to optimise, exploration is the key initial task and this must be done experimentally. 

As mentioned previously, DTV on Li-S cells and the CCC on prismatic LFP cell had not 

been done before, therefore they were initially explored experimentally. However, the next 

step was to develop corresponding models, which simulate the various responses of the 

battery (voltage, temperature, capacity fade etc.), providing simulation tools to enable the 

optimisation by the battery manufacturer and end users.  

The models are distinguished into 2 major types, empirical models and electrochemical 

models. [62,107,108]  
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2.10.1. Discretised ECM Model 

ECM modelling 

Empirical models use experimental data to simulate the future battery responses, without 

consideration of physicochemical principles. Passive electrical circuit elements such as 

resistors and capacitors are often used, where the model type is termed as ‘Equivalent Circuit 

Models (ECM)’ The ease of implementation and computational simplicity enables fast 

computations, with known error margins. There is an apparent trade-off between complexity 

and accuracy, as the fitting experimental data is only validated for certain specific sets of 

operating conditions, leading to poor battery behaviour prediction for other operating 

conditions. [106] Such models are considered to be useless for the design or understanding of 

new battery chemistries or materials, quoted by Ramadesigan and Subramanian et al. [106] 

such as Li-S cells.  

On the other hand, ECM has the potential to be scaled up to a 2 or 3 dimensional model, 

which is desirable for a large format lithium-ion battery due to its ease of implementation. 

The work conducted by Newman, Tiedemann, Gu and Kwon (NTGK) et al. [108–111] shows 

that such models can solve the potential and current distribution within the electrode plane, 

which in other words, is capable of providing lost power of heat generation in a distributed 

way. Zhao et al, established a few works using two-dimensional ECM model, which were 

thermally coupled and used look-up tables of resistances and capacitances parameterised at 

different ambient temperatures. The model was able to provide cell design optimisation guide 

on a two dimensional simulation phase, for a small format (5 Ah Kokam) NMC pouch 

cell.[62,108] However, the lack of three dimensional simulation domain limited the ultimate 

potential for the discretised ECM model by only providing cell optimisation guide on a single 

flat surface. Also, the parameterisation method was simple and only useful for these certain 

types of batteries. An inevitable upgrade is needed for a large format discretised three-

dimensional ECM model. Therefore, the following research questions were identified as 

important:   

4. Could the CCC be used as a novel method for thermal parameterisation of an ECM?   

5. Could the discretised Electro-thermal ECM model have developed together with 

embedded CCC boundary conditions be used for cell optimisation?    
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6. Could changes in cell configuration affect the large format LFP prismatic cells 

thermal behaviours? And decrease the difficulties of thermal management for such 

large format cells? 

The detailed answers are presented in the Chapter 5 in this thesis. 

ECM parameterisation 

The parameter identification method (PIM) is critical for the ECM model accuracy. The 

model accuracy is correlated with what and how PIM is used for the certain Li-ion battery. A 

recent study conducted by Lai et al [112] compared 9 different popular PIMs for 9 different 

ECM models in the entire SoC area, including genetic algorithm (GA) [113,114], particle 

swarm optimization (PSO) algorithm [115–117], and the least-squares method [113,118]. It 

demonstrated the importance of the PIM to the model accuracy. The tuning factors of the 

model accuracy in existing studies can be distinguished into 1) number/order of RC networks 

2) parameter dependency on the state of charge (SoC) range, temperature and current loads. 

The number of RC networks affects the accuracy of the model, as the RC networks 

characterise the battery transient responses with different time-constants associated with the 

diffusion and charge-transfer processes. The typical ECM studies in the literature are: 1RC: 

[119–121], 2RC: [122,123] and up to 5 RC pairs in [124]. The number may vary depending 

on the dynamics of the load profile, model accuracy and the cell chemistry. 

Moving forward, the PIMs should capture the parameter dependence on the operating 

condition, such as SoC, temperature and current directions, etc. The first method for 

describing the parameter dependency is to divide the entire operating window, e.g., 0-100% 

SoC, into several levels, e.g., 10% SoC per level. A local model with constant parameters can 

then be trained for each SoC level [125–128]. The same method can be applied to capture the 

temperature dependency [128–130]. This method is widely adopted due to its ease of 

implementation. However, the disadvantage is that each local model is only valid for the local 

SoC window, and the model accuracy during transition between neighbouring SoC levels is 

not guaranteed. Another disadvantage is the identification of the local model generally 

ignores some prior knowledge about the battery dynamics. For example, the battery 

resistance value increases as temperature drops. The prior knowledge can be a useful 

parameter constraint to generate a physically interpretable global model, leading to improved 

accuracy. The second method to capture the parameter dependency is to use global 

optimization algorithms to estimate at-once all the model parameters under full operating 
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window [131,132]. However, this involves tens of parameters with high computational 

complexity, and the chance of finding a global minimum is often low. The third method to 

capture the parameter dependency is to use adaptive parameter estimation algorithms such as 

recursive least squares methods and the dual Kalman filter algorithms [133–136]. However, 

the robustness and convergence of the adaptive algorithms are difficult to establish [137]. In 

particular, poor algorithm tuning can lead to estimation divergence [138].  

Another dependency factor for ECM parameters that is generally overlooked are the types of 

current loads. Different current profiles have been used for ECM parameter estimation, such 

as the pulsed current test [126,127,139,140], drive cycles [137,141] and constant-current 

charging and discharging [131,142,143]. However, few works have considered the effect of 

choosing different current profiles on the identified parameters and the model accuracy 

[137,141]. 

Therefore, in order to achieve a sufficiently accurate ECM model (in chapter 5), the 

following research questions were identified:  

7. Could the conventional ECM parameterisation method fulfil the ECM parameters 

need for a large format lithium ion battery?  

8. If not, what changes are required to maintain certain model accuracy? 

9. Will the load dependent parameter identification method deliver better model 

accuracy for equivalent circuit model?  

The detailed answers are presented in the Chapter 4 in this thesis. 

2.10.2. Zero-dimensional Li-S Electrochemical Model  

Electrochemical models often have more accurate predictions than the empirical models, due 

to the incorporation of the chemical and electrochemical kinetics and transport phenomena, 

such as charge conservation and lithium diffusion via the Nernst equation and the Butler-

Volmer equation. [106,107,144] Representative works conducted by Newman, Doyle and 

Fuller et al. [145,146] present the physics based modelling for 1D based mathematical 

framework.  

Nevertheless, electrochemical models are a double edged sword. The critical issues with all 

electrochemical models are difficulties in parameterisation and intense computational 

requirements.[107,108] There are more than 30 parameters needed to be fitted and 

parameterised including salt concentration, electrode/separator thickness, conductivity of 
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electrolyte etc. [107,147–152]. Quite often the parameters in the physics-based model require 

ex-situ experimental measurements which are time/cost inefficient. [153,154] Also, the 

computational speed is another disadvantage of this type of models. Further, it is challenging 

to scale such model into multi-dimensional or pack level analysis. [108,151,155]  

Cutting edge models try to address the disadvantages of electrochemical models, by reducing 

the order of the model, which simplifies the computational tasks. A few examples of reduced-

order electrothermal models are conducted by Stetzel et al. Lee et al. and Plett et al. [156,157] 

As discussed in the Empirical Modelling section, when a new battery chemistry is invented, 

the electrochemical models are more suitable for the purpose of understanding the internal 

reaction mechanisms. Thus, for Li-S cells, electrochemical models are developed. The first 

published Li-S model was conducted by Mikhaylik and Akridge et al. [16], which focuses on 

the relationship between charging current and polysulfide shuttle effect. The 2-step reaction 

zero dimensional with an expansion on the Nernst equation is conducted by Moy et al. [158] 

The adding of the intermediate reaction steps in the chain of polysulfide reduction increased 

the accuracy of the model in the region of discharge curve. [144] State-of-the-art zero 

dimensional models developed by Marinescu et al. studied diffusion limitations, 

precipitation/dissolution of polysulfides and kinetic limitations, which improved the voltage 

response for Li-S cells (e.g. flatness of the voltage plateaus). However, with all of the 

mentioned models, none of them has been combined with a diagnostic technique, to quantify 

and track the most essential challenge of Li-S cells, the shuttle. Combining with the thermal 

diagnostic tool DTV, the zero dimensional model has the potential to be thermally coupled 

(based on Eq 21-24, that shuttle is the only heat generation source at the end of charging). 

Therefore, the following research question was waiting to be answered:  

10.  Could thermally-coupled 0-Dimentinal LiS model provide optimal charging 

algorithms?  

The detailed answers are presented in the Chapter 3 in this thesis.  
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3. DTV technique on LiS cell and corresponding 0D 

modelling 

3.1.  Introduction  

This chapter is based on the journal publication by Xiao Hua, Teng Zhang, Gregory Offer 

and Monica Marinescu. ‘Towards online tracking of the shuttle effect in lithium sulfur 

batteries using differential thermal voltammetry’ Journal of Energy Storage, 21 (2019), pp. 

765-772. As described in detail in section 1.4 in the Chapter 1.  

From the literature review in Chapter 2, the polysulfide shuttle effect for lithium sulfur 

battery and its subsequent drawbacks are discussed: Lithium sulfur (Li-S) batteries are an 

important next generation high energy density battery technology. However, the phenomenon 

known as the polysulfide shuttle causes accelerated degradation, reduced Coulombic 

efficiency and increased heat generation, particularly towards the end of charge. The real-

time detection of the onset of shuttle during charge would improve the safety and increase 

cycle life of Li-S batteries in real applications. In this chapter, the Differential Thermal 

Voltammetry (DTV) is demonstrated to act as one technique which can be used for tracking 

shuttle during Li-S charging. By combining voltage and temperature measurements, DTV is 

shown to be sensitive to the magnitude of shuttle. There are significant differences in the 

DTV curves for Li-S cells charged at different currents and temperatures. Quantitative 

interpretations of the experimental DTV curves are performed through a thermally coupled 

zero-dimensional Li-S model. The DTV technique, together with the model, is a promising 

tool for real-time detection of shuttle in applications, to inform control algorithms for 

deciding the end of charging, thus preventing excessive degradation and charge inefficiency.  

This chapter answers following research questions: 

1. Could one in-situ experimental diagnostic tool (e.g. DTV) quantify, track Li-S 

shuttle effect?  

2. Could this diagnostic tool, DTV, be used as a charging cut-off tool to minimise 

shuttle?   

3. Could thermally-coupled 0-Dimentinal LiS model provide optimal charging 

algorithms? 
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3.2. Backgrounds 

Lithium-Sulfur (Li-S) batteries are a promising next generation battery chemistry due to their 

high theoretic gravimetric energy density of 2500-2600 Wh kg-1, which converts to a 

practical value of 500-600 Wh kg-1 [14,159]. In comparison to conventional lithium-ion 

batteries, Li-S also promise economic advantages, because sulfur is cheap, abundant, and 

non-toxic [160]. Nevertheless, there are still significant challenges to overcome before 

widespread commercialisation, particularly associated with capacity fade, low columbic 

efficiency and self-discharge [25] 

Many of these challenges are associated with the polysulfide shuttle, caused by the high 

solubility of long-chain polysulfides [27,161]. Long-chain lithium polysulfides produced 

during charging (𝐿𝑖2
+𝑆𝑛

2−, 𝑛 > 4) have a high mobility through the electrolyte and can reach 

the surface of the Li metal anode, where they are reduced to shorter chain lithium 

polysulfides (𝐿𝑖2
+𝑆𝑛

2−, 𝑛 < 4). These shorter chain lithium polysulfides diffuse back to the 

cathode, where they are oxidised back to long-chain polysulfides [26]. This back and forth 

shuttle of polysulfides is sustained during charging, leading to low charge efficiency at high 

states of charge (SoC) [47] and cell self-heating [162], associated irreversible capacity fade 

[163].  

A study by Mikhaylik et al [162] proposed a positive feedback between shuttle and cell 

temperature: shuttle is assumed to be the only heat generation mechanism, and exponentially 

dependent on temperature. Thus, cell self-heating due to shuttle increases the shuttle rate, 

which in turn produces more heat. Consequently, the amount of shuttle and the associated 

degradation are directly linked to the cell’s temperature, and to the possibility of thermal 

runaway. Given the importance of minimising both degradation and thermal runaway in any 

real-world application, mitigating the amount of shuttle by devising appropriate safety cut-off 

criteria is key. 

Given its importance to real life operation, there are relatively few studies published on 

diagnosing the amount of shuttle as a result of various operational conditions, such as 

temperature, current, or state of health. Most studies on shuttle focus on improving material 

properties [35,164], such as through lithium anode protection [165]. From an application 

perspective, however, there is value in developing a set of tools to diagnose shuttle, that will 

enable current Li-S batteries to be more performant in applications. Such tools should 
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maintain their usefulness in the future, even for shuttle-protected battery formulations, as it is 

unlikely the shuttle will be removed completely.  

One study assumes the shuttle is equal to the steady-state current achieved during constant 

voltage hold, thus offering a direct method of measuring shuttle [158]. This technique 

assumes the cell is maintained at a constant SoC during the voltage hold. Due to the 

significant duration of the voltage hold, this technique is not suitable for on-line shuttle 

diagnosis. Based on this shuttle current measurement, an open circuit voltage model of Li-S 

was developed to include temperature-dependent self-discharge during shuttle [166]. This 

model, however, is only validated during discharge. In real applications, the shuttle occurring 

during charging must be quantified, under different operational conditions, and preferably in 

real time, in order to avoid its detrimental effects.  

All-solid-state lithium-sulfur batteries (ASSLSBs) are considered as one of the solution to 

eliminate the polysulfide shuttle. [167] However, the performance of ASSLSBs is far worse 

that the liquid-electrolyte lithium-sulfur batteries, in the aspects of : 1. Sulfur utilisation, 2. 

cycling life and 3. rate performance. [168–170] The main challenges come from 1. Poor 

electronic and ionic conductivities of sulfur, and 2. Large stress within the sulfur electrode in 

the ASSLSBs. Therefore, despite the promising findings on the elimination of shuttle, the 

focus on the thermal characterisation rather has higher priority in this work, to solve the 

shuttle issue fast and cheap.        

In this study, we propose a fast, cost-effective method to detect and quantify shuttle during 

the charge of a Li-S cell using differential thermal voltammetry (DTV). We demonstrate this 

method is applicable for a range of charging currents and ambient temperatures. The DTV 

value is obtained as the ratio between the cell temperature and voltage differentials, during 

galvanostatic charge [171]:  

DTV =
𝑑𝑇

𝑑𝑡
÷
𝑑𝑉

𝑑𝑡
=
𝑑𝑇

𝑑𝑉
(1) 

The utility of DTV has been proven in tracking degradation of Li-ion battery [172]. It was 

shown to be faster than Slow Rate Cyclic Voltammetry and works in conditions where the 

cell generates significant heat, making the method particularly suitable to implementation in 

real applications. Its usefulness on tracking degradation mechanisms of the Nickel 

Manganese Cobalt chemistry at both cell and pack level [104], and of the Lithium Iron 

Phosphate (LFP) chemistry [46]. Due to the strong correlation between shuttle, cell voltage, 
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and heat generation, DTV measurement are expected to yield information on the amount of 

shuttle in Li-S cells. 

In this chapter, the DTV technique is applied to Li-S batteries to study the shuttle in Li-S 

cells for a range of charging currents and ambient temperatures, as might be encountered in 

an application. A zero-dimensional (0D) Li-S model is used to interpret the experimentally 

obtained DTV curves. The 0D model includes thermodynamics and kinetics for two 

electrochemical reactions, polysulfide precipitation and dissolution [144], and temperature 

coupling through a temperature-dependent shuttle and a shuttle-induced heat generation, as 

described by Mikhaylik et al [173]. The 0D model is shown to capture essential features of 

Li-S DTV, features which are shown to be correlated with the magnitude of shuttle. DTV in 

tandem with mechanistic modelling is therefore shown to be a fast and effective method for 

tracking shuttle, and thus a promising tool for optimising charging in Li-S cells by 

minimising shuttle.   

3.3. Experimental details  

A range of charge/discharge and DTV tests on a long-life 10Ah OXIS pouch cell 

(150×100×7.27 mm) were examined under various temperatures. Before experiments were 

carried out, the cell underwent three charge/discharge cycles for re-conditioning, and showed 

stabilised capacity. Various cells from the same cell manufacturer, same batch were tested to 

ensure repeatability of the test results. The cell was placed on an acrylic cell holder which sat 

individually in the centre of the bottom shelf of a thermal chamber (Binder, model KB 23). 

K-type thermocouple was placed and taped with Kapton® polyimide films tape on the centre 

of the pouch cell surface to measure surface temperature. An 8-channel battery cycling 

system (Bio-Logic, BCS-815) was used for charging/discharging the cell. The cell was pre-

cycled 3 times using constant current 0.1C (1A) charge and 0.2C (2A) discharge. Two sets of 

DTV experiments were carried out in this study, as detailed below. 

Experiment #1: Variable ambient temperature DTV tests 

Firstly, 0.1C/0.2C charge/discharge was run under various ambient temperatures of 20 ℃, 

30 ℃, 40 ℃ and 45 ℃. In-between DTV test cycles, the cell was cycled once 0.1C/0.2C 

charge/discharge at 30 ℃ (referred to as standard conditions) to mitigate the effect of history 

effects [174]. 

Experiment #2: Variable charging rates DTV tests 
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Secondly, charging at different C-rates and discharging at 0.2 C was run at ambient 

temperatures of 30 ℃ and 40 ℃. The charging rates were 0.1 C, 0.2C and 0.3C. As in 

experiment #1, the cell was cycled once at standard conditions in-between DTV test cycles.  

Voltage & time limits 

In all experiments, the cell was cycled with voltage cut-offs of 1.5V and 2.45V, and an 

additional time limit of 12 hours during charging. After each DTV test cycle and before the 

standard conditions cycle, a rest period of one hour was introduced at the end of discharge, to 

allow for the cell temperature to equilibrate with the ambient temperature.  

Test sequence 

Standard conditions: charge at 0.1C, discharge at 0.2C under ambient temperature of 30℃ 

1. Three standard condition cycles 

2. 30℃ tests: charge at 0.1C, 0.2C, 0.3C, discharge at 0.2C, with one standard 

conditions cycle after each DTV cycle. 

3. Three standard conditions cycles. 

4. 20℃ test: charge at 0.1C, discharge at 0.2C. 

5. Three standard conditions cycles.  

6. 40℃ tests: charge at 0.1C, 0.2C, 0.3C, discharge at 0.2C, with one standard 

conditions cycle after each DTV cycle. 

7. Three standard conditions cycles.  

8. 45℃ test: charge at 0.1C, discharge at 0.2C. 
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 Ambient 

Temperature/℃ 

Charging 

Current/A 

Discharging 

Current/A 

#1 𝐯𝐚𝐫𝐢𝐚𝐛𝐥𝐞 𝐓    

 20 1 2 

 30 1 2 

 40 1 2 

 45 1 2 

#2 𝐯𝐚𝐫𝐢𝐚𝐛𝐥𝐞 𝐈    

 30 1 2 

 30 2 2 

 30 3 2 

 40 1 2 

 40 2 2 

 40 3 2 

Table 1 Combinations of operational parameters considered in the DTV study of Experiment 

#1 & #2. 

3.4. Zero-dimensional model 

The model fulfills two roles: helps identify which physical phenomena give rise to the 

experimentally observed DTV characteristics, and helps evaluate the potential of using DTV 

during charging to avoid capacity fade associated with shuttle and degradation. The latter is 

possible because the model allows direct access to the true capacity of the cell, information 

which is inaccessible from experiments, but is essential for determining charge efficiency and 

state of health. 

A 0D Li-S model [144] is further developed to include heat generation and temperature-

dependent behaviour, both required features for a comparison to DTV experimental data. The 

shuttle is assumed to be the only heat generation source, as in the work by Mikhaylik et al 

[162]. There, heat generation in the form of Ohmic heat from the shuttle current has been 

proposed in a lumped, thermally coupled electrochemical model. 

While there is Ohmic heat generation associated with the internal resistance of the cell and 

entropic heat associated with phase changes occurring during charge, both these sources are 

assumed to be significantly smaller than the heat generated through shuttle. The maximum 
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heat generated by the internal resistance of the cell can be estimated to be two orders of 

magnitude smaller than that generated due to shuttle at the end of charge. This value 

corresponds to a resistance of 0.15Ω, the maximum resistance during discharge, as obtained 

from a 0.1C discharge [175]. The Ohmic resistance during charge is expected to be smaller 

than that during discharge, possibly due to the electrolyte concentration remaining lower than 

during discharge [176]. The measured temperature during charge shows a significant increase 

at the end of charge, as seen in figure 23, which is not correlated to a significant increase in 

cell resistance [177], further justifying the assumption of shuttle being the only significant 

heat source.  

The thermal-electrochemical model does not include the Ohmic resistance of a cell, which 

has been shown to have a significant contribution to the cell voltage [175], and thus to the 

heat generated in all regions where the shuttle is not prominent. The Ohmic heat generation is 

expected to exhibit a peak at the boundary between the two plateaus, in both charge [177] and 

discharge [178], according to the peak in Ohmic resistance. There is no visible peak in the 

temperature evolution of the charging cell, indicating that Ohmic heat is not significant. Heat 

generation could also be caused by the abrupt increase in charge transfer resistance [36], 

expected to be significant only at the end of discharge. Some of these contributions to heat 

generation have been accounted for in the model proposed by Stroe et al. [179], which omits 

heat from shuttle, thus limiting its utility to discharge. For studying shuttle, here we focus on 

the last section of charging, where all heat sources other than shuttle can be ignored.  

3.5. Experimental results and discussion  

The voltage and temperature during a 0.1C (1A) charge at 20 ℃ is illustrated in Figure 23a, 

whereas the DTV curve, obtained according to Eq 1, is shown in Figure 23b. The temperature 

data was smoothed by the Savitzky-Golay smoothing filter and the moving average method 

[172]. The cell surface temperature remains relatively constant during the lower plateau 

region of the charge curve. As the voltage approaches the higher plateau, a noticeable 

temperature-drop of around 0.2 ℃ is observed. This temperature dip during charge 

corresponds to the drop in heat flux reported previously by Kolosnitsyn et al [180], but not 

explained, and shifts to lower capacities for Li-S cells charged at increasing current rates. The 

same trend is observed here for all charging conditions. (as in Supplementary Data section) 

The location of the dip suggests it could be the effect of decreasing Ohmic heat 

generation[180], as it occurs after the peak in Ohmic resistance [177], followed by an 
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increasing heat generation when advancing into the high plateau region. The significant 

temperature increase until the voltage cut-off is reached is assumed to be caused by shuttle, as 

the main heat generation mechanism in the region [162].   

The cell surface temperature has a steep increase at the same time as the voltage plateaus. 

Then, there is a temperature plateau when dynamic equilibrium is reached between heat 

generation and transport. The voltage increase towards a cut-off, gives rise to a DTV peak 

towards the end of charge. In addition to this finite peak, two infinite peaks can be observed 

at the beginning of charge in the DTV curves. These peaks are a consequence of the local 

maxima and minima voltage points in the low SoC region, which lead to an infinitesimally 

small dV/dt (d_Voltage/d_Time) value. The charge voltage initially increases, due to the high 

overpotential caused by the surface passivation with Li2S precipitate [47,181,182]. As the 

dissolution overpotential drops, so does the cell voltage, increasing when the open-circuit 

voltage begins to dominate the charging behaviour. Other fluctuations of the DTV value, at 

times between 0.5-1.5 x 104 s, are caused by temperature fluctuation (<0.05℃). These could 

be the effects of other heat generation sources, such as Ohmic and entropic, and are not 

related to shuttle. In this study, the focus is on the feasibility of identifying shuttle via the 

DTV peaks, and thus the other figures focus on the end of discharge only. Whole range 

charge data is plotted in Supplementary Data section, at the end of this chapter.  
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Figure 23 The differential thermal voltammetry measurement during a constant current 

charge exhibits a peak in the high plateau. Charging of a 10Ah cell at 20 ℃ with 1A (0.1C) 

with 2.45V voltage cut-off. (a) Cell voltage and temperature, and (b) dT/dV as obtained by 

differentiating the data in (a). 
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Figure 24 The peaks of DTV measurements during constant current charge exhibit voltage 

shift and height change (a) under different ambient temperatures: Charging of a 10Ah cell at 

a range of temperatures (see legend) with 1A (0.1C) with 2.45V voltage cut-off. DTV peak 

shifts to smaller voltage position, increases peak magnitude when temperature rises.  (b) 

Different charging rate: 10Ah cell at 30 ℃ with 1A (0.1C), 2A (0.2C), 3A (0.3C) with 2.45 V 

voltage cur-off. DTV peak shifts to smaller voltage position, increases peak magnitude when 

charging rate drops. Line symbols correspond to 1 in 300 measurements collected, to 

improve visibility. 
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Rate and temperature dependence of DTV curves 

Figure 24 shows the DTV peaks at the end of charge curves for various temperatures and 

charge rates. Figure 24a illustrates the temperature dependence of DTV curves, as the peak 

pattern, height, and position varies under different ambient temperatures. The DTV curves 

can be categorised into three cases, showing: 1. a finite peak, 2. a finite peak followed by a 

subsequent infinite peak, and 3. an infinite peak. The finite peak case occurs for charging at 

the lower 20 ℃ ambient temperature, as has been explained in the previous section for figure 

23. The second case appears when the ambient temperatures are increased to 30 ℃ and 40 ℃, 

where a second, infinite peak appears following the first, finite peak. The third case occurs at 

the highest charging temperature of 45 ℃. At higher ambient temperatures, higher solubility 

and mobility of polysulfides is expected, leading to increased shuttling of polysulfides[183] 

and an infinitely high DTV value as the voltage plateaus and dV becomes infinitesimally 

small. 

Figure 24b demonstrates the DTV peaks for different charging currents (1A, 2A and 3A) at 

the ambient temperature of 30 ℃. A finite peak (case 1) was observed at 0.2C and 0.3C 

charging rates, while a finite peak followed by an infinite peak (case 2) was observed at 0.1C. 

The finite peaks at 0.2C exhibited higher height compared to that at 0.3C. When the charge 

rate increases, the dissolution bottleneck of Li2S is expected to limit the amount of dissolved 

polysulfides at any given time during charge. Whether this limits the amount of sulfur that 

participates in shuttle [47,184] or increases it as shuttle can occur earlier, is not clear. The 

time spent in the shuttling region at the end of charge, however, certainly decreases with 

higher charging rates. The cells charged at a higher rate exhibit a reduced peak height, 

associated with this smaller effect of shuttle. On the other hand, the cells’ polarization 

increases with increasing charge rate, causing the DTV peaks to shift to higher voltages, thus 

the positions of the peaks at 0.3C were at higher voltages compared to the peaks observed at 

0.2C. The underlying mechanisms for the change in peak pattern, height, and location is 

further explored via comparison to model predictions in the next section. 

Figure 25 shows the dT measurements at the end of charge curves for various temperatures 

and charge rates. Figure 25a demonstrates that, in the case of charges at different ambient 

temperatures, a similar trend is obtained from both dT and DTV: the peak height is 

proportional to the amount of shuttle expected at the end of charge. However, in the case of 

charging at different rates, the peak height of dT in figure 25b decreases at lower charging 
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rates, despite more shuttle occurring. This is most probably a result of other heat generation 

sources becoming significant at the higher charging rates. Thus, the dT peak height is not a 

generally clear indication of the amount of shuttle, unlike the DTV peak height. Additionally, 

the magnitude of dT is on the order of 10-4 ℃, compared to 102 ℃/V for DTV. This makes 

DTV more applicable and cost-effective, as in the real-world applications it is challenging to 

have such high precision measurements.    

 

 

Figure 25 The peaks of dT measurements during constant current charge exhibit voltage shift 

and height change (a) under different ambient temperatures: Charging of a 10Ah cell at a 

range of temperatures (see legend) with 1A (0.1C) with 2.45V voltage cut-off. dT peak shifts 

to smaller voltage position, increases peak magnitude when temperature rises.  (b) Different 

charging rate: 10Ah cell at 30 ℃ with 1A (0.1C), 2A (0.2C), 3A (0.3C) with 2.45 V voltage 

cur-off. dT peak shifts to smaller voltage position, decrease peak magnitude when charging 

rate drops. Line symbols correspond to 1 in 300 measurements collected, to improve visibility. 
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3.6. Model predictions and discussion 

Model predictions obtained from the model are illustrated in figure 26 for a set of ambient 

temperatures between 20 °C and 45 °C at fixed charging rate. A peak is present in the DTV 

charging curve at high states of charge, with height and position comparable to those 

observed in experiments, in figure 24a. Charged at the lowest temperature, the cell reaches 

the cut-off voltage, and a finite peak is present. At higher temperatures, the cell is protected 

from overcharge, exhibits voltage plateaus, and thus infinite peaks in the DTV plot. At 30 °C, 

both finite and infinite peaks are visible, similar to the experimental data for 30 °C and 40 °C. 

The known shift in charging behaviour with increasing ambient temperature is retrieved by 

the model because of the addition of an Arrhenius-like dependence of the shuttle rate on 

temperature. This dependence also leads to a decrease in the upper plateau voltage with 

increasing temperature, and thus to a shift to lower voltages of the start of both finite and 

infinite peaks. Both trends can be observed in the experimental data in figure 24a. The peak 

height increases significantly with temperature in both modelling and experimental data; in 

the model this effect is caused by heat generation that is proportional to the amount of 

shuttling sulfur, which itself increases with temperature. 

One feature of the experimental data that is not captured by the model is a shift of the finite 

peak to lower voltages when increasing temperature. This shift is most probably related to the 

contribution of the Ohmic potential drop to the cell voltage, which has been shown to be 

significant. [185] The Ohmic resistance is expected to decrease significantly with increasing 

temperature, leading to lower charging voltages. The current 0D model can only predict the 

terminal voltage qualitatively, and not quantitatively, because of the omission of the Ohmic 

resistance, whose experimental characterisation is beyond the scope of this work. 

In both experimental and modelling results there is no direct way to predict whether the cell 

will follow the overcharge protection or voltage cut-off scenario from the temperature 

evolution. This lack of features distinguishing between the two cases indicates that a simple 

temperature detection algorithm is not sufficient to avoid degradation.   

Model Equations 

Two electrochemical reactions occur simultaneously in the system, during both charge and 

discharge: 
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 (2) 

In effect, due to the value of their standard potentials, each reaction dominates one of the two 

discharge plateaus. Due to the upper voltage limit of 2.45 V, solid S8 is not expected to form 

in any significant quantity. Dissolved 𝑆8
0 is the most oxidised species allowed in the system. 

As a result of the two reactions chosen in Equation 2, the theoretical capacity of the cell 

cth that corresponds to the true state of charge, can be calculated. Each 𝑆8
0 molecule 

contributes twelve electrons and each 𝑆4
2− four electrons to the cell capacity: 

 (3) 

where F is Faraday’s constant, MS the molar mass of 𝑆8
0, n4 the number of electrons 

corresponding to each reaction, here both equal to four. nS8 and nS4 denote the number of 

sulfur atoms in each polysulfide species, and 𝑆8
0 and 𝑆4

2− the amounts of the respective 

polysulfide in grams. The expression in Equation 3 would need to be changed, if a different 

electrochemical path were chosen. 

The equilibrium potentials associated with the two reactions EH and EL are modelled via the 

Nernst equation: 

 (4) 

𝐸𝐻
0and 𝐸𝐿

0 are the standard potentials for the reactions in Equation 2, respectively, R is the gas 

constant, and TN the temperature at which the reaction occurs. Only the temperature 

dependence of the shuttle rate is considered here, such that TN is a constant, rather than equal 

to the cell temperature Tc, as it becomes apparent below and in Table3. 𝑆2
2− and 𝑆2− are the 

amounts of the respective polysulfides in grams. The factors fL, fH convert species quantities 

measured in grams to units compatible with Equation 4: 
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 (5) 

Here nS2 and nS denote the number of sulfur atoms in the respective polysulfide species, and 

v is the electrolyte volume per cell. The cell current is the sum of the currents from the two 

electrochemical reactions, IH and IL, 

 (6) 

as described by the Butler-Volmer approximation: 

 (7) 

Here ar is the active interfacial area for the cell, here assumed to be constant, and iH,0, iL,0 are 

exchange current densities for the higher and lower plateau reactions. 

The overpotentials ηH, ηL of the two reactions are given by: 

 (8) 

Vc is the cathode voltage, assume to be identical to the cell voltage in this model. 

The various polysulfide species evolve with time as a result of electrochemical reactions, 

shuttle and precipitation/dissolution, as given by:  
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(9) 

where Sp is the mass of precipitated sulfur, ρS its density, and 𝑆∗
2− 

the saturation mass of 𝑆2−, assumed to be constant. Equation 9 describes the temperature  

evolution of the cell, as a result of heat generated by the shuttle, according to the first term on  

the right hand side, and heat convection between the cell and the ambient, as given by the  

second term. Ta is the ambient temperature, h the heat transfer coefficient for the cell, ch the  

heat capacity for the cell, and mc the mass of the cell. The shuttle constant ks becomes a  

function of the cell temperature, according to the Arrhenius equation: 

 (10) 

where 𝑘𝑠
0 = 𝑘𝑠(𝑇

0) corresponds to the shuttle rate at the reference temperature T0. The  

addition of the Avogadro’s number NA to the expression provided by Mikhaylik and Akridge  

serves to ensure units consistency under the exponential. As a result, all terms in Equation 9  

where ks appears have a temperature dependence, on the value of Tc. 
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Figure 26 Thermal voltammetry model predictions during a constant current charge exhibit a 

peak in the high plateau. Charging of a 10Ah cell at a range of temperatures with 1A (0.1C) 

and a 2.45V voltage cut-off. (a) Cell voltage and temperature, and (b) dT/dV as obtained by 

differentiating the data in (a). 

Fixed ambient temperature, variable charge rate    

Model predictions for cell behaviour charged at different C-rates at fixed ambient 

temperature are shown in figure 27. The height of the DTV peaks can be explained with a 

similar reasoning to that used in the previous section: the larger DTV peaks correspond to the 

conditions in which the shuttle effect is larger. Charging with the smallest current allows the 
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largest amount of material to shuttle, leading to a finite and an infinite peak. The position of 

the peak shifts towards higher voltages with higher charging rate. This is the combined effect 

of larger kinetic and dissolution over-potentials at larger C-rates, as can be seen from the fact 

that the voltage curves are shifted to higher values. The DTV peaks visibly broaden when the 

C rate increases, similarly to the experimental data shown in figure 24b.  

 

Figure 27 Thermal voltammetry model predictions during a constant ambient temperature at 

different charging rates exhibit a peak in the high plateau. Charging of a 10Ah cell at 25 deg 

C with 2.45V voltage cut-off. (a) Cell voltage and temperature, and (b) dT/dV as obtained by 

differentiating the data in (a). 
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Aside from providing a tool to verify causality between observed features and assumed 

mechanisms, a sufficiently complex validated LiS model also allows access to states of the 

cell that are not available in experiments. Crucially, it allows a separation between charge lost 

through shuttle and charge that contributes to raising the cell’s state of charge. Obtaining this 

information is key to deriving a control algorithm to allow efficient, flexible charging 

protocols. These aspects are explored in the following sections.   

Charging efficiency 

In the model, the concentrations of the various polysulfide species are tracked throughout 

operation, thus allowing direct access to the true capacity of the cell. The true capacity rise in 

the cell with charge throughput is given in figure 28. The incremental capacity is calculated 

as the charge that contributes to raising the cell capacity, as calculated from the predicted 

species concentrations in the model. As a result of the two reactions chosen in Equation 2, the 

theoretical capacity of the cell 𝐶th that corresponds to the true state of charge, can be 

calculated. Each 𝑆8
0 molecule contributes twelve electrons and each 𝑆4

2− four electrons to the 

cell capacity [144]:  

𝐶𝑡ℎ[𝐴ℎ] = (
3𝑛4
𝑛𝑆8

𝐹

𝑀𝑆
𝑆8
0 +

𝑛4
𝑛𝑆4

𝐹

𝑀𝑆
𝑆4
2−)

1000

3600
(11) 

Where 𝐹 is Faraday’s constant, 𝑀𝑆 the molar mass of 𝑆8
0, 𝑛4 the number of electrons 

corresponding to each reaction, here both equal to four.  𝑛𝑆8 and 𝑛𝑆4 denote the number of 

sulfur atoms in each polysulfide species, and 𝑆8
0 and 𝑆4

2− the amounts of the respective 

polysulfide in grams. The expression in Equation 11 is valid strictly for the chosen set of 

governing electrochemical reactions.  

The charge throughput corresponds to the capacity of the cell as wrongly calculated via 

coulomb counting, I·t. As the cell charges past the boundary between the two plateaus, a 

steep drop in the added capacity is present, as more charge is lost by shuttle. This drop occurs 

earlier in the charging cycle for higher ambient temperatures.  
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Figure 28 Model predictions: As the cell is charged into the high plateau, the charge 

efficiency decreases abruptly, sooner and faster for higher ambient temperatures. Added 

charge per unit time for a charge at 0.1 C under the ambient temperatures given in the 

legend. 

 

Consequently, for a pre-decided value of the coulombic efficiency, given by the ratio 

between throughput charge and useful charge, the charging of a cell should be stopped much 

sooner if running in warmer conditions. The charging efficiency defined as the ratio between 

the true and assumed cell capacities is shown in figure 29 for a set of ambient temperatures 

and charging rates.  

Figure 29a predicts that the colder cell reaches the highest ultimate true capacity, while 

incurring the least loss through shuttle. In reality, we expect a hotter cell to suffer 

considerably less from the dissolution bottleneck, as both the saturation concentration and the 

dissolution rate increase with temperature [186]. At charging conditions for which mass 

transport is limiting, diffusion of species decreases with decreasing temperature, also 

decreasing the achieved true capacity. These effects compete with the effect of reduced 

shuttle, such that a warm cell can have a higher achievable capacity than the colder one. In 

the current model, however, precipitation/dissolution mechanisms are not temperature 
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dependent and diffusion limitations are ignored. Figure 29b illustrates that a higher charging 

capacity can be achieved by slow charging than fast charging, with the cost of much shuttle 

incurred, because of the trade-off between shuttle and dissolution bottleneck.  

Star symbols in figure 29 & 30 denote the position of the DTV finite peak. No such peak is 

present when charging at 40oC and 45oC. The peaks occur at significantly different charging 

efficiencies, demonstrating that their position alone is not a good indicator of the opportune 

moment to stop charging. It is thus concluded that, in order to provide dedicated charging 

algorithms to minimise degradation, a reduced order model must be used alongside DTV 

measurements. The algorithm needs to take into account both position of peak and current 

and temperature at which the charging occurs. As the current model is a qualitative rather 

than a quantitative tool, it is the trend rather than the exact numbers in this section that is 

trustworthy. Clear future works can be found in section 6.2, where detailed upgradation of 

this model is described, in terms of transformation from ‘qualitatively’ to ‘quantitatively’. 
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Figure 29 Model predictions for the ratio between true capacity, corresponding to the useful 

charge, and the total charge throughput for a) constant current charge at 0.1 C under 

various ambient temperatures, as noted in the legend 

 

Figure 30 Model predictions for the ratio between true capacity, corresponding to the useful 

charge, and the total charge throughput for b) constant current charge at various currents, 

as noted in the legend, under constant ambient temperature of 30 ℃. The circle symbols 

denote the location of the finite DTV peak. At 40 ℃ and 45 ℃ no such peaks are present. 

 

 

 

 

 

 



Xiao Hua 2020  Ph.D. Thesis 

92 

 

3.7. Supplementary data 

The various experimental data are plotted in this section, as a supplementary material to this 

chapter, as a data reference.  

3.7.1. Voltage and temperature experimental data 

 

Figure 31 The corresponding voltage and temperature plots during constant current charge 

(1A 0.1C) under different ambient temperatures (see legend). (a) The voltage curves show the 

trend of entering flat shuttle region in high voltage plateau for higher ambient temperature is 

sooner than lower ambient temperatures. (b) The ambient temperature curves show the 

temperature increase trend in higher ambient are quicker and larger that lower temperatures. 

Line symbols correspond to 1 in 300 measurements collected, to improve visibility. This 

figure corresponding to Figure 24.a. 
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Figure 32 The corresponding voltage and temperature plots during constant ambient 

temperature (30 ℃) with different constant current charge (1A (0.1C), 2A (0.2C), 3A (0.3C)). 

(a)The voltage curves show the trend of entering flat shuttle region in high voltage plateau 

for lower constant current charging rate is sooner than higher constant current rate. (b) The 
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ambient temperature curves show the temperature increase trend in lower constant current 

charging rate are quicker and larger than higher constant current rate. Line symbols 

correspond to 1 in 300 measurements collected, to improve visibility. This figure 

corresponding to Figure 24.a. and the 2 sub-figures show same group of date but plot against 

(1) time in second and (2) charge throughput (capacity) in Ah. 

 

3.7.2. 40 °C DTV data: voltage and temperature experimental data 

 

Figure 33 The peaks of DTV measurements during constant current charge demonstrate 

voltage shift and pattern/shape/height change under different charging rate: 10Ah cell at 40 ℃ 

with 1A (0.1C), 2A (0.2C), 3A (0.3C) with 2.45 V voltage cur-off. DTV peak shifts to smaller 

voltage position, increases peak magnitude when charging rate drops. Line symbols 

correspond to 1 in 300 measurements collected, to improve visibility. 
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Figure 34 The corresponding voltage and temperature plots during constant ambient 

temperature (40 ℃) with different constant current charge (1A (0.1C), 2A (0.2C), 3A (0.3C)). 

(a)The voltage curves show the trend of entering flat shuttle region in high voltage plateau 

for lower constant current charging rate is sooner than higher constant current charging rate. 

(b) The ambient temperature curves show the temperature increase trend in lower constant 
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current charging rate are quicker and larger than higher constant current rate. One special 

case is the 0.1C (1A) charge, which shows lower temperature increase with slower increase 

rate than higher charging rate (0.2C -2A & 0.3C -3A). Line symbols correspond to 1 in 300 

measurements collected, to improve visibility. This figure corresponding to Figure 25. and 

the 2 sub-figures show same group of date but plot against (1) time in second and (2) charge 

throughput (capacity) in Ah.  

3.8. Modelling supplementary material 

The modelling parameters are presented in this section, as a supplementary material to this 

chapter.   

Nomenclature 

 

Table 2 Values of zero dimensional model parameters 
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Most parameters are chosen as in3. The value of k0 s was chosen to obtain the transition 

between overcharge protection and ability to fully charge at the same value of current as in 

experiments, at the reference ambient temperature of 298 K. The value of h can be 

experimentally calculated. Here, it is chosen to yield a similar magnitude for the DTV peak 

as seen in the experimental data. 

3.9. Interim conclusion  

In this chapter, the thesis has presented DTV as a fast, cost-effective and straightforward 

technique which is able to track and quantify the polysulfide shuttle effect of Li-S batteries 

during charge. DTV peaks correspond to instances of rapid cell temperature increase vs 

relatively constant voltage. Experimental data shows a strong dependence of the DTV peaks 

pattern and height on the ambient temperature and the magnitude of charging current. A zero-

dimensional model with temperature-dependent shuttle constant and heat generation through 

shuttle was successfully used to interpret most of the observed features in the experimental 

data. It is concluded that the amount of shuttle current is strongly dependent on temperature 

and charging current, as it is directly correlated to the size of the DTV peak.  

The polysulfide shuttle effect of Li-S is considerably stronger at higher ambient temperatures 

or low charging currents, corresponding to higher DTV peaks. It is suggested that the peak 

characteristics could be used as an adaptive safety cut-off criterion and/or to design advanced 

control algorithms to minimise degradation and maximise coulombic efficiency.  

In the model, the true capacity of the cell is directly accessed by tracking the different 

polysulfide species. By plotting the true capacity and DTV peak positions together, it is 

shown that stopping charging at the DTV peak position alone is not sufficient to achieve a set 

charging coulombic efficiency. Therefore, a reduced order model, such as one based on the 

thermally coupled zero-dimensional model developed here, is recommended for 

implementation alongside the DTV diagnostic technique in the real-world applications. 
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4.  Novel Equivalent circuit model parameterisation 

method for Li-ion batteries 

4.1. Introduction 

Chapter 4 is based on the journal publication by Xiao Hua, Cheng Zhang, Gregory Offer. 

‘Finding a better fit for lithium ion batteries: a simple, novel, load dependent, modified 

equivalent circuit model and parameterization method ‘under review in Journal of Power 

Sources. As described in detail in section 1.4 in the Chapter 1. 

In the literature review chapter 2, the advantages and drawbacks of ECM have been 

expressed. In this chapter, the reasons for the choice of ECM as well as a novel ECM 

parameterisation method are presented for a Lithium iron phosphate (LFP) battery. The 

parameterization process proposed in this chapter serves as a critical role for the later 

discretised ECM modelling in chapter 5, as the developed model captures the SoC, 

temperature and load dependences, which fulfils the requirements for both thermal/load 

dynamic operating conditions.  

As discussed, Equivalent circuit models (ECM) of lithium ion batteries are used in many 

applications because of their ease of implementation and low complexity. The accuracy of an 

ECM is critical to the functionality and usefulness of the battery management system (BMS). 

The ECM accuracy depends on the parametrization method, and therefore different 

experimental techniques and model parameter identification methods (PIM) have been widely 

studied. Yet, how to account for significant changes in time constants between operation 

under load and during relaxation has not been resolved. 

In this chapter, a novel PIM and modified ECM is presented that increases accuracy by 77.4% 

during drive cycle validation and 87.6% during constant current load validation for a large 

format lithium iron phosphate prismatic cell. The modified ECM uses switching RC network 

values for the different load phases (underload & relaxation), these differences are significant 

for this cell and also at low state-of-charge for all lithium ion batteries. Different 

characterisation tests and the corresponding experimental data have been trained together 

across a complete State-of-Charge (SoC) and temperature range, which enables a smooth 

transition between identified parameters. Ultimately, the model created using parameters 

captured by the proposed PIM shows an improved model accuracy in comparison with 

conventional PIM techniques.   
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Therefore, this chapter answers the following research questions:  

1. Could the conventional ECM parameterisation method fulfil the ECM parameters 

need for a large format lithium ion battery?  

2. If not, what changes are required to maintain certain model accuracy? 

3. Will the load dependent parameter identification method deliver better model 

accuracy for equivalent circuit model?  

4.2. Backgrounds 

While researching and developing lithium-ion batteries, the usage of a robust battery model is 

pivotal at the application level. Models enable the battery management system (BMS) to 

improve battery performance and prolong lifetime. [187] There are predominantly 2 types of 

models in the literature, which are physics-based models and equivalent circuit models 

(ECM). The physics-based models capture the physical behaviours through solving equations 

such as lithium diffusion equations and charge conservation equations. Newman, Doyle, 

Fuller et al established the foundations for these physics-based model. [145,146,188] The 

main two drawbacks of physics-based models for BMS applications are 1. High complexity 

of parameterisation; 2. High computational power. There are more than 30 parameters needed 

to be fitted and parameterised including salt concentration, electrode/separator thickness, 

conductivity of electrolyte etc. [107,147–152]. Quite often the parameters in the physics-

based model require ex-situ experimental measurements which are time/cost inefficient. 

[153,154] Also, the computational speed is another disadvantage of this type of models. 

Further, it is challenging to scale such model into multi-dimensional or pack level analysis. 

[108,151,155] Although these drawbacks can be mitigated through reduced order models 

(ROMs) ECMs are still the model of choice for many applications. 

ECMs describe the battery terminal voltage-current dynamics using passive electrical 

components (resistors and capacitors) and measured/parameterised look-up tables or simple 

mathematical functions. The ease of implementation and low model complexity make ECM 

feasible in real-time applications such as integrated BMS systems, and they are regularly 

embedded in microprocessors and deliver precise simulation/feedback signals in real-

time.[189]. The reader is referred to recent reviews by He et al. [190] and Hu et al.[191] on 

ECM models. Figure 35 shows a typical ECM which consists of the battery open circuit 

voltage (OCV) and a series ohmic resistor 𝑅0 and several resistor-capacitor (RC) networks 
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[135]. The battery OCV can be measured directly from experimental data using low-rate 

constant current (CC) (dis)charge (giving a pseudo-OCV), or using a pulsed current 

(dis)charge with long rest periods between pulses (true OCV) [192]. The RC values, on the 

other hand, need to be identified by fitting the model’s voltage prediction under current load 

to measurements using optimisation algorithms [128,136]. This represents the model 

parametrization procedure.  

 

Figure 35 Battery equivalent circuit model with n RC networks 

 

The parameter identification method (PIM) is critical for the ECM model accuracy. The 

model accuracy is correlated with what and how PIM is used for the certain Li-ion battery. 

There are various PIMs for ECM parametrization in the literature, including genetic 

algorithm (GA) [113,114], particle swarm optimization (PSO) algorithm [115–117], and the 

least-squares method [113,118]. A recent study conducted by Lai et al [112] compared 9 

different popular PIMs for 9 different ECM models in the entire SoC area and demonstrated 

the importance of the PIM to the model accuracy.  

The ECM parameters depend on the operating conditions. The popular methods for capturing 

this parameter dependency include offline parameterized look-up tables [125–128] and the 

online adaptive parameter estimation algorithms such as recursive least squares methods and 

the dual Kalman filter algorithms [133–136]. Existing PIMs mainly focus on capturing the 

parameter dependence on the SoC, temperature and current directions. However, another 

important dependency factor for ECM parameters that is generally overlooked is the type of 
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current loads. Different current profiles have been used for ECM parameter estimation, such 

as the pulsed current test [126,127,139,140], drive cycles [137,141] and constant-current 

charging and discharging [131,142,143]. However, few works have considered the effect of 

choosing different current profiles on the identified parameters and the model accuracy 

[137,141]. The battery is an electrochemical system with complex internal dynamics, and 

ECM is an approximate reduced-order model. Therefore, different current excitations will 

reveal different system properties. As a result, the ECM parameters will vary under different 

load conditions [193]. There is one key difference in the current load that the studies in the 

literature were missing, which is the difference in the underload and the relaxation. Generally 

the model parameters were identified without distinguishing the two different working 

conditions and the underload and relaxation test data are used together for ECM 

parametrization [126,140]. However, the test data analysis on the chosen cell in this chapter 

shows that the battery performs distinctly differently during underload and relaxation, in 

terms of the scale of magnitude of time constants of the RC networks. It shows that using the 

same parameter set cannot capture both the underload and the relaxation dynamics accurately. 

Therefore, this chapter proposes a parameter switching scheme between underload and 

relaxation working conditions to address this problem. 

Further, this chapter delivers a novel PIM that captures ECM parameter dependence on load 

switching, SoC (0-100%) and temperatures (10°𝐶, 20°𝐶, 30°𝐶 and 40°𝐶). The novelty of the 

proposed PIM is that the time constants of the RC networks are independent from SoC and 

temperature. The rest parameters, i.e., the resistor values, then become linear-in-the-variable 

which can be readily obtained using computationally efficient least squares optimization 

solvers. This also enables the simultaneous estimation of all the resistor values under all SoC 

and temperatures levels with parameter constraints to ensure a smooth transition between 

different temperature levels. In theory, the battery internal resistance is reversely proportional 

with the operating temperature. However, in the conventional way of parameter identification, 

the resistance values might zig-zag across a range of temperatures without using parameter 

constrains [128]. The ultimate purpose of this novelty is to provide a temperature dependent 

ECN model e.g. [108], in many BMS and modelling applications, which is critical for the 

model accuracy. This proposed PIM shows a better fit for large current/large power/large heat 

generation applications. Unlike smaller cells, large format cells have significant heat 

generation challenges, therefore training the data the operating temperature window is 

important and inevitable.  
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4.3. ECM Equations 

For the battery ECM depicted in figure 35, 𝑣, 𝑖 represent the battery terminal voltage and 

current, respectively. Denote 𝑛𝑟𝑐 as the number of RC networks and define 𝑣𝑗 , 𝑖𝑗, 𝑗 =

1,2, . . . , 𝑛𝑟𝑐 as the voltage and current through 𝑅𝑗. Then, 𝑣𝑗 = 𝑅𝑗𝑖𝑗 . Let 𝜏𝑗 = 𝑅𝑗𝐶𝑗  be the time 

constant. Then 

 

𝑖𝑗(𝑘 + 1) = 𝑎𝑗𝑖𝑗(𝑘) + (1 − 𝑎𝑗)𝑖(𝑘),  𝑗 = 1,2, … , 𝑛𝑟𝑐 (1) 

where 

 𝑎𝑗 = 𝑒𝑥𝑝(−𝑇𝑠/𝜏𝑗)  

𝑖𝑗(𝑘) stands for 𝑖𝑗 at the k-th sampling time, and 𝑇𝑠 is the sampling interval (s). 

The battery SoC is obtained using the widely employed coulomb counting method [126,128],  

 

𝑆𝑜𝐶(𝑘 + 1) = 𝑆𝑜𝐶(𝑘) +
𝑇𝑠

3600𝐶𝑛
𝑖(𝑘) (2)  

where 𝐶𝑛 is the battery nominal capacity at 25°𝐶 (unit: Ampere-hour). Next, the battery 

terminal voltage can be expressed as, 

𝑣(𝑘) = 𝑂𝐶𝑉(𝑘) + 𝑅0𝑖(𝑘) +∑𝑅𝑗𝑖𝑗(k)

𝑛𝑟𝑐

𝑗=1

(3) 

 

4.4. Experimental details 

This section introduces the detailed experimental procedure of the battery characterisation, 

and the test data are used for identifying the OCV, 𝑅0 and RC values. The data sampling rate 

is 1Hz under current load and during relaxation periods. The OCV hysteresis effect is not 

considered in this chapter, therefore only experimental data for discharge current was used 

for parameter training and validation. The OCV hysteresis is a battery behaves to the 

existence of seral possible thermodynamic equilibrium potentials at the same SoC. (a.k.a. 

OCV hysteresis) [192] In literature, it is found that positive electrodes with lithium iron 

phosphate as the active material are known to exhibit a hysteretic phenomenon. [192,194] 
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The experimental technique DTV mentioned in Chapter 3 is able to be applied onto charging 

process of the LFP batteries [46]. Similarly, the CCC technique can also be applied onto 

charging process of the LFP batteries, as detailed in Chapter 5. The parameterisation 

technique in this chapter is also applicable to charging, for a more comprehensive boundary 

conditions if OCV hysteresis is considered during real-time operations. (E.g. industrial EV 

data processing and algorithm implementation). However, is out of the scope for this thesis.    

The battery is always charged using the same constant current constant voltage (CC-CV) test 

procedure to make sure the initial SoC of the battery is consistent between tests. The CC 

current is 1C (90A) and the CV voltage is 3.65V. The cut-off charging current of CV 

procedure is C/50 (1.8A). The cut-off voltage during discharge procedure is 2.5V.  

A range of pulse discharge characterisation tests, on a high capacity 90Ah Lithium iron 

phosphate (LFP) cathode based, graphite anode battery with aluminium/prismatic shell (200.5 

x 130.3 x 36.5 mm) were examined under various temperatures. Before characterisation tests 

were carried out, the cell underwent five 1C (90A) charge/discharge cycles for pre-

conditioning and demonstrated stabilised capacity. After the pulse discharge characterisation 

tests, a range of validation tests were examined, including drive cycle discharge with noisy 

current load at 20°𝐶 and constant current discharge under various temperatures. The cell was 

evenly wrapped with nitrite rubber insulation material (RS Pro, thickness 25 mm, thermal 

conductivity 0.034 W/mK) across entire cell surface, as shown in the figure 36. The cell was 

placed in the centre of the bottom shelf of a thermal chamber (Binder, model KB23). 

The thermal boundary condition has been designed in this format to approach a near 

‘adiabatic condition’ by minimizing convection in the thermal chamber, this is done to 

minimize the internal thermal gradient of the cell being tested and to avoid the problems this 

can cause as described by Zhao et al.[108] The same thermal boundary condition was 

implemented in the model. K-type thermocouple was placed and taped with Kapton○R  

polyimide films tape on the centre of the prismatic aluminium shell surface (200.5 x 130.3 

mm) to measure surface temperature, as marked in figure 36. A single channel battery cycling 

system (BioLogic, HCP-1005) was used for charging/discharging the cell. One set of 

characterisation pulse discharge tests, one validation noisy load drive cycle test and one set of 

constant current discharge tests were carried out in this study, as detailed below.  
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Figure 36 Battery testing rig demonstration 

4.4.1. Experiment #1: variable ambient temperature characterisation 

pulse discharge tests 

Characterisation pulse discharge (PD) tests were carried out to generate data for the PIMs in 

this work. The measurement involves repetitions of a constant current discharge pulse at 1C 

(90A) followed by a resting period of 2 hours. This process starts from 100% SoC and 

finished at 0% SoC. The SoC breakpoints step length is 1% (9Ah) for 0% -10%, 90% - 100% 

SoC, and 5% (4.5Ah) for 10% - 90%. The current input and the corresponding voltage 

response are shown in figure 37. Also, in figure 37(d), the cell surface centre temperature is 

presented, where a maximum temperature difference at different SoC is about 0.5 °C. The 

measurements were repeated for a range of temperatures (10°𝐶, 20°𝐶, 30°𝐶 and 40°𝐶). Here, 

Figure 37 only shows data at 20°𝐶 as an example, and all the other data can be found in 

supplementary data section, which is at the end of this chapter.  
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Figure 37 Test data for the pulse discharge experiment at 20°𝐶 thermal chamber ambient 

temperature: (a) Input current, (b) Terminal voltage, (c) SoC profile, (d) Measured surface 

temperature.  

4.4.2. Experiment #2: validation noisy load drive cycle discharge test 

The model and the parameters are validated using independent sets of experiment data. The 

first one is the bespoke designed noisy load discharge which based on the US06 drive cycle 

current profile with enlarged average current value and extended test time. The Figure 38 

demonstrates the current profile examined, the voltage and cell surface temperature responses 

respectively.  
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Figure 38 Test data for the discharge drive cycle experiment at 20°𝐶 thermal chamber 

ambient temperature: (a) Input Current, (b) Terminal voltage, (C) Cell centre surface 

temperature. 
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4.4.3. Experiment #3: variable ambient temperature validation constant 

current discharge tests 

The second set of validation experiments are constant current discharge tests. The 

measurement involves a constant current discharge at 1C (90A). This process starts from 100% 

SoC and finished when the voltage reaches 2.5V. The current input and the corresponding 

voltage and cell surface temperature responses are shown in Figure 39. The measurements 

were repeated for a range of temperatures (10°𝐶, 20°𝐶, 30°𝐶 and 40°𝐶). Here, the Figure 39 

only shows 20°𝐶 as an example, and all the other data can be found in supplementary data 

section.  

 

Figure 39 Test data for the constant current discharge experiment at 20°𝐶 thermal chamber 

ambient temperature: (a) Input current & terminal voltage, (b) Cell centre surface 

temperature & SoC profile. 
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4.5. Data analysis and ECM parameter estimation 

4.5.1. Open circuit voltage measurement  

The battery OCV is captured by the pulse discharge test followed by 2 hours rest. The test 

data is shown in figure 37. The battery OCV between the SoC breakpoints is calculated with 

the commonly used linear interpolation method [128][195]. Detailed OCV plots at various 

temperature are shown in the supplementary data section.  

4.5.2. RC network characterisation 

After collecting experimental data, it is essential to conduct a detailed data analysis to better 

understand the battery properties under study. A single pulse discharge data segment shown 

in figure 37 is used here for data analysis. The SoC value decreases from 50% to 45%. A 

detailed look is presented in the figure 40, which shows an underload period of 1C (90A) 

constant current discharge load for 180 seconds (5% SoC breakpoint step) followed by a 2-

hour relaxation period.  

Since both the SoC and temperature changes are small for this single pulse discharge, the 

model parameters are assumed to be constant. There are mature methods in the literature for 

selecting the number of RC networks, which for this study was chosen to be 3 following the 

procedure described in [126,140]. The ECM RC parameters, including the time constants in 

Eq (1) and the resistor values in Eq (3), are obtained following an optimization procedure to 

minimize the root mean square error (RMSE) between the model voltage output and the 

measurements. The Matlab function ‘fminbnd’ is used for the numerical optimization. This 

optimization involves only 6 parameters and is a standard procedure and therefore not 

detailed here.  

The results give an indication that it is difficult to capture both the battery underload and 

relaxation voltage profiles accurately using a single parameter set. This is because large RC 

time constants are required to capture the 2-hour voltage relaxation, while only small RC 

time constants are required to capture the underload voltage profile. In this study, the LFP 

cell has a nominal capacity of 90Ah with a dimension of W200.5 x L130.3 x H36.5 mm. This 

large-size battery is an energy cell with thick electrodes. It is therefore hypothesized that the 

fast electrochemical reactions at the interface between the electrode and the electrolyte 

dominate the voltage response under load, while the slow diffusion dynamics inside the solid 
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electrode particles dominate the voltage output during relaxation. Therefore, these two 

working conditions require RC time constants at different magnitudes. This data analysis 

process leads to the first novelty of this study, which captures the significant time constant 

difference between under load phase and relaxation phase using a parameter switching 

scheme, as follows,  

𝜏𝑗 = {
𝜏𝑗,𝑢,   𝑖𝑓 |𝑖| > 𝑖𝑡ℎ
𝜏𝑗,𝑟 ,   𝑖𝑓 |𝑖| ≤ 𝑖𝑡ℎ

, 𝑗 = 1,2,3 (4) 

where 𝜏𝑗,𝑢 represents the underload time constant and 𝜏𝑗,𝑟 the relaxation time constant. The 

current threshold value 𝑖𝑡ℎ = 0.1𝐴 is used in this chapter. Note that there is no switching for 

the resistor values.   

 

Figure 40 Test data for the constant current discharge pulse experiment at 20°𝐶 thermal 

chamber ambient temperature, SoC starts at 50%, ends at 45%. 

To illustrate the comparison between the underload and relaxation dynamics, four parameter 

identification cases are compared. The first case uses only the underload data for parameter 

identification. The second case uses underload test data and 500-second relaxation period. 



Xiao Hua 2020  Ph.D. Thesis 

110 

 

The third uses the underload with the full 2-hour relaxation data. The fourth case represents 

the proposed parameter switching scheme.  

Table 4 introduces the time constants obtained in these four case studies, and the modelling 

results are given in figure 41 which compares the measured data with the simulation results. 

As it can be seen in Table 4, the time constants grow with the length of the relaxation period 

used for parameter identification. Using underload data alone for parameter identification in 

Case 1, the model can capture the underload dynamics with high accuracy. However, the 

model error during the relaxation period is high. This is because the maximum RC time 

constant is only 35.7s, which cannot reproduce a 2-hour voltage relaxation profile. The 

relaxation stage voltage profile can be better captured in Case 2 and 3, however, this comes at 

a cost of a larger underload modelling error. This can be clearly seen in figure 41(b), i.e., the 

zoomed segment at the end of the pulse discharge, where the model outputs of Case 2 and 

Case 3 produce an over-shoot error. It can be predicted that if the current pulse is longer, the 

underload modelling error will further increase. This is because, the three RC networks with 

high time constants (𝜏3 = 2285.1𝑠) and large resistance values are needed in order to sustain 

the 2-hour voltage relaxation, which compromised the underload accuracy. This shows an 

apparent trade-off between the quality of fitting for underload region and the relaxation 

region, regardless of the length of the relaxation data being examined. The underload stage 

needs small RC time constants, while the relaxation stage needs long RC time constants. By 

using the proposed switching time constants in Eq (4), the results in Figure 7 (a)&(b) show 

good model accuracy for both underload and relaxation, which essentially solve this issue. It 

is noteworthy that not all lithium ion battery cells show such distinctive features between 

underload and relaxation stages across their full SOC range, but it is often observed at the 

extremes, particularly at low SOC when state estimation can be particularly important. 

Therefore, this study highlights the importance of considering the load dependency of the 

ECM parameters.     
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Figure 41 Test data and simulation results for the constant current discharge pulse 

experiment at 20°𝐶 thermal chamber ambient temperature, SoC starts at 50%, ends at 45%. 

(a) Comparison between the measured data with simulation results using 1. Underload time 

constant 2. Underload + short relaxation (500 seconds) time constant 3. Underload + long 

relaxation (7200 seconds) time constant, (b) Zoomed look for (a). 
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Data Selected/ Tau 

No. 

Time constant 1/s Time constant 2/s Time constant 3/s 

Case 1: Underload 

alone 

0.21 6.4 35.7 

Case 2: Underload 

+ 500s relaxation 

2.0 17.9 498.4 

Case 3: Underload 

+ 7200s relaxation 

10.7 170.0 2285.1 

Case 4: Switching 

Taus 

Underload: 0.2 

Relaxation: 1653 

Underload: 6.4 

Relaxation: 68.7 

Underload: 35.7 

Relaxation: 9.3 

Table 3 Time constant used for the simulation results shown in Figure 41. 

 

4.5.3. ECM parameter identification 

This section presents the full parameter identification procedure. The proposed method 

consists of two steps. The first step uses the underload test data to identify the underload RC 

time constants and the resistors values. The second step identifies the relaxation time 

constants using the relaxation region test data.  

To reduce the complexity of the parameter optimization, the time constants of the RC 

networks are fixed throughout the entire SoC range and at various temperature levels. In this 

way, the resistor values become linear-in-the-variable parameters and can be solved using 

computationally efficient least squares tools. In literature, it is concluded by Hu et al. that the 

time constants of the RC networks can be considered as independent from SoC values. The 

benefit of this assumption is reducing the parameter identification complexity by finding the 

global minima of fewer parameters. The insensitivity of the variation of the capacitor values 

to the ECM-based SoC estimation accuracy further supports this assumption. [196] The RC 

time constants represent the time scale of interest for the voltage profile which can be 

considered independent from the working condition. The modelling results later show that 

this simplification doesn’t lead to poor model accuracy.  

 

Step 1: identification of the underload time constants and resistors 

For a given set of the underload RC time constants, 𝜏𝑗,𝑢, 𝑗 = 1,2,3, the current passing 

through 𝑅𝑗 (i.e., 𝑖𝑗) can be calculated in Eq (1). Denote 𝑖0 = 𝑖 to represent the current passing 

through 𝑅0 (to be consistent with 𝑖𝑗 , 𝑗 = 1,2,3).  
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To capture the SoC dependency of the resistor values, the full SoC operating window is 

divided using breakpoints as follows,  

0 < 𝑆𝑜𝐶1 < 𝑆𝑜𝐶2 < ⋯ < 𝑆𝑜𝐶𝑛𝑠𝑜𝑐 < 100% (5)  

where 𝑛𝑠𝑜𝑐 is the number of SoC breakpoints. Next, define the triangle base function at each 

SoC breakpoint as follows,  

𝑓1(𝑆𝑜𝐶) = {

1,        𝑖𝑓 𝑆𝑜𝐶 < 𝑆𝑜𝐶1
𝑆𝑜𝐶2 − 𝑆𝑜𝐶

𝑆𝑜𝐶2 − 𝑆𝑜𝐶1
, 𝑖𝑓 𝑆𝑜𝐶1 ≤ 𝑆𝑜𝐶 < 𝑆𝑜𝐶2

, 

𝑓𝑚(𝑆𝑜𝐶) =

{
 

 
𝑆𝑜𝐶 − 𝑆𝑜𝐶𝑚−1
𝑆𝑜𝐶𝑚 − 𝑆𝑜𝐶𝑚−1

,        𝑖𝑓 𝑆𝑜𝐶𝑚−1 ≤ 𝑆𝑜𝐶 < 𝑆𝑜𝐶𝑚

𝑆𝑜𝐶𝑚+1 − 𝑆𝑜𝐶

𝑆𝑜𝐶𝑚+1 − 𝑆𝑜𝐶𝑚
,        𝑖𝑓 𝑆𝑜𝐶𝑚 ≤ 𝑆𝑜𝐶 < 𝑆𝑜𝐶𝑚+1

,   m = 2,… , 𝑛𝑠𝑜𝑐 − 1 (6) 

𝑓𝑛𝑠𝑜𝑐(𝑆𝑜𝐶) = {

𝑆𝑜𝐶 − 𝑆𝑜𝐶𝑛𝑠𝑜𝑐−1

𝑆𝑜𝐶𝑛𝑠𝑜𝑐 − 𝑆𝑜𝐶𝑛𝑠𝑜𝑐−1
,        𝑖𝑓 𝑆𝑜𝐶𝑛𝑠𝑜𝑐−1 ≤ 𝑆𝑜𝐶 < 𝑆𝑜𝐶𝑛𝑠𝑜𝑐

1,                   𝑖𝑓 𝑆𝑜𝐶𝑛𝑠𝑜𝑐 ≤ 𝑆𝑜𝐶

 

The SoC dependency of the resistor values can now be expressed using linear interpolation as 

follows,  

𝑅𝑗 = ∑ 𝑅𝑗,𝑚

𝑛𝑠𝑜𝑐

𝑚=1

𝑓𝑚,   𝑗 = 0,1,2,3 (7) 

Then from the terminal voltage in Eq (3), yielding,  

𝑣 − 𝑂𝐶𝑉 = ∑ (∑ 𝑅𝑗,𝑚
𝑛𝑠𝑜𝑐
𝑚=1 𝑓𝑚)𝑖𝑗

𝑛𝑟𝑐
𝑗=0 (8)  

Here the time step indicator (𝑘) is dropped from the variables, e.g., 𝑣(𝑘). Denote 𝑦 = 𝑣 −

𝑂𝐶𝑉, and row vector 𝐹 = [𝑓1, 𝑓2, … , 𝑓𝑛𝑠𝑜𝑐]. Let row vector 𝑝 =  [𝐹𝑖0, 𝐹𝑖1, 𝐹𝑖2, 𝐹𝑖3] and 𝜃 =

[𝑅0,1, 𝑅0,2, … , 𝑅0,𝑛𝑠𝑜𝑐 , … , 𝑅3,1, 𝑅3,2, … , 𝑅3,𝑛𝑠𝑜𝑐  ] as the collection of all the resistor values. Eq 

(8) can then be reformulated as 

𝑦 = 𝑝𝜃                    

Denote the value of 𝑦 and 𝑝 at time 𝑘 as 𝑦(𝑘) and 𝑝(𝑘), respectively, and let                               

𝑌 = [

𝑦(1)

𝑦(2)
…

𝑦(𝑁)

] , 𝑃 = [

𝑝(1)

𝑝(2)
…

𝑝(𝑁)

] 
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Then from Eq (8) we obtain a least-squares formulation as follows,  

𝑌 = 𝑃𝜃 (9) 

Repeat the above procedure from Eq (5) to Eq(9) at the four different temperatures, and 

denote the 𝑌, 𝑃 and 𝜃 at [10, 20, 30, 40]℃ as 𝑌10, 𝑌20, 𝑌30, 𝑌40; 𝑃10, 𝑃20, 𝑃30, 𝑃40 and 

𝜃10, 𝜃20, 𝜃30, 𝜃40 respectively.  

Denote 𝑃𝑠 = 𝑏𝑙𝑘𝑑𝑖𝑎𝑔(𝑃10, 𝑃20, 𝑃30, 𝑃40) where ‘𝑏𝑙𝑘𝑑𝑖𝑎𝑔’ stands for block diagonal, 

𝑌𝑠 = [𝑌10
𝑇 , 𝑌20

𝑇 , 𝑌30
𝑇 , 𝑌40

𝑇 ]𝑇 and 𝜃𝑠 = [𝜃10
𝑇 , 𝜃20

𝑇 , 𝜃30
𝑇 , 𝜃40

𝑇 ]𝑇. 

Then  

𝑌𝑠 = 𝑃𝑠𝜃𝑠 (10) 

The parameter constraints can be put as 𝜃10 ≥ 𝜃20 ≥ 𝜃30 ≥ 𝜃40 in elementwise. This 

comes from the prior knowledge that the resistance value decreases with temperature rise.  

The optimal parameters to Eq (10), 𝜃𝑠 can be obtained using least-squares solvers (here 

Matlab function ‘lsqlin’ is used). This is a convex optimization problem which can be 

solved efficiently. Then optimal resistor values can be calculated using the least squares 

method, 

𝐸𝑠 =  𝑌𝑠 − 𝑃𝑠𝜃𝑠 (11)  

and the modelling RMSE is √
1

𝑁𝑠
𝐸𝑠𝑇𝐸𝑠, where 𝑁𝑠 is the length of 𝑌𝑠. Note that this RMSE 

depends on the choices of the underload RC time constants, 𝜏𝑗,𝑢. Then the optimal 𝜏𝑗,𝑢 can 

be obtained by solving the following parameter optimization problem 

 

min
𝜏1,𝑢,𝜏2,𝑢,𝜏3,𝑢

√
1

𝑁𝑠
𝐸𝑠𝑇𝐸𝑠 (12) 

Here, with only three parameters to optimise, the chance of finding the global minimum is 

greatly increased compared with optimizing all the model parameters together using the 

Genetic algorithm [197]. The Matlab function ‘fminbnd’ is used in this work for finding 

the optimal underload RC time constants in Eq (12). The order of finding time constants 

and specific RC values is a non-linear approach. The base function and the least square 

shorten the entire process by linearising the process of finding resistance values. At the 
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meantime, the time constants are found in a non-linear approach, ‘interior-point’ (default 

method by Matlab function ‘fmincon’), where the entire parameterisation process has 

fewer parameters to train and leave time constants as the only few non-linear parameters to 

be solved.   

Step 2: identification of the relaxation time constants 

Note that in step1, only the underload test data are used. Next, the rest relaxation test data 

will be used for identification of the relaxation RC time constants.  

First, the underload time constants and the resistor values obtained in step 1 are used to 

simulate the current values 𝑖𝑗, 𝑗 = 1,2,3 under current load. Next, given the relaxation time 

constants (𝜏1,𝑟 , 𝜏2,𝑟, 𝜏3,𝑟), the model’s voltage profile during relaxation stage can be 

simulated using Eq (1) and Eq (3).  

The model voltage during the relaxation stage will be compared with the measurements 

and the RMSE depends on the chosen relaxation time constants. This is an optimization 

problem similar to Eq (12). Again, with only three parameters (𝜏1,𝑟 , 𝜏2,𝑟 , 𝜏3,𝑟) to optimise, 

the chance of finding the global minimum is high. The Matlab function ‘fminbnd’ is used 

again for parameter optimisation. 

Comparison against PIM without parameter switching scheme 

In order to compare with the case that doesn’t consider the load dependency of the ECM 

parameters, another PIM is given here that uses the same RC time constants for both 

underload and relaxation stages. The PIM with no switching consists of only the optimization 

step in step 1 but uses different test data for parameter identification, i.e., both the underload 

and 2-hour relaxation test data are used for extracting the ECM parameters.   

 

4.6. Modelling results vs validation results  

In order to conduct a comparative study of the conventional PIM and the proposed PIM with 

switching, the model training results for the pulse discharge tests and 2 sets of validation tests 

are demonstrated in this section. 
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4.6.1. Model training results 

The Figure 42 shows the model parameter training results for the two PIMs. Both PIMs 

perform under certain error bias within 20mV besides a few error spikes when the current 

jumps. In general, the PIM with no switching leads to better model accuracy during the 

relaxation stage and lower underload accuracy compared with the switching PIM, as it shows 

in figure 42 (c) & (d). It is noticeable that the model accuracy decreases under low SoC 

(<5%).  Essentially, the training results show the overall RMSE errors are comparable, 2.4 

mV and 3.4 mV for no switching and switching respectively. However, the underload phase 

RMSE errors are 7.1 mV and 1.8 mV for no switching and switching respectively, which 

demonstrates the benefits of using the switching PIM in this study. Figure 42 (c) & (d) shows 

a detailed investigation at SoC value of 85 % - 84%, where the cell underwent constant 

current discharge for 180s (5% SoC breakpoint step) followed by a 2-hour relaxation. The 

PIM with no switching illustrates a better performance on the relaxation phase but poorer 

fitting on the underload phase, by contrast to the switching PIM as detailed in figure 42 (c) & 

(d).  

In figure 42 (b) subplot, PIM with no switching delivers a noticeable large error spike at SoC 

value of 90%, where the underload time for the constant current period changes from 36s (1% 

SoC breakpoint step) to 180s (5% SoC breakpoint step). The larger error generated from PIM 

with no switching (maximum error about 21 mV) compares to switching PIM (maximum 

error about 8mV) shows another advantage of the proposed switching PIM. As the underload 

phase and the relaxation phase are trained individually, therefore the RC networks values 

have greater potential to overcome current load fluctuation during characterisation tests, 

which fits the potential needs for various current load characterisation tests.  
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Figure 42 Comparison of the two PIM methods using the 1% & 5% SoC pulse discharge data 

at 1C (90A) with a 120minutes relaxation period at 20 °𝐶 (a): battery voltage fitting results, 

(b) modelling error & a zoomed segment of the fitting error at SoC range 89% - 85%, (c): a 

zoomed segment of the battery voltage fitting results at SoC range 85% - 84%, (d) a zoomed 

segment of the modelling error at SoC range 85% - 84%. 

 

4.6.2. Validation results  

In this chapter, there are 2 set of validation tests examined for both PIMs, which are constant 

current load and drive cycle noisy load. Normally if a set of parameters are trained from 

conventional PIM with pulse load as characterisation tests, then validation against constant 

current test data is typically not done, in many cases this is described as out of scope but is 

more likely because of poor agreement. Here, the proposed switching PIM is validated 

against both constant current and under load experimental data, to show its ability to 

reproduce a wide range of current loads.  
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Constant Current load validation 

Figure 43 (a) demonstrates the measured data together with simulated model results using 

both PIMs for a constant current discharge test at 1C (90A). The cell centre surface 

temperature acts as an additional input to the model. Figure 43 (b) demonstrates the error of 

both PIMs in voltage response. The overall modelling RMSE errors are 140.8 mV and 17.4 

mV for PIM with no switching and switching PIM , respectively. The PIM with no switching 

shows a poor alignment between measured data and model simulation, where a constant error 

bias over 130 mV is observed. Meanwhile, the switching PIM delivers a good fit between 

measured data and simulation result. There is over 87.6% improvement on the error bias level 

from switching PIM.  

This is because the PIM with no switching sacrifices partly the underload accuracy in order to 

improve the accuracy at the relaxation period, i.e., a trade-off. It is noteworthy that the model 

accuracy during the training step is acceptable, as shown in figure 42. This problem of 

underload accuracy deficiency only becomes outstanding under this constant current 

discharge. In another word, the model training results can be misleading without careful data 

analysis. The root cause to this problem is that the battery shows distinctive dynamics 

properties for underload and relaxation. This effect must be taken into consideration during 

ECM parametrization and application. It is therefore recommended that the training data set 

for ECM parametrization should have similar characteristics with the intended application of 

the model. In particular, if the intended application of the model includes constant current 

discharge, then a similar load profile should be used for ECM parametrization. This is a 

general recommendation for identifying a reduced order model from a highly complex or 

nonlinear system [193], which is however, generally overlooked in the ECM modelling field. 

The proposed PIM method using the parameter switching scheme effectively avoids this 

trade-off which would otherwise reduce the model underload accuracy.  

There are similar features at low SoC region (<10%), where error is accumulated. This may 

be caused by the severe nonlinearity of the battery dynamics at this low SoC range, making 

constant-parameter ECM unsuitable for capturing the voltage profiles under different current 

profiles. The model accuracy at low SoC could be improved by taking into consideration of 

the difference between the surface and bulk concentrations of the battery electrode [198]. 

This, however, uses a different model structure from ECM and increases the model 
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parametrization complexity. The low SoC accuracy of the ECM modelling will be explored 

in future work, however this is out of the scope for this study.    

 

Figure 43 Comparison of the two PIM methods using the Constant Current discharge load at 

1C (at 20 °𝐶 as starting thermal chamber ambient, cell centre temperature data is considered 

as an input for model simulation, (a): battery voltage fitting results; (b) modelling error 
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Drive cycle validation  

A bespoke designed drive cycle based on a US06 drive cycle is subjected to the cell, where 

the input current is shown in figure 38 (a). Figure 44 (a) demonstrates the measured data 

together with simulated model results using both PIMs. The cell centre surface temperature 

acts as an additional input to the model. Figure 44 (b) demonstrates the error of both PIMs in 

voltage response. The modelling overall RMSE errors are 78.2 mV and 17.7 mV for PIM 

with no switching and switching PIM, respectively. Also, the underload phase RMSE errors 

are 81.4 mV for PIM with no switching and 7.7 mV for switching PIM, where the switching 

PIM delivers 10 times less error (improved 90.5% for underload phase, and 77.4% for overall 

simulation) in this validation scenario. It is clear to see a constant error bias level about 

75mV for the results generated from PIM with no switching, while the switching PIM offers 

an error bias level less than 10mV. The less error and more accurate model performance that 

uses the parameters generated from switching PIM proves the necessity of this PIM, 

especially for this type of battery. The reason for the difference of the model accuracy is 

similar to that in figure 43. 

All the PIMs trained the parameters across the entire SoC bandwidth together with 4 

characterisation test temperatures. As shown in Figure 38 (c) and 39 (b), the cell centre 

surface temperature grows from 20 °C to 26 °C for drive cycle test and 20 °C to 35 °C, 

respectively. Training all the data together gives the model a smooth transition on these 

thermally dynamic scenarios.   
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Figure 44 Comparison of the two PIM methods using the Drive cycle discharge load (input 

current is shown in Figure 4(a)) at 20 °𝐶 as starting thermal chamber ambient, cell centre 

temperature data is considered as an input for model simulation, (a): battery voltage fitting 

results; (b) modelling error 
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4.7. Supplementary data 

In the main body of this work, 20 °C experimental data and its corresponding training and 

validation results are demonstrated for a clear story line. Here, in the supplementary data 

section, the 10 °C, 30 °C and 40 °C results are presented.  

The reason to show these results is simple but essential. In figure 38 (c) and figure 39 (b) of 

the main chapter, the temperature for the validation tests of constant current load and drive 

cycle noisy load is not constant. Therefore, a range of characterisation tests covering the 

temperature range of interest is essential for training the model parameters for such thermally 

dynamic scenarios. In the following section, the model training results as well as the constant 

current validation rests are presented. The results align with the main chapter, which the 

switching PIM delivers better training and validation rests than PIM without switching. The 

overall RSME and under load phase RSME are also introduced in each figure captures 

accordingly. Also, the open-circuit voltage (OCV) measured and linear interpolated under 

10 °C, 20°C, 30 °C and 40 °C are presented here as well.   
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4.7.1. 10 °C, 30 °C and 40 °C pulse discharge experimental tests and 

corresponding parameter training results: 

#1. 10 °C pulse discharge experimental tests and corresponding parameter 

training results.  

 

Figure 45 Comparison of the two PIM methods using the 1% & 5% SoC pulse discharge data 

at 1C (90A) with a 120minutes relaxation period at 10 °𝐶 (a): Experimental data & battery 

voltage fitting results for PIM without switching and switching PIM  (b) modelling error: 

Overall RMSE: PIM without switching: 3.3mV; Switching PIM: 4.4mV, Under load phase 

RMSE: PIM without switching: 9.9mV; Switching PIM: 2.9 mV. 
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#2. 30 °C pulse discharge experimental tests and corresponding parameter 

training results.  

 

Figure 46 Comparison of the two PIM methods using the 1% & 5% SoC pulse discharge data 

at 1C (90A) with a 120minutes relaxation period at 30 °𝐶 (a): Experimental data & battery 

voltage fitting results for PIM without switching and switching PIM  (b) modelling error: 

Overall RMSE: PIM without switching: 1.8mV; Switching PIM: 3.1mV, Under load phase 

RMSE: PIM without switching: 6.7mV; Switching PIM : 3.3 mV. 
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#3. 40 °C pulse discharge experimental tests and corresponding parameter 

training results.  

Figure 47 Comparison of the two PIM methods using the 1% & 5% SoC pulse discharge data 

at 1C (90A) with a 120minutes relaxation period at 40 °C (a): Experimental data & battery 

voltage fitting results for PIM without switching and switching PIM (b) modelling error: 

Overall RMSE: PIM without switching: 1.6mV; Switching PIM: 2.8mV, Under load phase 

RMSE: PIM without switching: 8.4mV; Switching PIM : 6.9 mV. 
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4.7.2. 10 °C, 30 °C and 40 °C constant current discharge experimental 

tests and corresponding validation results. 

#1. 10 °C constant current discharge experimental tests and corresponding 

validation results. 

 

Figure 48 Comparison of the two PIM methods using the constant current discharge at 1C 

(90A) at 10 °𝐶 (a): Experimental data & battery voltage fitting results for PIM without 

switching and switching PIM (b) modelling error: Overall RMSE: PIM without switching: 

163.5mV; Switching PIM: 25.3mV. 
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#2. 30 °C constant current discharge experimental tests and corresponding 

validation results. 

 

Figure 49 Comparison of the two PIM methods using the constant current discharge at 1C 

(90A) at 30 °𝐶 (a): Experimental data & battery voltage fitting results for PIM without 

switching and switching PIM (b) modelling error: Overall RMSE: PIM without switching: 

118.5mV; Switching PIM: 21.6mV. 
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#3. 40 °C constant current discharge experimental tests and corresponding 

validation results. 

 

Figure 50 Comparison of the two PIM methods using the constant current discharge at 1C 

(90A) at 40 °𝐶 (a): Experimental data & battery voltage fitting results for PIM without 

switching and switching PIM (b) modelling error: Overall RMSE: PIM without switching: 

103.7mV; Switching PIM: 22.9mV. 
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4.7.3. 10 °C, 20°C, 30 °C and 40 °C OCV results 

 

Figure 51 Open-circuit voltage results at 10 °C, 20°C, 30 °C and 40 °C.  
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4.8. Interim conclusion  

A novel modified equivalent circuit model and parameter identification method is presented 

which takes into account the fact that many lithium ion batteries exhibit different time 

constants during underload operation compared to relaxation. The model switches between 

RC values for different current profiles. This is particularly pronounced in the large prismatic 

with lithium iron phosphate cathode studied in this chapter but is also seen at the extremes of 

SOC in other lithium ion batteries, particularly at low SOC where state estimation can be 

particularly difficult yet even more important. The approach presented in this thesis 

demonstrates significant improvements over a conventional equivalent circuit model without 

switching time constants. The work should be of interest to application engineers, battery 

management system developers, and control engineers. 

Further, this chapter shows that an inevitable requirement for a good parameter identification 

method, especially for highly thermally dynamic operations. This chapter serves as a critical 

role for the next chapter, which presents the discretised Electro-thermal ECM modelling for 

the Li-ion battery. The quality of the PIM leads to the accuracy of the lost power, therefore 

the heat generation rate inside each thermal element within the model. The understanding of 

the PIM in this chapter builds great fundamentals for ECM modelling.     
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5. CCCSurf technique on LFP cell and corresponding 

Discretised ECM modelling 

5.1. Introduction 

Chapter 5 is based on the journal publication by Xiao Hua, Claas Heckel, Nils Modrow, 

Cheng Zhang, Alastair Hales, Justin Holloway, Anmol Jnawali, Shen Li, Yifei Yu, Melanie 

Loveridge, Paul Shearing, Yatish Patel, Monica Marinescu, Liang Tao, Gregory Offer. ‘The 

Prismatic Surface cell cooling coefficient: a novel cell design optimisation tool & thermal 

parameterisation method for a 3D discretised Electro-Thermal Equivalent-Circuit Model 

‘under review in Journal of eTransportation. As described in detail in section 1.4 in the 

Chapter 1. 

As detailed in the literature review and previous chapters, a novel metric (CCC) to evaluate 

the cell’s capability to be thermally managed is needed. Also, with the developed ECM 

parameterisation method presented in chapter 4, a precise loss power could be delivered to 

thermal model, forming a good electro-thermal simulation network. Such model that embeds 

with CCC as a key boundary condition could understand more about thermal management of 

large format prismatic lithium ion batteries, which is challenging due to significant heat 

generation rates, long thermal ‘distances’ from the core to the surfaces and subsequent 

thermal gradients across the cell.  

In this chapter, the application of CCC has been introduced to prismatic cells with a 90Ah 

prismatic lithium iron phosphate cell with aluminium alloy casing. Further, a parameterised 

and discretised 3-dimentional electro-thermal equivalent circuit model is developed in a 

commercially available software environment, Dymola. The model is thermally and 

electrically validated experimentally against data including drive cycle noisy load and 

constant current CCC square wave load, with particular attention paid to the thermal 

boundary conditions. A quantitative study of the trade-off between cell energy density and 

surface CCC, and into casing material selection has been conducted here. The CCC enables 

comparison between cells, and the model enables a cell manufacturer to optimise the cell 

design and a systems developer to optimise the pack design. It is recommended this is done 

together holistically. This chapter offers a cost-effective, time-efficient, convenient and 

quantitative way to achieve better and safer battery designs for multiple applications.             

This chapter answers following research questions: 
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1. Could the CCC metric be capable of providing better thermal gradient 

understanding for large format LFP prismatic cells? 

2. Could the discretised Electro-thermal ECM model have developed together with 

embedded CCC boundary conditions be used for cell optimisation?    

3. Could changes in cell configuration affect the large format LFP prismatic cells 

thermal behaviours? And decrease the difficulties of thermal management for such 

large format cells? 

5.2.  Backgrounds 

The thermal management system (TMS) is a critical sub-system of an electric vehicles (EVs) 

design. Firstly, if a LIB generates more heat than can be dissipated this can lead to thermal 

runaway. [84,199] Secondly, large temperature deviations can cause accelerated degradation 

and/or require de-rating of performance. [22,200,201] A TMS clearly cannot be avoided. 

However, thermal management will cause a thermal gradient across a LIB due to the finite 

and anisotropic thermal conductivity.[202] This combined with the strong temperature 

dependence on the impedance means different layers/regions will have different values of 

impedance. As a consequence, current inhomogeneities are caused which exacerbate the 

thermal gradients in a positive feedback mechanism.[21] Such thermal inhomogeneities 

caused by different thermal management methods (e.g. surface cooling or tab cooling) can be 

a significant contributor towards accelerated LIB degradation. [108,203]  

TMSs broadly fall into two categories, convective air cooling and conductive liquid cooling. 

Nowadays, air cooling is restricted to low discharge rate applications, as high volumetric heat 

generation limits the usage of air-cooling. [105,204,205] Cooling can also be applied to 

different cell thermal interfaces, such as tabs, side surfaces or bottom surfaces. With the 

current generation of cell designs, surface cooling is typically the only feasible cooling 

method for most automotive applications, due to the high heat rejection rates achievable. 

[206–209] For simplicity, the majority of the TMS designs cool only one side of the cell, in 

order to achieve higher pack level performance. [210,211] 

To understand and study the importance of TMS design on LIB performance, models are 

required. A robust LIB model should be able to capture both the voltage and thermal response 

of the battery. Multi-node 2D/3D electro-thermal coupled equivalent circuit models (ECM) 

are often chosen for their capability of predicting the internal current and thermal 

inhomogeneities within LIBs. [108,212] They are easier to implement and easier to 
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parameterise compared to physics based models, and require less computational power to 

scale from a lumped cell model to a multi-dimensional model [108] as pioneered by 

Newman, Tiedemann et al and others.[109,110,146] Parameterisation is critical for good 

accuracy and can be achieved through simple pulse discharging (PD). [112,128,136] Two 

reviews of ECM models are recommended for further reading.[190,191] Previous work by 

some of the authors used an ECM model as a design tool, which showed that increasing cell 

tab width, thickness and position could significantly improve the performance of a LIB pouch 

cell.[62]     

In the same way that volumetric energy density is defined by a single metric, Wh.L-1, when 

designing a cell, it is useful to have a single comparable metric to compare how easy it is to 

thermally manage a cell. The Cell Cooling Coefficient (CCC), with units of W.K-1 was 

introduced by Hales et al. in response to this need. It describes the rate of heat transfer that 

will occur due to the thermal gradient from the hottest point of a cell and its cooled surface, 

whilst it is generating heat throughout its volume. The CCC is a new cell evaluation standard 

for quantifying the rate of heat rejection. [202,203] A cell will have a different CCC for each 

surface that can be managed, and each can be measured empirically without any internal 

knowledge of the cell. The CCC allows the comparison of different cell formats, geometries, 

sizes and chemistries experimentally, just like volumetric or specific energy density can be 

compared. Cell tab and cell surface cooling for pouch cells have been previously defined. 

[105,202]  

In this study, a large format prismatic Lithium iron phosphate (LFP) battery is examined. The 

prismatic form factor is favoured by some EV manufacturers due to its ease of manufacturing 

using a jellyroll design, and more robust packing assembly because of its metallic hard 

casing. [213] This study describes how to measure the CCC for a prismatic cell for the first 

time. The measured values are then compared to a discretised thermally coupled ECM. The 

three-dimensional discretised thermally coupled ECM is developed using ‘Dymola’ software 

in collaboration with Dassault Systèmes. The CCC experimental data provides a novel 

validation method in addition to the usual independent validation against realistic drive 

cycles.  

The ECM is then used as a design tool to explore how changes to the cell design affect the 

CCC. Various cell design choices including changing the casing materials (e.g. pure 

aluminium, aluminium alloy, steel, aluminium laminated film), and cell physical geometries 

(e.g. thickness) are evaluated. Such analysis enables a clear and quantifiable way of studying 
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the trade-offs between the volumetric energy density and specific energy with the CCC 

surface (CCCsurf) values and therefore the degree of difficulty implementing a TMS.  

 

5.3. Model Development  

5.3.1. Overview 

A three-dimensional (x,y,z) discretised electro-thermal ECM model is developed and 

implemented, which enables the simulation of cell internal states in all directions, including 

temperature distribution, current density and voltage response. A network of electric and 

thermal models represents the simulated battery, where the electric and thermal networks are 

exchanging the temperature and heat generated in each of the discretised volumes. The model 

is developed and implemented in Dymola [214] (Dynamic Modelling Laboratory), a tool for 

modelling and simulation of complex multi-domain systems. Dymola uses the object-

oriented, acausal and component-oriented modelling language, termed Modelica.[215,216] 

The Battery Library, a Modelica based library for the design of battery systems, builds the 

base for the development and implementation, while both Dymola and the Battery Library are 

commercial tools from Dassault Systèmes. 

 

5.3.2. Electric Model – Equivalent circuit model 

As shown in Figure 52., the electric model is a network of parallel-connected ECMs, where 

each ECM consists of a voltage source, representing the open-circuit voltage (OCV) 𝑈oc, a 

serial resistor 𝑅 and two R-C branches connected in series. The resistors are described by 

Ohm’s law in Eq1, the capacitors are described by Eq 2 and the cell terminal voltage is given 

by Eq 3: 

𝑈𝑖 = 𝑅𝑖 ∙ 𝐼𝑖  (1) 

𝐼𝑖 = 𝐶𝑖(𝑡) ∙
𝑑𝑈𝑖
𝑑𝑡

(2) 

𝑉𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 = 𝑈oc −∑𝑈𝑅𝐶

2

𝑗=1

− 𝐼𝑅 (3) 

Where 𝑉𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 is the cell terminal votlage, 𝐼 is the applied current and 𝑈𝑅𝐶 is the voltage 

loss at each R-C branch. 𝑈𝑖, 𝑅𝑖, 𝐼𝑖 and 𝐶𝑖 is the voltage, resistance, current and capacitance 
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values for each individual component 𝑖 respectively within the ECM networks.  

 

 

Figure 52 (a)Electrical Model demonstration, in three dimensional, (x, y, z), (b)Battery 

equivalent circuit model with 2 R-C branches. 

 

All components of the ECM use lookup tables with state of charge (SoC) and temperature 𝑇 

as inputs. The SoC is calculated from the ECM current 𝐼𝐸𝐶𝑀 and the nominal capacity 𝐶𝑛𝑜𝑚 

of the ECM:  

𝑆𝑜𝐶 = 𝑆𝑜𝐶(𝑡 = 0) +
1

𝐶𝑛𝑜𝑚
∫𝐼𝐸𝐶𝑀𝑑𝑡 (4) 

The total heat flow generated by each ECM 𝑄̇𝑙𝑜𝑠𝑠 is contributed from the reversible heat 

generation 𝑄̇rev and irreversible heat generation 𝑄̇irr: 

𝑄̇𝑙𝑜𝑠𝑠 = 𝑄̇irr + 𝑄̇rev (5) 

The irreversible heat is calculated from the open circuit voltage 𝑈𝑂𝐶 and the current 𝐼𝐸𝐶𝑀 and 

the voltage 𝑈𝐸𝐶𝑀 of each ECM element, while the reversible heat is calculated from the 

derivative of the open circuit voltage with respect to the temperature. The state of charge 
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dependent derivative is adopted from [213] where it was measured on a similar chemistry. 

This reversible heat is caused by the entropy changes in electrodes at different SoC, where 

the CCC validation only generate heat at a single SoC point. The entropic heat generation 

cancel each other when the input current is a switching square wave, therefore the value from 

literature is taken to simplify the development procedure. The sum of the irreversible and 

reversible heat leads to the total heat flow generated by each ECM as described by Eq 6-8:  

𝑄̇irr = (𝑈𝐸𝐶𝑀 − 𝑈𝑂𝐶) ∙ 𝐼𝐸𝐶𝑀 (6) 

𝑄̇rev = 𝐼𝐸𝐶𝑀 ∙ 𝑇 ∙
𝜕𝑈𝑂𝐶
𝜕𝑇

(7) 

𝑄̇𝑙𝑜𝑠𝑠 = (𝑈𝐸𝐶𝑀 − 𝑈𝑂𝐶) ∙ 𝐼𝐸𝐶𝑀 + 𝐼𝐸𝐶𝑀 ∙ 𝑇 ∙
𝜕𝑈𝑂𝐶
𝜕𝑇

(8) 

The electrical properties are assumed to be homogenous throughout the entire cell. This 

allows scaling of the resistances and capacitances from cell level to each ECM for nth ECMs 

by: 

𝑅𝐸𝐶𝑀 = 𝑛 ∙ 𝑅𝑐𝑒𝑙𝑙 (9) 

𝐶𝐸𝐶𝑀 =
𝐶𝑐𝑒𝑙𝑙
𝑛

(10) 

where 𝑅𝐸𝐶𝑀, 𝐶𝐸𝐶𝑀, 𝑅𝑐𝑒𝑙𝑙 and 𝐶𝑐𝑒𝑙𝑙 are the ECM resistance & capacitance and unit cell 

resistance and capacitance respectively.  

 

5.3.3. Thermal Model 

As shown in Figure 53 (a)., the thermal network consists of several thermal elements. The 

cuboid element has a few subcomponents, including the jellyroll element and the casing 

element for all 6 sides. The number of elements in x, y and z direction can be determined by 

setting the corresponding model parameters. The edge lengths of the elements are uniformly 

adjusted according to the overall length of the cell dimensions and to the selected degree of 

discretisation. 

The basic thermal elements are modelled according to the finite volume method (FVM). 

Their heat capacity 𝐶 is assumed to be concentrated in the centre. It is calculated according to: 

𝐶 = 𝑉 ∙ 𝜌 ∙ 𝑐𝑝 (11) 

where 𝑉 is the volume of the element, 𝜌 is the density of the element and 𝑐𝑝 is the specific 

heat capacity of the element.  
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The material properties are assumed to be constant over temperature as the temperature range 

in which the model is used is relatively small. In Figure 53 (a)., the heat 𝑄̇𝑐𝑜𝑛𝑑 is conducted 

in all three dimensions in the form of 1D heat conduction between its centre and the 

according side faces (essentially 6 directions for a cuboid element): 

𝑄̇𝑐𝑜𝑛𝑑 = 𝑘 ∙
𝐴

𝑥
∙ ∆𝑇 (12) 

where 𝑘 is the thermal conductivity of the element, 𝐴 is the cross-sectional area of the 

element, 𝑥 is the distance of the heat conduction range of the element and ∆𝑇 is the 

temperature difference at both end at the heat conduction of the element. Therefore, the heat 

balance of the basic thermal element is described by Eq 13 and Eq 14: 

𝐶𝑐𝑐,𝑖
𝜕𝑇

𝜕𝑡
=∑𝑄̇𝑐𝑜𝑛𝑑_𝐶𝐶,𝑖

6

𝑖=1

(13) 

𝜌𝑖𝑐𝑝,𝑖
𝜕𝑇

𝜕𝑡
=∑𝑘𝑖𝐴

𝜕𝑇

𝜕𝑥

6

𝑖=1

(14) 

where 𝐶𝑐𝑐,𝑖 is heat capacity of current collector elements, 𝑄̇𝑐𝑜𝑛𝑑_𝐶𝐶,𝑖 is the heat conduction 

rate of current collector element in 𝑖 direction.  

As shown in Figure 53 (a)., the jellyroll consists of layers of positive & negative current 

collectors and electrochemical elements that are alternately connected to each other in the z-

direction. The number of layers of electrochemical elements in z-direction equals the desired 

discretisation in z-direction (𝑛𝑧). Since the first and the last layer of the jellyroll model is a 

pure current collector layer, there are 𝑛𝑧 + 1 current collector layers.  



Xiao Hua 2020  Ph.D. Thesis 

138 

 

 

Figure 53 (a)Thermal Model demonstration of electrode stack, in three dimensional, (x, y, z), 

(b) Cell level Thermal Model schematic, in three dimensional, (x, y, z) 

 

The electrochemical cell element consists of the anode, the cathode and the separator. The 

electrode stack is assumed as a single homogeneous mixture of materials. An assumption is 

made in the thermal connection here: as the thermal conductivity of the electrochemical cell 

elements are relatively small in comparison to the current collectors, the heat conduction in-

plane for the electrochemical cell elements is assumed to have negligible influence on the 

thermal behaviours and is therefore ignored.       

Therefore, besides from Eq 13 & 14, another thermal balance equation is implemented in the 

thermal network, where the heat is only conducted between the electrochemical cell elements 



Xiao Hua 2020  Ph.D. Thesis 

139 

 

and current collector elements. This simplification reduces the total number of the heat 

transfer equations to be solved, and therefore, an optimised simulation performance with less 

required computational force is achieved. The corresponding heat balance equation is 

described as in Eq 15 & 16: 

𝐶𝑐𝑒𝑙𝑙,𝑖
𝜕𝑇

𝜕𝑡
=∑𝑄̇𝑐𝑜𝑛𝑑_𝑐𝑒𝑙𝑙,𝑖

2

𝑖=1

+ 𝑄̇𝑙𝑜𝑠𝑠 (15) 

𝜌𝑖𝑐𝑝,𝑖
𝜕𝑇

𝜕𝑡
=∑𝑘𝑖𝐴

𝜕𝑇

𝜕𝑥

2

𝑖=1

+ 𝑄̇𝑙𝑜𝑠𝑠 (16) 

where the 𝑄̇𝑙𝑜𝑠𝑠 is the heat generated by the electrical model, therefore coupling the electrical 

model network with the thermal model network. 𝐶𝑐𝑒𝑙𝑙,𝑖 is heat capacity of electrochemical 

cell elements, 𝑄̇𝑐𝑜𝑛𝑑_𝐶𝑒𝑙𝑙,𝑖 is the heat conduction rate of current collector element in 𝑖 

direction. 

The heat balance has an additional heat flow rate 𝑄̇𝑙𝑜𝑠𝑠 added because every electrochemical 

cell element has an associated ECM element in the electrical model. Information is 

exchanged between these pairs of elements. The ECM element calculates the amount of heat 

generated in the corresponding part of the cell and this information is passed on to the 

thermal element. The temperature of the thermal element, in turn, is passed to the ECM and 

interacts with the calculation of the internal resistance and thus the heat generation. 

In Figure 53 (b)., the electrochemical cell elements of the jellyroll are only in thermal contact 

with the current collectors, where it is not directly connected to the casing. The casing 

elements are connected to the current collectors, respectively. Like the actual cell, the pins 

have a cylindrical shape, where the heat conduction is modelled through FVM in y-direction. 

The welding region is modelled here, as a connection between the pins and the current 

collectors, where the welding electrical counterpart is used to calculate the heat generation of 

the welding. The ohmic resistance of the welding regions are considered constant, which is 

independent of the operating temperatures. The pins are located at the same end of the cell, 

and are not directly connected to the casing as there is electrical insulation and therefore 

thermal insulation between the pins and the casing. The welding regions are connected to the 

inner half of the corresponding current collectors, like the actual cell configuration.   

As listed in Table 5 & Table 6, the thermal conductivities and the heat capacities of the 

current collectors, the casing material and the pin models are calculated based on the 

geometric measurements of the thermal elements, and material properties from 

literature.[58,62,108,203] The thermal conductivity and the specific heat capacity of the 
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electrochemical elements, on the other hand, have been determined using parameter fitting, 

where the test bench has been rebuilt in Dymola, which is described in section 3.2. The fitted 

thermal parameters are based on original electrode stack parameters from literature [108,111], 

where Kim et al. and Zhao et al. considered the positive/negative electrode material and 

separator independently. Here, the electrode stack has been considered as a single thermal 

element in each discretised thermal element, therefore a fitting algorithm is necessary to 

validate the parameter. The fitted thermal conductivity & heat capacity of electrode stack are 

close to the values in the literature, with same order of magnitude. The measured current, 

voltage and temperature signals, including the ambient temperature signal, are imported into 

the model. The current and ambient temperature signals are used as boundary conditions 

during the simulation, while the measured cell surface and pin temperatures are used for 

comparison with the corresponding signals of the cell model and thus to calculate the 

optimisation objective. This model, converted to a Functional Mock-up Unit (FMU) [217], is 

used in a Python script to determine the optimal material values of the electrochemical cell 

elements. To run the FMU the python package FMPy [218] is used. For the parameter 

optimisation the differential evolution algorithm from the package scipy.optimize is 

used.[219] It is assumed that the fitted material data take into account the cell-internal heat 

transfer resistances and therefore do not need to be considered separately. 

 

Material Thermal 

conductivity 

[W/(mK)] 

Density 

[kg/m³] 

Specific heat 

capacity 

[J/(kgK)] 

Comment 

Aluminium, 

pure 

180 2700 910 From [58,203], used for 

current collectors 

Aluminium, 

Alloy 

77 2700 910 Fitted, used for casing 

Copper 398 8960 385 From [58,62,108,203], used 

for current collectors 

Brass (CA121) 123 8470 380 From [105,202], used for 

busbars 

Jellyroll 

(Anode + 

Separator + 

Cathode) 

0.164 1900 693 Density: datasheet from cell 

manufacturer  

Thermal Conductivity & 

spec. heat capacity: fitted 

based on [108,111], used for 

electrochemical cell 

Table 4 Material properties used in the thermal model. 

 

 



Xiao Hua 2020  Ph.D. Thesis 

141 

 

Component Thickness (of one layer) [mm] Comment 

Neg. current collector 0.0154 Number of layers = 52 

Pos. current collector 0.0195 Number of layers = 52 

JR layer (Anode, 

Separator, Cathode) 

0.3216 Number of layers = 103 

Casing 0.779  

Neg. welding 26 * 0.0154  

Pos. Welding 26 * 0.0195  

Table 5  Cell component dimensions, measured from cell dismantling experiment 

5.4. Experimental  

5.4.1 ECM parameterisation experiments 

The ECM parameterisation experiments are identical to the tests in the Chapter 4, including 

ambient temperatures set-up, thermal chamber, battery cycler, pre-cycle set-up, testing profile 

and thermal insulation condition set-up. The surface temperature and the cell pin 

temperatures (TC_C1- C5 & TC_P1-P2) are measured using the same data recording method.  

 

Figure 54 Parameterisation experiments & Drive cycle experiment testing rig demonstration 
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The pulse discharge tests were carried out to generate data for the ECM parameter 

identification in this work. The test involves repetitions of a constant current discharge pulse 

at 1C (90A) followed by a resting period of 2 hours. This process starts from 100% SoC and 

finishes till the voltage reaches 2.5V. The SoC step length is 1% (9Ah) for 0% -10%, 90% - 

100% SoC, and 5% (4.5Ah) for 10% - 90%. The current input and the corresponding voltage 

response are shown in Figure 42 in chapter 4.  

The model training results are given in Figure 42 in chapter 4. The 10 °C, 30 °C and 40 °C 

experimental data, model training results, the detailed parameter identification procedure, a 

detailed data analysis and mathematical equations are given in the chapter 4. 

5.4.2. Adiabatic condition validation experiment: Drive cycle 

On the same testing rig, as shown in Figure 54., the model and the parameters (both electrical 

and thermal parameters) are validated against a bespoke noisy load based on the US06 drive 

cycle current profile but with an enlarged average current value and extend test time. The 

Figure 56. in section 5.5.1 demonstrates the current profile examined, the measured and 

simulated voltage and cell surface temperature responses, respectively. The cell was pre-

charged to 100% SoC, with a 1C (90A) CC-CV charge.   

5.4.3. Cell cooling coefficient experiments 

A same but brand new cell (same manufacturer & same batch) is investigated in this section. 

A schematic of the experimental testing rig used for the CCC experiments is shown in Figure 

55. The cell pins are connected with 2 brass busbars and sit within the bottom insulation shell. 

All the thermocouples attached to the testing rig were adhered using thermal epoxy (1.22 

W.m-1K-1), unless specifically stated. Temperature mesurements were recorded using 4 Pico 

Technology data loggers (Model: TC-08) with K-type thermocouples. The entire testing rig 

sat on the bottom shelf of a thermal chamber (Binder, model KB400), with forced convective 

air control. One end of each brass busbars is connected to the cell, using ring terminals. On 

the other end, the busbars are connected to the battery cycler (Maccor, Model: Series 4000) 

with ring terminals attached to 2 copper wires (insulated copper wires with a radius of 7.5 

mm) accordingly. At both ends of the brass busbars, the set-up was tightened using set screws, 

to a 12 Nm with a torque wrench. This configuration set-up was found to minimise electrical 

resistance. In the results and discussion section, the featured model still considers the extra 

electrical resistance caused by the set-up.  
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Figure 55 Experimental testing rig for Cell Cooling Coefficient tests and thermocouple 

locations for the cell. 

 

There are 4 thin-leaf K-type TCs (TC 6-8) placed on the top surface and held in place with 

thermally condictive kapton tape. TC 6-8 had a thickness of just 50 μm and a width of 3.2mm. 

Such small thickness ensures a flat and even contact between the aluminium base plate and 

the cell. There is also a layer of 0.5 mm thick thermal interface gel (8 W.m-1K-1) between 

these 2 interfaces for an improved consistency. The TC 1-4 were adhered to the bottom 

surface of the cell.  

The top and bottom aluminium plates are identical, with the same surface area as the cell 

(200.5 x 130.3 mm), and a thickness of 19 mm. These aluminnium plates (Aliminium alloy 

6082T6) have a high thermal conductivity (180 W.m-1K-1), which ensure a uniform cell 

surface temperature and uniform heat distribution through 6 fins. The 6 brass fins were 

adhered into the base and top plates slots (5mm), with a length of 90 mm individually. 

Therefore, the adjacent faces of the top and base aluminium plates are 80 mm away from 

each other. Each cell side TC ( TC_F1-6) are located 65 mm from its corresponding control-

side TC (TC_F7-12).  
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The insulation material used was milled Styrofoam (0.033 W.m-1K-1), to ensure a purely 

conductive system bounded by the insulation’s exposed faces. The Peltier elements (PE) were 

attached and adhered to the top surface of the top aluminium plate as well as the top end of 

the brass busbars. PE were used to set the control temperature of the system. The PE on the 

aluminium cooling plate maintain a consistent thermal boundary condition. The PE on the 

busbars aim to match the cell temperature, in order to minimise heat transfer along the 

busbars (i.e. avoidable errors). Unavoidable heat loss through the insulation, wires, 

gaps/holes for wires was minimised but accounted in the simulation and data analysis.   

The experimental procedure is based on previous work. [105,202] where the cell underwent a 

square wave pulsing current profile for heat generation, with a zero average current input. 

Therefore the SoC of the tested cell oscillates within a narrow range around a constant of 

50%. A total of 6 current magnitude are tested in this study, which induced varying rates of 

heat generation in the tested cell. The current magnitudes are 0.67 C (60A), 1C (90A), 1.11C 

(100A), 1.22C (110A) and 1.33C (120A). 

The cell was rested for 16 hours, to ensure a thermal equilibrium at control temperature. The 

controlled temperature Tcon is applied to the top aluminium plate. The thermal chamber is 

held at Tcon to minimise the variance of the insulation losses. The OCV of the tested cell was 

measured at beginning and end of each test at the controlled temperature, which ensures there 

was no SoC change after each test. Also, at the end of each test, there is a capacity check to 

ensure there was no noticeable degradation to the tested cell. The test procedure is detailed 

below:   

1. 16 hours rest, to ensure thermal equilibrium at Tcon across entire testing rig 

2. Square wave current pulsing at 1 Hz, centred around zero and with test specific current 

magnitude, for 6 hours. The time duration of each CC charge and discharge within the 

square wave is 5 seconds   

3. 2 hours rest to reach consistent thermal conditions prior to capacity check 

4. 1C (90A) CC-CV charge to 3.65 V with a C/50 (1.8A) cut-off, flowed by 2 hours rest 

5. 1C (90A) CC discharge to 2.5 V, followed by 2 hours rest 

6. 1C (90A) CC-CV charge to 3.65 V with a C/50 (1.8A) cut-off, flowed by 2 hours rest 

7. 1C discharge to 50% SOC, followed by a 2 hours rest  
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5.5. Results and discussion 

5.5.1. Adiabatic condition validation 

The boundary conditions detailed in section 5.4.2 & 5.4.3 were reproduced in the simulation, 

with a cell discretisation of L4 x W6 x T8 (192 nodes). Detailed modelling boundary 

conditions are attached in the Appendix 2. In Figure 56a., the input current is shown, Figure 

56b. and 56c. demonstrate the corresponding measured & simulated terminal voltage data and 

simulated results. For the electrical model, a good alignment between experimental data and 

the simulated results is shown, which delivers an overall RMSE of 8mV. The large error 

spikes at time step of 2500s (29.81 mV) and 3400s (23.97 mV) are from long resting periods 

with no current input. The priority of this work was accuracy under load, when heat is 

generated, to validate the discretised thermal model. Therefore, the electrical model is 

considered acceptable.  

Figure 57a. & 56b. present the measured and simulated cell surface thermal behaviours, 

specifically at the cell surface centre and the cell positive & negative terminals (TC_C1, 

TC_P1-P2 in Figure 54.). It is shown that across the entire cell surface, the model is able to 

capture the temperature distribution well with a RMSE of 0.16 °C, 0.38 °C and 0.99 °C at 

cell surface centre, cell positive terminal and negative terminal, respectively. The results 

indicate that the overall cell stack heat capacity (together with the insulation and power 

cables) simulated in the model matches well with the experimental set-up. Therefore, the 

model is considered acceptable for implementing the more dynamic thermal analysis for the 

CCC. 
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Figure 56 Validation results for adiabatic condition, where a RMSE of cell terminal voltage 

of 8mV is achieved: (a) Input Current, (b) Terminal Voltage: Experimental data vs model 

simulation, (c) Delta voltage error between simulation and experimental data. 
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Figure 57 Validation results for adiabatic condition, where the cell surface temperature 

RMSE of 0.16 °C, positive pin temperature RMSE of 0.38 °C and negative pin temperature 

RMSE of 0.99 °C are achieved: (a) Cell surface centre temperature Experimental data vs 

model simulation, (b)Cell terminal temperatures Experimental data vs model simulation, (c) 

Delta temperature error between simulation and experimental data for (a) and (b). 

 

 

 

 

 

 



Xiao Hua 2020  Ph.D. Thesis 

148 

 

With the benefits of 3-dimensional modelling, the ability to investigate thermal gradients in 

different directions is achieved. Figure 58a. & 58b. describe the 2D internal temperature 

profiles shown in Figure 59. & Figure 60. accordingly. Figure 59 presents the thermal 

distribution of the central jellyroll layer (e.g. x-y axis). At the beginning of the drive cycle, 

the cell is fully charged and reaches thermal equilibrium at 20 °C. While the cell underwent 

the drive cycle input current, the entire internal temperature level rises while the hottest 

region gradually evolves near the top part of the cell, as indicate in Figure 59b. This large 

amount of heat is generated from the large value of current load through the internal 

resistance of the cell terminal & power cables. At the end of the drive cycle shown in Figure 

59c., the heat is generated, accumulated and propagated to the centre of the cell. In Figure 60, 

the cross-sectional thermal distribution (e.g. x-z axis) is demonstrated. Similar phenomena 

are overserved here, where the hottest region is the centre of the jellyroll. However, the 

largest thermal gradient is less than 0.2 °C in such near adiabatic condition. In the CCC 

analysis, larger thermal gradient is artificially generated for a better understanding of thermal 

management under more aggressive operating conditions.  

 

 

Figure 58 Cell internal state domain & simulation domain demonstration: (a) x-y axis 

interface, (b) x-z axis interface 

 

 



Xiao Hua 2020  Ph.D. Thesis 

149 

 

 

Figure 59 Simulation results for adiabatic condition, cell internal temperature distribution in 

x-y axis domain (a) at beginning of the drive cycle, where t = 0 s, (b) at middle of the drive 

cycle, where t = 1707 s, (c) at end of the drive cycle, where t = 3414 s 
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Figure 60 Simulation results for adiabatic condition, cell internal temperature distribution in 

x-z axis domain (a) at beginning of the drive cycle, where t = 0 s, (b) at middle of the drive 

cycle, where t = 1707 s, (c) at end of the drive cycle, where t = 3414 
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5.5.2. Cell cooling coefficient validation  

The cell has been tested using CCC square wave heat generation testing procedure, using 

currents from 45A to 120A, while the model has been amended into the same boundary 

conditions as showed in Figure 55. The inputs for the model include as follows: input current 

recorded from the battery cycler, the ambient temperature of the thermal chamber, the 

controlled temperature at the aluminium top plate and the loss to the environment of the cell 

heat generation, due to the imperfect insulation. 

The apparatus is characterized in the same method as the previous works, achieving a 76.3% 

efficiency of desired heat pathways compared to undesired. [105,202] This is significantly 

lower than previous measurements for a pouch cell with smaller surface area (94.6% for a 

5Ah Kokam High Power Pouch cell SLPB11543140H5 [105], based on similar apparatus 

with a smaller size). This is because the large surface area and the higher thermal 

conductivity of the metallic casing of prismatic cells introduces significantly larger undesired 

losses. However, these losses can still be accounted for. In this work, low currents were used 

to reduce the heat generation rate, and therefore achieve a more precise heat generation rate 

captured through the brass fins.      

In Figure 61, the experimental data and simulation results for the voltage response for the 

pulsing current are presented, with a good match between measured and simulated values 

where a RMSE of 2.6 mV is achieved. As mentioned in the parameterisation section in the 

supplementary material A, the underload RC network parameters deliver good fitting for the 

test like CCC (pure constant current underload), as the focus of this work is essentially on the 

estimation of loss power generation, and therefore heat generation.    

In Figure 61c., the shrinking voltage range over time is due to the relationship between the 

cell internal resistance and temperature. As the heat generation pulsing test is ongoing, the 

average temperature of the cell increases, decreasing cell internal resistance. As a result, the 

voltage operating range decreased. After a certain amount of time (e.g. 20000 s), the cell 

reached the thermal steady state, where the cell average temperature, cell internal resistance 

and the voltage operating range stabilised. (Please note, for all the results in Chapter 5, the 

switching RC functioning parameterisation method is used, as for specific RC values for 

underload and relaxation differently, E.g. the CCC uses only the underload training results of 

RC values while the model developed in this chapter doesn’t support switching look-up table 

functions ) 
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Figure 61 Validation results for CCC Pulsing heat generation tests at 90A, where a RMSE of 

cell terminal voltage of 2.6mV is achieved: (a) Input Current, (c) Terminal Voltage: 

Experimental data vs model simulation, (e) Delta voltage error between simulation and 

experimental data; (b), (d) & (f) are the zoomed segment of data from Time = 19940 s to 

20110 s for (a), (c) & (e) respectively. 

 

Determination of the CCC metric requires that the rate of heat generation within the cell is 

equivalent to the heat rejection from the cell when the system reaches its thermal steady state. 

Further, another critical assumption has been made in this work, based on previous published 

work[105], that the convective heat transfer is negligible within the apparatus. The airflow 

within the system (around the cell) was eliminated by the insulation, making this assumption 

justified. This boundary condition has been set into the model as well.  

The average cell surface back and front temperature 𝑇̅𝐵𝑎𝑐𝑘 and 𝑇̅𝐹𝑟𝑜𝑛𝑡 can be calculated in Eq. 

17 and Eq. 18:  

𝑇̅𝐵𝑎𝑐𝑘 = 
𝑇𝑇𝐶1 + 𝑇𝑇𝐶2 + 𝑇𝑇𝐶3 + 𝑇𝑇𝐶4 

4
 (17) 
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𝑇̅𝐹𝑟𝑜𝑛𝑡 = 
𝑇𝑇𝐶5 + 𝑇𝑇𝐶6 + 𝑇𝑇𝐶7 + 𝑇𝑇𝐶8 

4
(18) 

The temperature difference across the cell, ∆𝑇𝐶𝑒𝑙𝑙, is the difference between mean back 

surface temperature with the mean front surface temperature:  

∆𝑇𝐶𝑒𝑙𝑙 = 𝑇̅𝐵𝑎𝑐𝑘 − 𝑇̅𝐹𝑟𝑜𝑛𝑡 (19) 

Equation 20 and 21 summarise the rate of heat transfer through each fin (1-6), and the sum of 

the heat rates from all the fins delivers the conductive heat transfer through the front surface 

of the cell, 𝑄̇𝑆𝑢𝑟𝑓: 

𝑄̇𝑓𝑛 = 
𝑘𝑓𝑛

𝑥𝑓𝑛
× 𝐴𝑓𝑛 × ∆𝑇𝑓𝑛, 𝑛 = 1 − 6 (20) 

𝑄̇𝑆𝑢𝑟𝑓 = ∑ 𝑄̇𝑓𝑛

𝑛=1

6

(21) 

The ratio of the front surface heat transfer rate with the thermal gradient across such cell 

defines the cell cooling coefficient for single surface cooling, 𝐶𝐶𝐶𝑠𝑢𝑟𝑓: 

𝐶𝐶𝐶𝑠𝑢𝑟𝑓 = 
𝑄̇𝑆𝑢𝑟𝑓

∆𝑇𝐶𝑒𝑙𝑙
(22) 

There is a good fit overall for the entire experiment, in both transient and steady state region. 

The model quantitatively simulated the heat generation as well as the temperature gradient of 

the tested cell. Figure 62 & 63. demonstrates the experimental and simulated thermal results 

for the 90A CCC test. The temperature gradient generated from the testing apparatus is 

shown in Figure 62a. It is shown that with 1C charge and discharge pulsing rate, there is a 

1.51 °C thermal gradient across the cell thickness in z-axis. The simulation and experimental 

results align well with each other with a RMSE below 0.4 °C for both surfaces. The thermal 

gradient simulation shows a good fit of RMSE below 0.1 °C, which builds a foundation for 

an accurate CCC simulation. The CCC simulation shows a 0.4 W/K RMSE due to the 

relatively large error occur in the heat transfer rate simulation, where the RMSE of 𝑄̇𝑆𝑢𝑟𝑓 is 

0.49W.  
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Figure 62 Validation results for CCC Pulsing heat generation test at 90A, where a RMSE of 

cell front & back temperature of 0.33 °C & 0.39 °C are achieved, where the RMSE of the 

delta T of 0.082 °C is achieved: (a) Cell front and back temperature: Experimental data vs 

model simulation, (b) Delta temperature between cell front and back temperature: 

Experimental data vs model simulation, (c) & (d): corresponding error plots for (a) & (b) 
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Figure 63 Validation results for CCC Pulsing heat generation test at 90A, where a RMSE of 

Q Surface of 0.49 W, A RMSE of CCC surface of 0.4 W/K are achieved: (a) Sum of the Q 

surface through brass fins: Experimental data vs model simulation, (b) CCC surface of the 

cell: Experimental data vs model simulation, (c) & (d): corresponding error plots for (a) & 

(b) 
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Figure 64 & 65 demonstrate the simulation domain & results for the internal thermal state of 

the 90A CCC experiments at time step of 25,000 s. The largest surface of the cell is attached 

to the CCC apparatus, where the heat rejection from the cell induces a thermal gradient across 

the cell thickness, z-axis. In Figure 65a, the model shows that an evenly distributed thermal 

gradient in the x-z domain has been simulated, with a validated ∆𝑇𝐶𝑒𝑙𝑙 above 1.5 °C. In 

Figure 65b, the model suggests that the region near the current collector welding points have 

the hottest operating temperature at thermal steady state. This is due to the large resistance of 

the welding, casing connection during manufacturing. The 4 control TCs and PEs on the 

busbar showed in Figure 55 aimed for a constant temperature at the busbar and therefore 

decreased the thermal gradient along the cell length to less than 1 K.  

 

 

Figure 64 Cell internal state domain & simulation domain demonstration: (a) x-z axis 

interface, (b) y-z axis interface 
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Figure 65 Simulation results for 90A CCC pulsing heat generation, cell internal temperature 

distribution at thermal steady state where t = 25000 s, in (a) x-z axis domain (b) y-z domain 

 

However, the effect of the cell terminals cannot be entirely eliminated and therefore can still 

be seen in the simulation domain, particularly as both cell terminals are located on the same 

side of the cell. The trade-off between the manufacturing/battery pack assembling 

convenience with a thermal gradient along the cell length is therefore apparent. A previous 

study conducted by Zhao et al. [62] showed that cell terminals on opposite sides will 

significantly lower the thermal gradient along the cell length.  

The simulated results of the internal thermal gradient suggest a similar logic, where the large 

format prismatic cells lead to large internal thermal gradients. Further, operating the cell at 

higher C rates lead to higher average operating temperature as well as higher thermal gradient 

across cell layers, which will therefore lead to accelerated degradation. Figure 66a 
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demonstrates the simulated internal thermal gradient across the cell thickness in z axis at 

various currents. Figure 66b. shows a good agreement of the ∆𝑇𝐶𝑒𝑙𝑙 between simulations and 

experiments, with an overall RMSE of less than 0.9 K. The relationship between the pulsing 

current and the delta T is almost linear in both simulations and experiments. 

 

Figure 66 Thermal gradient across cell surface in z-axis at 45A, 60A, 90A, 100A, 110A and 

120A (a): Simulation results of internal thermal gradient for CCC pulsing heat generation, 

(b)Delta average surface temperature: Simulation vs Experiment. 
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5.5.3. Cell cooling coefficient analysis and cell optimisation  

#1 Zero Ampere Cell cooling coefficient analysis  

In Figure 67, the experimental and simulated derived CCCsurf values at various currents are 

shown. An overall RMSE of 0.41 W/K is achieved. A linear trend is captured for both cases: 

the CCC is negatively proportional to the pulsing current. Also, one noticeable phenomenon 

is observed that, in the large value of input currents (e.g. 90A, 100A, 110A & 120A), the 

change in both simulated and measured CCC is small. The vertical error bars indicate the 

errors from experimental measurements of the K-type thermocouples (+ 0.01 K), which 

results in a larger error in the CCCsurf calculation when the Q surface is small (current input is 

small). 

 

Figure 67 The derived CCCsurf for all experimental tests and simulation, plotted against the 

pulsing input currents at 45A, 60A, 90A, 100A, 110A and 120A with error bars. A linear least 

square line of best fit in included for each dataset, where the point of interactions with 0A 

input current are marked. The RMSE of CCCsurf between experimental data and simulation is 

0.41 W/K, the 0A CCCsurf indicated a value between 2.04 to 2.18 W/K from experiments and 

simulation respectively. 
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Similar to a previous work [105], the hotter bottom layers of the cell, as shown in Figure 65, 

reject a certain amount of heat through the tabs. This reduces the heat flux through the 

electrode-stack from the bottom layers to the top layers & subsequently the cell top surface. 

Consequently, a reduced ∆𝑇𝐶𝑒𝑙𝑙 presents higher values of CCCsurf at lower input pulsing 

current (e.g. 45A & 60A). This explains the decreasing trends for both simulated and 

measured CCCsurf. Lower input pulsing current experiments achieved a higher value of 

CCCsurf, as the signal-to-noise ratio for higher current is high. This explains the different bias 

level & slopes of CCCsurf between simulated and measured data in Figure 67. As in the 

model, the busbars are considered as passive heat dissipation components, where there is no 

heat flux transmitted into the cell. This leads to a smaller influence of the simulated busbars 

and therefore reduced difference in CCCsurf magnitude in different C rates. 

The non-linearity of the insulation efficiency causes the different slopes of CCCsurf values in 

Figure 67. In all the CCC studies (including this one), the insulation efficiency is a single 

value which is used in various input currents and heat generation rates. In fact, larger heat 

generation causes a larger thermal gradient between the thermal chamber ambient 

temperature and the cell temperature, which leads to larger losses. This explains further why 

the simulation and the experiments deliver different slopes in CCC, as larger current 

experiment underwent a higher loss to the environment, where the simulation did not. A 

potential future work where a precise loss efficiency function is measured at different heat 

generation rates could be conducted to eliminate this issue.  

The error analysis is validated through the linear extrapolation towards 0A of input current. 

(here Matlab function ‘lsqlin’ is used), assuming there is no heat generation from all the 

components in the apparatus, which eliminates all the errors. Values of 2.18 W/K and 2.04 

W/K are captured for simulation and experiment respectively. These 0A CCCsurf values or in 

other words the ‘True CCCsurf’ represent the cell’s capability to be thermally managed, when 

external factors such as unwanted heat loss or ohmic heating at busbar contacts is eliminated. 

The model predicts the true CCCsurf value with a RMSE of 0.14 W/K. It suggests that the 

model enhanced the CCC analysis by simplifying the true CCC identification process, and 

validated the experimental true CCC analysis method proposed previously [105] Here, a 

reliable true CCC value for the target cell is achieved through implementing few key 

boundary conditions into the model, with reduced cost and time.  
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#2 Cell Optimisation 1: Casing material analysis  

By modifying a few of the essential cell parameters within the developed model (e.g. casing 

material, cell thickness), cell optimisation can be conducted. The CCCsurf can be used as the 

critical evaluation metric in order to redesign a cell for better thermal management.  

In Figure 68a, four casing materials are investigated using the same battery jellyroll electrode 

stack, meaning the same internal heat generation rate at same input CCC pulsing currents. 

The detailed casing material thermal parameters are introduced in Table 7.  

 

Figure 68 Cell optimisation: (a) The derived true CCCsurf of simulation using different 

casing materials (Aluminium Alloy, Steel, Aluminium laminated film, Duralumin and Pure 

aluminium) with the same internal jellyroll electrode stack; The derived CCCsurf of 

simulation at different cell thickness: (b) The CCCsurf values and cell energy density at 

different cell thickness values, (c)the derived cell energy density plots against CCCsurf per 

Cell Capacity. 

 

The Steel casing has the largest value of density, which leads to low casing material mass to 

the active material ratio. Consequently, steel plays a minor role in the prismatic battery 

manufacturing due to the low energy density compares with other lighter material. The 
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CCCsurf analysis demonstrates the effect of its low thermal conductivity, with a CCCsurf value 

of around 1.24 W/K. By contrast, both pure aluminium and duralumin (aluminium alloy with 

improved strength) delivers significantly better CCCsurf values, of 5.2 W/K and 4.1 W/K 

respectively. However, pure aluminium’s hardness is low compared to many alloy materials, 

making alloy materials a better choice for prismatic cell casing, which considers both 

mechanical safety and thermal management capability. For comparison purposes, aluminium 

laminated film was also simulated, providing a CCCsurf value around 1.45 W/K, which 

explains why pouch cells are typically far thinner than prismatic cells. These simulation 

results explain why a metallic casing for large format prismatic cells is necessary for thermal 

management, however it also provides ceiling on single cell energy density because of its 

weight. Therefore, a light, hard and with high thermal conductivity casing material is the 

ideal. The experimental validation of various casing material is out of this study’s scope but 

would be interesting future work.   

Casing Material Density 

[kg/m³] 

Thermal 

Conductivity 

[W/ (m.K)] 

Specific Heat 

Capacity 

[J/(kg.K)] 

True CCCsurf 

[W/K] 

Duralumin [220] 2770 177 875 4.1 

Pure Aluminium 

[62,220] 

2700 238 903 5.2 

Aluminium 

laminated film 

(0.112 mm) [62] 

2700 238 903 1.45 

Steel (1% C) [220] 7801 43 473 1.24 

Aluminium Alloy 

(existing design)  

2700 77 910 2.14 

Table 6 Thermal Properties for different casing material 

 

#3 Cell Optimisation 2: Cell thickness analysis 

Figure 68b & 68c demonstrate the relationship between cell thickness with cell energy 

density and cell CCCsurf. (Using existing design: Aluminium Alloy) In Figure 68b, it is shown 

that, with reduced thickness, the cell energy density decrease is close to being linear. This is 

due to the increasing surface area to volume ration; the prismatic surface area (i.e. the can 

material) which takes a larger proportion of the cell mass at low thicknesses. By contrast, the 

decreased cell thickness delivers enhanced CCCsurf values, due to the reduced number of 

layers of battery jellyroll, and therefore less temperature gradient across the cell thickness. In 

Figure 68c, the relationship between cell energy density and CCCsurf, normalised against 

capacity, is shown. There is an exponential decay in the normalised against capacity CCCsurf 
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versus cell energy density, showing that the trend towards thicker cells to achieve high energy 

density comes at the cost of large internal thermal gradients. This is not necessarily beneficial 

for OEMs nor the end users. Where is the optimum, is not known. The optimum will be a 

complicated function of cell design, how the cell is to be used, and thermal management 

system design. Hence, the development of a modelling tool capable of exploring these 

variables in this work, and the introduction of the CCC to be considered alongside energy 

density on the cell datasheet. 

For example, if the cell thickness is decreased from 36.5 mm to 18.36 mm, then the CCCsurf 

can be increased by 47% but at the cost of a 37% reduction in energy density. This may result 

in an increase in the pack level energy density if a more space and mass efficient thermal 

management system can be used. A detailed further experimental study on the various form 

factors of the cell could enhance and validate the above analysis, as a future work.  
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5.6. Interim conclusion 

The study uses the revolutionary cell cooling coefficient (CCC) as an evaluation tool, 

together with a 3D thermally coupled discretised ECM, to deliver quantitative insights into 

lithium ion battery design and interactions with thermal management systems. The detailed 

model configuration and model development contribution explanation are attached as 

appendices at the end of this thesis.   

The developed model is able to simulate the voltage and thermal responses for a given cell 

well. The RMSE of the voltage responses for drive cycle noisy load and constant current 

square wave load are 8 mV and 2.6 mV respectively. The thermal prediction for the noisy 

load across the entire cell surface and cell thickness is within 0.99 °C and 0.4 °C respectively. 

When simulating the surface Cell Cooling Coefficient, the RMSE for the thermal gradient 

across the cell thickness is below 0.09 °C and the RMSE for the empirically derived true 

CCCsurf is 0.14 W/K, and CCCsurf values of 2.04 and 2.18 W/K were measured 

experimentally and simulated respectively.   

The CCC, as a cell evaluation metric, is used as a thermal parameterisation tool within the 

developed model. This single parameter delivers information on how well the cell is designed 

for thermal management, by quantifying the thermal gradient required across the thickness of 

the target cell, through the cell surface.  

Here, for the first time, the relationship between the cell energy density and the ease of 

implementation for the thermal management system is concluded and quantified, through 

varying the cell thickness. By decreasing the cell thickness from 36.5 mm to 18.36 mm, an 

enhancement of 47% of the CCCsurf is achieved, but at the cost of a 37% decrease in cell 

energy density. However, changing the casing material from aluminium alloy into aluminium 

with the same casing thickness would increase the CCC by 143%, with negligible impact on 

energy density (e.g. less than 0.1%).  
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6.  Conclusion and future works 
 

All the research questions introduced in Chapter 1 & 2 are answered in Chapter 3,4 & 5. 

Unlike many other studies in the literature, this thesis studies the thermal behaviour of two 

very different battery chemistries. It is shown that both well-commercialised LFP prismatic 

cells and next generation high energy density Li-S pouch cells require detailed thermal 

management studies, through engineering experimental techniques as well as modelling 

simulations. This thesis comprehensively proves that, for both new battery chemistries and 

even mature batteries that have been commercialised for decades, there are still significant 

improvements possible through a better understanding of thermal management.  

6.1. DTV & 0D on Li-S 

With the heat generation mechanism not fully understood for a certain type of future Lithium-

ion battery candidate – Lithium sulfur battery, a thermal diagnostic technique Differential 

Thermal Voltammetry (DTV), which is widely used for conventional Lithium-ion batteries 

(NMC, LFP), was implemented and analysed. This kind of fast, cost-effective, easy-to-

implement technique was able to track and quantify the most essential and critical challenges 

which restrict the development of Li-S cells, the polysulfide shuttle. It is shown that, the DTV 

spectra has a strong dependence on the cell temperature as well as the voltage of Li-S, giving 

rise to many different scenarios while charging. The DTV peaks and patterns were 

representative for the cell thermal state, charging rates as well as cell SoC, and therefore 

demonstrated the ability to provide quantitative information on the shuttle. The results 

showed that the polysulfide shuttle effect of Li-S is considerably stronger at higher ambient 

temperatures or low charging currents, corresponding to higher DTV peaks. It is suggested 

that the peak characteristics could be used as an adaptive safety cut-off criterion and/or to 

design advanced control algorithms to minimise degradation and maximise coulombic 

efficiency. 

A physical electrochemical zero-dimensional model was upgraded to validate the 

experimental phenomena stated above and in Chapter 3. The model was made temperature-

dependent through shuttle constant estimation, and therefore heat generation through shuttle. 

It was successfully used to interpret most of the observed features. The key contribution from 

the model is that it is capable of estimating the true capacity of the cell where is accessed by 

tracking the various polysulfide species. By plotting the true capacity and DTV peak 
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positions together, it is shown that stopping charging at the DTV peak position alone is not 

sufficient to achieve a set charging coulombic efficiency. Therefore, a reduced order model, 

such as one based on the thermally coupled zero-dimensional model developed here, is 

recommended for implementation alongside the DTV diagnostic technique for real-world 

implementation. 

 

6.2. Future work #1 

Given the timeframe of the limited PhD time, as well as the closing of the Li-S research 

project (REVB) in 2017. The supply of the Li-S cells stopped when project closed. However, 

there are still few components are worthy to investigate further and of interest to continue:  

1. An upgrade is suggested for the zero-dimensional model, to make shuttle constant a 

function of cycling number, and therefore degradation.  

2. Using the generated shuttle constant at different cycling number to correlate the shape 

and evolution of DTV curves.  

3. Embedding such combination of DTV and zero-dimensional onto an in-house Li-S 

battery pack in a BMS, to show its advantages of ease of implementation and cost-

effective. 

 

6.3. CCC & ECM on LFP 

The thermal behaviour of the incumbent Lithium-ion batteries (e.g. LFP) is equally critical as 

the future candidates. While the heat generation mechanisms of such a type of battery are 

widely studied, new cell thermal evaluation experimental techniques, such as the Cell 

Cooling Coefficient (CCC) have recently been developed. The CCC can determine how well 

a cell is designed for the thermal management, by quantifying the thermal gradient required 

across the cell to achieve a required rate of heat rejection (or vice versa).  

Empirical equivalent circuit models (ECM) were shortlisted and developed further in this 

thesis, both in the electrical parameter identification method (PIM) and thermal 

parameterisation (e.g. using CCC as a key thermal boundary condition). The ECM was 

selected due to its ease of implementation, low computational forces required and therefore 

great potential to be extended into multi-dimensional & multi-scale. 

The proposed PIM in Chapter 4 identifies the fact that many lithium ion batteries exhibit 
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different time constants during underload operation compared to relaxation. This is 

particularly pronounced in a large prismatic with lithium iron phosphate cathode studied in 

this thesis but is also seen at the extremes of SOC in other lithium ion batteries, particularly at 

low SOC where state estimation can be particularly difficult yet even more important. The 

approach presented in this thesis demonstrates significant improvements over a conventional 

equivalent circuit model without switching time constants (or with a given time constant 

choice during different operating conditions).  

Taking the advantages from Chapter 4, the precise loss power which generates the 

irreversible heat in ECM, Chapter 5 presents a novel cell optimisation analysis. A fully 

parameterised and validated discretised Electro-Thermal ECM model is introduced. The 

model was used to quantify the degree of difficulty to thermally manage a Lithium ion 

battery through the cell surface, i.e. to derive the surface CCC using a model for the first 

time. A cell optimisation study based upon the CCC was then conducted to identify potential 

design improvements for prismatic cells to improve their thermal performance. The key 

conclusion is that, by varying the cell thickness and the cell casing material, the interaction 

between the energy density and thermal behaviour can be optimised.  

The study uses the revolutionary cell evaluation tool, CCC, together with developed ECM, to 

delivers quantitative insights into lithium ion battery design and thermal management 

systems. The work should be of interest to application engineers, battery management system 

developers, and control engineers.  

 

6.4. Future work #2 

Empirical modelling has its own limitations, whilst its data-driven process is often time-

consuming. Due to the limited time of the PhD, a few meaningful future works are suggested 

to be conducted in the near future: 

1. It would be valuable to upgrade the existing thermally coupled, discretised ECM with a 

data-driven degradation ECM model, where the ECM embeds extra parameterisation 

domains: time (calendar ageing) and current throughput (cycle ageing).  

2. Replacing the ECM model with a ‘fast-enough’ physical electrochemical model, to 

unlock more physical meaning within the cell model. A discretised electrochemical 

thermally coupled degradation model is proposed.  

3. Extending the existing ECM, potential ECM degradation model, and potential discretised 

electrochemical degradation model from cell level into pack level, and ultimately power-
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train level. Together with CCC technique again, evaluate and optimise the battery pack, 

thermal management system as a whole. Enhancing the product design for OEMs.  

 

6.5. Message at the end 

While the time of drafting this PhD thesis, the developed techniques (DTV and CCC) and 

developed models (0D and ECM) are disseminated through multiple pathways, through 

academic journal publications, academic and industry based conferences’ presentations and 

poster. The ECM model is co-developed together with one of the major commercial 

modelling simulation companies, and soon will be available to both research community and 

industry OEMs. The outputs of this thesis (the articles, the models) are already in the on-

going discussion with one top tier battery manufacturer and few top tier OEMs. The work, 

conducted and presented here is part of a paradigm shift for the industry on how to 

understand the thermal behaviour of lithium-ion batteries, and how to optimise and design 

new generations of batteries in a comprehensive, system engineering way.        
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Appendix 2: Dymola Model Configuration  

The model is developed, tested and validated in the software ‘Dymola’, and this section 

introduces layer by layer, the details of the model proposed in chapter 4 & 5 in this thesis. 

Ideally, with fully-functional Dymola Battery library, the model can be re-produced by 

accessing the chapter details and the model configuration figures below. 

Layer 1: An overall user interface 

 

Figure 69 Dymola user interface: overall structure of developed thermally coupled, 

discretised ECM. 
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Layer 1: basic model parameter selection interface (level of discretisation)

 

Figure 70 Model parameter selection Layer 1 

Layer 2: Cell model 

 

Figure 71 Cell Model Overall structure: thermal-electric coupled. 
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Layer 3: Electric model 1_input 

 

Figure 72 Electric Model in Layer 3, model input busbars. 
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Layer 4: Electric model 2_ECM

 

Figure 73 Electric Model in Layer 4, ECM structure 
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Layer 5: Electric model 3_RC network 

 

 

Figure 74 Electric Model in Layer 5, RC network details & look-up tables. 
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Layer 3: Thermal model 1 overall 

 

Figure 75 Thermal Model in Layer 3, Overall structure. 
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Layer 4: Thermal model 2 casing model 

 

Figure 76 Thermal Model in Layer 4, thermal resistance & thermal conductance 
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Figure 77 Thermal Model in Layer 4, thermal resistance & thermal conductance 
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Layer 4: Thermal model 3 battery core model: current collectors & electrode stack 

 

Figure 78 Thermal Model in Layer 4, electrode stack and current collectors’ structures.  
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Layer 5: Thermal model 4 electrode stack model

 

Figure 79 Thermal Model in Layer 5, electrode stack structures. 
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Figure 80 Thermal Model in Layer 5, electrode stack structures. 
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Layer 5: Thermal model 5 Current collector model 

 

Figure 81 Thermal Model in Layer 5, current collector structures 
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Figure 82 Thermal Model in Layer 5, current collector structures 
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Thermal boundary conditions 1: Cell Cooling Coefficient  

 

 

Figure 83 CCC thermal boundary condition within Dymola 
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Figure 84 CCC thermal boundary condition within Dymola: Aluminium testing apparatus & 

brass fins model 
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Figure 85 CCC thermal boundary condition within Dymola: Aluminium testing apparatus & 

brass fins model, inner structure, thermal resistance & thermal conductance 
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Thermal boundary conditions 2: Drive Cycle & Thermal parameter fitting 

 

Figure 86 Thermal boundary condition: Parameter fitting on the drive cycle validation. 
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