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COMPARATIVE ANALYSIS OF PHYSICS-BASED MODELS FOR
LITHIUM-ION BATTERIES IN E-MOBILITY APPLICATIONS

SUMMARY

The widespread adoption of electric vehicles (EV) has led to the development of
lithium-ion batteries as a critical technological solution due to their high energy density
and fast charging capacity. Continued improvement of these batteries will play a
key role in achieving the goals of extending EV range, reducing charging times and
improving overall performance. However, this technological development is hindered
by several challenges.

Battery models are generally classified into four main groups. Empirical models, such
as Shepherd, Unnewehr universal, and Nernst, are based on experimental data and
offer varying degrees of accuracy and computational complexity. Equivalent Circuit
Models (ECM), simplify the representation of the internal electrical characteristics of
a battery using circuit elements. They offer flexibility in designing structures suitable
for specific applications, but may require more cell information and increase computer
time. The data-driven battery modeling based solution utilizes machine learning
methods to derive knowledge from large datasets of battery measurements. It excels
at modeling complex nonlinear behaviors and provides high accuracy, but requires
careful experimental setup and high-quality data. Physics-based models including the
Single Particle Model (SPM), the Single Particle Model with Electrolyte (SPMe), and
the Doyle-Fuller-Newman (DFN) model describe mathematically the basic physical
and chemical phenomena in a battery. In-depth information about battery behavior can
be provided and can be used to optimize battery performance. Beside this, as a key
part of physics-based models, degradation models are vital in extending battery life
and efficiency.

This thesis addresses the physics-based simulation methods of lithium-ion batteries
for electric cars, focusing in particular on SPM, SPMe and DFN models. Their
performance has been extensively studied and compared with different chemical
batteries. Their complexity and predictive capabilities are summarized and evaluated
based on literature studies.

The thesis begins with a comprehensive overview of all battery modeling methods.
Next, physics based modeling methods for batteries with different chemical
compositions are simulated and analyzed in detail. Optimizations are performed to
obtain more efficient parameter values due to uncertainty in literature values. All the
mathematical formulations needed to build an electric vehicle model are processed and
the electric vehicle model is developed using simulation environments. The electric
vehicle model is integrated with physics-based modeling methods for battery sizing
and range calculation studies. A detailed simulation study is performed using vehicle
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models and battery modeling methods. The accuracy and precision of the simulation
has been proved by comparing the obtained simulation results with the regional data
presented earlier in the literature. The mechanisms that can influence cellular aging are
widely studied and these changes are observed in cycles.

Finally, this thesis presents a comprehensive analysis of battery modeling methods
for electric vehicles. By comparing the performance of different chemical battery
modeling methods and optimizing existing modeling techniques, it contributes to a
more accurate and reliable prediction of electric vehicle battery performance. This in
turn is a significant step towards extending battery life and increasing the durability of
electric vehicles.

The importance and contribution of the thesis is to provide an updated and
comprehensive source of information on battery modeling methods. This is one of
the few comprehensive studies that compares the performance of battery modeling
methods with different chemical batteries. This helped identify the most appropriate
modeling methods for batteries with different chemical compositions. It also facilitated
more accurate prediction of battery performance by optimizing existing battery
modeling techniques. The thesis provided new ideas and basic tools for the design
and optimization of electric vehicles and promoted a more sustainable future with
information related to extending the battery life of electric vehicles.
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E-MOBILITE UYGULAMALARI iCIN LITYUM-IYON BATARYALARIN
FIZIK TABANLI MODELLERININ KARSILASTIRMALI ANALIZ1

OZET

Elektrikli araclarin yayginlasmasiyla birlikte, yiiksek enerji yogunlugu ve hizli sarj
ozellikleriyle lityum-iyon piller otomotiv endiistrisinde onemli bir teknoloji ¢oziimii
haline gelmistir. Bu pillerin siirekli gelisimi, elektrikli araglarin menzilini artirma,
sarj siirelerini kisaltma ve genel performanslarimi iyilestirme hedeflerinde kritik
bir rol oynamaktadir. Ancak, bu teknolojik gelismelerin Oniinde cesitli engeller
bulunmaktadir. Ozellikle, lityum-iyon pillerin giivenlik endiseleri, maliyet faktorleri,
enerji yogunlugu siirlamalart ve cevresel etkileri gibi zorluklar hala ¢oziilmesi
gereken alanlardir.  Ayrica, pil Omriiniin uzatilmas1 ve sarj siirelerinin daha da
kisaltilmasi gibi hedeflere ulagsmak icin siirekli yenilik ve aragtirmaya ihtiya¢ vardir.
Bu baglamda, ileri teknolojilerin gelistirilmesi ve uygulanmasiyla, elektrikli araclarin
ve lityum-iyon pillerin gelecegi daha da parlak hale gelebilir. Ancak, bu siirecte
sadece teknik agidan degil, ayn1 zamanda ekonomik ve cevresel acidan siirdiiriilebilir
coziimler de onem tagimaktadir. Bu nedenle, endiistriyel ve akademik paydaglar
arasinda ig birligi ve bilgi paylasimi, elektrikli ara¢ teknolojisinin ve lityum-iyon
pillerin evriminde kritik bir rol oynamaktadir. Bu baglamda, giivenlik, performans,
maliyet etkinligi ve cevresel siirdiiriilebilirlik gibi faktorlerin dikkate alinmast,
elektrikli ara¢ endiistrisinin gelecegini belirleyecek 6nemli unsurlardir.

Batarya modelleri literatiirde genellikle dort ana kategoriye ayrilir. Ilk olarak,
deneylere dayanan klasik ampirik modeller, Shepherd, Unnewehr evrensel ve Nernst
gibi modelleri igerir. Shepherd modeli, siirekli desarj akimlar1 icin etkili bir sekilde
kullanilirken, Unnewehr evrensel modeli genellikle genel bir uygulamaya sahiptir. Ote
yandan, Nernst modeli, 6zellikle dogruluk seviyesiyle one ¢ikar ve dinamik terminal
voltaji tahmin etmede basarilidir. Bu modeller arasindaki se¢im, 6zellikle uygulama
gereksinimlerine ve hesaplama karmagikligina baghdir.

Ikinci olarak, Esdeger Devre Modelleri (ECM), bataryalarm igsel elektriksel
ozelliklerini dogru bir sekilde ayirt etme yeteneklerinde yiiksek derecede basitlestirme
sergilerler. Ayrica, bir¢ok devre bileseni ve bunlarin varyasyonlarindan dolayi, ECM,
arastirmacilara uygulamalari i¢in uygun bir yap1 tasarlama esnekligi sunar. Ancak,
esdeger devre icinde daha fazla eleman kullanmanin dezavantaji, hiicreye iligkin
daha fazla bilgiye ihtiya¢c duyulmasi ve hesaplamalar i¢in iglem siiresinin artmasidir.
Ampirik batarya modeli dogru ciktilar verebilir, ancak modelin farkli senaryolar
icin dogrulanmasi gereklidir. ECM’ler, basit yapilart ve basit parametrelendirme
siirecleri nedeniyle cesitli endiistriyel uygulamalarda kullanilir.  Ancak, modelin
sadece test edildigi senaryolar icin uygulanabilecegi ve yaslanma gibi siireglerin
entegre edilmesinin zor oldugu, bu nedenle uyarlama ve yeni veri toplamanin gerektigi
unutulmamalidir.
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Uciincii olarak, veri tabanli batarya modelleme yontemleri, biiyiik veri kiimelerinden
elde edilen bilgileri kullanarak batarya performansini ve kapasitesini tahmin etmeyi
amaclar. Bu modellerin artan popiilaritesi, karmasik dogrusal olmayan davraniglar
modelleme, adaptabilite ve yiiksek dogruluk oranlarina sahip olmalarindan kaynaklan-
maktadir. Bu modeller, batarya dl¢iimlerinden olusan bir veri kiimesine dayanarak
giris parametreleri arasindaki iligkiyi anlamak i¢in makine 68renme tekniklerini
kullanir. Ancak, bu modellerin kullanimi1 dikkatli bir deneysel kurulum ve veri toplama
stirecini gerektirir, ¢iinkii yiiksek kaliteli veri esastir. Kararsiz verilerin kullanima,
modelin agirt uyum saglamasina veya tahminde bulunmasina neden olabilir.

Son olarak, bu tezde de detayli olarak ele alinan Fizik Tabanli Modeller, bataryadaki
temel fiziksel ve kimyasal siirecleri matematiksel olarak ifade eder. Bu kategoriler,
batarya davraniglarini analiz etmek ve tahmin etmek ic¢in farkli yontemler sunar.
Fizik tabanli modellerden olan Tek Parcacik Modeli (SPM) ve Tek Parcacik Modeli
ile Elektrolit (SPMe) gibi modeller, lityum iyonlarinin bataryadaki hareketini ele
alir. Bunlar, lityum iyonlarinin kati parcaciklar icindeki hareketini hesaba katar.
Doyle-Fuller-Newman (DFN) modeli ise lityum iyon bataryalarin elektro-kimyasal
davramigin1 detayli bir sekilde simiile eder. Bu modeller, batarya performansini
anlamak ve optimize etmek icin kullanilir.  Genellikle fizik tabanli modelleme
yontemlerinde kullanilan bozulma modelleri, batarya Omriinii ve performansini
artirmak i¢in 6nemlidir. Cesitli bozulma mekanizmalarini birlestirerek daha giivenilir
ve uzun Omiirlii batarya tasarimlarina katki saglarlar. Bu modeller, SEI biiylimesi,
lityum kaplama ve pargacik kirilmasi gibi bozulma siireclerini simiile eder. Bu
siirecler, bataryanin performansini olumsuz yonde etkiler ve dolayisiyla batarya
tasariminda dikkate alinmalidir. Sadece bataryada gerceklesen elektriksel olaylari
kapsamakla kalmayip ayni zamanda batarya performansini ciddi sekilde degistiren
onemli mikro Olcekli etkilesimleri de anlamak ve tamimlamak icin elektrokimyasal
model kullanilmas1 onemlidir. Bu tarzda bir model, sistemin davranigini yiiksek
dogrulukla tanimlayabilir fakat birbirine baglh bir¢ok kismi diferansiyel denklemin
¢oziimlenmesi gerektiginden ¢ok fazla hesaplama yiikiine sahiptir. Sonug¢ olarak,
farkli batarya modelleri, farkli analizler i¢in farkli yaklagimlar sunar. Bu modellerin
kullanilmasi, batarya teknolojisindeki ilerlemelerin ve daha verimli, daha giivenilir ve
daha uzun Omiirlii bataryalarin gelistirilmesinin anahtaridir.

Elektrikli araglar icin tasarim asamasinda batarya paketlerinin performans gereksin-
imlerini karsilayabilmesi icin batarya ve yiiklerin birlikte simiilasyonu Onemlidir.
Biiylik Olcekli batarya paketlerinin elektrikli araglarda enerji depolama amaciyla
kullanildig1 durumlarda bu 6zellikle 6nemlidir. Batarya talebini dogru bir sekilde
tahmin edebilmek icin cesitli gercek diinya kullanim senaryolarinda simiilasyonlar
yapilmaldir. Hibrit elektrikli araglar icin (HEV’ler) yapilan simiilasyonlar icten
yanmali motorlarin, ¢oklu vitesli sanzimanlarin ve karmagik hibrit karistm kontrol
algoritmalarinin dahil edilmesi nedeniyle oldukca karmagiktir. Buna karsilik, yalmizca
elektrikle calisan araclar (EV’ler) ve sarj edilebilir hibrit elektrikli araglar (PHEV ler)
icin yapilan simiilasyonlar daha basittir. Genellikle i¢cten yanmali1 motorlari ve tek hizli
sabit digli sistemlerini icerirler. Elektrikli bir aracin simiilasyonu i¢in iki ana bilesen
gereklidir; aracin kendisinin dogru bir tanimi ve aracin gergeklestirmesi gereken
islev. Ara¢ tamimi, batarya (hiicre, modiil, paket), motor, invertdr (motor siiriicii gii¢
elektronigi), tahrik sistemi vb. hakkinda detaylar icerir. Ara¢ fonksiyonu, genellikle
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zamana kars1 istenen bir hiz profiline uyum saglamay: icerir, genellikle bir "siiriis
dongiisii" olarak adlandirilir. Elektrikli bir aracin simiilasyonuna yaklagim, optimum
performans ve verimliligi saglamak icin dikkatli bir sekilde yapilmalidir.

Bu calisma, elektrikli araglarda pil modelleme yontemlerini kapsamli bir sekilde
incelemis ve analiz etmigtir. Farkli kimyasal bilesimlere sahip piller icin cesitli
fizik tabanli modelleme yontemlerinin performanslart detayli olarak arastirilmis
ve karsilagtirilmistir. Bu modellerin karmasikliklar1 ve tahmin yetenekleri,
literatiirdeki caligmalar 1s181nda Ozetlenmis ve degerlendirilmistir.  Arastirmada
ilk olarak tiim batarya modelleme yontemleri kapsamli bir sekilde incelenmistir.
Daha sonra, farkli kimyasal bilesimlere sahip piller icin fizik tabanli modelleme
yontemleri ayrintili olarak simiile edilmis ve analiz edilmistir. Bazi1 parametrelerin
literatiirdeki degerlerinin dogrulugundan emin olunmadigindan dolayi, daha verimli
degerler elde etmek icin optimizasyon calismalar1 yapilmisti.  Bir elektrikli
ara¢ modeli olusturmak icin gerekli tiim matematiksel formiiller ele alinmig ve
simiilasyon ortamlar1 kullanilarak elektrikli ara¢c modeli gelistirilmigtir. Elektrikli
ara¢c modeli, batarya boyutlandirma ve yol mesafesi hesaplama calismalarinda
kullanilmak {izere fizik tabanli modelleme yontemleriyle entegre edilmistir. Arac
modeli ve pil modelleme yontemleri kullanilarak detayli bir simiilasyon ¢aligsmasi
gerceklestirilmigtir. Simiilasyonun dogrulugunu test etmek icin mevcut simulasyon
sonuclart ile daha once literatiirde gerceklestirilen menzil verileri karsilastirilmistir.
Hiicrenin yaslanmasina etki edebilecek bazi yontemler detayli olarak incelenmis ve
bu degisiklikler ¢evrimlerde gozlemlenmistir. Sonug¢ olarak bu calisma, elektrikli
araglarda pil modelleme yoOntemleri i¢in kapsamli bir analiz sunmustur. Farklh
kimyasal bilesimlere sahip piller icin modelleme yontemlerinin performanslarini
kargilastirarak ve mevcut modelleme tekniklerini optimize ederek, elektrikli araglarda
pil performansinin daha dogru ve giivenilir bir sekilde tahmin edilmesine yardimci
olmustur. Bu sayede, pil 0mriiniin uzatilmasi ve elektrikli araglarin daha siirdiiriilebilir
hale getirilmesi i¢cin 6nemli bir adim atilmisgtir.

Calismanin 6nemi ve literatiire katkilar1 ise, batarya modelleme yontemleri hakkinda
giincel ve kapsamli bir bilgi kaynagi sunmustur. Farkli kimyasal bilesimlere
sahip piller i¢in pil modelleme yontemlerinin performanslarini karsilastiran kapsamli
calismalardan biridir. Farkli kimyasal bilesimlere sahip piller i¢in en uygun modelleme
yontemlerini belirlemede yardimci olmugtur. Mevcut pil modelleme tekniklerini
optimize ederek pil performansinin daha dogru tahmin edilmesine yardimci olmugtur.
Elektrikli arac¢ tasarimi ve optimizasyonu i¢in yeni fikirler ve araclar sunmustur ve
elektrikli araglarda pil 6mriiniin uzatilmasini iceren bilgilerle daha siirdiiriilebilir bir
gelecege katkida bulunmustur.
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1. INTRODUCTION

With the widespread adoption of electric vehicles, lithium-ion batteries have emerged
as a fundamental technological solution in the automotive industry with their high
energy density and fast charging capabilities. Continuously evolving lithium-ion
battery technology has a crucial role in the transformation of the automotive industry,
targeting important goals including increasing the range of electric vehicles, reducing
charging times and improving [4]. After this breakthrough in electric vehicles and
lithium-ion batteries, it has become increasingly important to make accurate modeling,
predictions and calculations on both the vehicles and the batteries. Therefore, several
modeling techniques have been investigated. In this chapter, we will review electric

vehicles, lithium-ion batteries and their modeling techniques.

1.1 Purpose of Thesis

The main goal of the thesis is to first examine which physics-based modeling method
performs better for which chemistry by experimenting with different physics-based
modeling methods for different chemistries, to establish a simulation environment for
BEVs, to simulate the battery using vehicle and physics-based modeling methods in
this simulation environment, to examine battery performance and characterization, and

to predict the range of the vehicle.

Main highlights and contributions of the thesis:

1. Summarized and compared various modeling methods in existing literature based

on their complexity and outcomes.

2. Explored the relationship between these modeling methods and specific
chemistries, aiming to discern which methods are more suitable for particular

chemical systems.



3. Updated modeling approaches with optimization methods to enhance accuracy,
and investigated which chemistries are better suited for physics-based modeling

understand.

4. Building a simulation environment for an electric vehicle in python and integrating
it with different physics-based battery models in python for BEV simulation allows
to take the driving profile, grade and ambient temperature as an input and provide

battery states voltage, SOC etc. as an output.

1.2 Literature Review

There are many advantages to electric vehicles (EVs) that have been contributing to
their growing popularity and worldwide acceptance. According to a report by the
International Energy Agency (IEA), one of the most important advantages for electric
vehicles is its environmental effects. With making the dependence on fossil fuels
and emitting fewer greenhouse gases very limited and minimum during operation
compared to vehicles with conventional internal combustion engines, EVs to have an
very critical role to play in reducing the climate change and in improving air life and
quality [5]. Also, EVs bring many economic benefits for both consumers and the
society as a collective. Although the first purchasing price for EVs can be higher than
for traditional vehicles, studies demonstrate that electric vehicle owners can benefit by
lower operating and maintenance costs across the vehicle’s lifetime. [6]. In parallel,
government funding like tax credits, rebates and subsidies encourage consumers
to adopt EVs, can boost further enhancing their marketability and attractiveness
[5]. However along with these benefits, EVs do face several key challenges that
are hindering their wide acceptance. Limited driving range of EVs compared to
conventional vehicles is one of the key challange. Despite lots of advances available in
battery technology, range anxiety still remains a very big concern for many consumers,
especially for long-distance travellers [7]. Furthermore, the another important and
critical challenge is availability and accessibility of charging infrastructure. While
the number of charging stations has increased globally, uneven distribution and lack
of standardized charging protocols prevent convenient and widespread adoption of

charging technology [8]. Furthermore, the initial cost of EVs remains a barrier for



many potential buyers particularly where EV promotions are limited or not even exist
[6]. The environmental impact with battery production and disposal raises concerns
about the overall sustainability of EVs. Although EVs produce fewer emissions during
operation, the environmental footprint of battery production and recycling processes
must be addressed to ensure the long-term sustainability of electric mobility [9].
Addressing these challenges requires concerted efforts from governments, industries
and stakeholders to stimulate technological innovation, improve infrastructure and
support policies that accelerate the transition to electric mobility while still maintaining

the environmental sustainability.

The roots of electric vehicles begin with the invention of the electric motor. The
electric motor, developed by Michael Faraday in the early 19th century, formed
the basis of electric vehicles. But the first commercially produced electric vehicles
appeared in England and France in the middle 1830s. These vehicles were mainly
public transportation vehicles like trams and trolleybuses, which are mostly used in
rail systems. In the 1880s, electric vehicles popularity increased a lot, especially in
urban transportation. In major US cities such as New York and Chicago, streetcars
have evolved into electric vehicles that transport people more efficiently. Electric
taxis also began to be widely used during this same period. Electric vehicles were
preferred since they are both quiet and environmentally friendly. However, with
the development of internal combustion engines and the spread of cheap oil in the
early 20th century, electric vehicles remained relatively in the background. Gasoline
vehicles have become more attractive than electric vehicles and provide advantages
such as longer range and faster refill time. During this period, electric vehicles were
mostly used as small vehicles for private use but did not play a significant role in
the public transportation and commercial vehicle segments. Throughout the 20th
century, electric vehicles have faced technical and infrastructural challenges such as
limited range, high cost, and lack of charging infrastructure. However, in recent
years, electric vehicles have begun to gain popularity again. Increasing environmental
concerns, the need for energy independence and advances in technology have brought
electric vehicles back to the agenda. Later, significant technological advances were

made towards electric vehicles in the early 21st century. In particular, advances in



battery technology have increased the range of electric vehicles and shortened their
charging times. In addition, under the leadership of leading companies such as
Tesla, electric vehicle manufacturers have also developed more efficient and attractive
models. These developments have enabled electric vehicles to become widespread.
Today, many countries are implementing various policies and incentives to promote
electric vehicles. These policies include measures such as purchasing subsidies, tax
reductions, expansion of charging infrastructure and promotion of renewable energy
sources. However, there are still some obstacles to widespread adoption of electric
vehicles; especially inadequate charging infrastructure, high costs and range concerns.

[10].

With the coming to the fore of electric vehicles and renewable energy storage systems,
the development of battery technology has also gained great momentum. This
development has gone through various stages from past to present. The roots of
battery technology date back to the 18th century. The voltaic cell, invented by
Alessandro Volta, laid the foundation for electrochemical cells. This invention laid
the foundations of modern battery technology. The Daniell Cell, later developed by
John Frederic Daniell in the mid-19th century, went one step further and provided a
more stable voltage. At that time, battery technology was still immature and faced
many limitations. At the turn of the century, Thomas Edison’s lead-acid battery found
application in the first electric vehicles. However, at that time, battery technology
was still very limited and faced significant problems in terms of efficiency. However,
the World War 1II era led to the rapid development of battery technology. The
increased demand for battery-based technologies during the war accelerated research
and development efforts. New types of batteries emerged in the post-war period,
such as nickel-cadmium and nickel-metal hydride. These batteries provided more
efficient power sources for portable devices. But perhaps the most important turning
point came with the commercial launch of lithium-ion batteries. Lithium-ion batteries
have a wide range of applications, from electronic devices to electric vehicles, due
to their advantages such as high energy density, light weight and low discharge
rate. These batteries were commercially released by Sony in 1991 and have been

continuously improved since then, becoming a major force in the electric vehicle



industry. Today, battery technology is developing rapidly and more efficient, safer
and more environmentally friendly battery systems are constantly being developed.
Researchers are working on the next generation of batteries with features such as higher
energy storage capacity, faster charging times and longer life. These developments are
helping to speed up the energy transformation worldwide, leading to broader adoption

of electric vehicles and renewable energy storage systems [11].

In a world where electric vehicles are becoming so important, electric vehicle
batteries and batteries used in all other electronic devices continue to become more
significant.In today’s world, importance of the batteries, which are energy storage
systems used in almost all electronic devices in our lives, ranging from electric
vehicles to consumer electronics, medical devices, industrial applications, aerospace,
and defence, is increasing every day. Batteries are devices that store and provide
electrical energy through reversible chemical reactions. Whilst batteries with various
chemistries are used today, the most popular type of battery is lithium-ion batteries.
Lithium-ion batteries are widely used in electric vehicles, consumer electronics, and
energy storage systems since they have high energy density, low self-discharge, and are
lightweight. They are available in various chemistries such as Lithium Cobalt Oxide
(LiC002), Lithium Iron Phosphate (LiFePO4), and Lithium Nickel Manganese Cobalt
Oxide (NMC). The increasing importance of these batteries has always been directly
linked to the effective use of their capabilities. Achieving this level of efficiency and

usefulness required the development of precise and feasible battery models.

The emergence of lithium-ion (Li-ion) batteries has heralded a new era in portable
electronics, renewable energy storage, and especially vehicle electrification. However,
despite their transformative potential, li-ion batteries face many challenges that require
sustained effort and innovative solutions. Safety, which is a critical element in the
widespread adoption of Li-ion technology, is one of the most important of these
challenges. [12]. Especially in cases of damage or overcharging, the risk of thermal
runaway creates safety hazards like fire and explosion. Researchers have been carefully
working to develop safer electrolytes and materials to minimize these risks and ensure
the reliability of Li-ion batteries in various applications. The energy density is

another major challenge, in particular in the field of electric vehicles [13]. With the



automotive industry moving towards electrification, the capacity of Li-ion batteries
to efficiently store and transmit energy is of crucial importance. Not only does
improved energy density extend the range of electric vehicles, it also reduces the
weight and size of batteries, therefore improving and optimizing the overall vehicle
performance and the driving experience. However, the quest for higher energy density
still needs to contend with the problem of sustained cost [14].Dependence on materials
such as cobalt and complex manufacturing processes contribute to the high cost of
Li-ion batteries. Addressing cost concerns is imperative to further accelerate the
transition to sustainable transport solutions and democratize access to electric vehicles.
Furthermore, the longevity of Li-ion batteries, characterized by cycle life, remains
an important area of focus [13]. The degradation in battery performance with time,
as reflected by reduced capacity and lifetime, presents challenges for both consumer
electronics and electric vehicles. Strategies aimed at extending cycle life through
improved battery management systems and robust electrode materials are required to
improve the durability and reliability of Li-ion batteries. Within the broader context
of environmental sustainability [12], Li-ion battery technology has been under scrutiny
for its environmental footprint. The life cycle of Li-ion batteries, which spans sourcing
to end-of-life disposal, has environmental impacts that require careful management.
Consistent sustainable practices, including responsible sourcing of materials and
efficient recycling processes, are integral to mitigating these environmental concerns
and ensuring the long-term viability of Li-ion technology. Li-ion battery challenges
highlight the importance of continued research and innovation in the field of energy
storage. With the automotive industry transitioning towards electrification, the role of
Li-ion batteries in powering electric vehicles is becoming critical. Li-ion technology’s
continued development, supported by safety, energy density, cost-effectiveness,
longevity and environmental sustainability, is essential to achieving a cleaner and

greener transportation future.



1.3 Hypothesis

The thesis is outlined as follows:

» Battery modeling approaches need to be investigated in order to compare the
models. Chapter 2 describes the models used in this thesis. It also describes the

degradation modeling that is investigated in this work.

* In Chapter 3, the vehicle model that is needed for range estimation and the vehicle

and battery simulation environment is explained.

* In Chapter 4, the electrochemical models described in Chapter 2 and different
chemistries are compared, in addition, a BEV model is created by integrating the
vehicle model described in Chapter 3 and the behavior of the battery is analyzed

under specific cycles and range comparisons are carried out.






2. ELECTROCHEMICAL BATTERY MODELS

Electrochemical battery modeling methods cover a wide range of techniques developed
to optimize the performance, lifetime and safety of batteries. They are used in the
design, simulation and analysis of battery systems, contributing significantly to the
development of energy storage technologies. These models can help to understand and
control the physical and chemical processes of batteries, so that more efficient, reliable

and long-lasting battery systems can be designed.

In this chapter, different types of electrochemical battery modeling methods and their
application areas are covered. Physical models represent the internal structure and
chemical processes of batteries in detail, while empirical models predict the behavior
of the battery with relationships derived from experimental data. Furthermore,
data-based models use machine learning and artificial intelligence techniques to extract
meaningful patterns from large data sets and predict the future performance of the

battery.

The study of modeling methods plays a key role in the development of battery
technologies. These methods enable the improvement of important parameters such
as battery design and optimization, energy density, charge-discharge cycle life and
safety. Understanding and applying electrochemical battery modeling methods is an

important step towards achieving sustainable energy solutions.

2.1 Modelling Approaches for Lithium-Ion Batteries

In literature, battery models are categorized into four main groups [15]. The classical
empirical models, based on experiments, include the Shepherd model [16], the
Unnewehr universal model [16,17], and the Nernst model [18]. The Nernst model is
noted for its accuracy, while the Shepherd model is particularly effective for continuous
discharge currents. Enhancements to these models involve adding more parameters and

variables. For example, improving the Nernst model’s prediction of dynamic terminal



voltage is possible by incorporating two constants (71 and 72) [19]. Additionally,
refining the Nernst model with the hysteresis effect offers further improvements [20].
However, such enhancements increase computational complexity. The accuracy of

these three models in predicting terminal voltage is compared in [21].

Secondly, the Equivalent Circuit Model (ECM) contains a SOC-dependent voltage
source, an internal resistor and Resistance-Capacitance (RC) pairs that describe the
electrical relationship between the inputs (current, SOC and temperature) and the
terminal voltage [22]. Figure 2.1 illustrates a schematic of a part of a simple
electrical circuit that contains resistors (Rg and Ry) and a capacitor (C). The model
comprising an internal resistor and a resistor-capacitor block between the open circuit
voltage and the terminal voltage is used as a common battery model [23]. When
contrasting ECMs with empirical models, it becomes evident that ECMs exhibit a high
degree of simplification in their ability to accurately discern the electrical properties
inherent to batteries. Besides, because of the large number of circuit components and
their variations, the ECM gives researchers enough flexibility to design a structure
appropriate for their application. By adding more elements, the model can yield more
correct and precise simulations of battery behavior. The disadvantage of using more
elements in the equivalent circuit is that more information about the cell is needed for
parameterization and CPU time for calculations increases [24]. The empirical battery
model can give accurate outputs, but the model requires validation for all different
scenarios. ECMs are used for various industrial applications due to their simple
structure and simple parameterization process. But the model can only be applied
to the scenarios for which it has been tested and processes such as ageing are difficult

to incorporate, so adaptation and new data collection are required [25].

Data-driven battery modeling methods aim to predict battery performance and capacity
using information derived from large datasets. Their increasing popularity stems from
their ability to model complex nonlinear behaviors, adaptability, and high accuracy
rates. These models employ machine learning algorithms to understand the connection
between input parameters like voltage, temperature, current, and output parameters like
state of charge and capacity, based on a dataset of battery measurements. However,

the use of these models requires a careful experimental setup and data collection
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Figure 2.1 : Equivalent circuit model (ECM)

process, as high-quality data is essential. The use of unstable data can lead to the
model overfitting or underpredicting [26,27]. Physics-based models, also known
as electrochemical models, mathematically express the fundamental physical and
chemical processes in batteries, including electrochemical reactions, ion transport,
electron flow, and the materials’ thermodynamic and kinetic properties. Lithium ion
battery cell flow among the solid and electrolyte phases is oftentimes involved in these
models, along with charge and mass conservation in both phases. The electrochemical
model is represented in the form of nonlinear Partial Differential Equations (PDEs).
For this reason, a pre-condition for utilizing an electrochemical model to derive a
direct analytical solution is to turn the PDEs into Ordinary Differential Equations
(ODEs). Numerical techniques like integral approximation, Pade approximation,
Ritz method, finite element method and finite difference methods which are mostly
preferred in order to making nonlinear PDEs discretize in electrochemical battery
models [28,29]. Employing these models enables accurate predictions of battery
performance under various conditions, including charge-discharge cycles, temperature
variations, and aging effects. There are many electrochemical models in the
literature; these offer various approaches to understanding the complex internal
structure and operational mechanisms of batteries. Electrochemical battery modeling
comprehensively addresses the electrochemical reactions of the battery, thermal
management, electrical characteristics, and aging processes. These models provide
insights into how batteries will perform under real-world conditions, assisting in

the development of design and operational strategies necessary to make batteries
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more efficient and longer-lasting. In [30], it was first used to determine the
parameters that extract the model of the LFP cell, presents simulations of power
and capacity degradation of LiFePO4-Graphite Li-ion batteries by simplifying the
electrochemical and thermal aging model. They developed a model to understand
how the performance of LFP cells changes with time. The model simulates the
degradation in the capacity and power of the battery, taking into account thermal as
well as electrochemical interactions. This study can be considered as an important
step towards understanding the aging processes of LiFePO4-Graphite Li-ion batteries
and improving their performance. Since other modeling attempts using the parameters
presented in the article, [30], did not give the desired modeling results, an additional
study, [31], has been carried out in 2021 in order to optimize the parameters and to find

variations and parameters that produce more accurate results.

Focusing on the lithium polymer battery cell, a method for determining the
electrochemical model of a lithium-ion battery is introduced [32,33]. For the
development of a comprehensive model including electrochemical and thermal
properties as well as material properties, a series of experiments and analyses were
carried out. First of all, several chemical experiments were conducted to determine
the electrochemical properties of the lithium-ion battery. These experiments were
performed to determine the material properties of the electrodes, the diffusion rates
of lithium ions and the electrochemical reaction kinetics. Then, physical experiments
were performed to determine the material properties and thermal behavior. These
experiments were carried out to evaluate the conductivity properties of the electrode
materials, temperature profiles and thermal conductivities of the lithium-ion battery.
The data obtained were used to determine the parameters of the electrochemical model
used to simulate the behavior of the battery. This study contributes to more accurate
modeling of lithium-ion batteries and a better understanding of their performance.
In addition to this model, some of the parameters used in the study, which mostly
will be discussed later, are tab placement parameters taken from measurements in
[34] and some electrode and electrolyte properties from [35]. With a focus on the
lithium-cobalt oxide-graphite cell, an electrochemical, thermal and mechanical model

is described that explores the non-uniform stress distribution in lithium-ion pouch
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cells [35]. The model adopts a pseudo-2D approach involving mechanically coupled
diffusion physics, which enables the study of the stress response in electrode particles.
The results obtained in the study indicate that the model can successfully predict
voltage, temperature and thickness variations in pouch cells and are in agreement with

experimental data.

To implement all these modeling techniques and to ensure the low risk and longer
useful life of the lithium ion battery for its better operation, there is an important and
cruical need for a battery management system (BMS). The battery management system
should be able to provide prediction without any error to the SOC, state of battery
completeness and remaining useful life remaining in the cell. Estimating the state of
charge of the battery is one of the most important features of BMS tasks. Yet the
SOC is very hard to predict accurately. Reason for that is the SOC is the inside states
of the battery cell and can be observed and measured directly. Therefore, the SOC
must be calculated roughly. Until now, several tehniques of estimating the SOC of the
battery are presented, which are generally separated by two groups: free model and
model-based. Free models include Ampere-hour (Ah) or coulomb count, open circuit
voltage (OCV). Apart from these two methods, the development reported in [36] is
the method that applies a particle filter modified with the RLS algorithm to improve
the accuracy of predicting the SOC of a lithium-ion battery in electric vehicles. The
results show that the proposed method works effectively compared to other methods.
The following are the details for the 3 main categories most commonly found in the
literature, but another similar approach is the Two-parameter approximation model,
Single Particle Model (SPM) and Decoupled Solution Approach, which are also
grouped into 3 main categories. Aging studies related to this classification were also
performed for Lithium Manganese Oxide (LMO) cell and it was concluded that for the
same electrolyte and cell parameters, the simulation methods can be applied to any cell

chemistry [37].
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2.2 Single Particle Model (SPM)

Electrochemical battery models play a key role in understanding energy storage and
conversion processes. These models typically incorporate a mix of electrochemical
interactions, transport events and circuit elements to truly describe the complex
behavior of batteries. The electrochemical model of mechanism can not only define
macroscopic physical quantities like voltage and current, but also simulate important
microscopic physical parameters inside the cell, which is appropriate for use in the

degradation examinations and aging explores of cell behavior [38].

Physics-based models provide a deeper comprehension through directly involving
the electrochemical reactions and transport phenomena underlying the battery.
Frequently, such models rely on partial differential equations (PDEs) to describe
the species concentration, charge and temperature distributions in the battery. The
physics-based models, while more complex and computationally intensive compared
to lumped-parameter models, offer higher accuracy and can capture nuances such as
temperature effects, electrolyte transport limitations and electrode degradation. There
are also hybrid approaches that combine aspects of both granular parameter and
physics-based models, aiming to strike a balance between computational efficiency
and accuracy. Consequently, the model choice depends on the specific application

requirements, the level of detail needed and the computational resources available.

As a representation of a Li-ion battery, the Single Particle Model (SPM) accounts for
the transport of lithium ions within the solid particles of the battery electrodes. As the
model assumes a constant concentration of lithium ions in the electrolyte and ignores
the diffusion of the electrode concentration along the electrode. Diffusion within each
electrode is ruled by Fick’s law in the spherical orientation. Boundary conditions at the
surface and core of the particle are defined to represent the intercalation-deintercalation
process of lithium ions. The molar flux at the surface is influenced by the input current
density and the diffusion rate constant. The Butler-Volmer equation considers the
electrode concentration to be equal to the electrolyte concentration and associates the

overpotential at the solid-electrolyte interface with the current density. Negative and
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Figure 2.2 : SPM representation of Lithium-Ion batteries [1].

positive phase overpotentials are expressed as functions of temperature, charge transfer
coefficient and electrode surface area. The exchange current density is calculated
based on the constant electrolyte concentration and the maximum concentration of the
electrode. The state of charge (SoC) of the battery can be determined using normalized
lithium concentrations on the surface of the electrodes. The total cell potential takes
into account contributions from the overpotentials of the electrodes and open circuit

potential functions [32,33].

More detailed explanation of SPM and its formulas, SPM comprises of two diffusion
equations that exhibit spherical symmetry: one operating within a typical negative
particle (k = n) and the other within a typical positive particle (k = p). At the
core of each particle, the standard no-flux condition is enforced. Given the SPM’s
assumption that all particles within an electrode exhibit identical behavior, the flux at
the particle surface equates to the current (/) divided by the electrode thickness (Ly).
The concentration of lithium within electrode (k) is represented as (c;). The model

equations governing the SPM are as follows egs. (2.1) to (2.4) [39,40]:

aC k 1 8 2
(1N, 2.1
at r]% ark (rk s,k) ( )
o,
Nox = Dy (csx) 5”‘, ken,p (2.2)
Tk
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where D s, k) is the diffusion coefficient in the solid, N(s, k) denotes the flux of lithium
ions in the solid particle within the region k, and ry is the radial coordinate of the

particle in electrode k. The voltage is obtained from the expression in eq. (2.5):

V= Up(cp)lr,=1 = Un(cn) |r=1
2RT bl ( 1 )
— ——sin —_
F 2jo papLp (2.5)

2RT | ( 1 )
— ——sinh =
F 2]0,nanLn

with the exchange current densities given by in eq. (2.6),

Jox = (ee) 2 (1 —cp)'2 (2.6)

2.3 Single Particle Model with Electrolyte (SPMe)

Single Particle Model with Electrolyte Dynamics (SPMe) extends the Single Particle
Model (SPM) to cover electrolyte diffusion dynamics across the length of battery
electrodes. It presents diffusion equations for the negative electrolyte, separator
and positive electrolyte, taking into account electrolyte polarization and conductivity
due to overpotential. The diffusion equations rule the electrolyte diffusion through
the thickness of the electrodes and separator, with additional terms which represent
the electrolyte polarization and conductivity. Boundary conditions provide stability
of concentration at the interfaces between the different regions. The electrolyte
potential is divided into electrolyte overpotentials that rely on conductivity and
electrolyte polarization. Depends on the electrolyte conductivity concentration and
is derived from experimental data. A function of the lithium concentration and the

volume fractions of each zone is defined taking into account the porous nature of
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the electrolyte medium. The Bruggman correction helps to determine the effective
conductivity and the Bruggman exponent measures the effect the porous medium has
on the electrolyte properties. Higher Bruggman constants result in lower effective
conductivity, directly affecting the cell voltage. Electrolyte electrical overpotential
due to electrolyte conductivity is represented as ohmic resistance considering the
current density and the thicknesses of the electrodes and separator. It is identified
by electrochemical impedance spectroscopy. The electrical overpotential due to
lithium-ion diffusion is calculated according to the electrolyte activity coefficient, that
considers the effects of electrolyte concentration and temperature. In this case, the
activity coefficient is calculated separately for each phase. Last but not least, it is
calculated as the sum of the solid phase potential (from the SPM) and the electric
overpotential that are caused by electrolyte conductivity and polarization. Overall,
SPMe provides a more comprehensive understanding of battery behavior by integrating
electrolyte dynamics and their effect on cell performance and voltage. More detailed
explanation of SPMe and its formulas, SPMe encompasses equations governing the
lithium concentration within representative particles situated in the negative electrode
(cs,n) and the positive electrode (cy, ), alongside an equation dictating the behavior
of the first-order correction to the lithium concentration within the electrolyte (c, ),
where a Roman subscript k € n,s,p designates the negative electrode, separator,
and positive electrode regions, respectively. Adhering to the standard practice, the
no-flux condition is enforced at the center of each particle, and the flux at the
particle’s surface is determined as the ratio of the current (/) to the thickness of the
respective electrode (L), akin to the SPM. Given the transfer of lithium between
the electrolyte and particles, the flux through the particle’s surface is incorporated
into the electrolyte diffusion equation as a source/sink term. Notably, there’s no
lithium transfer between the electrolyte and current collectors, resulting in no-flux
boundary conditions on the lithium concentration within the electrolyte (c, ) at either
end of the cell. It is imperative to set initial conditions reflecting the establishment
of an initial concentration within each particle (cx(f =0) = csx0), and ensuring
no deviation from the initial (uniform) lithium concentration within the electrolyte

(Cex (t =0) = cep0) [23, 24]: Particles formulas are given in eqgs. (2.7) to (2.13) where
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Dy . is the diffusion coefficient in the solid, Ny denotes the flux of lithium ions in

the solid particle within the region k, and ry is the radial coordinate of the particle in

electrode k.
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Voltage formulas are given in eqgs. (2.14) to (2.22) where Uy is the reference OCP,

b is the Bruggeman coefficient, j is the exchange-current density, ¢ is the electric

potentials, F is the Faraday’s constant, R is the universal gas constant and 7 is the

temperature, L,,Ls,L, are the thicknesses of the negative electrode, separator, and

positive electrode respectively.

V= Ueq +Nr+Nc+ ACI)Elec + AcI)SOlid
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2.4 Doyle-Fuller-Newman (DFN)

The Doyle-Fuller-Newman (DFN) model introduced and developed by Doyle and
Newman is a widely used electrochemical model for simulating the operation of
lithium-ion batteries. It integrates mass transfer, diffusion, migration and reaction
kinetics to provide a comprehensive understanding of battery behavior. The DFN
model is acknowledged as the most widespread and extensively verified model in
the literature for investigating Li-ion batteries. It is made up of equations describing
the movement of lithium ions within the battery electrodes and electrolyte. These
equations are essentially based on partial differential equations (PDEs) governing
diffusion phenomena. In particular, diffusion PDEs in solid particles are very crucial

in the DFN model. They provide significant information about the presence of
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lithium ions for electrochemical reactions and the lithium concentration within the
electrodes. However, resolving these solid phase diffusion equations needs more
computational work compared to the electrolyte phase diffusion equations. This is
mainly because solid phase diffusion changes not only through the thickness of the
electrode on the macroscopic scale (x-scale), but also through the radius of the particles
on the microscopic scale (r-scale). The DFN model is composed of coupled PDAEs,
and some of the parameters in these equations are coupled together such that it is
mathematically not possible to determine all parameter values correctly and uniquely
from input—output data [41]. Exact parameterization is difficult as many of the required
quantities must be inferred indirectly from experimental data. Moreover, there can
be significant variability from device to device, even in cells that are seemingly
prepared in the same way. Therefore, proper parameterization is an obstacle that
must be addressed to obtain the maximum benefit from DFN models [42]. Due to the
computational complexity of solid phase diffusion, efforts are being made to simplify
these equations to allow for real-time simulation capabilities. This simplification is
very important for practical applications where rapid prediction of battery performance
is necessary [43]. Overall, the DFN model is a strong tool for investigating the
electrochemical behavior of Li-ion batteries and offers insights into the various
processes that occur within the battery during charge-discharge cycles. More detailed
explanation of DFN and its formulas, DFN model encapsulates equations ensuring
the conservation of charge and mass within both the solid and electrolyte phases,
while also outlining the behavior governing electrochemical reactions transpiring at
the interface between the solid and electrolyte [2,44]. A Roman subscript is employed
to signify the negative electrode, separator, and positive electrode regions, respectively.
The model equations for the DFN are as follows [39,40,45]: Charge conservation
formulas are given in eqs. (2.23) to (2.25) where a is the electrode surface area density,
& 1s the electrolyte volume fraction, c, is the lithium-ion concentration in electrolyte,

ay, 1s the electrode surface area density, i is the current densities.

aie,k akjka k:l’l,p
= _{ 0 (2.23)
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Mass conservation formulas are given in eqs. (2.26) to (2.29) where N is the molar

fluxes and D, is the electrode diffusivity.
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Electrochemical reactions formulas are given in egs. (2.30) to (2.32).

. . Fm
=2 h(—— k 2.30
Jk J0,k SIN (ZRT)7 cn,p, ( )
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Mk = sk — Gk — Uk (csklr=1),  keEn,p, (2.32)

Current formulas are given in eqs. (2.33) to (2.35).

ienl,e0=0, iepl,_; =0, (2.33)
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Concentration in the electrolyte is given in egs. (2.36) to (2.38).
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Concentration in the electrode active material is given in eq. (2.39).
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Reference potential is given in eq. (2.40).

(Ps.,cn = 07 X e a-Q'tab,n-

Initial conditions are given in eqs. (2.41) and (2.42).

Cs k (x,r, O) = Cs.k,05 ke n,p

Cek (X,O) = Ce,0, ke n,s,p
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Figure 2.3 : DFN model of Lithium-Ion batteries [2].

2.5 Degradation Modeling

Lithium-ion batteries (LiBs) have undoubtedly reshaped our modern world by
initiating a paradigm shift in portable electronics and catalyzing the evolution of
electric vehicles (EVs) and stationary energy storage systems. However, as these
batteries find applications in increasingly harsh environments, the need for improved
performance, longevity and safety becomes paramount. As a result, the scientific
community has turned its attention to understanding the complex physics of battery

degradation.

During the very long years, numerous reviews have been examined various aspects
of LiB degradation, each shedding light on different aspects like diagnosing the
degradation, elucidating the effects of cycling conditions, and studying the interplay
between various degradation mechanisms. Empirical experiments still achieve to
remain important while computational models offer invaluable information, provided
they show reliability in predicting degradation events. As the collective behavior often
deviates from the sum of its parts, it is very critical that models not only consider

individual degradation mechanisms but also account for their complex interactions.

A number of recent computational efforts have attempted to explore the interactions
between the degradation mechanisms. Yet, the majority of studies have focused on

studying only one pair of mechanisms at a time, neglecting the complexities that result
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from the simultaneous influence of multiple factors at the same electrode. For instance,
there is a lack of direct interactions between more than two mechanisms at a single
electrode, although some models rigorously simulate solid-electrolyte interphase (SEI)

growth, lithium plating and mechanical stress independently.

In this work, a comprehensive Doyle-Fuller-Newman (DFN) model is investigated
using the PyBaMM framework, specifically to incorporate degradation phenomena
at the graphite negative electrode. It accounts for the complex mechanisms of crack
propagation and particle fracture, as well as the interaction between lithium coating and
SEI growth. Collectively, these degradation processes contribute to a range of harmful
effects, including loss of lithium inventory, depletion of active material, stoichiometric

shifts and impedance changes.

Among the relatively well-understood degradation mechanisms, SEI layer growth,
lithium coating and particle breakage are particularly relevant to the graphite negative
electrode. Such SEI growth is caused by reactions between the electrolyte and graphite
and lithium, leading to lithium compression and increased impedance, thus hindering

battery performance.

On the contrary, lithium coating is formed by the accumulation of Li+ ions as
Li metal on the graphite surface instead of intercalation, leading to the formation
of dead lithium. Though various models have attempted to capture the complex
interplay between SEI growth, lithium coating and stripping, none have provided a

comprehensive physical explanation.

During cycling, particle breakage as a result of volumetric changes causes mechanical
stress and subsequent crack formation, exacerbating degradation by providing

additional sites for SEI growth and stimulating active material loss.

The model attempts to integrate these various degradation mechanisms into a unified
stress-based framework by considering direct interactions between SEI growth,
lithium coating and particle cracking. The integration of these mechanisms into the
DFN model provides a better understanding of battery degradation, thus facilitating
improved battery design and performance optimization. By supporting advances in

LiB technology, this holistic approach promises to enable the realization of safer and
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more reliable and long lasting energy storage solutions for a variety of applications

[46].

The total lithium loss used in this study is explained as follows. When expressing
the total lithium lost, a general approach that can be used with the SPM
(Single Particle Model), SPMe (Single Particle Model with Electrolyte), and DFN
(Doyle-Fuller-Newman) model is as total lithium lost calculation. When we refer to
total lithium loss, it refers to the loss of lithium in the battery and is often related to
the detachment of lithium ions from the cathode as well as the anode. Here is how to

express this loss as 2.43:

TothalLithiumLost = Qinitiai — Q final (2.43)

Here Qjniriar represents the total amount of lithium at the beginning and Qi

represents the amount of lithium remaining after a certain time or cycle. These
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quantities can be measured in moles. In order to express lithium loss in Ah, we can use
Faraday’s law. Faraday’s law relates the amount of charge carried in an electrochemical
reaction to the number of electrons carried and Faraday’s constant. Q4;: Capacity in
Ah n: Number of moles of lithium lost F: Faraday constant (96.485 C/mol).For lithium

ions, this relationship is as 2.44:

Qun =n-F /3600 (2.44)
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3. VEHICLE MODELING

The need for co-simulation of batteries and loads during the design phase is crucial
to ensure that battery packs can meet performance requirements before significant

investments are made. If it uses in the battery packs for EVs, it’s more accurate.

The co-simulation not only helps to identify potential design flaws, but also allows
engineers to optimise the system in terms of efficiency and performance. By
incorporating various components such as the battery management system (BMS),
thermal management and charging infrastructure into the simulation, designers can
anticipate and mitigate potential problems before they occur. This holistic approach
ensures that the final product is robust, reliable and capable of meeting the demands of

different driving conditions.

In order to accurately foresee the battery demand, simulations should be performed
in various real-world operating scenarios. Simulations for hybrid electric vehicles
(HEVs) are highly complex due to the involvement of internal combustion engines,
multi speed transmissions and complex hybrid mixing control algorithms which have

very complex formulas behind this.

In contrast, simulations for electric-only vehicles (EVs) and plug-in hybrid electric
vehicles (PHEVs) are relatively simple. They typically involve internal combustion

engines and a single-speed fixed gear system with no power source blending.

The simulation of an electric vehicle requires two main components: an accurate
description of the vehicle itself and the function that the vehicle must carry out. The
vehicle description covers details about the battery (cell, module, pack), motor, inverter

(motor drive power electronics), drivetrain, etc.

The vehicle’s function is to follow a desired speed profile versus time, often referred
to as a "drive cycle". Examples of drive cycles include the Urban Dynamometer Drive

Program (UDDS), the Highway Fuel Efficiency Test (HW-FET), the New York City
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Cycle (NYCC), and the US06 drive cycle recorded by the National Renewable Energy
Laboratory (NREL) near Golden, CO.

3.1 Approach to Simulating an Electric Vehicle

In the area of vehicle design and simulation, a careful approach is crucial to ensure
optimum performance and efficiency. One of the key considerations is the calculation
of the desired accelerations in seconds to synchronize with the desired speed of the
vehicle. This complicated process covers series of interdependent steps. A vehicle

block diagram was followed as shown in figure 3.1.

First of all, the limitations imposed by the engine’s acceleration power needs to be
considered. These kind of limitations always affect the achievable torque and power
values, which are very vital and critical in determining the performance of the vehicle.
All these limitations obviously depend on the characteristics of the chosen engine and

require careful calibration to match its capabilities.

After determining the achievable torques, the resulting road forces and speed serve it
as the cornerstone for their calculation. This calculation is the basis for ensuring that

the vehicle’s motion is smoothly aligned with the intended speed profile.

Additionally, that engine’s power requirements directly affect the battery’s perfor-
mance. Through calculating the battery power according to the engine’s demands,
the battery’s state of charge can be accurately measured, allowing us to accurately
measure the battery’s SOC and enabling it to monitor and manage energy resources in

real time.

By estimating the range of the vehicle based on the rate at which battery energy is
depleted, an important aspect of this process is the prediction of the vehicle’s range.
Such predictive analysis provides valuable information about the vehicle’s durability

and helps to optimize its operational efficiency.

At its core, a calculation of desired accelerations and related parameters presents the
cornerstone of vehicle design and simulation. By refining these calculations, it is by
fine tuning performance, maximizing efficiency and driving the future of automotive

innovation forward.
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Figure 3.1 : The block diagram of the vehicle model.

3.1.1 Modeling ideal vehicle dynamics

Starting with calculating the desired acceleration force (D,[ms2]). In order to
calculate this desired acceleration force, considering the desired speed is first
step(Dy [msfl]), which is the main input to the main model. In order to find the desired
acceleration speed of the vehicle, subtract the actual speed (A [ms~']) from the desired

acceleration as in eq. (3.1).

Dy = (Ds —Ay)/1]s] (3.1

Then we multiply the desired acceleration by the equivalent mass E,,|kg| to find the
net acceleration force. Thus, we get the net desired acceleration force (D,¢[N]) at the

road surface as in eq. (3.2).

Duf = En-D, (3.2)

The equivalent mass mentioned in the eq. (3.2) formula above combines maximum
vehicle mass (M, [kg]) and equivalent mass of rotating inertias (M,;[kg]). Motor inertia
(M;[kgm?]), gearbox inertia (G;[kgm?]), wheel inertia (W;[kgm?]), number of wheels
(Ny), gearbox ratio (G,[N[u/1]]) and motor RPM and wheel RPM presented as (M, ),
(W,pm) as in egs. (3.3) and (3.4). Wheel radius (W,[m]) has been assumed to be that of

the rolling wheel; i.e., taking into consideration flattening due to load.

Epyn = My +M,; (33)

My = ((M;+G;)-N*+N,,-W;) | (W,)? (3.4)
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where gearbox inertia, formula is in eq. (3.5) is measured at motor (not output) side.

G, = Mrpm/erm (3.5)

Four more forces are assumed to act on the vehicle as in egs. (3.6) to (3.9).
Aerodynamic force (Ay[N]), air density (Aglkgm=3]), frontal area (F,[m?]), drag
coefficient (C;[u/l]), prior actual speed (Pu[ms™!]), rolling force (R¢[N]), rolling
friction coefficient (C,[u/I]) and acceleration of gravity (Ag[9.81ms™?]), brake drag
force (By¢[N]), grade force (G[N|), constant road force (Cr[N]) and grade angle is
presented as (G,[rad]). Rolling force is computed to be zero if prior actual speed is

Z€10.

Ay = % (Ag-Fa-Cy-Pu) (3.6)
Rf=Cy-Myp-Ag 3.7)
Bf=Cs (3.8)

Gy =My, -Ag-sin(G,) (3.9)

where there is a grade angle or average slope of road (positive is an incline, negative
is a decline). In order to compute desired demand torque at motor, demanded motor

torque is presented as (D, [Nm]) in eq. (3.10).

Dyt =W, - (Da+As+Rs+Br+Gy)/Nw/l| (3.10)

So far it has been analyzed how to calculate desired torque vs. time to match
a desired speed vs. time profile. Now, time to place limits on achieved torque
based on motor, powertrain limitations. In order to limit the acceleration torque,

it 1s required to define what the available torque is based on the ideal three-phase
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AC induction motor model. When positive torque (acceleration) demanded, if prior
actual motor speed [P,,s[RPM]] is lower than rated motor speed (S, [RPM]), then
maximum available torque equals rated maximum available torque (7,4, [Nm]). Or

else, maximum available torque [7,,,[Nm]] computed as in eq. (3.11),

Tma — Tmar'Smr/Pams (311)

In order to limit the deceleration torque, when negative torque (deceleration) desired,
torque demand split between friction brakes (assume infinitely strong). Energy
recovered from motor replaces energy depleted from battery (less inefficiency losses)
via regeneration. Maximum (unsigned) motor torque available for regeneration
calculated as minimum of maximum available torque for acceleration and a regen
fraction times rated maximum available torque. Limited torque at motor is lesser of
demanded motor torque and maximum available torque. In order to compute actual
acceleration force (F,,[N]), the motor torque limits (7},,,[Nm]) have been established as
in eq. (3.12), can compute actual acceleration force that is available, actual acceleration

(Ag[ms™2]) in eq. (3.13), and actual velocity.

Fag = Tj-Nlu/1]/W, —As —Rf — G5 — By (3.12)

Ay = aa/Em (313)

The actual acceleration that has just been calculated may cause the motor to rotate at
an angular speed higher than its rated value. For this reason, it cannot easily calculate
the real velocity. We need to compute a motor speed (S,,[RPM)) first, then limit the
RPM, and then compute the actual vehicle speed. For this, we need to define the test
speed (S;[ms~!]) as in eq. (3.14). Then, limit motor speed (S;,,[RPM]) by maximum

rated motor speed to limit the motor speed as in eq. (3.15).

S, = Py+Aq-1s (3.14)
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60[smin~!]

Sn =S N e T 7

(3.15)

Finally, now that limited motor speed has been calculated, actual vehicle speed is
computed as eq. (3.16).

Ay = Spm - 27[rev=1]- W, /60 N[%] (3.16)
Equations developed so far show whether vehicle is able to develop accelerations
required to follow specific drive profile. In order to understand if the vehicle can
advance or follow the required drive profiles, equations are created accordingly.
Sufficient battery power is available to supply motor demand is first assumption. In
order to decide the range of the vehicle, based on battery capacity, battery needs to
be simulated; when a minimum battery SOC or minimum voltage is accomplished,
distance that driven to that spesific point is equals to vehicle range. As further,
instantaneous power required by the motor (P,,[kW]) is calculated by using previous

motor speed (Sy,p) as in eq. (3.17);

Sm~+ Smp

Pn=( )-2m(rev") - Ty, /60 - 1000 (3.17)

Depending on whether motor power is positive (acceleration) or negative (regenera-
tion/deceleration) battery power (P,[kW]) is calculated as in eq. (3.18) using drive-train
efficiency (E,4[u/l]) and overhead power (P,[kW]) where overhead power is constant
power drain from other vehicle systems, such as air conditioners, infotainment systems

etc.

(3.18)

P,+ P,/Ed,accel.
(o) =
P,+ P, .Ed,decel.

Lastly, in order to calculate the battery range (Rp[km]) as in eq. (3.20), physics-based
modeling is used, where the battery cell current and voltage values are derived from
the physics-based model. According to the number of series and parallels in the
battery pack, current and voltage are set to pack level, assuming all cells are equal and

balanced. After this, using coulomb counting method, battery SOC (Bg,.|percent)) is
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calculated as in eq. (3.19). Prior battery SOC (B 50 [percent]), battery current (B.u[A)),
battery capacity (B.a[Ah)), total distance of simulated drive cycle (D.s[km]), maximum
rated battery SOC (Baxsoc|percent]), minimum rated battery SOC (Byinsoc[percent]),
SOC at beginning (Bpegsoc[percent]) and SOC at end of drive cycle (Bgpgsoc|percent])

are used for this calculations.

Byoe = Bpsoc — Beu - 1[5]/3600 - By - 100[%] (3.19)

Rb _ Dcs . imaxsoc - Bminsoc (320)
begsoc — Bendsoc
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4. SIMULATION AND RESULTS

4.1 Comparison of Electrochemical Battery Models

By using the SPM, SPMe and DFN model bases that have been described so far in
this thesis, all these models and cell types have been compared for different battery
chemistries by using these different modeling techniques with the help of Python
Pybamm Library [45] and Matlab platform has been used for the visualizations. Figure
4.1 shows the results of the SPM SPMe and DFN models for a particular chemistry,
LFP, using the Pybamm [40]. The model used in this comparison is the default
model parameters available in Pybamm and the mesh geometry and cell geometry
are chosen by default. These default parameters were obtained from referenced papers

[2,39,40,44,45,47,48].

3.8
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Figure 4.1 : Comparison of 3 different modeling types.

Table 4.1 : Comparison of the computation times of the models.

Model Computation time (ms)
Doyle Fulle Newman Model 248.25
Single Particle Model with Electrolyte 31.61
Single Particle Model 15.37

In a comparative study on the solution times of the equations for DFN, SPM, and
SPMe models, it has been observed that despite using the same solution methodology,

the solution time for the DFN model is significantly longer compared to the SPM
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Figure 4.2 : Li-po modeling using DFN, SPMe and SPM model with 1C and 5C
C-rates.
and SPMe models. This situation can be explained by the DFN model having a
greater complexity in terms of the mathematical representation of the electrochemical
processes considered within the model. This complexity directly affects the model’s
solution time, making it a significant factor in terms of time efficiency in analysis and

simulation studies.

First, in Figure 4.2, a comparison of 3 different modeling methods using lithium-ion
polymer, Kokam SLPB 75106100, was performed at different C-rates and the total
error values were compared. Parameters of the Kokam SLPB 75106100 cell, from the
papers [32,33]. The tab placement parameters are taken from measurements in [34].
The thermal material properties are for a power pouch cell by Kokam. The data are
extracted from [45]. Lastly, the fits to data for the electrode and electrolyte properties
are those provided by Dr. Simon O’Kane in the paper [19]. Also, the experimental data

values were obtained from the 1C and 5C discharge values given in the cell datasheet.

Secondly, in Figure 4.3, a comparison of 3 different modeling methods using Lithium
cobalt oxide-graphite, Enertech LCOG SPB655060, was performed at different C-rates
and the total error values were compared. Parameters for the Enertech cell, from the
papers [35,49] and references therein. SEI parameters are example parameters for SEI
growth from the papers [49]-[54]. Also, the experimental data values were obtained

from the 0.5C and 1C discharge values given in the cell datasheet.

Thirdly, in Figure 4.4, a comparison of 3 different modeling methods using Lithium
Iron Phosphate, A123 ANR26650M 1B, was performed at different C-rates and the
total error values were compared. Parameters of the Kokam SLPB 75106100 cell, from
the papers [30]. Subsequently, a re-study was carried out and some of the parameters,

in the article [31], were updated to give more accurate results. Nevertheless, it was
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Figure 4.3 : LCO modeling using DFN, SPMe and SPM model with 0.5C and 1C
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Figure 4.4 : LFP modeling using DFN, SPMe and SPM model with 1C (a) and 5C
(b) C-rates.

noticed that even the values in the paper [31] did not exactly match the experimental
data, so a parameter optimization technique was attempted. With this parameter
optimization technique called curve fitting, curve fitting is the process of generating
a curve or mathematical function that best fits a set of data points, possibly subject
to restrictions, it was observed that more accurate values were achieved by adjusting
the values of Negative electrode thickness and Negative particle radius as in Table 4.2.

The rest of the parameters remain the same as in [30].

Fourthly, in Figure 4.5, the modeling of the INR21700 M50 battery cell, which is
produced by LG Chem and features NMC 811 chemistry, was conducted. The analysis
was carried out at a constant temperature of 25° Celsius, considering two different
discharge current rates, 1C and 2C. The Pybamm Chen2020 parameters were utilized

as the modeling parameters [55]. Drawing upon the acquired data, it becomes evident

Table 4.2 : Optimized values of LFP model.

Prada value [30] Arksand value [31] Optimized value

Negative electrode
thickness [m]
Negative particle
radius [m]]

3.6e-5 6.57e-5 3.46e-5

5.86e-6 2.39¢e-05 Te-7
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Figure 4.5 : NMC modeling using DFN, SPMe and SPM model with 1C and 2C
C-rates.

Table 4.3 : RMS errors (mV) for various battery types and C-rates.

Battery Types LiPo LCO LFP NMC

Model / Crates 1C 5C 0.5C 1C 1C 5C 1C 2C
DFN 38.6 66.2 13.3 36.6 65.7 78.2 44.8 34
SPMe 38.8 67 22.8 36.9 66 79 47.5 429
SPM 47.6 78.2 25.2 66 66.4 100.9 97 175.3

that the Discrete Fracture Network (DFN) model necessitates extensive mathematical
computations and solution time in contrast to the Single Particle Model (SPM) and its
extension, SPMe. For LiPo, LCO, LFP, and NMC battery cell types, results obtained
using DFN, SMPe, and SPM models at various C-rate values have been compared
with experimental data. Root mean square error calculations were performed for each

model, and the results are presented in Table 4.3.

As reported in Table 4, the comparison of all these models reveals that DFN has
the highest overall score in terms of accuracy. It is followed by SPMe and SPM.
Conversely, this order is exactly in the reverse order in terms of complexity and

computation time.

4.2 BEV Model and Range Comparison

In this section, a battery electric vehicle model is created using the vehicle modeling
method described and explained in chapter 3, and then a detailed simulation study is

carried out by combining this vehicle model with the physics-based modeling methods

Table 4.4 : Comparison of each battery model.

Model DFN SPMe SPM
Accuracy +++ ++ +

Complexity + ++ +++

Computation time + ++ +++
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Table 4.5 : Range Comparison

. Total Range Total Range Total Range
Drive Cycle  (\ith SPM) [km]  (with SPMe) [km]  (with DEN) [km] oot Pat@ tkm] [56]
NYCC 52.8 52.2 52.2 51.9
UDDS 62.7 61.9 62.0 62.8
USo06 43.7 42.2 42.4 46.7
HWO06 63.5 62.9 62.9 63.5
Table 4.6 : Comparison of each battery model.

Drive Cvcl Vehicle model Vehicle model Vehicle model

ve Lyde (with SPM) [km]  (with SPMe) [km]  (with DFN) [km]

Simulation Time 7.7826 seconds 20.2555 seconds 35.3894 seconds

described in chapter 2. The modeled vehicle and all its parameters are from the 2011
Chevrolet Volt 1st generation vehicle. In order to test the accuracy of the simulation,
the available information and the range data previously performed were compared and
results are in Table 4.5. For this comparison, the range information obtained with the
data from Argonne Test Laboratory was used together with the information given in

the [56] book.

Subsequently, the behavior of each cell in the battery pack when modeled using the
battery modeling methods reported in this thesis is examined below. The Pybamm
Chen2020 parameters were utilized as the modeling parameters [55] for NMC cell
simulation.

First, the SPM cell model was integrated into the vehicle model and simulated to obtain
the results shown in Figure 4.6. The results in the graph are divided into 4 sections,
each section shows the voltage and current outputs of the cell at a different drive cycle.
Also, in the simulation environment created for the SPM model, the total lithium ion
loss is shown in Figure 4.7 as the capacity in only one cycle. Total lithium lost refers to
the loss of lithium in the battery and is usually related to the separation of lithium ions
from the cathode and anode. We can convert this loss into capacity loss as described

in Chapter 2 degradation part.

Secondly, the SPMe cell model was integrated into the vehicle model and simulated
to obtain the results shown in Figure 4.8. Again, the results in the graph are divided

into 4 sections, each section showing the voltage and current outputs of the cell in a

39



NYCC Drive Cycle

44

43

-
S

Voltage [V]
-

a0

000 002 004 006 008 010 012 014 016
Time [h]

Positive particle n overpotential
Negative reaction overpotential

Positive reaction overpotential

Electrolyte concentration overpotential
Ohmic electrolyte overpotential

Ohmic negative electrode overpotential
Ghmic positive electrode overpatential

--- Woltage

US06 Drive Cycle

Voltage [V]

000 002 004 006 008 010 O0l2 04
Time (h]

[37)

UDDS Drive Cycle

015 o020
Time [h]

Voltage V]

0000 0025 0050 0075 0100 0125 0150 0175 000
Time (]

Figure 4.6 : SPM cell model results simulated into the vehicle model.

different drive cycle. Also, in the simulation environment created for the SPM model,

the total lithium ion loss is shown in Figure 4.9 as the capacity in only one cycle.

Third and finally, the DFN cell model was integrated into the vehicle model and
simulated to obtain the results shown in Figure 4.10. Again, the results in the graph
are divided into 4 sections, each section showing the voltage and current outputs of the
cell in a different drive cycle. Also, in the simulation environment created for the SPM

model, the total lithium ion loss is shown in Figure 4.11 as the capacity in only one

cycle.

Finally, a comparison of all these simulations in terms of simulation time duration is

shown in Table 4.6.
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5. CONCLUSION

The studies presented and explained in this thesis are hereby concluded with

recommendations for future studies.

There are three main concepts that the thesis focuses on:

1. Summarized and compared various modeling methods in existing literature,
evaluating their complexity and outcomes, and identified which methods are more

suitable for specific chemical systems

2. Updated modeling approaches with optimization methods to enhance accuracy, and

investigated the suitability of different chemistries for physics-based modeling.

3. Developed a battery electric vehicle simulation environment using physics-based
modeling techniques, calculated range, and analyzed lithium loss to determine

capacity degradation.

This study analyzes 3 different electrochemical methods in detail and SPM
(Single Particle Model), SPMe (Single Particle Model with Electrolyte) and DFN
(Doyle-Fuller-Newman) models offer different levels of accuracy and complexity
in simulating lithium-ion batteries. SPM offers simple and fast calculation, but
low accuracy by neglecting electrolyte details. SPMe provides higher accuracy by
including electrolyte concentration and potential gradients, but the computational
complexity is moderate. Although DFN model is very complex and computationally
intensive, it offers the highest accuracy. Depends on the application areas and
requirements, the model can be chosen accordingly; SPM is more convenient for
real-time and fast simulations, SPMe is for applications which requires moderate
accuracy and speed, and DFN is for detailed analysis requiring very high accuracy.
As expalined in this thesis, different kind of chemistries respond non identical to

different electrochemical models. Analyzing which chemistry produces more accurate
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results in which physics-based model is one of the first inference that can be reached
from this study and to decide on the appropriate method by considering the pros
and cons. This study gives a short review of the physics-based modeling techniques
available in the current literature and compare these modeling techniques in terms
of their complexity and predictive capabilities. It also investigates the relationship
between these modeling approaches and specific chemical compositions. During
the research, various modeling techniques from the literature were refined using
optimization methods to improve accuracy. With reviewing the modeling results in
detail and after conducting some studies to identify which chemical compositions are
more accurately matched to specific modeling methodologies, as well as to identify
chemistries more suitable for physics-based modeling. Future research endeavors
may prioritize standardizing parameterization procedures and discharge-charge tests
within laboratory settings to enhance data precision, while also incorporating machine
learning techniques to improve the accuracy of battery parameters. The integration
of machine learning and physics-based modeling holds promise for the development
of advanced models, facilitating a deeper comprehension of battery dynamics and
contributing to the continuous advancement of battery technology. The mathematical
calculations required for a vehicle model and the physics-based battery modeling
methods that are simulated with this model contribute to real-life sizing studies. In
addition, this study examines in detail the loss of lithium, one of the main factors
in the aging of a cell, and the associated loss of capacity for each modeling method
and simulation. The first conclusion that can be drawn from this is that by using these
modeling techniques, it is possible to see in detail how the battery can give results under
which loads and to create inputs for all kinds of prediction algorithms. Real-world
requirements like climatic conditions, driving profiles and habits and vehicle owners
can be investigated to see how cargo load, battery health and the lifespan of electric
vehicles can be affected. All this can be combined with real vehicle tests and compared

with real data.
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