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MODELLING AND STATE OF CHARGE ESTIMATION
FOR LITHIUM-ION BATTERIES

SUMMARY

Factors such as the decrease in petroleum fuel reserves, the increase in fuel costs and
the harmful gases released by the vehicles using petroleum-derived fuels created the
need for alternative methods in road transportation.

Over the past two decades, electric vehicles have become a part of road transportation
in different forms. Electric vehicles do not need a drivetrain and a gearbox like the
vehicles that use petroleum fuel and they can re-use the braking energy with the
reclaimed brake method. This situation proves that public transportation could be
much more efficient by using electric vehicles. The adoption of hybrid and electric
vehicles has accelerated due to the fact that the service needs for electric vehicles are
much less than those using petroleum fuels, they have significantly reduced the cost of
transportation per kilometer and they have also reduced the release of harmful gases.
By reducing the cost of research development towards engine calibration, drivetrain,
and gearboxes, electric vehicles have enabled vehicle manufacturers to invest in higher
technologies, such as advanced driver assistance systems.

In addition to all these positive developments, some developed countries took various
measures to promote the use of electric vehicles. In 2016, the Government Fleet
Declaration, signed by the United States, China, Britain, France, Japan, Canada,
Norway, and Sweden, announced that these countries would considerably lower their
carbon emission rates in the coming years and implement significant investments and
sanctions. In Norway, no tax is applied in the purchase of electric vehicles, electric
vehicles with very low annual taxes can also be used free of charge, and even ferries
that combine international routes are free. If companies rent an electric car, the rental
costs are deducted from taxes. Such sanctions set an example for the whole world,
revealing the role of governments in this process.

Developed battery technologies combined with newly produced batteries have been
in compliance with the automotive standards, while energy costs for energy storage
decreased and the amount of energy that could be stored in the same volume and
weight increased. Longer-lasting, more reliable batteries have been launched. High
power density batteries provide the same acceleration performance as the smaller
battery packs for hybrid electric vehicles, while high energy density batteries allow
a significant increase in the range of electric vehicles, making electric vehicles
preferable for intercity transportation.

With the increase of electric vehicles, the importance of battery packs and battery
management systems increased. Batteries with lithium-ion chemistry has gained
widespread use in battery packs due to their high energy and power densities,
longevity, low self-discharge rate features. The electric vehicle battery pack is
composed of many lithium-ion battery cells with 3-4 volts. The voltage increases
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when the cells are connected in series and the capacity enhances when the cells are
connected in parallel . In high power applications, high voltage battery packs are
used to deliver high power with low current. The way to achieve this is to connect
several cells in series, the connected cells are charged and discharged with the same
current. The cells from the same production line have very similar characteristics,
but very small resistance and capacity differences are inevitable. In addition, the
different positions of the cells in the package make it difficult for all cells to be at the
same temperature at the same time. These situations lead to the formation of charge
imbalances between the cells connected in series. When one of the cells connected
in series is discharged, the battery pack cannot be used to draw power. Similarly,
when one of the cells connected in series is fully charged, the battery pack cannot be
charged more, so the charge imbalances prevent the full performance of the battery.
Battery management systems are used to eliminate cell voltage imbalances, to monitor
the charging and health status of each cell, to increase the efficiency and life of the
cells, to ensure that the cells are operating in proper operating conditions. A battery
pack contains many variables that can and cannot be measured. While values such
as temperature, current and voltage can be obtained by direct measurement methods,
values such as charge status, health status, power condition cannot be measured by
direct measurement methods. It is only possible to measure such values by forwarding
estimation methods.

The aim of this thesis is to model the battery pack of a hybrid electric vehicle prepared
to go to mass production in simulation environment, to estimate the state of charge
with the help of Extended Kalman Filter and then to make the battery balancing
process according to SOC estimations of Kalman Filter using a battery pack model
consisting of 16 cells.

The data required to obtain the model of 51 Ah Lithium-lon NMC prismatic cells
used in the battery pack were obtained from the battery manufacturer. The obtained
data were analyzed in detail in MATLAB and used to obtain the cell model and
to confirm the obtained model. Ampere-hour counting method which is a simple
method which can be applied in the cell simulation model is used, because noise can
be prevented in the simulation environment. Ampere-hour counting method which
gives very successful results in completely noiseless environment deviates from the
real value over time when fed by noisy measurements and it is not possible to correct
the deviations by this method (or the cells must have a long-standing state of rest).
After the desired convergence is achieved in the cell simulation model, the Extended
Kalman filter is designed for charge status estimation. The measurements with noise
were used as the inputs of the Kalman filter and the SOC estimates of the Kalman
Filter were compared with the SOC estimates of the battery model. This way, the
disturbance rejection performance of the designed EKF has been tested.

In addition, situations where the initial charge status is not known, which is very likely
to be encountered in real life, have also been tested. For this, the SOC model was
given to the battery, while the Kalman filter was initiated with the wrong value and
after a short time it was observed that it converged to the correct value successfully.

A battery pack model consisting of 16 cells was created with the cell model generated
after the charge condition estimation was successfully designed. @A balancing
mechanism, that can apply the balancing current to each cell in the package model
separately, has been added. The SOC values from the Kalman filter were used to
control the balancing mechanism. In terms of simplicity of application, passive
balancing method has been preferred. The basic principle of this method is to detect
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the cell with the least charge from the series connected cells and to bring all the
remaining cell SOC’s closer to this value. As a result of the simulation, it is seen
that Kalman filter makes accurate predictions despite the package-based noise and is
suitable for balancing in real battery packages.
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LiTYUM-IYON BATARYALARDA
MODELLEME VE SARJ DURUMU KESTIRIMI

OZET

Petrol yakit rezervlerinin azalmasi, yakit maliyetlerinin artmasi, petrol tiirevli yakit
kullanan araglarin dogaya saldig1 zararli gazlar gibi etkenler karayolu ulagiminda
alternatif yontemlere basvurmayi zorunlu kildi. Son yirmi yildir ciddi bir sekilde
arastirtlan bir konu olan elektrikli araclar degisik formlarda karayolu ulagiminin
bir parcasi haline gelmeye bagladi. Petrol yakit kullanan araclardaki aktarma
organlarina ve vites kutusuna ihtiya¢c duymayan, frenleme enerjisini geri kazaniml
fren yontemi ile tekrar kullanabilen elektrikli araclar, karayolu ulagiminin ¢ok
daha verimli bir sekilde yapilabilecegini kamuoyuna gosterdi. Servis ihtiya¢larinin
petrol yakit kullanan araglara kiyasla cok daha az olmasi, kilometre basina ulagim
maliyetini ciddi bir sekilde diisiirmeleri, zararli gaz salimmini ¢ok azaltmalar1 ya da
tamamen bitirmeleri toplumun hibrid ve elektrikli araglar1 kabullenmesini hizlandirdi.
Arag ireticilerinin motor kalibrasyonuna, aktarma organlarina ve vites kutularina
harcadiklar aragtirma gelistirme maliyetlerini kisarak, ileri siiriicli yardim sistemleri
gibi daha yiiksek teknolojilere yatirim yapmasina olanak sagladi.

Biitiin bu olumlu gelismelerin yam sira, gelismis tilkeler elektrikli ara¢ kullanimim
yayginlagtirmak i¢in cesitli Onlemler aldi, cesitli imtiyazlar verdi. 2016 yilinda
ABD, Cin, Ingiltere, Fransa, Japonya, Kanada, Norvec ve Isve¢ arasinda imzalanan
Hiikiimet Filo Deklarasyonu(Government Fleet Declaration) ile bu iilkeler gelecek
yillardaki karbon salinim oranlarini ciddi oranda diisiireceklerini ve bu amac¢ ugruna
onemli yatirnm ve yaptirimlar uygulayacaklarimi ilan ettiler. Ulasimda elektrikli
ara¢ kullaniminin en yaygin oldugu iilke olan Norve¢’in elektrikli ara¢ sahiplerine
verdigi avantajlar1 siralayacak olursak, elektrikli ara¢ satin alma siirecinde higbir
vergi uygulanmiyor, yillik vergileri ¢ok diisiik olan elektrikli araclar ayrica parali
otoyollar1 da iicretsiz kullanabiliyor, hatta uluslararas: yollar1 birlestiren feribotlar
bile iicretsiz kullanabiliyor. Sirketler eger elektrikli arag¢ kiralarsa, kiralama masraflar
vergilerinden disiiliiyor. Bu gibi yaptinmlar tiim diinyaya ornek tegkil ederek,
hiikiimetlerin bu siirecte ne kadar 6nemli bir rolii olabilecegini gozler Oniine seriyor.

Geligen pil teknolojileriyle beraber yeni iiretilen piller otomotiv standartlarina uygun
bir hale geldi, enerji depolama i¢in maliyetler azalirken, ayn1 hacim ve agirlikta depo
edilebilen enerji miktar1 artti. Daha uzun Omiirlii, daha giivenilir piller piyasaya
siriildii.  Yiiksek giic yogunluklu piller hibrid elektrikli araclar icin daha kiigiik
batarya paketleriyle aymi ivmelenme performansim1 yakalamaya olanak verirken,
yiiksek enerji yogunluklu piller tamamiyla elektrikli araclarin menzillerinde ciddi bir
artisa imkéan vererek elektrikli araclar1 sehirlerarasi ulasim i¢in de tercih edilebilir kildi.
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Elektrikli araclarin artmasiyla birlikte batarya paketlerinin ve batarya yonetim
sistemlerinin onemi arttr. Lityum-iyon kimyasina sahip piller, yiiksek enerji ve gii¢
yogunluklari, uzun omiirleri, diisiik kendinden bosalma oranlari(self discharge rate)
gibi Ozellikleriyle diger pil kimyalarina istiinliik sagladiklari i¢in batarya paketlerinde
yaygin olarak kullanilmaya baglandi. Elektrikli ara¢ batarya paketi 3-4 Voltluk pek ¢cok
lityum-iyon batarya hiicresinin birlestirilmesinden olusur. Birbirine paralel baglanan
hiicreleri kapasitesi artarken, seri baglanan hiicrelerin gerilimi artar. Elektrikli araclar
gibi yiiksek giic gerektiren uygulamalarda, diisiikk akimla yiiksek gii¢ iletebilmek
icin yiiksek gerilimli batarya paketleri kullanilir. Bunu saglamanin yolu pek ¢ok
hiicreyi seri olarak baglamaktan gecer, seri olarak baglanmig hiicreler aym1 akimla
sarj ve desarj edilir. Ayni iiretim hattindan ¢ikan hiicreler ¢cok benzer karakteristik
ozellikler gosterir, ancak aralarinda cok kiiciik diren¢ ve kapasite farklar1 bulunmasi
kacinilmazdir. Bunlarin yani sira hiicrelerin paket ic¢indeki konumlarinin farkl
olmasi tiim hiicrelerin ayni1 anda ayn1 sicaklikta olmasini zorlagtirir. Bu durumlar seri
bagh hiicreler arasinda zamanla sarj dengesizliklerinin olusmasina sebebiyet verir.
Batarya paketinde seri bagl hiicrelerin birinin sarj1 bittiginde batarya paketinden gii¢
cekilemez, ayn1 mantikla seri bagli hiicrelerin biri tamamen sarj oldugunda batarya
paketi daha fazla sarj edilemez, dolayisiyla sarj dengesizlikleri batarya performansinin
tam olarak kullanilmasina engel olur .

Hiicre gerilim dengesizliklerini gidermek, her bir hiicrenin sarj ve saglik durumunu
takip etmek, hiicrelerin verimini ve Omriinii arttirmak, hiicrelerin uygun c¢alisma
kosullarinda ¢alistigindan emin olmak icin batarya yonetim sistemleri kullanilir. Bir
batarya paketinde oOlciilebilir ve dl¢iilemez pek cok degisken bulunur. Sicaklik, akim
ve voltaj gibi degerler direk olciim metotlariyla elde edilebilirken, sarj durumu, saglik
durumu, giic durumu gibi degerler direk Ol¢iim metotlar: ile dlciilemez. Bu gibi
degerleri 6lgcmek ancak ileri kestirim yontemleriyle miimkiindiir.

Bu tezin amaci seri liretime gitmek iizere hazirlanan bir hibrid elektrikli aracin batarya
paketini simiilasyon ortaminda modellemek, Sarj durumunu Genisletilmis Kalman
Filtresi yardimiyla kestirebilmek ve sonrasinda 16 hiicreden olusan bir batarya paketi
modeli kullanarak hiicreler arasi sarj dengeleme islemini kalman filtresinin sarj
durumu tahminlerine gore yapmaktir. Tez calismasi kapsaminda yapilan ¢aligsmalar
asagidaki paragraflarda sirasiyla agiklanacaktir.

Batarya paketinde kullanilan 51 Ah Lityum-Iyon NMC prizmatik hiicrelerin modelini
elde etmek i¢cin gerekli veriler batarya iireticisinden elde edilmistir. Elde edilen
veriler detayli bir sekilde analiz edilip MATLAB ortaminda hiicre modeli elde
etmekte ve elde edilen modelin dogrulanmasinda kullanilmistir. Hiicre simiilasyon
modelinde uygulanabilirligi basit bir yontem olan Amper-saat sayma yontemi
kullanilmigtir, ¢iinkii simiilasyon ortaminda giiriiltiiler engellenebilir. Tamamen
giiriiltiisiiz ortamda c¢ok basarili sonuclar veren Amper-saat sayma yontemi, giiriiltiilii
Olctimler ile beslendiginde zamanla gercek degerden sapar ve bu yontemle sapmalari
diizeltmek ya miimkiin degildir ya da hiicrelerin uzun siiredir dinlenme durumunda
olmasi gerekir. Hiicre simiilasyon modelinde istenen yakinsama saglandiktan sonra,
sarj durumu kestirimi i¢in Genigletilmis Kalman filtresi tasarlanmigtir. Batarya
modelindeki tamamen giiriiltiisiiz degerler verilirken Kalman filtresinin giriglerine
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Olctimler giiriiltiilii bir sekilde verilip Kalman Filtresinin sarj durumu tahminleri
batarya modelinin sarj durumu tahminleri ile karsilagtirlmistir. Bu sekilde Tasarlanan
EKF’nin bozucu bastirma performansi test edilmistir. Bunun yani1 sira gercek hayatta
karstmiza c¢ikmasi ¢ok muhtemel bir durum olan baslangic sarj durumunun dogru
bilinmedigi durumlar da test edilmistir. Bunun i¢in batarya modeline dogru sarj
durumundan baglatilirken, Kalman filtresi yanlis degerden baglatilmig olup kisa bir
stire sonra dogru degere basaril bir sekilde yakinsadig1 gézlenmistir.

Sarj durumu kestirimi iglemi basarili bir sekilde tasarlandiktan sonra olusturulan hiicre
modeli ile 16 hiicreden olusan bir batarya paketi modeli olusturulmustur. Paket
modelindeki her hiicreye ayr1 ayr1 dengeleme akimi uygulayabilecek, bir balans
mekanizmas1 eklenmistir. Balans mekanizmasinin kontrolii i¢in kalman filtresinden
cikan sarj durumu degerleri kullanilmigtir. Uygulama basitligi agisindan pasif balans
yontemi tercih edilmistir, bu yontemin temel prensibi seri bagli hiicrelerden en az
sarj1 olan hiicreyi tespit edip geri kalan biitiin hiicre sarj durumlarim1 bu degere
yaklastirmaktir. Simiilasyon sonucunda Kalman filtresinin paket bazinda giiriiltiilere
ragma dogru tahminler yaptig1 ve gercek batarya paketlerinde dengeleme islemleri i¢in
uygun oldugu goriilmiistiir.
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1. INTRODUCTION

Lithium-ion (Li-ion) cells become a must for our society; most of the portable
electronic devices we use in our daily life is powered by Li-ion cells. There are many
types of Li-ion cells, depending on the application. Li-ion cells can be manufactured
in different forms, size, capacities, voltages, and powers, etc. The demand for Li-ion
cells increased significantly with the developments in the automotive industry. Many
new electric vehicle models with impressive features are released to the market. There
are a lot of reasons to buy electric vehicles. The governments are giving perks to
EV owners such as free or inexpensive charging, lower transportation taxes, and no
emission taxes. Many of the pioneer countries have announced that they are going
to have some regulations to limit fuel-based vehicle production. The sales and the
demand for EVs are growing day by day, and automotive companies making great
investments to get their piece of the pie. Numerous incentives for hybrid and electric
vehicles have been established by many governments and local administrations around

the world in order to speed up the adoption of electric vehicles [7].

In order to support the adoption of EVs, the new car models should meet specific
criteria in various fields such as range, acceleration, weight, cost, and safety. Most
of the EV’s use battery pack as the power source, a typical battery pack is formed
by connecting smaller cells series and parallel. If the battery pack has more cells
in parallel, the peak current and the energy storage capacity will be greater. So,
the vehicle will have a longer range. Same applies for cells in series, more cells in
series will result in higher pack voltage; thus, it can deliver high power with lower
currents. So, the vehicle will have better acceleration. High voltage battery packs with
great energy and power rates tend to use thousands of battery cells. To store higher
energy in smaller weights, car manufacturers prefer higher WH/kg cells. Lithium-ion
batteries have high energy storage densities and a clear advantage over other batteries

for electrifying transportation, this makes them very preferable.



1.1 Purpose of Thesis

Battery Management Systems (BMS) are used to monitor lithium-ion battery packs.
The BMS ensures that the pack stays in a safe operating range, controls its
environment, and balances every cell. [6]. In order to operate the battery pack
effectively, the available SOC must be calculated precisely by the BMS. But, this is
not an easy task because there is no direct way to measure SOC, a robust estimation

algorithm with a proper simulation model is needed to be employed.

The purpose of this thesis is to model the battery cells of a real HEV’s and design a

proper algorithm to estimate SOC for real-world application.



2. LITERATURE REVIEW

The definition of the battery can be given as the system which is able to convert
chemical energy to electric energy by using electrochemical reactions. The first
description of the batteries was made in an 1800 study by Volta, who is an Italian
professor at the University of Pavia. He invented the voltaic pile in 1800, which is the
first form of the battery as we know it today. Since its invention, considerable studies

made and various battery chemistries have been developed [1].

2.1 General Operating Principles of Li-Ion Batteries

At the present time, batteries are categorized as primary and secondary batteries,
primary batteries manufactured and stored with a full charge and they cannot be
re-charged after the first usage, they should be disposed. On the other hand, secondary
batteries are rechargeable; they can be used many times. Among all of the secondary
battery chemistries, the lithium-ion one has clear advantages over all of the other types.
Li-ion secondary batteries offer longer service life, higher energy density, and higher
operating voltage. This thesis will focus on secondary batteries, particularly li-ion

chemistry.

2.1.1 Lithium secondary batteries

An electrochemical cell uses reduction and oxidation (Redox) reactions to convert

chemical energy to electric energy.

As it is illustrated in Figure 2.1, a lithium cell consists metal collectors named
anode and cathode, they are placed in an electrolyte median and a separator plate to
prevent a short circuit between the electrodes. When redox reaction takes place at
the electrodes, ions are transferred through the electrolyte between the anode and the
cathode. Electron transfer is needed between electrodes to equalize polarization, but

electrons cannot transfer through electrolyte because of the separator. Instead, they
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Figure 2.1 : Movement of Li™ in an electrolyte in a battery. [1]

travel through an external wire connecting the two electrodes. If a load is connected to

the terminals, the current will flow over the load, and power transfer is realized.

2.2 Terminologies and Definitions

2.2.1 Cells, modules, and packs

Most of the EV’s use high voltage battery packs as the rechargeable energy storage
system (RESS), a typical HV battery pack may use thousands of battery cells, to
meet high energy and power requirements of the EV’s. A Li-ion cell is the most
fundamental element of the battery pack, and they usually provide 3-4 V. [8] By
connecting many cells in parallel battery blocks are formed, and they provide same
voltage with the cell, but they have higher capacities. By connecting battery blocks
in series modules are made, modules have the same capacities as the blocks, but they
provide higher voltages. Finally, the packs are built by connecting the battery modules.
If the battery pack has more cells in series, it will have a higher pack voltage. Thus it
will deliver and absorb higher powers with lower current, enabling the vehicle to have
better acceleration and deceleration performance. Similarly, more cells in parallel will
increase the energy storage capacity, resulting in the vehicle to have more extended
range. Figure 2.3 shows an illustration of an EV battery pack consisting of many

modules. Also, figure 2.2 shows that a module may use many cells.
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Figure 2.3 : A battery pack with lithium-ion modules for an EV . [2]

2.2.2 C-rate

The C-rate defines the speed a battery is discharged or charged. 1C is the current rate
which a fully charged battery will consume all its usable energy in one hour. For a
cell with the capacity of 50 Ah, 1C defines 50 Ampere, similarly for a 2Ah cell 1C is
2A. Different applications require different performance criterion, so while evaluating
different cell candidates for an application, C-rate comes very handily. It will help

users to decide if they should use one S0Ah cell or 25 2Ah cells in parallel.



2.2.3 Terminal and open-circuit voltages

The voltage measured between battery terminals when a current flow over the battery
is called terminal voltage. On the other hand, open-circuit voltage (OCV) is the resting
voltage of the battery, or steady-state voltage value when no current disturbance is
applied to the battery. In this thesis, OCV is used as a function of State of Charge,

temperature, and current direction [8].

2.2.4 Capacity

The capacity can be defined as, the electrical energy storage capability of a battery in
ampere-hours (Ah). Capacity can be calculated by drawing a constant current from a
fully charged battery until the end-of-discharge voltage is reached. The current times
elapsed time will give capacity in Ah. Capacity can be changed due to C-rate, at
higher charge/discharge current rates battery capacity is lower. At higher currents,
the voltage dissipation tends to be greater; thus, end-of-discharge or end-of-charge

voltages reached earlier.

2.2.5 State of charge (SOC)

Measuring the remaining fuel in conventional vehicles is very straightforward. A float
connected to a potentiometer is placed in the fuel tank, as the fuel level goes down, the
float decreases vertically and slides a moving contact along with the resistor, increasing
its resistance. Then, by using a conversion table, this resistance value is mapped to the
remaining liter, and the driver can be informed about how much fuel is left in the

vehicle.

i
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Figure 2.4 : State of charge illustration.




In the same manner, EV’s use SOC to indicate remaining energy of the battery, an
illustration is given in In figure 2.4. It can be expressed in percent; SOC is 0% when the
battery is empty and, 100% when it is full. For the sake of longer life span, batteries are
not used at their extreme voltage points. Instead, an optimum working voltage interval
is determined, then 0% SOC is paired with the minimum OCV of the interval, and
the maximum OCYV is paired with 100%. The capacity of this interval is measured and
fragmented equally. So, the SOC values of the same batteries at the same voltages may
differ from application to application. There is no direct way to measure SOC; there
are only indirect ways to estimate it, in this thesis numerous methods for estimating
SOC will be given and specifically Extended Kalman Filter will be applied to real cell

data.

2.2.6 Depth of discharge (DOD)

Depth of discharge is another way to keep track of the remaining energy of the battery.
Simply, DOD is the measure of the charge removed from a battery in Ah or percentage.
If it is expressed in percentage basically, DOD (%) = 100 — SOC(%). But in literature,
it is stated that expressing DOD in Ah is more advantageous. The reason is when all
of the charge is removed from the cell the SOC will be 0%, at this point if you were
to remove more energy from the cell, the SOC value cannot go lower, only DOD(Ah)
can continue to count removed energy. Same applies for overcharging, the SOC value

cannot track values more than 100%, but DOD can be represented in negative values

[6].

2.2.7 Cut-off voltage

This term is used to express extreme voltage points of the battery. A battery should not
be discharged below the low cut-off voltage or charged above the high cut-off voltage.
Otherwise, irreversible chemical reactions might occur, resulting in a and diminish

battery health or even cause thermal runaway (destruction of the battery) [6].

2.2.8 Cycle life

In literature, it is assumed that the battery has reached its End of Life (EOL) when the

capacity is reduced to 80% of the Beginning of Life (BOL) capacity. Cycle life is the



number of fully discharge-charge cycles until the battery has reached its EOL. Cycle
life strongly dependent on C-rate, temperature, and voltage window of the cycles.
Higher C-rate, higher voltage window, and operating at extreme temperatures will

reduce cycle life [6].

2.2.9 State of health (SOH)

During the lifetime of the battery, some irreversible chemical reactions take place
resulting capacity to reduce, internal resistance to increase, etc., and the overall
performance of the battery will reduce. Hence, an aging measure is needed to be
employed in order to estimate the remaining useful lifetime (RUL) of the battery.
Although, the state of health (SOH) is a definition may differ from manufacturer to
manufacturer. It can be generalized as an arbitrary measure that allows comparing
batteries present conditions with the beginning of life (BOL) conditions. Many of
the works in literature uses only capacity reduction as the primary indicator of the
SOH, but there is a considerable amount of works that also take account of the
increment in internal resistance. [ [9, 10]] Just like Operating outside of the suggested
working conditions will damage the battery and accelerate aging effects resulting
premature aging, some of the reasons can be listed as vicious currents cycles, extreme

temperatures, overcharging, under-discharging, etc. [11, 12]



3. CELL MODELLING

The ultimate goal of this work is to achieve an accurate and robust estimation
of SOC for a good BMS performance. This requires knowledge of battery cell
parameters. In this chapter, the development of a precise battery simulation model will
be demonstrated, and to increase the robustness of the model an EKF will be designed
to estimate battery’s SOC. In order to build a detailed simulation model, precise cell
data was needed, so various test procedures in different temperatures were applied
on 51Ah Li-ion NMC cells by using a battery test chamber. During test procedures
data from various measurement points are recorded. Later on, the obtained test data is
analyzed then used for acquiring equivalent circuit analogy in MATLAB and Simulink

environments.

Cell modeling requires knowledge of battery cell parameters. To this aim first, the
battery is modeled using an electrical circuit equivalent at the cell level, and then at the
battery pack level. In order to model a battery cell, the equivalent circuit parameters
and the Open Circuit Voltage (OCV) have to be determined. To this aim, we use the cell
test data provided by a Li-ion cell manufacturer. First, the cell’s Amp-H capacity (Q)
is determined by discharging the cell with current pulses. Next, for each temperature
value, using the Ampere Hour Counting method, the SOC of the cell is determined,
and this is related to OCV values for each temperature. A MATLAB/Simulink based

curve fitting is then implemented to obtain OCV as a function of SOC and temperature.

Next, the equivalent circuit parameters are determined. To this purpose, the Hybrid
Pulse Power Characterization (HPPC) test is performed to obtain cell current, and
voltage values for various temperatures and the associated SOC values are obtained.
Then, the 2RC model of the battery cell is built on Simulink. Next, using the current
values (of the HPPC table for each temperature value) as the input, and voltage values
as the output, together with OCV values as a function of SOC, the equivalent circuit

parameters are determined. At this point, obtained cell parameters are placed in the



related locations in the battery’s state space equations. Later, State Space form of
the battery is used in the EKF developing process, by this way battery SOC can be
determined in real time for any driving cycle using the Extended Kalman Filter (EKF).
The commonly used Worldwide Harmonized Light Vehicle Test Procedure (WLTP) is
considered for the validation driving cycle for EKF, the real SOC data is compared

with the EKF SOC estimations.

After validating EKF, a battery pack simulation model is built by connecting 16
cells in series. Later on, a balancing mechanism which is controlled by the EKF
estimations is added to the simulation model. At this stage of the study, dissipative
shunt resistor balancing topology is modeled for the sake of simplicity, but other
balancing topologies such as a switched capacitor, multi-winding transformer, full

bridge converters, switch networks, etc. can easily be employed for future works.

3.1 Equivalent Circuit Modelling

The equivalent circuit model approach is highly accepted in many areas, adequate
approximation of the battery model can be achieved with less computational effort than
electro-chemical approximation. The circuit can be rather simple, e.g. only a voltage
source and a variable resistance or complex, with additional variable resistances,
capacitors and hysteresis to better capture the transient response. Simplicity and
robustness of the equivalent circuit model approach allow these models to be
implemented in real time applications. These models also can be coupled with thermal
models to predict the overall cell behaviors like cell degradation, capacity fading, and

power fading.

3.1.1 2RC model

To provide an acceptable representation for the battery behavior, 2 RC equivalent
circuit model which reflects the behavior for two frequencies is selected. In figure
3.1, RO is the battery internal resistance to simulate immediate changes in voltage
according to current , R1-C1 and R2-C2 couples to capture capacitive behavior of the
battery, and OCV to represent the battery’s steady state voltage according to SOC. This
model is able to capture fast and slow time constants for the voltage recovery of the

battery.
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Figure 3.1 : Schematic diagram for R-RC-RC battery model [3].

The state-space representation of the 2RC cell model is as below.

100 [ 1(r)
SOC=S0C)——— | =2 3.1
073600 /0 O, G-h
av, IV
1 S 32
dr C Ci Ry (3-2)
v, IV
I —. (3.3)
dr C, (CiRy
x=[soc v »| (3.4)
4[soc] oo 0 SoC]  [—100/3600Q,
d— Vi =10 —1/R1 C 0 Vi |+ 1/C1 1 3.5
How 0 0 —1/RG|| W 1/C»
V; = OCVsoc — Ryl —Vy — Vs (3.6)

Here, R|C are the fast polarization time constants, Ry, are the slow polarization time
constants,V| represents the voltage across the first capacitor, V, represents the voltage
across the second capacitor.The current I is the only input, and terminal voltage V; is
the only output. The parameter vector to be estimated is 6 = [RO Ry, Ry C C2]

Q.: nominal capacity of a cell, measured in Ah. Capacity is 51 Ah for the model and

varies with temperature.
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The procedures for the determination of OCV as a function of SOC, temperature and

current direction (hysteresis) is described below.

3.1.2 Derivation of OCYV function

For this purpose, test data provided for various temperatures (-25°, 0°, 25°, 35°, 45°,
55° C) is used. Briefly, this test procedure is started with 100% SOC and conducted by
reducing the SOC by steps of 5% at a constant temperature. Between each step, there
should be a rest period before taking the voltage (OCV) reading to give the transients
sufficient time to settle. The rest duration was 4 hours in this test. By repeating this test
from 0% SOC to 100% SOC, it is possible to capture the well-known hysteresis effect.
As aresult, the OCV function is obtained as a function of SOC for constant temperature
values and charge-discharge conditions, using the MATLAB Curve Fitting Toolbox.

For ease of demonstration, the OCV values during charging and discharging are given
on separate axes, using a 3D representation. The lower OCV values at discharging
support the expected hysteresis effect, which is also reflected in the derived OCV

function.

3.1.2.1 OCYV values during charge

The OCV data in this section is obtained in charging direction, so the SOC value is
near to 0% at the starting of each experiment and charging current is applied to increase
SOC with the steps of 5% until it reaches to 100%. 4 hours of resting time is given to
the cells between each step, this way the true charging OCV values are recorded. This
procedure is repeated for different temperatures and OCV values according to SOC is
recorded.

Later, the collected OCVgsoc table for different temperatures are merged, and
OCVsocremp table is obtained. With the help of MATLAB Curve Fitting Toolbox, this
table is fitted to a function by using the Cubic Interpolation method. Smooth transition
between OCV values is guaranteed this way, OCV_Ch = f (SOC, Temp) is plotted in
Figure 3.2

12
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Figure 3.2 : OCV values with respect to SOC and temperature during charge.

3.1.2.2 OCY values during discharge

The OCV data in this section is obtained in discharging direction, so the SOC value
1s near to 100% at the starting of each experiment and current drawn from the battery
to decrease SOC with the steps of 5% until it reaches to 0%. 4 hours of resting time
is given to the cells between each step, this way the true discharging OCV values
are recorded. This procedure is repeated for different temperatures and OCV values
according to SOC is recorded.

After that, the collected OCVsoc table at different temperatures are merged, and
OCVsoctemp table is obtained for discharging direction. This table is fitted to a function
by using the same method applied to charge data. Smooth transition between OCV

values is guaranteed this way, OCV_Dch = { (SOC,Temp) is plotted in the Figure 3.3.

The ultimate OCV function with the hysteresis effect is built by adding a switch logic
between OCV_Ch and OCV_Dch functions. A moving average logic is used between

switched values in order to provide smooth transition between charge and discharge

OCYV values.
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Figure 3.3 : OCV values with respect to SOC and temperature during discharge.

The HPPC test could be described as a procedure of drawing current pulses from

a battery cell to capture terminal voltage changes based on the current waveform at

different temperatures. Figure 3.4 is an example for the HPPC test profile.

Current [A]
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“*._ Charge pulse
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s

1h rest phase
-
Dischare at -1C
to remove 10% capacity
Time

Figure 3.4 : HPPC test profile sample.

The procedure explained above is applied to the 51 Ah NMC test cells at various

temperature and SOC values. The summary of the HPPC tests can be seen in Table

3.1. Net discharging capacities are smaller at lower temperatures, and test cycle times

are longer.

Real time measurement data of current and voltage values during HPPC tests are given

in the following sections
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Table 3.1 : HPPC Test Summary.

Temperature
©)

Cycle time
(s)

Discharging
(Ah)

Charging
(Ah)

Net
discharging(Ah)

40

24871

48.37

3.51

44.86

25

29258

47.96

3.63

43.33

0

31704

41.25

0.84

40.41

-20

30314

37.16

0.21

36.95

3.1.3.1 HPPC test results at T=40° C
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Figure 3.5 : HPPC test data at T=40° C.
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3.1.3.2 HPPC test results at T=25° C
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Figure 3.6 : HPPC test data at T=25° C.
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3.1.3.3 HPPC test results at T=0° C
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Figure 3.7 : HPPC test data at T= 0° C.

3.1.3.4 HPPC test results at T=-20° C
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Figure 3.8 : HPPC test data at T=-20° C.

It can be seen that the applied currents are different for different temperature values.
This is because deliverable power and charging power is dependent on temperature;
e.g. at T= 25° C the battery can be charged and discharged with a very high powers

but at T=-20° C even a small charge current can damage the cell. Hence, the terminal
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voltage profile changes with temperature.
Utilizing the OCV=f (SOC, T) from before, and taking cell voltage readings from the
HPPC test at different temperature, the battery cell equivalent parameters are obtained

via the 2RC model in Simulink.

3.1.4 Parameter determination

To determine the circuit parameters, the HPPC tests given above are used as training
data. Notice that the temperatures kept stable for individual tests, thanks to climate
control of battery testing chamber. This enables us to relate RC parameters purely
with SOC values at constant temperatures. The load currents applied in the form of
pulses, SOC values monitored with the help of Ampere-hour counting, obtained SOC
values given as an input to the RC parameters. Below is a description of the test,
application of current pulses, and the resulting determination of SOC (which is then
related to the OCV through the above obtained OCV= f (SOC) values, and ultimately

that of the circuit parameters.

3.1.4.1 2RC Simulink model

Figure 3.9 is created in Simulink environment. The Capacity and OCVsoc are the
known parameters from OCV and Capacity Test results. RO, R1, R2, C1, and C2 are
the parameters to be estimated. At the initial state, the parameters are assigned random

initial values; then they are corrected by Simulink Parameter Estimation Toolbox.

[

sPs voe| [

Figure 3.9 : 2RC Simulink model for parameter estimation.

3.1.4.2 Simulink parameter estimation toolbox

With the help of this toolbox, HPPC Test data is associated with the 2RC Simulink

Model. The HPPC test data includes real-time voltage responses to the current pulses
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applied to the battery (to derive a constantly decreasing profile for SOC). Using these
input-output values, the equivalent battery resistances and capacitors are calculated
iteratively by the simulation program.

Figure 3.10 demonstrates the results of the first iteration step. As can be seen in the
beginning iterations for the estimation of RO, R1, R2, C1, C2, the battery voltage
calculated with the estimated circuit values deviates significantly from the actual

measured battery cell voltage, but this deviation decreases at the end of iterations.

Current

T I

1 ] [ I ] ] L

Amplitude

Time (seconds) 104

Figure 3.10 : Initial phase of parameter estimation where simulated and measured
voltages are different.

At the end of parameter estimation session, the RC parameters corrected by the
Toolbox, resulting with measured and simulated terminal voltages are matched almost
entirely, in the Figure 3.11, i.e. the Sum of Squared Error is lower than 0.2%. So, one
can conclude that the behavior 2RC equivalent circuit is very close to the actual battery

cells.

This estimation procedure is applied for finding RC parameters for the following
temperature values, T= -20°, 0°, 25°, 40° C. The RC parameters for different
temperatures are gathered in excel form, and curve fitted to provide the interpolated

values as needed for all temperature values in the operation range.
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Figure 3.11 : Final phase of parameter estimation where simulation voltages
converged to measurement.
In short,
e MATLAB Curve Fitting Toolbox is used for gathering RC parameters at different
temperatures (-20°, 0°, 25°, 40° C). As a result, RC parameters are found as a function
of SOC and temperature.
e Cell model is built with derived RC, OCV and capacity parameters.
e Cell model is validated by WLTP (to be described below) test data taken from the

test vehicle.

3.1.5 Complete cell model

The cell model is created by using the derived parameters from HPPC tests above at
different temperatures and test results and using the real life Worldwide Harmonized
Light Vehicle Test Procedure (WLTP) data. The complete model consists of four
submodels; those submodels reproduce SOC, open circuit voltage, internal resistance,
and dynamic voltage. The OCV submodel is dependent on SOC submodel output,
and dynamic voltage submodel dependent on internal resistance model output. WLTP
is a commonly used vehicle test procedure, based on a velocity profile. While it is
commonly used for emission testing, it has also become the widely used test cycle for

EV’s and their batteries.
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Figure 3.12 : Detailed battery cell model in Simulink.

3.2 Cell Model Validation

So far, the battery cell parameters derived by using the HPPC test data collected from
the vehicle. In order to gain confidence about the model, simulation results must be
compared with real-world measurements from the test vehicle. In this section the
estimated parameters and the derived cell model will be validated using the worldwide
harmonized light vehicles test procedure (WLTP). In order to validate proposed cell
model, same inputs will be applied to the cell model and model outputs will be
compared with real-time vehicle measurements. The inputs to the cell model are
temperature, and current and the outputs are cell voltage and SOC. The validation

values are satisfactory.

3.2.1 WLTP test

Worldwide Harmonized Light Vehicles Test Procedure is a new, realistic measuring
process for determining a vehicle’s range, fuel consumption, and emissions. The
WLTP is valid as of 1 September 2018, for newly produced vehicles, it is obligatory
for all EOM’s and will be binding in all participating countries. The existing NEDC
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procedure developed in the 1990s and it inadequate regulate new vehicles; hence
it is replaced with WLTP aiming new measurements mean a more precise, more

comprehensible test result for every single car. [13]

Figure 3.13 : Comparison between two test cycles NEDC and WLTP [4]

The difference between NEDC and WLTP cycles can be seen in Figure 3.13 | it is
easy to say that clean and stable speed profiles of the NEDC are far from real-world
driving cycles, while the WLTP offers more dynamic profile. In addition to that, while
NEDC has only city and freeway modes, WLTP cycle includes low, medium, high and
extra-high speeds making is closer to real-world driving profile [14] [15].
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Figure 3.14 : WLTP test measurements from test vehicle.

The WLTP data from the test vehicle is shown in Figure 3.14. In this data WLTP
profile is applied three times to the test vehicle; current, temperature and voltage
values of each cell is recorded. Notice that WLTP is a speed profile; drawn current
for accelerating an EV may change due to of its weight, so it is essential to optimize
vehicle weight. during testing This data is utilized for model validation in the following

subsection.
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3.2.2 Simulation results

The modeling process is based on a best-fit of the recorded data from HPPC test, while
the validation is made by comparing measured and simulated battery voltages of a

different battery load cycle, which is WLTP test.

! WWWW%MWWNM \W

0 1000 2000 3000 4000 5000

a4 f

e e TV }

j

g
N
5
8
s
@
g
3
&
g
S
a
g
g
8
g
H

WMWM W 7] M 'J'r 'W/ V” ﬂ»» [W, K il W ‘ m\\x WWW W(‘Mﬁ, '\M M M«r P e m

T 1T 7 71

| | | | |
[ 1000 2000 3000 4000 5000 6000
Timels)

Figure 3.15 : Simulation results versus measurements.

As one can see in Figure 3.15 maximum deviation from the measurements is below
0.1 V and average error is about 0.03 V, this shows that transient behavior of the
cell is captured with the accuracy of 1%. The comparison between simulations and
measurements confirms that this model is capable of reproducing the real-world
behavior of the battery accurately, presenting a proper approach for battery model

design and optimization to the scientific community.
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4. SOC ESTIMATION

Now that we gained confidence in the battery model, we can start the developing
process of the state estimator design for SOC. In the laboratory environment,
measurement noises can be minimized, but in real-life applications, most of the sensors
suffer from measurement noises and discretization errors such as current and voltage
sensors. Also, the starting SOC may not be certain in real-life applications; thus, a

self-correction estimation algorithm needs to be employed to calculate SOC precisely

[3].

4.1 Extended Kalman Filter

Among the many methods used for estimating the batteries’ SOC, the Extended
Kalman Filter (EKF) stands out due to its the fundamental predictor-corrector
mechanism, which makes the filter robust to various modeling deficiencies like poor
initialization or noise [3]. This section presents a step-by-step design the method of
such a filter, based on a 2nd order Thévenin battery ECM. The noble performance of

the EKF is verified against the battery model obtained in the previous section.

4.1.1 State space modeling

The designing process of the EKF start with state-space modeling of the system,
later on, linearization of the state space model is necessary because Kalman Filter

is designed to work on linear systems.

The second-order Thevenin equivalent circuit model is shown in Figure 4.1. The
battery model is built by an OCV source, series resistance, and two resistor-capacitor
networks in the series. The value of OCV is nonlinear and dependent on the SOC.
The series resistance (R0) represents the internal resistance of the battery, whereas the
RC parallel networks (R1, R2, C1, C2) reproduce the immediate response of battery

voltage. The equations obtained in the subsection 3.1.1 at the page 11 will be linearized
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Figure 4.1 : Second order Thevenin equivalent circuit model.

as below. Generally, a non-linear system is described by the state-space model given

in Eqns. 4.1 and 4.2.

X1 = f (X, ug) +wi 4.1)
Vi = 8%k, ug) + vk 4.2)
Wi ~ N(Oa Q)7vk ~ N(O7R) (43)

Equation 4.1 is called the state equation, whereas eqn. 4.2 is the output equation. Here,
k is the discrete-time index and x; is the non-linear state vector. The system input is
ur , and wk is the white process noise with the covariance of Q, which represents
some unmeasured input. The system output is y; , and vy is the discrete-time sensor
noise with the covariance of R which directly affects the measurement of the output.
The state transitions in Eqns. 4.1 and 4.2 are linearized about each sample point by
Taylor series expansion trimming the terms higher than the second order. The resulting

equations are given in Eq. 4.4.

Xp1 = Ag Xk + By iy +wy 4.4)

Vi = Crxi + Dy ug + vy, 4.5)

The Jacobian matrices of the first order Taylor expansion are mathematically expressed
in 4.6 - 4.9, where Ay, Cy are the first partial derivative matrices of f and g with respect

to xy ; and By, Dy are the Jacobians of the f and g functions with respect to uy.
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The equations 3.5 and 3.6 are transformed to the equations below (4.10,4.11)

SOC 1 OAt ’ SOC — 10047
% -1 -
— —
Vik | = RC) 0 Vie—r |+ 32?/%% Ly (4.10)
Vor At V-
0 0 1 — —— At/C
R, /€
SOC,
200CV
Vi, = [— — —1] Vik | + RO (4.11)
9S0C Vo

The state-space equations of the battery given in Eqs. 4.10 and 4.11 are utilized to
design EKF.

4.1.2 Steps of the algorithm

The generalized flow chart of the EKF is given in Figure 4.2.As It can be seen in the
figure, the EKF algorithm utilizes experimental test data such as OCV tests, HPPC
tests, and capacity tests. Battery model parameters found in chapter 3 are used for this

purpose.
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Figure 4.2 : The generalized flowchart of the EKF [5].

The initialization step of EKF is as in eq. 4.12, where P is the error covariance matrix

related to the approximation of x [16].

k=0 (4.12)
£5 = E[xo] (4.13)
Py = E[(xo— %) (xo — £§)7] (4.14)

The EKF process can be divided into two parts

1.The state estimate : The computation of best estimation for the present state value,

which is )?,j

2.The covariance estimate : The computation of P,j which is the uncertainty of )?,j,

to be used to calculate error bounds [16].

Each part has three steps; steps of Extended Kalman Process are given in Eqns. 4.15 -
4.20

Step 1-a : State prediction time update.
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£ =Ax1 8 |+ Bro1uk—y (4.15)

Computation of an updated prediction of the present value ofx;, utilizing prior
information on the system model. Here, £ predicted state estimate at time index
k(computed before measurement), and £, is optimized state estimate at time index

k-1(computed after measurement) [16, 17].

Step 1-b : Error covariance time update.

Pr = A P AL + By + 0 (4.16)

Here, P, predicted error covariance at time index k(computed before measurement)
whereas P,:’_  1s optimized error covariance at time index k-I1(computed after

measurement).

Step 1-c : Predict system output yy.

Vi = Ckﬁk_ ~+ Dyuy 4.17)
Vi is the best estimation of the system output, and it will be used to calculate the
optimized state estimate )?,:’

Step 2-a : Calculate the Kalman gain matrix K.

Ke=P, Cl[CP L +R™! (4.18)

Step 2-b : State estimate measurement update.

£ =% + Ky — i) (4.19)
This step optimizes the predicted state estimate £, by utilizing Kalman gain(K}) and
output prediction error(y; — Vi)
Step 2-c : Error covariance measurement update P,:r .

Pl = (P] —KCiPy) (4.20)
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The last step of the EKF process is updating error covariance matrix(P, ) by using
Kalman gain K} and the coupling term between state and output C. The resulting term

Pk+ will be used in the next iteration.

In the next section, the Simulink implementation will be given, and the validation

process with simulation results to be stated.

4.1.3 Simulink implementation

The procedure explained in section 4.1 is simulated in MATLAB-Simulink
environment. The inputs to the model are current, voltage, temperature, and
capacity; the sampling time Ar is selected as 0.1 s. SOC predictions are saturated

between -1.5 and 102 to eliminate irrational overshoot at the initialization.

The main output of the system is estimated SOC, but V1, V;,andV; estimations are also
given as outputs for analyzing inner dynamics. The optimized process error covariance
matrix and state estimations are given to the system as the feedback with the delay of

one sampling time.
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Figure 4.3 : EKF model in Simulink.

4.1.4 Simulation results

4.1.4.1 Validation with cell model

In this section, the figure 4.4 shows that EKF estimates are almost perfectly matched

with the real states.
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Figure 4.4 : Cell voltage and SOC estimation via EKF.

The SOC correction can be seen easily in the zoomed-in figure 4.5. The real SOC was
70% at the beginning, but EKF’s initial SOC was 50%. Hence, although the EKF is

started with 20% error, this is compensated in 25 seconds.
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Figure 4.5 : EKF SOC correction when initialized with wrong SOC value.

4.1.4.2 Validation with real-life WLTP measurements

In the previous step, the developed EKF algorithm validated with the cell model.
Now that we gain confidence about the EKF, we can observe the real-time behavior
by connecting the real-life WLTP measurements from the test dynamometer.
Measurements and EKF predictions can be seen in Figure 4.6 The Validation process

is similar to the previous step, but this time, the real-life WLTP measurements from
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subsection 3.2.2 are used.
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Figure 4.6 : EKF under real life WLTP measurements with 20% SOC initialization

€Iror.

Remember that in subsection 3.2.2, the initial SOC’s of the real cells have to be known

to achieve proper simulation results. But with the help of the designed EKF, wrongly

initialized SOC value converged to the real SOC value in a short time. The corrective

behavior can be seen in Figure 4.7
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Figure 4.7 : Corrective behavior of EKF.
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S. BATTERY PACK MODELING

A battery pack model is created in Simulink for 16 cells. Voltage and current sensors
are added to each cell. With the pack model battery balancing also becomes an issue,
which is known as the voltage discrepancies between each cells resulting in major
failures both in charging and discharging. The following steps were conducted for
charging, discharging and balancing.

Charging

Constant Current-Constant Voltage (CCCV) charger model is added to pack-level
Discharging

Discharge current profiles such as WLTP and HPPC are added to a signal builder

Balancing

A bleeding resistor (the resistor to remove the excessive charge from cells separately),
a diode and a logical gate (MOSFET) are added to each cell to create a balancing
mechanism. At this step, the passive balancing strategy is selected for the sake of
simplicity. The passive balancing algorithm is implemented by controlling the logical
gates of the bleeding resistors. The principle of this algorithm is to remove the
excessive charge from the individual cells via bleeding resistors. To test the balancing
mechanism, the cells are initialized at random SOC’s and the balancing mechanism is

tested during resting, charging, and discharging.

5.1 Application of This Study

In this section, the battery pack simulations are performed. First of all, 16 cells are
connected serially in order to create a 57.6 V battery pack. Typically, characteristics
of the serially connected cells are very similar, but even the slightest difference in the
internal resistances, capacities or leakage (self-discharge current) leads to imbalance
over time. This is a severe problem that needs to be addressed. The problem arises due

to all of the cells being connected in series. As a result, the same current flows through
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all of the cells, whether it is charging or discharging. Hence, if one of the cells in series
is at full charge, the charging current is commanded to be zero by the BMS to avoid
overcharging. The same applies for discharging; i.e., if one cell is empty discharging
must be stopped. Unbalance between cells prevents to use the remaining capacity of
all cells and results in reduced battery capacities. Therefore, a balancing mechanism is
essential to keep cells’ charge at the same level [18].

Balancing during charging is illustrated in Figure 5.1 can be used. At the initial state,
(a) second cell of the string is 4.1 volts, while others are around 3.5 volts. So, when
the charge current is applied, the second cell reaches full charge much faster than the
other cells, (b) charge process is stopped with the command from BMS, without the
other three cells reaching full charge. The excessive charge should be removed via
bleeding resistors; the balancing algorithm controls this. Once the excessive charge is
removed, (c) the charging process can continue safely. After some time, (d) the second
and fourth cells reach full charge, so the charging is stopped once again to remove the
excessive charge. This process is repeated (e) until all of the cells are fully charged.
At the final state, (f), it can be seen that all of the voltages have reached 4.2 V, and the

charging process can be terminated [6].

0n—>| Charger | Oﬂﬂ Charger | O-Di Charger | Oﬁ-b-i Charger | On_’i Charger | 0ﬂ+| Charger |

n
14.7v 15.1V 14.5V 15.9V 15.5V 14.7V
— i

1st 3.6V 3.6V 3.8V 3.8V 4.2v

i L e L
. .
¥ o . ¥ ¥ : + Y v
 — L] g —1 L |  —

4.0V 4.2v

—

pE

1]

41v| 2nd >
1 ]
L)

) A "
L BMS .{ U Bms fe—=F*"  L| pms { L Bms «==F" L Bms .{ L BMmS ._]:
| — e | — —

[
4,07 1 a2y
.l

e —
3.4v | 3rd 3.5V 3.5V 3.7V 3.V 4.2v
. I & I 'y I [y T 4 I [ 1
“ “
—3 (— 4 - ! % — —
L]
3.7V | 4th 3.8V 3.9v EE a.0v aav
|‘ ¥
L
w7 o T o T ov oot o T w T

(a) (b) (c) (d) (e) (f)
Figure 5.1 : Illustration of balancing during charging [6]

5.1.1 Constant current constant voltage charging

For charging the battery pack, a constant current-constant voltage (CCCV) charger

model is used. CCCV chargers are standard regulated power supplies that are used
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to charge batteries. They are limited in two ways. Initially, the battery is charged
at constant current. When the battery is nearly full, its voltage reaches the constant
voltage setting of the charger, and the current decays exponentially as the battery gets

a finishing charge.

A Current 4 Voltage

10 A

Current

Vohags e oy
00V
Figure 5.2 : Charging is limited in both current and voltage level, if voltage level is

reached, current will be chopped-off.

Time

5.1.2 Simulink implementation

A simulation model is developed to simulate the balancing mechanism, considering
16 Li-ion cells, and voltage and current sensors for each cell. In order to create the
balancing mechanism, a bleeding resistor, a diode, and a logical gate (MOSFET) is

added for each cell, the structure can be seen in figure 5.3.
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Figure 5.3 : Balancing mechanism in the battery pack.
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Next, bleeding resistors are connected in parallel with the output of each Li-ion cells
to discharge the excessive charge from the cells with higher SOC. The switches of
the bleeding resistors are turned on and off by the balancing logic. A passive balance
algorithm is implemented and used for controlling the logical gates of the bleeding
resistors. By this way, we eliminated the possibility of premature stopping of charging

resulted from an overcharged cell in the battery pack.

5.1.2.1 Simulation results

To this aim, the cells are initialized at random SOC'’s, and the balancing mechanism is
tested during resting, charging, and discharging. In the figure below, it can be seen that
all of the cell SOC'’s are started at different points, and the minimum SOC, which was
50% for this case, is successfully identified by the balancing algorithm.
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Figure 5.4 : Balancing results in the battery pack.

As can be seen in Figure 5.4, balancing currents are drawn from each cell in a

controlled manner via the MOSFET’s, until all of the SOC’s become equal.
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6. CONCLUSION AND RECOMMENDATIONS

This thesis presents an equivalent circuit model able to simulate the dynamic behavior
of the studied 51Ah lithium-ion NMC battery cell for EV applications. The main
contribution of the study resides in the model calibration and validation, based on the
laboratory data recorded during the chassis dynamometer test operations carried out
on an HEV currently on the development phase for mass production.

The dynamometer measurement data from two duty cycles tests have been used to
this purpose (i.e., HPPC and WLTP). From the data collected on the HPPC, the
calibration parameters of the model (i.e., OCV, capacity, and the RC-parameters) have
been procured. The parameter tuning process allows configuring the battery model
parameters employing an optimization algorithm using HPPC battery load profiles at
different temperatures. Then, the obtained parameters at each temperature are merged
separately, resulting in the model parameters to depend on SOC and temperature.
Later, the model has been validated employing the WLTP duty cycle, pointing that
the model is able to reproduce battery transients during operation within 1% accuracy.
The primary advantage of this equivalent circuit model is that the momentary behavior
of various battery chemistries can be adopted by using the same model but only

modifying the model parameters.

6.1 Recommendations and Future Work

In the presented work SOC and temperature dependence of model parameters are
covered, but it is important to note that aging effects on RC parameters are not
considered. Although the battery model was able to simulate terminal voltage within
1% accuracy under different load conditions, this accuracy will be prone to decrease
over time because of cell aging. For future work, working on aging and its effects on
a battery cell is strongly recommended to keep simulations precise during the lifetime
of the battery.

The temperature kept as an input to the model, but it is also possible to simulate thermal

35



behavior on a pack level. Hence, another essential upgrade to the model would be

adding thermal simulations to the model.
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