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REINFORCEMENT LEARNING BASED BATTERY THERMAL
MANAGEMENT CONTROLLER FOR ELECTRIC VEHICLE
CHARGE TIME OPTIMIZATION USING HORIZON DATA

SUMMARY

Electric vehicles (EVs) are gaining popularity today due to the shift towards
sustainable transportation. They offer significant benefits in terms of reduced
emissions when compared to internal combustion engine (ICE) vehicles. Battery is a
fundamental component of EVs, playing a critical role in effecting vehicle performance
and range, in other words, convenience of the vehicle for users. Today most battery
packs in the EVs use lithium-ion based battery cells, because they have higher energy
and power density, longer life cycles and higher efficiency when compared to other
battery types like lead-acid or nickel-based batteries. Batteries provide the electrical
energy by electrochemical reactions that is happening inside them. These reactions
are affected by the temperature conditions thus influencing the performance of the
battery. Batteries generate heat during charging and discharging due to their internal
resistances, extreme temperatures may lead to battery degradation and reduction in
life cycle. If the temperature exceeds certain limit, it can lead to thermal runaway,
where the battery becomes unstable and may catch fire or explode. That is why
EV batteries have a battery management system (BMS), responsible for constantly
monitoring the battery pack in order to ensure safe and robust operation. The BMS
monitors voltage, current, temperature and state of charge (SOC) of the battery while
controlling discharge and charge power limits and also it is responsible for battery
pack’s temperature management. Thermal management system (TMS) provides the
necessary cooling or heating for the battery pack and rest of the vehicle systems. With
the algorithm inside the BMS it controls the TMS to ensure the battery temperature
remains within the optimal range for every operating condition. Charge performance
is also important when it comes to users convenient. Battery packs charge performance
usually depends on the cell types that are used, battery pack configuration, SOC and
temperature conditions. In order to have advertised maximum charge power of the
EV, battery pack temperature has to be in optimum range. That is not always the
case where too hot or cold ambient operation conditions thus charge power is usually
limited during these conditions. That is why also TMS control is important in order to
keep battery pack in optimum operating temperature range to get improved charging
performance.

The traditional approach for battery thermal management control is the rule-based
control method. The rule-based control method uses battery temperature and
ambient temperature as input for look-up tables to create cooling or heating requests.
Rule-based control methods are relatively easy to implement which makes them
suitable for many applications. However, since this method uses predefined rules,
it is not dynamic and limited by the set of rules, so it may not always give the
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optimum performance in terms of energy consumption or operating temperature. In
order to address these issues of rule-based controller, optimum control methods are
also widely used for TMS. Model predictive control (MPC) is the most used method
in this area. For using MPC, system has to be modeled in high fidelity in order to
predict system behaviour based on operation conditions. After that a cost function
is created depending on the application and the MPC algorithm solves the optimum
control problem by minimizing the cost function and it controls the heating or cooling
actions accordingly. This method requires more computational resources compared to
rule-based controllers but results in more efficient control of TMS. Artificial neural
networks (ANNs) also widely used to model system behaviour for TMS. When
working with real systems, these approach does not require to create a high fidelity
system model since ANNSs learns from the inputs and outputs of the system to predict
its behaviour. ANNs are used in combination with some optimum control methods
in order to increase their real time calculation performance and reduce the modeling
dependency. Also as a subset of ANNs, reinforcement learning (RL) method is
an optimum control method that ANNs are trained by using a reward function that
represents goals to achieve in the system. RL aims to learn to react to inputs of the
system that maximizing the reward. Reward function must be created in a way that
rewards the good actions that aligned with the goal and punishes the actions that are
undesired so that RL can learn to optimize its outputs to achieve that goal. As the main
goal usually determined as optimized energy consumption for thermal management.

This study focuses on minimizing the charging duration of an EV by using predictive
battery thermal management control. A RL based control method is proposed for
battery TMS for different environment conditions using horizon data. A drive cycle
is used for the use case of driving until charge station and starting to charge in
different environment conditions. Vehicle dynamics, propulsion, energy storage, and
comprehensive thermal systems are modeled in this study to create a training and
testing environment for RL based controller. A cost function is created based on
the optimization problem of charge duration and energy consumption for thermal
management of the battery. The RL controller is trained with the simulation
environment to minimize the cost using the drive cycle as horizon data. Relation
between ambient temperatures and charge performances are investigated with RL
based TMS method and traditional rule based TMS method. RL controller and the
rule-based controller is investigated for the same initial conditions like temperature
and SOC for the given test scenario. Based on the results, 14% decrease in charging
duration observed using RL controller compared to the rule-based controller.

XX



UFUK VERILERI KULLANILARAK TAKVIiYELI OGRENME
TABANLI BATARYA TERMAL YONETIM KONTROLU IiLE
ELEKTRIKLI ARACLARDA SARJ SURESININ iYILESTIRILMESI

OZET

Elektrikli araclar siirdiiriilebilir ulagima gecis nedeniyle giiniimiizde popiilerlik
kazanmaktadir. Icten yanmali motorlu araglara kiyasla emisyonlarin azaltilmasi
acisindan onemli faydalar sunmaktadirlar. Icten yanmali motorlu araclar petrol
tirevli fosil kaynaklara bagimhidirlar. Fosil yakit kaynaklar1 sinirli olmalar: sebebiyle
genellikle elektrik enerjisine gore daha maliyetlidirler. Bu sebeple elektrikli araclar
fosil yakitli araclara gore kullammm acgisindan daha diisiik maliyetlidir. Elektrikli
araclarin temel bilesenlerinden biri olan batarya, aracin performansini ve menzilini
belirleyen en Onemli etkenlerden biridir. Diger bir deyisle aracin kullanicilara
sagladig1 deneyimde kritik bir rol oynamaktadir. Giiniimiizde elektrikli aracglardaki
batarya paketlerinin ¢cogunda lityum-iyon bazli batarya hiicreleri kullanilmaktadir.
Lityum-iyon bazli bataryalar, kursun-asit veya nikel bazli batarya tiirlerine kiyasla
daha yiiksek enerji ve giic yogunluguna, daha uzun yasam dongiisiine ve daha yiiksek
verimlilige sahip olduklari icin elektrikli araclarda yaygin olarak kullanilmaktadir.
Elektrikli araclarda menzile etki eden faktorlerden birisi batarya kapasitesidir.
Batarya kapasitesi, bataryanin sahip oldugu elektrik enerjisinin miktarin1 temsil
eder. Cogunlukla elektrikli binek araclarda batarya kapasitesi 40 kWh ile 110
kWh aras1 de8ismektedir. Bataryanin kapasitesi arttikca boyut, agirlik ve maliyeti
de artmaktadir.  Araclarda kullanilabilecek olan maksimum batarya hacmi ve
agirligr sinirlt oldugundan, bataryalarin enerji yogunlugu araglarda kullanilabilecek
maksimum kapasitesiyi limitleyen 6nemli faktorlerden biridir. Menzil de ayn1 sekilde
bu limitten etkilenmektedir.

Bataryalar elektrik enerjisini iclerinde gerceklesen elektrokimyasal reaksiyonlarla
saglar. Bu reaksiyonlar sicaklik kosullarindan etkilenerek bataryanin performansini
etkiler. Bataryalar, i¢ direngleri nedeniyle sarj ve desarj sirasinda 1s1 iiretir, asiri
sicakliklar bataryanin i¢ yapisini olusturan materyallerde bozulmalara ve kullanim
Omriiniin azalmasina neden olabilir.  Sicaklik belirli bir sinir1 asarsa, hiicrelerin
kararsiz bir hale gelip alev alabilecegi veya patlayabilecegi geri dondiiriilemez bir
olaya yol acabilir. Bu nedenle elektrikli ara¢ bataryalarinda, giivenli bir ¢alisma
saglamak icin batarya paketini siirekli izlemekten sorumlu bir batarya yonetim sistemi
(BMS) bulunur. BMS, desarj ve sarj giic limitlerini kontrol ederken bataryanin
voltajini, akimini, sicakligini ve sarj durumunu izler ve ayrica batarya paketinin
sicaklik yonetiminden sorumludur. Elektrikli araglarda termal yonetim sistemi batarya
paketi, elektrik motoru, gii¢ elektronigi komponentleri ve arac kabini gibi sistemler i¢in
gerekli sogutma veya 1sitmay1 saglar. BMS i¢indeki algoritma ile batarya sicakliginin
her calisma kosulu i¢in en uygun aralikta kalmasini saglamak amaciyla termal yonetim
sistemi ile haberleserek gerekli 1sitma ve sogutmay: gerceklestirir. Icten yanmali
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motorlu araglarda motorun ¢aligma verimliligi diisiik oldugundan ¢ok fazla 1s1 iiretimi
olur ve genellikle soguk havalarda motorun iirettigi 1s1 kabini 1sitmak i¢in kullanilabilir.
Bu da 1sinin disariya atilmasi yerine kabini 1sitmak i¢in kullanilmasi sebebiyle verimli
bir kullanim bi¢imidir. Elektrikli araclarda elektrik motoru icten yanmali motora
kiyasla cok daha verimli ¢alistig1 icin tirettigi 1s1 miktar1 da sinirlidir. Bu sebeple
kabin ve batarya 1sitmasi i¢in elektrikli araglarda elektrik enerjisi ile caligan bir 1sitici
tinite bulunur. Isitic1 kullanim ihtiyaci sebebiyle enerji tiikketimi soguk havalarda artar.
Ayn1 sekilde sicak havalarda da batarya sicakligi arttiginda batarya paketi sogutma
ihtiyaci duyabilir. Isitma ve sogutma icin kullanilan bu enerji, aracin menzilini direkt
olarak etkiledigi icin iyi bir sekilde yonetilmesi gereklidir. Bu sebeple termal yonetim
sisteminde kullanilan kontrol yontemleri elektrikli araglar icin 6nemlidir.

Elektrikli araclarda kullanicilarin deneyimini etkileyen diger bir nokta ise sarj
siiresidir. Batarya paketlerinin sarj performansi genellikle kullanilan hiicre tiplerine,
batarya paketi konfigiirasyonuna, sarj durumuna ve sicaklik kosullarina baglidir.
Maksimum sarj giiclinde araci sarj etmek icin batarya paketi sicakliginin optimum
aralikta olmas1 gerekir. Ortam kosullarinin ¢ok sicak veya soguk oldugu durumlarda
batarya optimum sicaklikta olmadi81 i¢in aracin sarj performansi kisitlanir ve sarj
siiresi uzar. Bu sebeple termal yonetim sistemi batarya paketini optimum g¢alisma
sicakligi aralifinda tutmak i¢in 6nem kazanir.

Batarya termal yonetim sisteminin kontrolii i¢in geleneksel yaklasim kural tabanl
kontrol yontemidir. Kural tabanli kontrol yontemi, sogutma veya 1sitma islemlerini
gerceklestirmek i¢in bataryanin sicakligi, ortam sicaklifini, sarj durumu gibi kosullara
bagli bir kural seti kullanir. Bu kural setinde tanimlanan sartlar gerceklestiginden bu
sarta karsilik gelen islem igin gerekli aktiiatorler ¢alistirilir. Bu gekilde bataryanin
belirli sicaklik araliginda calismasi saglanabilir. Kural tabanli kontrol yontemlerinin
uygulanmas1 nispeten kolaydir, bu da onlar1 bircok uygulama i¢in uygun hale
getirir. Ancak, bu yontem Onceden tanimlanmis kurallar kullandigindan, dinamik
degildir ve operasyonlar1 kurallar kiimesiyle sinirlidir, bu nedenle enerji tikketimi veya
calisma sicaklig1 agisindan her zaman optimum performansi vermeyebilir. Kural
tabanli kontroloriin bu tip zayif yonlerini gidermek igin, termal yonetim sistemi
kontrolii i¢cin optimum kontrol yontemleri de yaygin olarak kullanilmaktadir. Model
kestirimli kontrol (MPC) bu alanda en ¢ok kullanilan yontemdir. MPC, bir sistemin
gelecekteki davraniglarini ongorerek, bu davraniglara gére optimum kontrol ¢iktilar:
veren bir kontrol yontemidir. Temel olarak, MPC, bir sistemin matematiksel model
kullanarak gelecekteki davraniglarini tahmin eder ve bu davraniglar iizerinden belirli
bir performans kriterini optimize eden kontrol sinyalleri tireti. MPC metodu i¢in,
calisma kosullarina dayali olarak sistem davranisim1 tahmin etmek amaciyla sistemin
yiiksek dogrulukta modelinin kurulmasi gereklidir. Daha sonra amaca bagli olarak bir
maliyet fonksiyonu olusturulur ve MPC algoritmas1 maliyet fonksiyonunu minimize
ederek optimum kontrol problemini ¢ozer. Termal yonetim sistemi i¢in bu maliyet
fonksiyonu enerji tiikketimini ve istenmeyen diger sicaklik degerlerini icerebilir.
Bu maliyet fonksiyonunu minimize edecek 1sitma veya sogutma eylemleri MPC
tarafindan kontrol edilerek optimum kontrol saglanmis olur. Bu yontem, kural tabanh
kontrolorlere kiyasla daha fazla iglemci giicii gerektirir daha verimli sonuglar elde
edilir.
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Elektrikli ara¢ termal sisteminin davranisini modellemedek amaciyla yapay sinir
aglart (YSA) da yaygin olarak kullanilmaktadir. YSA, insan beynindeki sinir
aglarindan esinlenerek olusturulan matematiksel modellerdir. YSA kullanilarak desen
tanima, siniflandirma, tahmin yapma gibi gorevler gerceklestirilebilir. YSA’lar
sistemin giris cikiglarina ait gercek verileri kullanarak sistemin her durumdaki
davranmigin1 6grenebilir. Bu sayede sistemin matematiksel olarak yiiksek dogrulukta
bir modelinin olusturulmasina ihtiya¢ duyulmaz. YSA’lar, ger¢cek zamanl hesaplama
performanslarini artirmak ve modelleme bagimliligin1 azaltmak i¢in bazi optimum
kontrol yontemleriyle birlikte kullanilabilir. Bu tiir yapilar hibrit kontrol yontemlerine
dahildir. Ayrica YSA’larin bir alt kiimesi olarak takviyeli 6grenme (RL) yontemi de bir
optimum kontrol yontemi olarak kullanilir. RL bir YSA modelinin belirli bir gérevi en
iyi sekilde gerceklestirmeyi 6grenmeye calistig1 bir yontemdir. RL’in 6grenmesi icin
bir 6diil fonksiyonu tanimlanir ve RL bu 6diil fonksiyonunu maksimize edecek sekilde
tepki vermeyi 6grenir. Odiil fonksiyonu, sistemde hedeflenen ve ulagilmasi istenen
parametrelere dogrultusundaki eylemleri 6diillendirirken, istenmeyen eylemleri de
cezalandirir.  BoOylece RL bu hedefe ulagsmak icin ciktilarini optimize etmeyi
Ogrenebilir.

Bu calismada, kestirimli batarya termal yonetim kontrolii kullanilarak bir elektrikli
aracin sarj siiresinin en aza indirilmesi amacglanmistir.  Ongoriilmiis verileri
kullanilarak farkli ortam kosullar i¢in batarya termal yonetimi i¢cin RL tabanlh bir
kontrol yontemi Onerilmigstir.  Ger¢ek kullamm kosuluna benzer bir senaryonun
simulasyon ortaminda gergeklestirilmistir.  Bu senaryo, 20 dakikalik bir siiriig
ardindan aracin sarj edilmesini igerir. Siirlis esnasindaki hiz degerleri bir siiriis
dongiisiinden alinmistir. Ayni senaryo farkli ortam sicakligi kosullarinda incelenmistir.
Arac¢ dinamikleri, tahrik, enerji depolama ve termal sistemlerin kapsamli modeli
olusturulmustur. Bataryanin termal yOnetimi i¢in sarj siiresinin optimizasyonuna
bagl bir maliyet fonksiyonu olusturulmustur. RL kontrolcii, simiilasyon ortaminda
her bir senaryo icin maliyeti en aza indirmeyi amaclayacak sekilde egitilmistir.
Ortam sicakliklar1 ve sarj performanslari arasindaki iliski RL tabanli termal
yonetim metodu ve geleneksel kural tabanli termal yonetim metodu kullanilarak
incelenmistir. Ayni kosullar altinda kosturulan simiilasyonlara goére RL kontrolcii
ve kural tabanli kontrolciiniin sonuglar1 kiyaslanmistir. Sonuglara gore, kural tabanl
kontrolciiye kiyasla RL kontrolciiniin, sarj siiresinde %14’ e kadar bir azalma sagladig1
gozlemlenmigtir.
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1. INTRODUCTION

Electric vehicles (EVs) are at the forefront of the shift towards sustainable
transportation, offering significant benefits in terms of reduced emissions. While
the costs are dropping in terms of battery manufacturing, EVs gaining popularity
and becoming more available for the customers. Since the beginning of the EVs
production, range and charge duration are the most concerning topics in terms of
customer expectations. In order to make EVs become feasible for wide population

researches and development are continuing on these aspects of EVs.

Recent advancements in battery chemistry, particularly in lithium-ion technology, have
significantly enhanced the energy density and longevity of EV batteries. The rapid
charging capability of EV batteries is crucial for user convenience and widespread
adoption. This requires enabling the fast charging capabilities in the EVs as feature
and availability for the users as infrastructure. With fast charge enabled EVs comes
significant technical challenges including thermal runaway risks and degradation of
battery materials. Since the batteries electrochemical reactions are affected by the
temperature, fast charging capability and charge duration depends highly on the
conditions of the battery pack. Therefore effective thermal management system (TMS)
is critical for maintaining optimal battery temperatures, providing best performance,
preventing overheating and ensuring safety and longevity. While improving the battery
performance, TMS also effects the range of the EVs. At high ambient temperatures,
energy consumption for thermal management can reach to 30% of overall energy
consumption of EV [1]. In this sense, development of optimum thermal management

features are fundamental to the future of EVs and sustainable transportation.

1.1 Purpose of Thesis

Ambient conditions can change the battery performance significantly including

charging power as well. In order to get maximum charging power from the battery



in cold or hot ambient, preconditioning of the battery is crucial. That is why
thermal management directly effects the charge duration in these cases. By creating
an EV model and simulating different scenarios, this research provides insight into
how the environmental conditions affect charging duration. The goal is to improve
charge duration of an EV by applying predictive thermal management control that
can dynamically adapt to operating conditions and optimize performance in real time.
In order to achieve this goal, reinforcement learning (RL) controller is used as a
optimum control method and vehicle speed as horizon data to perform predictive

thermal management.

1.2 Literature Review

Batteries as the source on energy in EVs, are components that converts chemical energy
that stored in the material inside the battery to electrical energy by chemical reactions
[2]. These electrochemical reactions influenced by temperature which directly affects
the performance and lifespan of the batteries. High temperatures can accelerate the
degradation of battery components, leading to a decline in performance and a reduction
in the usable life of batteries. Effective TMS is important in terms of increasing both

the efficiency and life cycle of the battery [3].

Rule-based methods are commonly used for TMS since they are simple to implement.
They rely on set of rules that have been defined to provide the actions needed for
cooling and heating in EV. Since they have predefined rules they usually don’t give
the optimum performance [4]. Since the impact of thermal management can be high
on the energy consumption and range most of the researches focuses optimum control

strategy in order to improve these aspects.

Optimum control methods have generally highlighted as better performing method
compared to rule based. Variety of optimum control algorithms have been used in
different researches. Model predictive control (MPC) is the most used method in these

category [5-16].

Most of the researches focuses on improving energy consumption by using MPC. In

the study by Amini et. al., a thermal management method by using horizon data



with MPC is developed. It focuses on battery cooling and tries to optimize energy
consumption with predictive control. Difference between using long term and short
term horizon data is also investigated. Research compares the results of optimum
control with traditional control and shows 25% improvement in energy consumption
[5]. Similar to Amini et al.’s study, an MPC based thermal management control method
is implemented by Hu et al., this research focuses on the effect of uncertainties with the
horizon data on the MPC performance and efficiency [6]. Similar to these researches,
Schaut and Sawodny study uses MPC but for cabin cooling control. In this research,
detailed cabin and refrigerant line thermal model is created and validated with real
measurements. MPC is used to optimize energy consumption used to keep cabin
comfort. Results have been compared with based line strategy which is an on-off
control model for cabin temperature, proposed solution reduces energy consumption
up to 43% [7]. Glos et al. proposed an MPC to select optimum operation mode of
the thermal system in their research. It focuses on the control mode of actuators
like valves that requires binary or integer input for control. While MPC deciding
the operational modes, traditional control methods used for controlling the heating or
cooling power. That way a hybrid control model is developed [8]. In Park and Ahn’s
research, stochastic model predictive controller (SMPC) is designed to consider future
predictions for battery cooling optimization. Heat generations calculated using vehicle
speed and acceleration horizon information. SMPC solution have more robust output
with the uncertainties taken into consideration when compared to standard MPC but it

increases the computational time [9].
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Figure 1.1 : SMPC architecture with plant model [9].

Other than battery and cabin cooling optimization, MPC is also used for powertrain

cooling as well in the sense of reducing overall energy consumption. In the study



by Schaut et al., thermal system is modeled for powertrain components and MPC is
used for thermal management. Goal is to decrease energy consumption for thermal
management and increase the efficiency of electric motors. Suggested method gains
0.3% improvement on the range as an outcome [10]. Similarly Wahl et al., focuses
on an experimental setup using chassis dynamometer and climate chamber in order
to get electric motor efficiency for different operating temperatures. After that using
MPC with a drive cycle input, electric motor efficiency and thermal management
energy consumption tried to optimized. According to results, overall 4.2% gain in
energy consumption was possible [11]. In Tao et al.’s study, MPC is used to reduce
total energy consumption of thermal management and powertrain system by 1.8%.
Also with reduced operating temperatures of electric motors, it gives an outcome of

increasing the thermal life time of the electric motors [12].

Other than these researches focuses on the energy optimization of thermal
management, there are researches related to charging duration optimization using
MPC. Study of Hu et al. focuses on charge duration improvement by implementing
MPC for optimum control using horizon data. Thermal system model is created in
simulation environment and different test scenarios have been investigated. In this
research only battery cooling case is investigated and output as 12.3% improvement
in charge duration with proposed solution [13]. In a different study by Hu et al.
in the same year, charge duration optimization was performed with MPC while
including the cabin cooling while charging. It focuses on the interactions between
accurately predicting the charging event, charging performance and cabin comfort. In
the scenarios where charge event is not predicted correctly, controller output have to
comprise from cabin comfort in order to achieve improved charging duration because
of system limits [14]. In Hamednia et al.’s researches, charging is tried to optimized
by selecting the best possible trip for optimum thermal control and charge duration.
They include the trip time for reaching charging station into consideration for optimum
control problem. With multiple inputs, road trip time, charge duration and energy
consumption, MPC is used to minimize these costs in order to find optimum control

strategy [15, 16].



Data driven methods are also used for the optimum thermal management in EV.
In the study of Xie et al., an intelligent learning algorithm is proposed for cabin
comfort in EV and reducing power consumption. According to users input via air
conditioning unit in vehicle, learning algorithm adapts the output to a more suitable
desired value for user in order to provide comfort. After that this target used by
PID controllers to control thermal management system [17]. Park and Kim’s research
uses artificial neural networks (ANN) to create the system model using supervised
learning. With the ANN models, optimization problem is solved via mixed integer
linear programming solver. With the help of ANN, system model doesn’t need to be
created, ANN learns the system behaviour based on real measurement data and adapt
itself accordingly [18]. Research by Bicer et al. uses ANNs to model battery thermal
management system. Goal is to create accurate system models without the need of
use any complex modeling and showing computational time improvements [19]. In
the research by Choi et al., RL is used for the thermal management of cabin cooling
for an EV. An accurate model of cabin thermal system is created and RL controller
is used to minimize tracking error and power consumption. According to results,
RL controller gives better performance and less power consumption compared to rule
based controller [20]. Similarly Yuan et al. uses RL for thermal management on cabin
and battery cooling performance in EV. Proposed method gives up to 14% less energy

consumption compared to rule based controller as result [21].






2. ELECTRIC VEHICLE TECHNOLOGY

2.1 Electric Vehicles

EV’s history goes back to the 1830s. They gain popularity with the invention of DC
motor. By the end of 19th century more than 30% of the vehicles in US was electric
[22]. There was also steam engine and gasoline engine vehicles at that time in the
market. EVs were silent, easy to start and simple to drive compared to other vehicle
types as gasoline and steam engine vehicles. But EVs were slow, expensive and range
was in between 30 km to 60 km at that time. Batteries used in the EVs were costly,
heavy and had limited performance [22]. By the time after 1930s, when highways
have been build to connect cities and long distance travel with automobile has become
popular, EVs were not feasable to be used in these kind of scenarios. And with the
series production of Ford Model T, internal combustion engine (ICE) vehicles were

much cheaper than the EVs [22].

ICE vehicles have dominated the automobile market until the early 2000s when hybrid
electric vehicles (HEVs) started to get into the market. In 2008, more than 2.5% of the
vehicles sold in US was HEV [23]. HEVs combines the internal combustion engine
and electric motor in a system and allows vehicle to achieve better fuel economy and
lowering emissions. HEVs can be categorized according to their hybrid topology
as series hybrid, parallel hybrid and series-parallel hybrid. In series hybrid system,
electric motor provides the traction torque powered by the battery. ICE is connected to
an electric motor that acts as generator to provide power to battery pack. Parallel hybrid
system uses both ICE and electric motor as traction. In this system electric motor
takes the power from the battery pack only. In series-parallel systems, an additional

generator added to parallel system to provide charging power to battery by ICE [24].

With the help of new battery technologies, after 2010s EVs gain interest and many
automakers accelerated their EV productions [26]. Also with the need to reduce

greenhouse gas emissions, decrease dependency on fossil fuels and improve air
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Figure 2.1 : Example HEV architecture [25].

quality, EV technologies offering a cleaner, more efficient alternative to traditional ICE
vehicles proposed as solution. In 2023 almost 14 million cars sold was EVs reaching
18% of total cars sold [27].
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Figure 2.2 : EV sales between 2012-2023 [27].

Most of the EV sales happened in China with 60% of overall EV sales in 2023.
According to IEA, the main reason for it that in China over 60% of electric vehicles
sold was cheaper than their average internal combustion engine options. But this is not
the case yet for Europe and United States [27]. Overall in 2023, best selling 5 EV’s

have been given in Table 2.1 with some specifications.



Table 2.1 : Top 5 sold EVs in 2023 and specification [28].

Model Battery Capacity [kWh] Range [km] Class

Tesla Model Y 81 533 SUV
BYD Song Plus EV 87 605 SUV
Tesla Model 3 66 554 Sedan
BYD Qin Plus EV EV 72 600 Sedan
BYD ATTO 3 60.5 420 SUV

EVs include the integration of several crucial technological advancements. At the heart
of EV technology lies the battery system, which mostly determines the vehicle’s range,
performance, and overall feasibility. Advances in battery chemistry, energy density,
and charging infrastructure are key factors driving the adoption of electric vehicles. In
addition to batteries, the power electronics that manage the flow of energy within an
electric vehicle are crucial for optimizing efficiency and performance. Innovations in
power electronic converters, motor controllers and motors contribute significantly to

the overall effectiveness of EVs.
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Figure 2.3 : Example EV architecture [29].

EVs uses electric motors as traction motor. Electric motors are electromechanical
devices that converts electrical energy into mechanical energy. There is a stationary
part called stator and rotating part called rotor in their design. In early stages of EV
industry, direct current (DC) motors were used as traction motor [22]. DC motors

have windings inside their rotor and they use a commutator ring and brush component



in order to energize these windings while rotating. DC motors have known for their
simple control and low costs but since they contain a brush for commutation, they
require maintenance and they have lower efficiency compared to brushless type of
electric motors and that is why they are generally not used in EVs in recent years
[30]. Induction motors have been used by the EVs especially by EV manufacturer
Tesla. Induction motors are a brushless type of motors that are known for durability.
Since they do not contain any brush or permanent magnets, they are well suitable for
diverse operation conditions. They require inverter in order to be controlled effectively,
because of their working principle, there are losses in the rotor which makes them less

efficient compared to permanent magnet motors [30].

Siatf B Conductor
Figure 2.4 : DC motor structure [31].

Synchronous motors are also widely used by EVs. These motors can be categorized
as the ones that contains permanent magnet in their rotor and others that contain
windings in their rotor. Permanent magnet synchronous motors (PMSMs) have
advantages in terms of power density and efficiency compared to other motor types.
But since permanent magnets that are used in these motors are made from rare earth
materials, it increases their manufacturing costs. Permanent magnets are also effected
by temperature so they are less robust compared to other motor types. Synchronous
motors on the other hand uses windings instead of permanent magnets in their rotor
to create magnetic field. They are more suitable for diverse environments and cheaper
because of lacking permanent magnets. Power density and efficiency compared to
PMSMs can be lower because they contain windings in the rotor [32]. Synchronous
motors, similar to induction machines also requires inverters and controllers in order

to operate.
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Figure 2.5 : PMSM structure [33].

Inverters are power electronic circuits that transforms DC supply into alternating
current (AC). With the inverters, AC voltage output amplitude and frequency can be
controlled which is essential for electric motor control. Inverters require a controller
that provides the switching inputs in order to get desired output voltage, frequency and

current [34].
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Figure 2.6 : Example inverter topology [34].

For EVs, a transmission is used to convert output torque from the motor shaft into
wheel torque for traction. In order to achieve best power and torque density, electric
motor, transmission, inverter and controller combined in a same package. These
packages are called Electric Drive Unit (EDU) which creates the propulsion torque

for EVs [35].
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Figure 2.7 : ZF EDU structure [36].

2.2 Battery Technologies

At the core of any EV is its battery system, which serves as the primary source of
energy. Batteries transforms chemical energy into electrical energy by electrochemical
reactions. They store the energy electrochemically in their main parts as cathode,
anode and electrolyte. Cathode is the positively charge electrode and anode is
negatively charge electrode. Between these electrodes, electrolyte is used for ions

to travel in between [37].
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Figure 2.8 : Battery cell structure [37].
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2.2.1 History of battery technology

First battery cell is created by the Alessandro Volta in 1800. Volta used copper
and zinc as cathode and anode material and he used sulfuric asid or salt water as
electrolyte. With compiling these on top of each other he created the so called voltaic
pile which known as first battery cell. After that in 1836 John Frederic Daniell
followed the research of Volta and improved the design by using zinc, copper and
sulfuric acid. This design by Daniell used widely in many area including telegraph and
telephone networks. In 1859, Gaston Plante invented the lead-acid battery, the first
rechargeable battery, which is still used in automotive applications today. Lead-acid
battery can produce high current by using lead dioxide as cathode material, because of

this property it has become the starter battery for vehicles [37].

Waldemar Jungner in 1899, invented the nickel cadmium (NiCd) battery, which was
a rechargeable battery offering higher energy density and longer life compared to
lead acid batteries. This battery was having nickel oxide hydroxide and cadmium as
electrodes. Until mid 20th century, consumer devices that required rechargeable batter
was using NiCd batteries. But because cadmium is hazardous and toxic heavy metal,
it was causing some environmental issues. With introduction of nickel metal hydride
(NiMH) batteries in 1960s, NiCd batteries were getting replaced. NiMH batteries was
offering higher capacity and more environmentally because the use of metal hydride
alloy instead of cadmium. In 1947, invention of the alkaline battery by Lewis Urry was
also an important breakthrough because they offer higher energy density and longer
shelf life compared to zinc carbon batteries. They were widely used for commercial

applications in consumer electronics [37, 38].

In early 1970s and 1980s, development of first rechargeable lithium batteries became
commercially available based on the works of John B. Goodenough, M. Stanley
Whittingham and Akira Yoshino. The reason for using lithium in battery is that lithium
is the lightest metal and has great electrochemical potential. The first attempt for
creating lithium batteries was by using lithium metal as anode material. Since lithium

was not a stable material it was not a viable option because of safety issues. Yoshino

13



worked on the issue and used petroleum coke as anode and lithium cobalt oxide as
cathode material, which made the cell safe and reliable. Sony in 1991, commercialized
the lithium ion based batteries based on Yoshino’s work, by deploying it in portable
electronics. In early 2000s lithium ion batteries saw rapid improvements in capacity,

cost, and safety and still researchers continues to work for improvements [39, 40].
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Figure 2.9 : Yoshino’s lithium ion based battery [39].

2.2.2 Future of the battery technology

Solid state batteries are in research, they aim to replace the liquid electrolyte with a
solid one in lithium ion batteries. Using solid material instead of liquid, can increase
energy density and increase the safety by eliminating the risk of leakage and reducing
flammability. These type of batteries are still in development phase but it may be seen
on the production in few years [41]. Beside from the solid state batteries, there is
another research topic using sodium ion instead of lithium in the cells. Sodium is more
abundant and cheaper than lithium, offering a cost effective alternative. Performance
of these batteries are not matching with the lithium ion batteries as of now but they
reduce the cost and can be used for energy storage in grid applications [42]. Another
method that is in research is to use silicon in lithium ion based batteries anodes. Silicon
bonds with the lithium with respect to carbon atoms in increased numbers. That

means lithium density could increase in the same material size using silicon. With
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this technique, it is expected to see increase in capacity, charge capability and energy

density of the batteries [43].

2.2.3 Battery technologies used in EVs

Since batteries are the main energy sources in EV, properties of the batteries directly
affects the usability of the EVs. Because of size and weight constraints, in order to have
most range and performance, battery packs that is used in EVs shall have high energy
and power density. Even though with the increased ranges, long distance trip still may
cause some inconvenience for the users because of the charge durations. That is why
battery packs that used by the EVs shall have fast charging capability as well. Today
the most commonly used batteries in EVs are lithium ion batteries due to their high
energy density, long cycle life, and relatively low self-discharge rates. Comparison
between lithium ion and different types of batteries given in Table 2.2, it is clear that

the lithium ion based batteries superior to other ones.

Table 2.2 : Comparison of lithium ion batteries with other types [44].

Specifications Lead Acid NiCd NiMH Lithium Ion
Specific

Energy 30-50 50-80 60-120 90-250
[Wh/kg]

Power Density 180 150 250-1000  250-680
[W/kg]

IS{thi Discharge Low Medium High Very Low
Charge

Temperature -20-50 0-45 0-45 0-45
[°C]

Discharge

Temperature -20-50 -20-65 -20-65 -20-60
[°C]

Cycle Life 200 - 300 1000 300 - 500 600-3000

For lithium ion batteries, there are mostly three types have been used in EV
batteries, lithium iron phosphate (LFP), nickel manganese cobalt (NMC), nickel cobalt
aluminum (NCA). LFP batteries have high thermal stability, longer cycle life compared
to traditional lithium ion batteries, and inherently safer chemistry. But they have lower

energy density compared to other lithium ion variants, which may result in larger
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and heavier battery packs for the same energy capacity. NMC batteries have high
energy density and good cycle life. But they have higher cost due to cobalt contain
and moderate thermal stability compared to LFP batteries. NCA batteries use nickel,
cobalt, and aluminum in the cathode but with a higher proportion of cobalt compared
to NMC. They have high energy density and good thermal stability but they have
higher cost to due to higher cobalt content [45]. Even tough energy density of LFP
batteries cell are lower compared to NMC and NCA batteries, it has been used in 67%
of the produced EV’s in 2023 in China. Since LFP batteries cost almost 25% less than
NMC equivalent batteries, it was still preferable by the EV manufacturers [27]. Battery

specifications for different battery types have been given in Table 2.3.

Table 2.3 : Typical LFP, NMC and NCA battery specifications [44, 46].

Specifications LFP NMC NCA
Specific Energy

[Whke] 90 - 150 150 - 220 200 - 260
Charge

Temperature [°C] 0-28 0-50 0-50
Discharge Temper- 20 - 55 20 - 50 -20- 50
ature [°C]

Cycle Life 1000 - 4000 500 - 2000 500 - 2000
Cost High Medium Medium
Safety Safest Good Safety Safety Concern

2.3 Battery Management System

Lithium ion batteries performance depends on the operational conditions. Temper-
ature, state-of-charge (SOC) and voltage are important factors. SOC is a value
that shows the remaining capacity of the battery. Batteries have limited operating
voltage, which in case of over voltage or under voltage may result in irreversible cell
damage. Electrochemical reactions inside the battery mostly effected by the operating
temperature. Low temperatures decreases the chemical reaction rates and increases the
batteries internal resistance. Thus leading to limited performance in low temperatures
for both discharging and charging. High temperatures create increased reaction speeds
but in conclusion internal heat generation is also increases. If the heat inside the battery
continuous to rise and cannot dissipate enough heat, it may lead to thermal runaway.

Thermal runaway is a case when a temperature threshold exceeded, because of the
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reactions inside the battery pack leads to even more increase in temperature may lead
to fire or explode [47]. Because of these concerns, lithium ion batteries require battery

management system (BMS) to ensure their optimum performance and safety.

BMS constantly monitors the voltage, current, temperature of the battery pack and
estimates SOC, state of health (SOH), state of energy (SOE). Because of the limited
battery life, batteries maximum capacity degrades over time. SOH represents the
degradation inside the battery pack, giving the ratio of actual capacity of the battery and
rated capacity. SOE shows the available energy inside the battery. BMS is responsible
for calculating the charge and discharge power limits of the battery based on real
time measured sensor values and estimations. BMS a feature called balancing, which
ensures all cells inside the battery remain in same voltage levels. This is important
in terms of cell life cycle equality inside the battery pack. Another critical feature of
BMS is thermal management. BMS need to ensure battery pack remains in optimum

operation conditions by creating the necessary heating or cooling decisions [44].
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Figure 2.10 : EV Battery pack architecture [48].

BMS controls the contactors inside the battery pack that is used for connecting or
disconnecting the high voltage (HV) link from the rest of the components in EV. While
BMS constantly monitor cell status, it is also responsible for fault detection like in
terms of under voltage, over voltage, over current, over temperature or related to SOC

and SOE. Based on the detected fault BMS can take the reaction it self like by reducing
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maximum power limits or even disconnecting the contactors. BMS also reports the
fault status to rest of the EV’s component so that in case of fault necessary actions can

be taken by different controllers as well.

2.4 Battery Performance and Charge Duration

EV batteries, typically lithium-ion, are complex systems where electrochemical
processes are highly sensitive to temperature variations. Optimal battery performance
requires maintaining the battery temperature within a specific range during charging
and discharging. Deviations from this optimal temperature range can lead to a variety
of issues, including increased charging times, reduced energy efficiency, accelerated

battery degradation, and safety risks such as thermal runaway.

Charge duration is an important factor for the users when considering using EVs for
long distance travels. Considering a EV with 350 km real range on 600 km travel
requires at least one time charging. In order for this situation not to be an inconvenience
for the user, charging duration shall be as short as possible. Maximum charging power
for electric vehicles directly related to battery pack specifications. Manufacturers list

their maximum charging power in the EV’s specifications for marketing.

Table 2.4 : Maximum charge power for some electric vehicles.

Model Maximum Charge 10-80% SOC
Power [kW] Charge Power [kW]
Porsche Taycan Plus 320 230
Hyundai IONIQ 6 233 200
Volvo EC40 205 125
Tesla Model Y 175 140
BYD SEAL AWD 150 95

For example a list of EVs and their charge power is given in Table 2.4. One of the
key challenges in EV battery technology is managing the thermal environment during
high-power charging. Fast charging is essential for improving the convenience and
practicality of EVs, but it generates significant heat due to increased current flow.
If not properly managed, this heat can lead to elevated battery temperatures. The
state-of-charge (SOC) and temperature of the battery are interdependent factors that

influence each other during charging.
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High temperatures can accelerate the electrochemical reactions, potentially shortening
the charge duration but also increasing the risk of degradation and safety hazards like
thermal runaway. At low temperatures, the performance of lithium-ion batteries is
significantly reduced due to several factors. When the battery is in a low-temperature
environment, viscosity in the electrolyte increases and lithium ions mobility slows
down thus increasing internal resistance of battery. Because of these phenomena

lithium ion batteries works with limited performance in cold ambient temperatures

[49].
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Figure 2.11 : Temperature effect on battery performance [50].

TMS play a crucial role in maintaining battery temperature within the desired range. It
is designed to provide needed heating or cooling for battery pack and ensure uniform
temperature distribution across the battery pack thus increasing the performance of the

vehicle even at extreme ambient conditions.
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3. THERMAL MANAGEMENT FOR ELECTRIC VEHICLES

Thermal management is essential for every EV for ensuring the performance,
efficiency, and reliability of the system. All powertrain components in the system will
require cooling or heating needs during operation according to operating conditions.
TMS responsibility is to provide the required heating or cooling to components and
also having optimized power consumption at the same time in order to maximize the

range of EV.

EVs uses mostly three different approach for thermal management. These are air
cooling, liquid cooling and cooling with phase changing materials (PCM). Liquid
cooling based method has advantages in terms of performance over the other methods.
These can be listed as compactness, better thermal conductivity and bidirectional heat
transfer capability [51]. That is the reason for most passenger EVs have liquid cooling

based thermal system for the powertrain components.

An example of thermal layout of an EV is given in Figure 3.1. Thermal layout of
EVs usually divided into two cooling circuits and one refrigerant line. One cooling
circuit for battery and one for the rest of the powertrain components like EDU, DC/DC
converter and on board charger (OBC). In some applications these two cooling circuits

can be combined with a valve.

3.1 Thermal Management Components

Thermal layout consist of components such as water pumps, valves, radiator, positive
temperature coefficient (PTC) heater. On the refrigerant line, there is compressor,
expansion valve, shut off valves, condenser, chiller and evaporator. Also for the
radiator there is a radiator fan and usually an active grill shutter (AGS) to control

air intake in front of the radiator [52].
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Figure 3.1 : Example thermal layout of an EV.

3.1.1 Valves

Valves are used to direct coolant through desired line or lines. There are different types
of valves that is used in thermal system of EVs. For example a 3 way valve can be used
as bypass valve for radiator and 4 way valve can be used to select merging or separating

the battery circuit and EDU circuits [52].

Figure 3.2 : 3 way valve [53].

3.1.2 Radiator and AGS

Radiator, radiator fan and AGS is used to control the heat transfer between coolant

line and ambient. AGS position can be controlled according to air mass flow need
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for radiator cooling while driving. If the system needs to heated up, AGS can be
closed in cold ambient conditions to prevent heat dissipation to environment. If system
needs cooling, AGS can be opened to increase heat dissipation. But opening the
AGS increases the vehicle drag losses. Therefore while controlling the AGS position,

balance between drag losses and air mass flow needs is taken into account [54].

Figure 3.3 : Radiator and AGS [55,56].

3.1.3 Radiator fan

Radiator fan provides forced air through the radiator that increases heat transfer
between radiator and the environment. Fan is operated when there is a high demand of
cooling required and air mass flow for radiator is insufficient. This can usually happen
in standstill conditions where there is no air mass flow from the environment is coming
and some components on the vehicle needs cooling. In terms of energy efficiency, it
is important to balance cooling power and fan usage. For this purpose, while driving
where vehicle speed is higher than some threshold, fan is turned off because air mass

flow coming from the environment is usually enough to not operate fan anymore [54].

3.1.4 Water pumps

Water pumps are responsible for circulating the coolant through the cooling circuits.
Water pumps are essential part of thermal management system because it supplies
the required coolant volume flow in order to cool or heat the component effectively.
Volume flow effects the heat transfer between components and coolant liquid. This can

be controlled via controlling the water pump speed [52].
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Figure 3.4 : Radiator fan [57].

Volume flow needs for the system changes according to operating points of
components and environment conditions. In idle conditions when the components
are at normal operation temperatures, water pump speeds can be kept at minimum to
reduce the power consumption. This shall be taken into account while determining the

individual pump speeds in the system.

Figure 3.5 : Water pump [58].

3.1.5 PTC heater

PTC heater consists of resistive elements that heats the coolant. Resistance of the
material inside the PTC heater increases with the component temperature. Thus the
current or power draw also limited by increasing resistance, this property provides a

self regulating safety feature for PTC heaters. PTC heaters are generally used to supply
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heated coolant for battery heating and cabin heating. PTC heating power can change
in between 5 kW to 10 kW. It is controlled via pulse width modulation so that different

heating powers can be supplied according to component needs [59].

Figure 3.6 : PTC heater [60].

3.1.6 Compressor and chiller

Compressor is used to pressurize refrigerant gas and circulate it throughout the
refrigerant line. This refrigerant absorbs warmth from the cabin via evaporator or
from battery via chiller, chills it, and after that disperses the accumulated heat outside

of the vehicle via air or water cooled condenser.

Battery chiller is responsible for heat exchange between refrigerant line and coolant
line. Battery chiller can be activated or deactivated via shut off valve or electronic
expansion valve. Electronic expansion valve (EXV) can determine how much
refrigerant can pass through the chiller so that heat exchange in the chiller can be
controlled. Shut off valve works like an on off valve for refrigerant line. It lets the
refrigerant pass through when it is switched on and blocks it when it is off. This
provides a flexibility in the system so that battery and cabin cooling can be activated

or deactivated separately with using one compressor and refrigerant line.
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Figure 3.7 : Compressor refrigerant line.

The main goal of the thermal management is to balance the energy consumption and
cooling or heating performance of the vehicle by controlling these components in the

thermal layout effectively.

3.2 Thermal Management for Electric Drive Unit and Power Electronics

Electric motors for automotive applications are evolving towards higher power and
energy density, greater efficiency, reduced mass, compact size, and lower cost. EDU
consist of electric motor and motor controller unit in a compact package. Effective
thermal management is very important for optimizing EDU’s performance and
durability of the component. Various loss mechanisms contribute to heat generation
in EDU, including copper losses, iron losses and friction losses. Different cooling
methods, such as cooling at the stator core, stator winding or end winding, can be

selected depending on the motor’s design and requirements [59].

Power electronics consist of DC/DC converter and OBC. These components usually
combined and packaged in a small form factor. Thus these components require
thermal management in order to operate at safely and without creating any hot spots.

Coolant temperature requirements of OBC and DC/DC converter are similar to EDUs
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as generally around 60 °C. Because of this they can be connected to same cooling loop

as series or parallel with the EDUs.

DC/DC converter has lower heat load compared to OBC and EDU so during operation
EDU creates more demand for cooling because of higher losses. OBC’s on the other
hand does not create power losses while vehicle is in driving conditions so it does not
affect the cooling system. OBC only works during AC charging, where EDU has no

power losses. Cooling system for these components are sized considering these cases.

EDU
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Figure 3.8 : EDU and power electronics cooling circuit.

Cooling circuit for EDU and power electronics consist of a water pump and radiator.
Coolant used to take the heat from the components and dissipate the heat to
environment through radiator. In order to manage heat in the components, water pump,
radiator fan and AGS can be controlled. Stator, rotor, inverter heat sink or junction
temperatures, DC/DC converter and OBC component temperatures are considered for

controlling these actuators in the cooling circuit.

3.3 Battery Thermal Management System

Non-uniform temperature distribution within a battery pack can cause electrochemical
imbalance, accelerating capacity loss and premature aging.  Battery thermal
management systems are essential for preventing thermal runaway occurrences and

increasing the life time of battery packs.
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Battery thermal management methods include air cooling, phase change material
(PCM) cooling and liquid cooling. Air cooling is advantageous for its simplicity and
low cost. Air cooling systems are ideal for small scale battery packs or for battery
pack that discharges at lower power rates. For larger battery packs requiring high
power output or operating in extreme ambient temperatures, air cooling may not be

sufficient to meet desired thermal needs [61].

PCM based cooling enhances cooling capacity by adding a skeleton to paraffin or using
highly conductive filler materials. PCMs can achieve great thermal performance but
they are not ideal for such cases like high current charging or discharging, or operating

in high ambient temperatures [52].

Liquid cooling, using cooling plates to separate coolant from batteries, can be
optimized for different battery pack layouts. With liquid cooling of battery pack,
cooling circuit is combined with the vehicles air conditioning system so that it can
benefit from chilled coolant through the battery. Also for heating same air conditioning
system or separate heating elements can be used in the thermal layout to provide heated
coolant to battery. This combined solution can decrease the cabin cooling or heating
performance according to systems designed capacity and operating conditions while

both battery and cabin requests are active at the same time.
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Chiller

Figure 3.9 : Battery pack parallel operation.
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Figure 3.10 : Battery pack series operation.

Battery packs used in electric passenger cars differs in terms of size and cell choices.
But generally battery packs are the largest components in the EVs. This also means that
in terms of heat capacity they are also the largest in the system. Because of their large
heat capacity it takes large amount of heat to increase or decrease the battery packs
temperature. Because of this nature, battery cooling circuit can be separate from the
EDU and power electronics circuit and can work in idle conditions by only circulating
the coolant without the need of any active cooling or heating. But for some systems, it
is designed to work in series connection with EDU and power electronics circuit. This
is controlled via valve dynamically with respect to operation conditions of battery and
temperature of the coolant in EDU and power electronics circuit. While it is increasing
the system complexity, when the battery needs heating, it can benefit from EDU and
power electronics circuit if the conditions are met. This may help to regulate the heat

in both circuits efficiently without the consumption of energy needed for heating.

Since the vehicle’s air conditioning system combined with battery circuit, chiller
provides the chilled coolant through battery when battery needs cooling. Compressor
is controlled according to battery packs cooling power needs in order to provide
necessary cooling. For the cases where both battery and cabin requires cooling,

compressor can be utilize to provide both cooling powers. But in some cases
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compressor power may not be enough to provide sufficient cooling for both cabin and
battery pack. This requires some arbitration and prioritization logic to implement in

order to control how much cooling will be supplied to which component.

Similarly for heating conditions, PTC heater or heat pump can be utilized. Heat pump
is a reverse air conditioning cycle that takes the heat from environment and provides
the heated coolant to battery pack or cabin. Heat pumps are more efficient compared to
PTC heaters because with less power consumption more heat transfer can be achieved.
On the other hand heat pump implementation requires some extra valves in the system

to control coolant flow direction and increases system complexity.

3.4 Thermal Management Control Methods

Thermal management system can be complex and have real time impact on the EV
safety and performance, thus it requires robust control topology to ensure that system
is working efficiently in desired operating conditions. Since components heating and
cooling needs also differ from each other, control methods for thermal management

can be different for each component.

For EDU and power electronics, heating losses occurs instantaneously and since the
components have less heat capacity compared to battery, they can heat up quickly
under load. This requires faster more responsive methods in order to dissipate heat and

provide necessary cooling for these components.

For battery pack, since the heat capacity is large, component temperature increase and
decrease requires large amount of heat energy. Because of this, less dynamic and stable
control can be used for battery pack thermal management. Since the heating or cooling
characteristic is less dynamic, long term predictive approaches are more suitable for

battery pack thermal management.

Thermal management control methods can be categorize as in, rule based control,

model based control and optimum control [10].
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3.4.1 Rule based control

Rule based controller is a type of control system that operates based on predefined
rules or conditions. This method can be used in every part of thermal system because
of its simple and adaptable property. In order to provide robust thermal management,
rules have to be created based on strong system knowledge. These set of rules usually
calibrated based on the tests in various operating conditions. Controller inputs can be
temperature of components, coolants and environment, pressure of refrigerant system,
vehicle modes like driving or charging, cabin cooling request or heating request.
According to such inputs, controller can decide on the thermal components like water
pump, fan, valves, compressor, PTC heater. Advantage of this method is simplicity
and robustness. Controller can react based on real sensor measurements and adapt
its actions based on changing operational conditions. But achieving an efficient or
optimum solution with this method requires excessive trial and modification on the

rule sets or conditions [20].

Table 3.1 : Example rules for rule based controller.

Conditions Cooling State Heating State Pump Speed

T<5 Off On High
5<T<33 Off Off Low
33<T On Off High

For battery thermal management, rule based controller can be used to determine when
to activate heating or cooling and how much coolant flow rate needed. Rules can be
created according to battery pack’s optimum operation temperatures while considering
the energy consumption for thermal management. Balance of these two parameters
are important in terms of EV’s performance and range. In order to reduce energy
consumption for thermal management, system can compromise on some performance

in such cases.

3.4.2 Model based control

Model based control involves using models of the thermal system to predict its

behavior or calculate some heating or cooling needs to reach desired operation
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conditions. System model can be developed using physical principles such as heat
transfer equations, fluid dynamics, and thermal properties of materials. These models
can output how the system reacts over time and in response to inputs like heating,
cooling and environmental conditions. Other than physical approach, system can be
modeled using neural networks. Neural networks can model complex system using
real world measurements with training. These models can be used where creating the
system model based on mathematical model is hard or requires computing intensive
power. Once the model is developed, it can be validated using real world measured
data obtained from the thermal system in order to ensure that the model accurately

represents the system [10].

By using the system model, thermal control signals can be created such as target inlet
coolant temperature or required heating or cooling power. These control signals than
can be used as input for a closed loop control system. For example, calculated target
inlet coolant temperature can be an input for radiator fan closed loop controller. With
this method, models can predict systems behavior under different operating conditions

which than be used to achieve efficient thermal management control.

3.4.3 Optimum control

Optimum control methods aim to optimize the performance of a system by determining
the control inputs that minimize or maximize a specified objective function. Optimum
control is about finding the ideal control inputs over time to achieve desired system
behavior while optimizing specific objectives. Optimum control methods use some
optimization techniques to find these optimal solutions. Optimum control methods are
generally requires system modeling in order to predict its future behaviour. These
optimum control methods can be listed such as, gradient based methods, dynamic

programming, MPC, linear quadratic regulator (LQR) and RL [62].

MPC is widely used in researches for thermal management in EVs. It uses horizon
data to find global optimum for a defined cost function. It requires accurate system
model in order to predict system behaviour. Each time step MPC solves an optimum
control problem to determine its next action. Any inaccuracy in the system model can

lead to sub optimal solutions.
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RL is a machine learning technique that an agent makes decisions by interacting with
an environment to maximize cumulative reward. Training required for agent to learn
from trial and error without knowing any prior information related to system. RL
algorithms requires large number of interactions with the environment in order to find
an optimal policy. Unlike MPC, RL controller does not need precise model of the
system, it can self-learn and optimize strategies by interacting with the environment,

which makes it applicable for complex and dynamic problems [21].

RL is a learning based approach where the controller learns optimal behavior through
trial and error to maximize a reward metric. It handles complex systems and adapts
to dynamic environments but requires extensive training and generally there is no
option to set hard constraints directly. In contrast, MPC uses a prediction model
to solve an online optimization problem at each time step, providing the flexibility
to handle hard constraints and nonlinear dynamics. MPC’s runtime optimization
makes it computationally intensive, especially for nonlinear systems. While LQR
is computationally efficient with in runtime, it lacks the flexibility to handle hard
constraints and non-linearities, making it less versatile than MPC but more easy to

implement than RL [62].

33






4. REINFORCEMENT LEARNING FOR OPTIMUM CONTROL

Optimum control strategies ensure that systems operate at maximum efficiency,
minimizing waste and energy consumption. This is crucial especially in EV
applications like energy management or thermal management, where efficient use of

resources can lead to improvements on vehicle’s range.

ANNss are widely used in optimal control for their ability to model complex, nonlinear
systems and learn from data. ANNs can be trained to model a system especially when
the system is too complex for traditional mathematical modeling techniques. ANNs
can also be used to predict future states of the system and optimize control inputs over

a prediction horizon.

4.1 Artificial Neural Networks

ANNs are computational models created with the inspiration of biological neurons of
the human brain. ANNSs are well-suited for capturing complex, nonlinear relationships,
making them commonly applied to recognize patterns and classify objects vision and

control systems.

They consist of input layer, hidden layers and output layer. Input layer receives input
data, which could be numerical values, images, text, or any other form of structured
data. Hidden layers consists of neurons that process the input data through weighted
connections and apply activation functions to produce outputs. Output layer Produces
the final output based on the computations performed in the hidden layers. The
output could be a classification decision, regression prediction or any other type of

computation [63].

ANNS can be trained using a process called supervised learning, where the network
learns from labeled input-output pairs provided in a training dataset. At each step of
training an algorithm adjust the weighs in the ANN in order to minimize the error

between actual labeled output and predicted output [63].
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Figure 4.1 : Typical ANN architecture [64].

ANNSs can be adapted to used in the fields like aerospace, automotive, robotics and
industrial processes. The challenge for the ANNs is that they require large amount
of data for training. Training can be computationally intensive especially in case of
large neural networks and working with large data. Despite these, the use of artificial
neural networks in optimal control is a growing area with great potential to enhance

the performance and capabilities of various control systems across different industries.

4.2 Reinforcement Learning Controller

In RL, ANNs are used to create a policy, which maps states to actions. The neural
network learns to output the optimal action for a given state based on the experience.
The agent explores actions, learns from rewards, and updates its policy to find the

optimal control strategy.

The difference in RL compared to other machine learning architectures is that it doesn’t
require supervisor while training. That means there is no training data that shall be
labeled or processed in order to feed into neural network. The training is done by
creating a reward function. RL outputs series of decisions in order to get maximized
cumulative reward, which makes it suitable for optimum control applications where
actions may affect the future state of the system. In the RL training process, actions
taken by the RL is also affecting the inputs going into RL because of environment

reacts to the actions directly.
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Figure 4.2 : RL architecture [64].

A reinforcement learning agent is part of a reinforcement learning framework that
interacts with an environment to learn and make decisions. There are different types

of RL agents based on how they learn, complexity and decision making process.

4.2.1 Reinforcement learning agents

Before going into detail with the agent types, two terms must be explained in order
to understand agents differences better. These are exploration and exploitation.
Exploration involves taking actions that the agent is uncertain about to gather more
information about the environment. These actions may not always give the highest
immediate reward but are necessary to discover potentially better long term strategies.
Exploration is important especially in the early stages of learning or when the
agent encounters new states or situations. It helps the agent gather data about the
environment, learn about the consequences of its actions, and refine its policy over
time. Exploitation is taking actions that the agent believes will give the highest reward
based on its current policy or knowledge. These actions are chosen to maximize
the agent’s performance according to its current understanding of the environment.
Exploitation is essential once the agent has gathered sufficient knowledge through

exploration. It focuses on maximizing the cumulative reward with the help of learned
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policy to make decisions that are expected to give the best outcomes based on past

experience [65].

Reinforcement learning agents are categorized as on-policy and off-policy agents
related to how they learn and update their policies [66]. On-policy agents learn and
improve their policy while interacting with the environment using the current policy.
They evaluate and update the policy based on the current behavior and typically use the
same policy for exploration and exploitation. Off-policy agents learn and improve their
policy based on data collected from a different policy than the one being optimized.
They can learn from experiences generated by any policy, not just the current one.
Off-policy methods can separate exploration from exploitation, which can lead to more

efficient learning [64].

The key differences for on-policy and off-policy agents, off-policy methods can use
different experience sources like past experiences generated from any policy, whereas
on-policy methods can only use the current policy as source of experience. The
decision for choosing between on-policy and off-policy methods may depend on
environment model complexity, exploration and exploitation balance. Both type has

their advantages and are suited to different reinforcement learning applications.

Another category in the RL agent type is discrete actions space agents and continuous
action space agents. In discrete action space, set of actions that agent can take are finite,
which agent makes a choice from defined actions in discrete values. For continuous
action space, agents can take infinite actions within a defined range rather than discrete
values. With the environments that actions can be defined as discrete values, it is
viable to use discrete action space agents. Continuous action space agents are suitable
for applications where it is required control precision with continuous actions [64].

Comparison for different type of RL agents have been provided in Table 4.1.

4.2.2 Reward function design

In order to RL model to learn something it needs to maximize the cumulative reward
that it is getting from the system. That is why reward function is critical when it

comes to performance of the RL. Rewards should reflect the desired outcomes and
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Table 4.1 : Comparison between different type of RL agents [64].

Agent Name  Agent Type Action Space Ease of Robustness
Tuning
PPO On-Policy Discrete or Continuous Hard Good
DDPG Off-Policy Continuous Easy Moderate
DQN Off-Policy Discrete Easy Moderate
SAC Off-Policy Continuous Moderate Good

aligns with the ultimate goals of the task. While keeping the ultimate goal, reward
function should be simple as possible in order for tuning and debugging. In order to
reduce training times, rewards shall lead the RL to desired outcomes by encouraging
them and it shall penalize the agent for the undesired actions in order to discourage the
agent for not repeat them. Ultimate goal can be achieved in the end of simulation but
while reaching that goal, reward function shall give some rewards at each intermediate
steps in order to guide RL for desired output. If the rewards are given only in the end,
it will make learning process very long and difficult. Also reward functions shall not
create any possibility for shortcuts. For example it may be penalizing RL for doing
certain actions, but doing nothing altogether may lead to better reward. In that case RL

will learn to do nothing instead of trying and it will lead to non optimal solutions.
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5. SYSTEM MODELING AND SIMULATION

In order to investigate charge performance with reinforcement learning (RL) controller
for battery thermal management, system model has to be created in simulation
environment. In order to investigate the relation between charge duration and battery
temperature, environment temperature selected for this research is between 0°C to
35°C increment by 1 degree. A drive cycle is selected that simulates a driving case
for 20 minutes to reach charging station. After reaching the charging station, vehicle
directly starts charging and continues to charge until 70% SOC. This SOC value is
selected due to battery charge characteristics usually decrease the allowed power after
around these SOC values. Along with the RL controller, rule based control approach
also implemented for comparison. For this study, Matlab/Simulink environment is

used for the modeling and simulations.

System model consists of vehicle dynamics model, components electrical, thermal
models and thermal system model. Thermal layout selected for this research is having
separated operation for battery coolant circuit and EDU circuit, power electronics
cooling circuit. In this layout there are three components to be controlled by the
RL controller, compressor for cooling, PTC heater for heating and a water pump for

circulating the coolant through the loop.

5.1 Vehicle Dynamics Model

Vehicle dynamics model is needed in order to calculate how much forces are acting
on the vehicle for a given speed and road conditions. Based on the goal of vehicle
dynamics model, complexity of the model can be determined. Aim with the vehicle
dynamics model for this research is to get needed desired wheel torque based on the
speed input. Linear single track model is used because of it’s simplicity. With this

model, vehicle load shifts, rolling and pitching motions are neglected. Since the
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Figure 5.1 : System model in simulation environment.

steering is also not in the spec of this study, only longitudinal forces are taken into

consideration [67].

Longitudinal forces includes the air drag forces, tire forces and force caused by
acceleration. Since the road slope considered zero for all drive cycles, that calculation

also is not included in the model.
1 2
Fy = ECWApAirV (5.1)

In equation 5.1 shows the air drag force Fy is depending on air resistance coefficient
of the vehicle ¢y, air density py;,, front cross sectional area of vehicle A and velocity

of the vehicle vehicle V [67].

The rolling resistance force of the tires F}, can be calculated as in equation 5.2.
It depends on the tires rolling resistance coefficient cc,,, vehicle mass m and g as

gravitational acceleration [67].

Frr =Crprmg (52)
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Acceleration force F;, can be calculated as in equation 5.3 based on the vehicle mass m

and a as acceleration of vehicle [67].

F,=ma (5.3)

After calculating the Fy, F, and F,, the total longitudinal force F;,, applied on
the vehicle can be calculated as in equation 5.4. Than F;,, can be converted into
electric motor shaft mechanical power using vehicle speed V in m/s and transmission
efficiency 1;-. While calculating the motor mechanical power, propulsion power
Pmgecprop and regeneration power Pripsecregen shall be separated. Because while EVs
are decelerating, they use electric motors for regeneration to create negative force on
the wheels. But they use also friction brakes according to their strategy while braking
as well. In order to get more realistic regeneration power, during braking, 80% of the
power is taken as regeneration by assuming 20% is used by friction brakes. Also during
regeneration, because of power flow direction changes, this is taken into consideration

by multiplying the transmission efficiency 17, instead of dividing in equation 5.6.

Fiota = Fw + Frr + Fy (54)
F, %4
Pitgecprop = —24 (5.5)
Ner
80
PmMecRegen = m Frotal V Nir (5.6)

Equation 5.5 is only calculated during vehicle acceleration is greater than zero and
equation 5.6 is calculated during only vehicle acceleration is less than zero. This way
total of these two calculations gives the total mechanical power on electric motor shaft

Py as in equation 5.7.

Pmyyec = PmMecProp +PmMecRegen (5.7)
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In order to calculate the motor shaft torque 7;,,.¢0r, angular velocity of motor shaft speed
® needs to be calculated. Angular velocity is directly converted from the vehicle speed
using the transmission ratio i;, and tire diameter R;;, in equation 5.8. Motor speed

calculation is also given in equation 5.9.

14 itr
0= (5.8)
Rtire
w60
Nmotor = ﬁ (5.9

After calculating the angular velocity of the motor shaft, we can convert the mechanical

power into motor shaft torque 7 ¢,0r0r as given in equation 5.10

Py
()]

TQmotor = (5 10)

5.2 Component Electrical Modeling

Components electrical models are needed to calculate power, current, SOC like signals

for the system. These models are created according to the needs in the environment.

5.2.1 EDU electrical model

EDU model is needed for the conversion from mechanical power that is used for the
axle to consumed electrical power. Mechanical power, motor torque and motor speed
are already calculated in the vehicle dynamics model. In order to calculate electrical

power consumption, EDU losses must be considered.

Usually supplier or third parties perform bench testing for particular EDU in order to
get efficiency maps. These maps can be provided for certain operating conditions like
voltage and temperature, by covering all torque and speed region of motor. For this
research, supplier data for the efficiency maps have been used for selected EDU. For
calculation of consumed electrical power by EDU, these efficiency map is used. It is
used as a look-up table to get working efficiency according to torque and motor speed.

With the operating efficiency of EDU ngpy taken from the table, mechanical power

44



can be converted into electrical power Pm,j,.. that EDU consumes in equation 5.11.

Efficiency map of the EDU is given in Figure 5.2.

Pittinec (5.11)
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Figure 5.2 : EDU efficiency map.
5.2.2 DC/DC converter electrical model

DC/DC converter is a component responsible for supplying low voltage to system by
converting it from HV battery. In order to find DC/DC power consumption from the
battery pack, first low voltage (LV) system power consumption needs to be calculated.
In the system, there is one EDU circuit pump and battery circuit pump that is operating
from LV system as major components. For the electronic controller units and auxiliary
electrical consumption like lights and entertainment, a constant power consumption is
selected. Radiator fan power taken as zero since vehicle is moving at highway speeds,

air mass flow coming to the radiator is assumed to be enough to not operate the fan.

Once the actual LV system power consumption is calculated, it can be converted into
HV power consumption using DC/DC converter efficiency factor. This information

taken from the component specifications as a constant factor. DC/DC converter’s
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power drawn from the battery P4, is calculated in equation 5.12 using auxiliary power

consumption P, divided by DC/DC converter efficiency factor 1gq4c-

Paux
Ndcde

Pdcdc = (512)

5.2.3 Battery pack electrical model

In order to calculate battery pack temperature and SOC, battery current has to be
calculated. That is why battery electrical model is needed. For calculating the battery
current Rint model is used. Rint model uses an voltage source and a internal resistance
to model the cell behaviour. This model is used due to the reason that less parameters

needed in order to create a sufficiently accurate model with Rint [68].

N ®

g— UL

©

Figure 5.3 : Battery equivalent circuit Rint model [68].

Internal resistance of the battery pack is depending on the temperature and SOC of
the battery. Resistance values taken from the battery pack specifications and used as a
map with two axis, one is temperature and the other one is SOC. SOC and temperature
values are calculated separately and input to this map to get the respective internal
resistance value of battery pack. Using the Rint model battery pack current output 1.,

is calculated as in equation 5.13.

Voc - \/ngc —4P, batt Rint
2Rint

Ibatt = (5-13)

Pbatt = Pmelec + Pdcdc + Ptherm (514)
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[BatteryCurrent]

Figure 5.4 : Battery current calculation.

Total power consumption is calculated as in equation 5.14 via other components
electrical models and this is used to calculate battery current. For SOC calculation,
ampere-hour counting mechanism is used. By calculating how much energy consumed
or given to battery and adding it to the last energy calculated, actual available energy
can be calculated. Using this actual energy calculation and diving it with the rated

capacity of the battery, battery SOC is calculated [68].

In order to simulate charging case, battery charge current shall be determined. A look
up table taken from battery supplier data is used for calculating the corresponding
charge current based on the calculated battery pack SOC and temperature values.
Charge current map of the battery pack depending on the temperature and SOC is

given in Figure 5.5.

5.3 Thermal System Modeling

Thermal layout selection is done in order to simplify the system design and RL
controller control outputs. Battery system cooling loop is completely separated from
the EDU cooling loop, which is not completely foreign, it is used in some vehicles.
With this layout there are three possible working conditions for battery like following,
heating with PTC heater, cooling with chiller and idle operation. In idle operation
no cooling or heating is done, coolant is circulated in closed loop system without
providing any heat exchange from outside source. In idle operation flow rate can be
kept minimum just enough to balance the heat inside the battery pack equally, thus

reduces the pump operation and energy consumption. Since there is no valve in the
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Figure 5.5 : Battery pack charge current map.

battery loop, there is less control parameters which results in simple control mechanism

as well.
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Figure 5.6 : Thermal layout that is used for this study.

Water
Pump

The downside of this layout is that battery cannot use any waste heat in the EDU

loop for heating or colder ambient air for cooling. Since the dynamics of motor and

inverter, EDU loop coolant temperature can heat up quickly even in cold ambient

temperatures. There is an opportunity to use that coolant for heating the battery pack

without operating the PTC. This requires a valve to connect battery loop with the
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EDU loop. This approach reduces the energy consumed to heat up the battery when
it is compared to use PTC heater. But this is only providing real benefit in extreme
conditions where the ambient temperature is below zero degrees. Because battery
packs generally doesn’t need heating during driving above zero degrees or close to
zero. Since our research only done for temperatures between 0 to 35 °C, using this

layout will not provide much benefit from it, that is why more simple layout preferred.

Thermal system model consist of battery pack, chiller, heater and pump thermal models
as it is shown in Figure 5.6. Since the EDU and power electronics coolant loop
is considered as separate from the battery loop and not interacting with each other,

thermal behaviour of EDU and power electronics is not investigated.

5.3.1 Battery pack thermal model

Battery pack temperature calculation is necessary in order to see the effect of overall
thermal management system. There is an internal resistance thus power loss inside the
battery pack that is affecting the pack temperature. Other than the power losses, heat
transfer with the coolant has to be taken into account while calculating the battery pack
temperature. For this heat transfer energy balance equation is given in equation 5.15
as AQ7.rq1 1s change in the total heat, QcooianiToBars 15 heat transfer between coolant
and battery pack and Qp,; is the heat generated inside the battery pack due to power

losses.

AQTotal = QCoolantToBatt + Qbatt (5 15)

Generated heat inside the pack is calculated with the internal resistance of the battery

and calculated battery current in equation 5.16.

Opatt = Iy Rint (5.16)

Heat exchange between coolant and battery pack can be calculated according to

conduction heat formula as in equation 5.17. It includes the heat transfer coefficient
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between coolant and battery pack 4, coolant outlet temperature 7¢pan:0u: and battery

pack temperature g [69].

QC()()lantTaBatt — hcb (TBatt - TC()()lantOut) (5 17)

Total heat change of the component is expressed as the temperature difference in the
component temperature AT, and specific heat capacity Cp,; of the component in

equation 5.18 [69].

AQTotal = CBall ATBatt (5-18)

After defining these equations, we can solve the equation 5.15 for calculating the
battery temperature. Battery pack outlet temperature also needs to be calculated in
order to calculate further heat exchanges happening on the cooling circuit. For coolant
temperature change, equation 5.15 can be written for the coolant heat transfer of
coolant calculations where AQ7,aico01an: 15 change in total heat of coolant and Qcpoians

1s heat loss of coolant [69].

AQTOtalCoolant = QCoolam‘ToBatt + QCoolant (519)

Total heat loss of the coolant can be calculated as in equation 5.20 with the mass flow
of coolant m ..., Specific heat capacity of coolant C,,.,; and delta between coolant

inlet temperature Teporanr0ur and outlet temperature Teporantin [69].

QCoolant = Mcoolant Ccoolant (TCOOIanZOMt - TCoolantln) (520)

Total heat change in the coolant can be calculated as in equation 5.21 with the coolant
density Pcooiant, Specific heat capacity and coolant volume inside the component

VolCoolantBatt as in this case battery.

AQTotalC oolant = Pcoolant CCool ant Vo lCool antBatt ATC oolant Out (5 2 1)
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With these equations, we can solve the equation 5.19 for calculating the coolant outlet
temperature. These equations are solved in the Matlab Simulink environment in order

to calculate battery temperature and coolant outlet temperature.

5.3.2 Chiller thermal model

Chiller is modeled as a heat exchanger that uses the chilled refrigerant to cool down
the coolant passing through. In order to create chiller model, single block is used to
identify cooling system with an efficiency factor. Efficiency of the cooling system
depends on the environment temperature, coolant temperature and compressor power.
Look up table is used to get correct efficiency taken from suppliers data. Cabin cooling

is considered to be off and effect of cabin cooling is not considered for this research.

Compressor power is taken from the controller output and after efficiency taken
into account, cooling power is obtained. Cooling power is given input to chiller
heat exchange model in order to calculate chiller outlet temperature. Since battery
pack and chiller are connected in series in cooling circuit, battery pack coolant
outlet temperature is given as chiller inlet temperature. According to heat exchange

happening in chiller model, coolant outlet of the chiller is calculated.

Heat exchange is modeled same for all thermal models as it is explained in battery
thermal model section. For using the same model, inputs and parameters need to be
changed and adapted according to chiller. Heat balance equation for chiller becomes

like given in equation 5.22.

AQTotal = QCoolantT(JChiller + QChiller (522)

Octitter = — Peomp Nchiller (5.23)

Heat transfer between coolant and chiller is given as QcoolantTochiller and chiller
cooling power is used for heat generated inside the chiller Qcpiizer. Since chiller is
not creating the heat but taking heat from the system, cooling power for chiller is given

as negative for Qcpizer- Cooling power is calculated in equation 5.23 by electrical
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power consumption of compressor P.omp multiplied with the chiller system efficiency

Nchiller-

QCoolantToChiller = hcc (TChiller - TCoolantOut) (524)

Heat exchange between coolant and chiller is calculated in equation 5.24 similar to
equation 5.17, by using heat transfer coefficient between coolant and chiller 4., and

delta between coolant temperature and chiller temperature T¢pize;-

AQTotalCoolant = Pcoolant CCoolant VOlCoolantChiller ATCoolantOMt (525)

In order to calculate the coolant outlet temperature coming from chiller, similar
to equation 5.21, same calculations is used but using chiller coolant volume

Volcooiantchiiler Instead of battery coolant volume in equation 5.25.

5.3.3 Heater thermal model

PTC heater is a component where the coolant heats up while passing through the
component with heating materials inside the PTC heater. PTC heater is modeled as
a heat exchanger similar to battery and chiller model. There is an internal heat that is
produced by the used heating power and it is conducted to the coolant. Formula for the
heat exchange balance is given in equation 5.26. Since chiller and heater are connected
series in thermal layout, chiller outlet temperature is equal to heater inlet temperature.
According to this, heater outlet temperature needs to be calculated in order to provide

input to battery pack as inlet coolant.

AQTolal = QCoolaanoPTC + QPTC (526)

Heat generated inside the PTC heater Qprc is given in equation 5.27, as Pprc 1S power

used by the PTC heater and nprc is the component efficiency factor.

Oprc = PercMprC (5.27)
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Heat transfer between PTC heater and coolant is calculated in equation 5.28 by using
heat transfer coefficient between coolant and PTC heater /., and difference between

coolant temperature and PTC heater temperature 7prc.

QCoolantToPTC = hcp (TPTC - TCoolantOut) (528)

PTC heater coolant outlet temperature is calculated similar to the calculations in chiller
and battery thermal model only changing the volume parameter to PTC heater coolant

volume Volcyoiansprc- It is given in the equation 5.29.

AQT()mlC(J()lant = Pcoolant CC()()lant Vo lC()()lantPTC ATC{)()lantOut (5 29)

5.3.4 Pump thermal model

In order to use in the thermal calculations, flow rate has to be calculated. This can
be done according to pump speed characteristics. Pump creates a pressure difference
between inlet and outlet of it self to create the flow in the closed loop system. The
relation between the flow rate and the pump speed is close to linear while power and

flow rate is quadratic [70].
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Figure 5.7 : Pump flow rate relation between pump speed and power [70].
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Thermal management controller commands the desired flow rate from the pump.
According to this power consumption of the pump need to be calculated. This is done
with a look up table respective with with flow rate. System flow rate is determined as
working in between minimum 0.06 kg/s to maximum 0.25 kg/s. This assumption is
made according to literature and flow rate needs of the components [71]. Maximum
pump power is determined as 230 W and used quadratic relation to create pump power

versus mass flow.

5.4 Rule Based Controller Model

Two types of rule based controller is implemented. One is with preconditioning feature
and other one is without preconditioning. Rule based controller with preconditioning
is representing a smart feature in the vehicle where user can trigger preconditioning of
the battery pack manually before going to charge station. Once the preconditioning is
enabled, controller heat up or cool down the battery until reaching target temperature
according to rule table than stops. Rule tables are given in Table 5.1 and Table 5.2 for

both controllers. Mass flow request for both controller taken as constant 0.2 kg/s.

Table 5.1 : Rules for rule based controller.

Action Vehicle State Turn On Condition Turn Off Condition
Heating Driving T<-5°C T>0°C
Heating Charging T<5°C T>10°C
Cooling Driving T>36°C T<32°C
Cooling Charging T>33°C T<29°C

Table 5.2 : Rules for rule based controller with preconditioning.

Action Vehicle State Turn On Condition Turn Off Condition
Heating Driving T<10°C T>14°C
Cooling Driving T>29°C T<25°C

5.5 Reinforcement Learning Controller Model

RL controller is created using Matlab Simulink Reinforcement Learning toolbox. In
order to create a RL controller, RL agent type, observations, actions and reward
function must be determined. In this application, in order to get best performance from

the model, heating and cooling power must be determined in a continuous way rather
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than discrete values. From the continuous agent types of RL agents, deep deterministic
policy gradient (DDPG) agent is selected for this application. DDPG is a model free
agent that uses actor critic approach to maximize long term reward. Since it is model
free, it requires less training time compared to model based agents and it has a good
balance for training time and tuning capability and robustness. In order to create a

DDPG agent, actor and critic neural network sizes must be determined.

Reinforcement Learning

Create Define Create Validate Deploy
Environment Reward Agent Agent Policy

Figure 5.8 : RL workflow [64].

Actor and critic neural network sizes are determined based on the different applications
found in research. Actor and critic hidden layer sizes can be selected independently.
Critic 1s responsible for learning the system behaviour and estimating rewards, actor
on the other responsible for making the decisions that maximizes the reward. So with
this understanding actor model can have less complexity compared to critic model.
With this way computational times needed for each step for training can be reduced.
For starting point, default actor and critic sizes have been used, which consists of
250 hidden layers. Training with these sizes was needing too much computational
resources. After some testing 50 hidden layers for critic model and 40 hidden layers

for actor model have been decided [72].

Observations for RL controller is selected according to system variables that are
important for thermal management. These are vehicle speed, battery pack temperature,
inlet and outlet coolant temperature, actual power. Outputs of the RL controller are
coolant mass flow request and heating or cooling power. The minimum and maximum
values of the outputs of the RL controller are determined as -1 and 1 respectively.
As the cooling and heating power maximum power is selected 5000 W, it is directly
multiplied in order to convert the RL controller output to power request. Mass flow
output is changing between 0.06 kg/s to 0.25 kg/s, so these values are mapped to RL
controller output for mass flow request. All the observations that are given to RL

controller also linearized since it gives better performance for RL model’s training
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process. Temperature and speed signals are mapped in between 0 and 1, power signal

is mapped in between -1 and 1.

ComponentTemperatures
ComponentTemperatures
@ VehicleSpeed
VehicleSpeed Observations ——
@ P ComponentPowerLosses
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P ThermalPowerConsumption

ThermaIPowerConsumption
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Observations and Reward

Figure 5.9 : Observations for RL.

Sample time of reinforcement controller for training need to be selected while
considering training time and output fidelity of the controller. Since the scenario
includes 20 minutes driving and after a charging session, the estimated simulation
run time is averaging around 2500 seconds depending on the charge duration. Since
the battery thermal system is not very dynamically changing, a long sample time is not

considered to be influential on the system. For that 10 second sample time is selected.

Reset function is used to initialize selected variables with different values for every
cycle. This is used to create randomized initial temperature, ambient temperature
values and vehicle speed shifting in time. This function gives RL controller ability
to create optimum policy for all these different conditions and not over fit for a certain
condition. Over fitting is a problem where neural network finds the local minimum
based on the conditions given, this possibility is very high when the training is done

only for small portion of overall expected working conditions.

In order to RL model to learn optimum solution, it needs a well defined reward
function. The aim of this research is to find optimum thermal management for
achieving best charge duration. These needed to incorporated into reward function
for RL model to learn. There have been several different trials done in order to find

reward function that gives best results.
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The first approach was using the power consumption for thermal components
as punishment for RL controller and some reward points if battery temperature
converging to target temperature that is set manually. This approach was having the
problem of entering the temperature manually or by a rule table. Only part where it was
improving is that RL controller was considering the vehicle losses during driving and
optimizing it’s heating or cooling power controls accordingly. But it was not helping

to find the optimal temperature to start the charging process in the first place.

The second approach is created based on the results have been observed from the first
approach. Instead of giving rewards based on looking at battery temperature, a reward
function is developed by considering the charge duration. For this approach simulation
runs for end of charge and during driving, heating and cooling actions are defined as
cost to RL controller according to battery temperature condition. After the driving,
cost for heating or cooling is decreased because now the power of heating and cooling
can be supplied from the charge station not from battery. Cost function in model can be
seen in Figure 5.10 for heating and cooling power. Similarly pump usage also creates
a cost and different for charging and driving cases as given in Figure 5.11. During
charging, every sample adds cost to RL controller as negative reward as given in Figure
5.12. This way RL controller is enforced to use less heating or cooling power during
driving and tries to end charge session as soon as possible. Also another consideration
is the battery temperature limits. A cost is created for the battery temperatures that are

not wanted to be reached as shown in Figure 5.13.
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Figure 5.10 : Cost for using chiller or heater.
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Figure 5.13 : Cost for battery temperature.

Weights for the cost function changes how the RL behaves. Some initial values for

weights have been defined and than they are further calibrated according to training

results.

5.6 Simulation Results

Three different variables have been defined as initial temperature for simulations.

These are ambient temperature, component temperatures

and coolant temperature.

These initial temperature values starts from 0 °C and goes up to 35 °C creating 36

different testcases for simulation. Three different control m
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for the results. RL controller, rule based controller with preconditioning and without
preconditioning. Evaluation is done according to charge duration achieved for each
scenario with different controllers. Along with this, SOC gain compared after first 10
minute of charging. This measure can be important for the scenarios where the user
does a short break in their trip for coffee and plugs the EV for charging. Any boost in
SOC in the short amount of time with thermal management control method is for users

benefit for such cases.

Figure 5.14 shows the comparison between RL controller and the other two types in

terms of gain charge duration improvement.
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Figure 5.14 : Comparison between RL and other control methods for charge duration.

As it can be seen, RL performance is better when initial temperature closer to the
extreme ends of the tested range. At 0 °C initial temperature, RL performs 11.45%
better compared to rule based controller without preconditioning. When the behaviour
investigated with the rule based controller used, since battery starts from 0 °C,
according to the rule table there is no heating demand for battery. After the driving,
battery gets heated up around 5 °C and when charging started heating is also started

according to rule table. Comparison results are given for temperature in Figure 5.15.
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Figure 5.15 : 0 °C initial condition temperature comparison.

In Figure 5.16, negative values corresponds to heating and positive values corresponds
to cooling. It is seen that the RL controller applies heating while driving before
reaching to charge station in Figure 5.16. That way, when it is reached to charging
station, battery temperature was at ideal temperature and can get more charging power.
After charging starts, RL controller applies cooling because battery temperature starts
to increase. Rule based controller with preconditioning starts to apply heating until
reaching the 10 °C threshold. After that when the vehicle reached to charging station,
again battery is in optimal range for charging but slightly higher temperature compared
to RL controller case. After charge started, due to the higher start temperature, battery
gets heat up and ends up in less optimal range. But until then battery SOC is already

increased and charge power is getting limited due to that.

SOC can be seen in Figure 5.17 for different controlled cases. For RL controller and
rule based controller with preconditioning charge performances are almost same. RL
gives 1.68% better compared to preconditioning enabled rule based controller. But it
can be seen that RL gives more optimal solution because of it’s energy consumption

is 40.98% low compared to rule based preconditioning controller during the heating.

60



o 5000 B T T L] T |

=

5]

:3

=]

(=

> A

EI by _

2

o

O \‘P{ V

—

20

ot

=

3

" -5000 ! i i | ]
0 500 1000 1500 2000 2500

Time [s]

@ RL controller
@ Rule Based without preconditioning
@ Rule Based with preconditioning

Figure 5.16 : 0 °C initial condition heating and cooling comparison.

Since RL controller looks for the optimum solution considering the vehicle drive cycle
as well. This provides RL to estimate the battery heat up due to driving. So that it does
not apply full heating like it is the case in rule based with preconditioning controller.
Also compared to rule based control RL and rule based with preconditioning gives 6%

SOC boost in first 10 minutes of charging due to higher charging powers are achieved.

From the Figure 5.14 it can be seen that in middle of the temperature range, there is no
improvement or gained from RL controller. Figure 5.18 shows that without any cooling
or heating applied like in rule based controller output, battery temperature reaches to
around 15 °C with an initial 11 °C. Due to temperature increase after charging start,

battery remains in the optimum range almost all the time during charging.

Figure 5.19 shows that RL controller applies some heating power and cooling power
during driving case. It results in a small amount of increase in battery temperature
when vehicle reaches to station. After charging started, RL Controller starts to apply
cooling as well. After certain amount of time when the charge power gets limited,
cooling power is also reduced by RL controller. For the same case, rule based
controller with preconditioning activates the heating in the beginning of drive. After

reaching to threshold for turning of the heat, battery temperature continues to increase
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Figure 5.17 : 0 °C initial condition SOC comparison.
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Figure 5.18 : 11 °C initial condition temperature comparison.

due to driving. It ends up in a higher temperature compared to other two controllers
and ends with highest temperature after charging as well. This shows that the initial

heat up applied by the preconditioning rule set was unnecessary by the controller.
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Figure 5.19 : 11 °C initial condition heating and cooling comparison.

Figure 5.20 shows that there is practically no difference in terms of charge duration
performance of three different controllers in this case. But in terms of energy
consumption, RL controller and rule based controller with preconditioning used more

energy due to their heating or cooling actions during driving.

Figure 5.21 shows the results for 25 °C initial temperature. With the rule based
control battery reaches to around 27 °C without applying any cooling. Starting the
charging with this temperature, it creates the issue for battery to not be in the optimal

temperature for charging.

As it can be seen in Figure 5.22 both RL and rule based controller with
preconditioning method applies cooling during driving. This decreases the battery
temperature until reaching to charge station and ends up in better performance
for charging. RL controller performs 6.5% better compared to rule based control
without preconditioning in terms of charge duration. Rule based controller with
preconditioning enabled is also performing similar only 1.71% worse than RL for

charge duration. But RL also uses 45.64% less energy during driving for cooling. This
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Figure 5.20 : 11 °C initial condition SOC comparison.
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Figure 5.21 : 25 °C initial condition temperature comparison.

again shows the predictive capability of the RL controller which can find the optimum

cooling power considering charge performance and also energy consumption.
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Figure 5.22 : 25 °C initial condition heating and cooling comparison.

Figure 5.23 shows the SOC for all three controller in 25 °C initial temperature. For
this scenario there is no boost in SOC achieved in 10 minutes due to SOC drop caused

by cooling energy consumption and small difference for charge performance.
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Figure 5.23 : 25 °C initial condition SOC comparison.
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As for the extreme end of temperature range tested, 35 °C results given in Figure
5.24 in terms of temperature comparison. When no cooling applied like in rule based
controller case, battery temperature goes to 37 °C at the end of drive cycle. Since this is
not in the ideal charge temperature range of the battery charge duration increases. For
this scenario RL controller provides 14.94% improvement in charge duration compared
to rule based controller. When preconditioning enabled with rule based controller,

performance is almost identical to RL controller.
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Figure 5.24 : 35 °C initial condition temperature comparison.

Figure 5.25 shows the cooling power applied for each controller. For both RL and
rule based with preconditioning enabled controller, cooling starts from the beginning.
For RL it continues to apply cooling until the end of measurement. But for rule based
controller with preconditioning enabled case, due to battery is cooled down to lower
threshold of the rule table, it cuts the cooling. Until battery temperature reaches to

upper threshold again, no cooling applied by controller.

SOC comparison is given in Figure 5.26. RL controller and preconditioning enabled
rule based controller provides 5.7% boost in SOC after first 10 minutes compared to

rule based without preconditioning.
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Figure 5.25 : 35 °C initial condition heating and cooling comparison.
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Figure 5.26 : 35 °C initial condition SOC comparison.

According to the results there is a clear advantage of using RL controller for TMS
due to it’s optimum control capabilities, dynamic behaviour that adapting according
to conditions. When it is compared with the more traditional method as rule based

controller, it performs better in most of ambient operating conditions that taken into
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consideration in this research. With the preconditioning enabled rule based controller,
some improvements could be achieved but because of the predefined rules it does
not provide the optimum solution for every scenario. RL controller on the other
hand, observing the system behaviors, fed with the drive cycle information, takes
the advantage of it’s predictive nature to provide optimum solutions as shown in this

study.
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6. CONCLUSION

In this thesis a RL based thermal management control method have been proposed to
improve charge duration of the EVs. Since the battery performance and safety deeply
connected with the operating temperature an effective TMS is mandatory in order to

achieve best performance of the battery pack.

Battery technologies and their different characteristics have been explored. Relation-
ship between the charge duration, battery performance and temperature is mentioned.
Due to batteries chemistry’s, performance is directly tied to battery temperature.
Thus in order to keep batteries in safe and optimum operating conditions, the
BMS component have been introduced, it’s requirements and importance have been

explained.

The effective thermal management of EVs and EV batteries are critical for optimizing
performance, safety, and longevity. = Throughout this thesis, various thermal
management strategies and their impacts have been explored. Thermal management
components are defined and their features are mentioned. Difference between the
thermal management strategies for powertrain components and batteries have been
explored. In order to achieve effective thermal management, control strategies have
been given and their advantages and disadvantages mentioned while comparing in

between.

Rule based control is the most simple and traditional control method for TMS in
different applications. This control method depends depends on the predefined rule
set for controlling the actuators like pump, compressor, fan and PTC heater. Because
of this feature, even tough it is easy to implement, rule based control methods does
not always provide best operation conditions. Thus optimum control methods are
widely researched for using in EV TMS, in order to achieve best possible operation
conditions with increased energy efficiency. Another widely used control method is

MPC which uses system models in order to predict it’s behaviour. A cost function
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defined to balance energy consumption and MPC algorithm provide necessary actions
by minimizing the cost function. Which results in better compared to rule based

controller, but computational needs increase significantly.

In order to address computational efficiency and optimum control in this area,
data driven solutions are suggested. ANNs can be used from system modeling,
parameter optimization to optimum control problems. With the ANNs, while runtime
performance increasing, because the system model does not need to be created and
it does not include computationally demanding algorithm when it is deployed. RL is
one of these methods that learns the system behaviour and tries to maximize a reward
function with predicting system behaviour. But data driven methods requires large

amount of data in order to train the models.

This research includes a simulation environment in order to train the RL model for
different operation scenarios. In order to simulate system behaviour correctly, a
comprehensive system model is created that includes vehicle dynamics, thermal and
electrical model of an EV. With the defined scenarios, simulation could represent
the battery packs temperature changes, power needs and charge characteristics. RL
interacts with the system to provide necessary cooling and heating for battery pack
according to temperature conditions and system inputs like vehicle speed, power
consumption and power losses. A drive cycle is defined for the tested scenario that

includes driving the vehicle for a time and starts charging after the driving.

RL controller and rule based control methods have been compared for different
operation conditions run in simulation. A preconditioning feature also implemented
for rule based controller that creates more narrow operating conditions for battery to
optimize charge performance based on set of rules. According to results RL controller
performed up to 14.94% gain at 35 °C and 11.45% gain at 0 °C initial temperature
in charge duration compared to rule based controller. Rule based controller with
preconditioning enabled feature shown that it can decrease the charge duration but
not using the optimum energy consumption. When compared to RL, with almost
same charge duration achieved at 0 °C RL uses 41% less energy while driving for

heating the battery. Similarly for 25 °C initial temperature, RL achieves 1.71% better
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charge duration using 45.64% less energy compared to rule based controller with

preconditioning.

6.1 Future Work

For future work, RL could be used for different drive cycles while training to contain
wider range of data. This way it can learn to optimize wide variety of driving cases.
An experimental study can be performed with RL controller deployed TMS in an EV.
This way simulation results could be compared with real world measurement in order
to see real world performance. This study also can be extended including the extreme
hot and extreme cold ambient conditions to see the difference between the control
methods. For this work, single thermal layout is investigated. But EVs have variety of
thermal layouts and they can have different operation modes using valves. These can
be implemented and added as a control output to RL in order to utilize the RL method
for different thermal layouts and applications. The constraint handling capability of
the RL controller could be explored since in TMS for battery pack application, there
shall be hard constraints that should not be exceeded. Another study can be done in
experimental hardware to compare the performance and computational needs for using

RL controller and MPC method.
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