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ABSTRACT

MODEL PREDICTIVE CONTROLLER BASED OPTIMAL ENERGY
MANAGEMENT STRATEGY FOR A FUEL CELL HYBRID VEHICLE

Ali Kerem Yalçın

Mechatronics Engineering, Master’s Thesis, April 2024

Thesis Supervisor: Asst. Prof. Dr. Tuğçe Yüksel

Keywords: fuel cell hybrid electric vehicles, electrical powertrain modeling, energy
management strategy, model predictive control, rule-based control

In today’s world, the environmental pollution and climate issues caused by fossil-fuel
vehicles have made it a necessity to develop alternative technologies capable of being
more environmentally friendly. Electric and hybrid vehicles have emerged as alter-
native technologies to fossil-fuel vehicles within this context, as they offer energy
sources with less environmental impact. Despite the importance of electric vehicles
due to zero tailpipe emissions, challenges such as limited range, long charging times,
lower prevalence of charging stations compared to gas stations, and shorter bat-
tery life have led to increased research on hybrid vehicles based on the principle of
utilizing multiple energy sources simultaneously. Internal combustion engine-based
hybrid vehicles are not environmentally friendly due to their use of fossil fuels. In
this regard, fuel cell hybrid electric vehicles draw attention due to several advan-
tages such as zero carbon emissions, longer lifespan of the fuel cell compared to the
battery, and shorter charging times. However, the distinct dynamics of batteries and
fuel cells reveal the necessity of an energy management strategy that can efficiently
and harmoniously utilize these sources in fuel cell hybrid electric vehicles.

In this thesis, the energy management problem in a fuel cell hybrid electric vehicle is
addressed. Firstly, in the study, an electrical powertrain model of a fuel cell hybrid
electric vehicle is developed in the Cruise-M simulation environment, providing a
realistic platform for testing energy management strategies using its comprehensive
components. The specifications of the first-generation Toyota Mirai are considered
for the designed plant model. Subsequently, a rule-based energy management strat-
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egy (RB-EMS) is developed not only to be a benchmark method, but also to assess
the representability of the presented plant model. Furthermore, a model predictive
control-based energy management strategy (MPC-based EMS) is designed and em-
ployed to solve the energy management problem in an optimization-based manner.
The developed strategy can adjust the weight factors of the cost function in real-
time and improves the the controller performance by enhancing the effectiveness of
the optimization. It is observed that the designed plant model can produce realistic
results considering the experimental outputs of the power sources presented in the
dynamometer test results conducted on a Toyota Mirai. According to the simula-
tion results, it is revealed that the power allocation performance of the MPC-based
EMS is more satisfactory compared to the RB-EMS. The strategy has improved fuel
economy by reducing fuel consumption overall by 3% compared to the RB-EMS and
has been able to keep the battery’s state of charge within a certain range. Ulti-
mately, it is understood that the presented powertrain model has the potential to
be a realistic virtual platform for studying different energy management strategies
extensively. Additionally, the real-time adjustability of controller parameters based
on the system’s instantaneous conditions via a feedback mechanism in the model
predictive control approach demonstrates its potential for further enhancement in
such an application.
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ÖZET

HİDROJEN YAKIT HÜCRELİ ELEKTRİKLİ ARAÇLAR İÇİN MODEL
ÖNGÖRÜLÜ KONTROL TEMELLİ ENERJİ YÖNETİMİ STRATEJİSİ

Ali Kerem Yalçın

Mekatronik Mühendisliği, Yüksek Lisans Tezi, Nisan 2024

Tez Danışmanı: Dr. Öğr. Üyesi Tuğçe Yüksel

Anahtar Kelimeler: yakıt hücreli hibrit elektrikli araçlar, elektriksel güç aktarma
organı modelleme, enerji yönetim sistemi, model öngörülü kontrol, kural tabanlı

kontrol

Günümüzde fosil yakıtlı araçların çevre kirliliğine ve iklim problemlerine yol açması,
kabiliyet anlamında bu araçlara alternatif olabilecek ve çevreyi en az düzeyde kir-
letecek alternatif teknolojilerin gelşitirilmesini bir ihtiyaç haline getirmiştir. Nitekim
elektrikli ve hibrit araçlar, bulundurdukları enerji kaynaklarının çevreye daha az
zarar vermesi nedeniyle fosil yakıtlı araçlara birer alternatif teknoloji olarak ortaya
çıkmaktadır. Elektrikli araçların sıfır karbon salınımı nedeniyle sahip olduğu öneme
rağmen; menzil problemleri, uzun şarj süreleri, şarj istasyon sayısının akaryakıt
istasyonları kadar yaygın olmaması ve batarya ömrünün kısalığı gibi dezavanta-
jlar, birden fazla enerji kaynağının bir arada kullanılması prensibine dayanan hibrit
araçlara yönelik çalışmaların yoğunluk kazanmasına neden olmuştur. İçten yanmalı
hibrit araçlar fosil yakıt kullanması nedeniyle çevre dostu değildir, bu noktada yakıt
hücreli hibrit araçlar sıfır karbon salınımı, yakıt hücresinin bataryaya göre daha
uzun ömürlü olması ve şarj süresinin daha kısa olması gibi avantajları sayesinde
dikkat çekmektedir. Batarya ve yakıt hücresinin farklı dinamiklere sahip olması, bu
kaynakların en verimli şekilde ve uyum içerisinde kullanılmasını sağlayabilecek bir
enerji yönetimi stratejisinin gerekliliğini ortaya koymaktadır.

Bu tez kapsamında yakıt hücreli hibrit bir elektrikli araçtaki enerji yönetimi prob-
lemi ele alınmıştır. Öncelikle çalışmada, bir yakıt hücreli hibrit elektrikli aracın
elektriksel güç aktarma sisteminin modeli Cruise-M simulasyon ortamında geliştir-
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ilmiş, ortamın sunduğu kapsamlı ve gerçekçi komponentler kullanılarak enerji yöne-
tim stratejilerinin test edilebileceği bir platform sunulmuştur. Tasarlanan sistem
modeli için birinci nesil Toyota Mirai’nin özellikleri baz alınmıştır. Daha sonra,
hem ortaya konan modelin referans sistemi temsil edebilirliğini sınamak, hem de
bir karşılaştırma yöntemi olmak üzere bir kural tabanlı enerji yönetimi stratejisi
geliştirilmiştir. Devamında, enerji yönetim problemini optimizasyon temelli olarak
çözmek için model öngörülü kontrole dayanan bir enerji yönetim stratejisi tasar-
lanmış ve kullanılmıştır. Geliştirilen strateji, gerçek zamanlı olarak maliyet fonksiy-
onundaki ağırlık faktörlerini ayarlayabilmekte ve optimizasyonun başarısını artırarak
kontrolör performansını iyileştirmektedir. Toyota Mirai’ye ait dinamometre testi
sonuçlarında sunulan güç kaynaklarının performans çıktıları göz önünde bulun-
durulduğunda, tasarlanan sistem modelinin gerçekçi sonuçlar üretebildiği gözlemlen-
miştir. Simulasyon sonuçlarına göre model öngörülü kontrol tabanlı enerji yönetim
stratejisinin güç paylaşımı performansının kural tabanlı enerji yönetim stratejisine
göre daha başarılı olduğu gözlemlenmiştir. Yöntem, kural tabanlı stratejiye kıyasla
yakıt tüketimini tüm test sonuçlarının toplamında %3 azaltarak yakıt ekonomisini
iyileştirmiş ve bataryanın şarj seviyesini belirli bir aralıkta tutabilmiştir. Sonuçta,
ortaya konan güç aktarma modelinin farklı enerji yönetim stratejilerini çalışmak için
gerçekçi bir platform olma potansiyeline sahip olduğu anlaşılmıştır. Ayrıca, model
öngörülü kontrol yaklaşımında kontrolör parametrelerinin geri besleme mekanizması
aracılığıyla sistemim anlık koşullarına bağlı olarak gerçek zamanlı olarak ayarlan-
abilmesi, bu yöntemin potansiyel olarak bu tür bir uygulamada daha da geliştirmeye
açık olduğunu göstermektedir.
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1. Introduction

The �rst chapter discusses the importance of alternative energy sources in trans-

portation and the concept of hybrid electric vehicles, followed by an exploration

of the powertrain system of fuel cell hybrid electric vehicles and various topologies

in use. Subsequently, the energy management problem in fuel hybrid cell electric

vehicles is addressed, along with a survey on di�erent types of energy manage-

ment systems developed to solve this problem. Finally, the main focus of the study

is introduced, emphasizing the potential bene�ts of an optimization-based energy

management strategy using an advanced control method with improved robustness.

1.1 Hybrid Electric Vehicles

In today's automotive industry, the idea of environmentally friendly and sustainable

transportation is gaining importance. The main reason behind this trend is the

heightened awareness of the environmental damage caused by internal combustion

engine (ICE) vehicles, reaching signi�cant proportions nowadays. As is known, the

burning of fossil-based fuels releases stored carbon and other greenhouse gases into

the atmosphere. In 2022, it is observed that approximately 80% of the primary

energy demand is met by fossil fuels [2]. Considering the world's increasing energy

demand, the use of fossil fuels on the same scale will inevitably lead to climate

problems. Looking at the energy demand between the sectors, transportation plays

a signi�cant role. In the United States in 2022, 27% of the total energy consumption

was for transportation purposes, and also during the same year, petroleum-based

fuels accounted for 90% of the energy demand in transportation [9]. Therefore, one of

the most crucial sectors to address the climate crisis is the transportation. Figure 1.1

shows that light-duty vehicles including light trucks, cars, and motorcycles, have the

largest share in energy usage in transportation in the U.S. At this point, in addition

to electric vehicles, hybrid vehicles that use various alternative energy sources come

to the forefront to reduce carbon emissions caused by transportation.
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Figure 1.1 U.S. energy use in transportation by type [2]

While the history of hybrid and electric vehicles dates back to the 19th century,

their widespread use in the automotive sector has increased in the late 20th and

early 21st centuries [10]. Although the potential of electric vehicles to reduce carbon

emissions has been increasingly recognized recently, several obstacles are preventing

their dominance in transportation. To exemplify, electric vehicles do not have as

a long range as internal combustion engine vehicles, and their long charging times

coupled with the limited availability of charging stations, pose signi�cant challenges

to their widespread adoption. In this context, hybrid vehicles, by combining di�erent

energy sources, have the potential to overcome the disadvantages of electric vehicles.

For instance, in a full hybrid electric vehicle, the battery-powered electric motor is

used instead of the internal combustion engine in regions where the ICE operates

at low e�ciency, aiming to increase overall e�ciency and reduce carbon emissions.

However, the relatively smaller capacity of the battery and its inability to be charged

externally in such hybrid vehicles require the majority of power demands still to

be met by the internal combustion engine. On the other hand, plug-in hybrid

electric vehicles (PHEVs) generally have a battery with a larger capacity that can be

charged by the internal combustion engine or an external charger. The larger battery

capacity allows for more e�cient operation by mainly using the electric motor and

reduces carbon emissions. The fact that the battery can be charged from an external

grid, it enables a longer-range with the battery and further reduction in carbon

emissions by relying solely on the electric motor. In range-extender con�gurations,

the hybrid vehicle always draws the required power from the electric motor only. The
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internal combustion engine in such vehicles is used to charge the battery, allowing

it to operate in its most e�cient region. Despite the conventional hybrid electric

vehicles o�er various advantages through di�erent con�gurations, they cannot cancel

out carbon emissions due to the employment of an internal combustion engine.

When looking at alternative fuel types in transportation, hydrogen stands out due to

its carbon-free nature, o�ering signi�cant potential for sustainable and clean trans-

portation. Fuel cell hybrid electric vehicles (FCHEV) utilize both fuel cells and

batteries as power sources and do not generate any harmful end products during

energy conversion, only releasing water and heat. Indeed, FCHEVs have drawn

attention for being carbon-zero and highly e�cient, leading to ongoing e�orts to

promote their widespread use in transportation. Various original equipment manu-

facturers (OEMs) currently o�er FCHEV models in the market, such as the Hyundai

Nexo, Honda Clarity, and Toyota Mirai among the most popular ones. FCHEVs

have several advantages over internal combustion hybrid vehicles and electric vehi-

cles. For instance, refueling hydrogen into high-pressure tanks on the vehicle takes

approximately �ve minutes, whereas fully charging a battery can take around 20

minutes with fast chargers or up to 20 hours with a domestic plug [11][12]. Addi-

tionally, as mentioned earlier, hydrogen which is a completely carbon-free energy

source, makes FCHEVs environmentally superior to internal combustion hybrid ve-

hicles. Furthermore, the e�ciency of the chemical-to-electrical energy conversion

process in a fuel cell can exceed 60%, while the e�ciency of converting chemical

energy to kinetic energy in internal combustion engines ranges from 12% to 30%

[13][14]. This is because, in a fuel cell system, chemical energy is directly converted

into usable electrical energy, whereas e.g. in the Otto cycle for a spark ignition

internal combustion engine, chemical energy is �rstly converted to thermal energy

and then to mechanical energy. Despite these advantages, several challenges hinder

the widespread adoption of FCHEVs in the market. The �rst challenge is the high

cost associated with using hydrogen as a fuel. Additionally, the limited number of

hydrogen refueling stations today poses another disadvantage. Considering that the

FCHEV is a relatively new concept and the aforementioned problems are expected

to be overcome with the development of the fuel cell system technology, the control

of power �ow through di�erent power sources in FCHEVs emerges as a fundamental

problem to be addressed.
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1.2 Fuel Cell Hybrid Electric Vehicle Powertrain and Topologies

FCHEVs o�er a distinctive sustainable transportation solution by utilizing fuel cell

technology for electrical power generation to provide propulsion. The fuel cell gen-

erates electrical power through a series of electrochemical reactions. Throughout

these electrochemical reactions, hydrogen and oxygen are used as fuels, and the

only byproducts released in the reaction are water and heat. This section delves

into the utilization of the electrical energy converted in the fuel cell for the vehicle's

propulsion, discussing the power �ow on the powertrain, components within the

powertrain, and various FCHEV topologies.

The powertrain of FCHEV generally consists of fundamental components present in

all con�gurations, and each of these components plays a speci�c role in the overall

system. A typical FCHEV powertrain comprises a fuel cell stack, an energy storage

system as a secondary power source, a hydrogen storage system, and an electric

drive system, apart from the mechanical system. The fuel cell stack serves as the

primary energy converter, and the hydrogen storage system ensures a reliable fuel

supply. Due to the slow dynamics of the fuel cell and the need for an initialization

time during the startup, a battery is typically introduced as a secondary power

source to provide energy to the powertrain in cases where the operation of the fuel

cell system is infeasible. Beyond this, there exists a con�guration known as range-

extender FCHEVs, where the battery serves as the sole power source for propulsion,

and the fuel cell system is used to charge the battery. In such con�gurations, a larger

capacity battery pack is deployed. Considering dynamic power demands throughout

the driving, con�gurations incorporating a supercapacitor in addition to the fuel

cell and battery, are also in use to take advantage of the high power density of

supercapacitors.

The selection and placement of di�erent power sources in the powertrain have led to

the emergence of various topologies, aiming to achieve higher e�ciency and reduce

operational costs. Examining the literature and industry, six di�erent con�gurations

are identi�ed in FCHEVs based on the type of power source and their connection to

the DC bus [3]. Each con�guration has its own set of advantages and disadvantages.

Increasing the diversity of power sources o�ers advantages in meeting dynamic power

demands, enhancing operational e�ciency, and increasing component durability.

However, it also results in a higher powertrain complexity, complicating the control

problem and increasing production costs. In FCHEVs, the regulation of output

voltages through DC/DC converters is conducted by the energy management system

(EMS). Increasing the number of DC/DC converters provides a higher degree of
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freedom for independent control of each power source, facilitating more e�ective

utilization of them. However, using more DC/DC converters also causes increased

switch losses in the powertrain and lower e�ciency. Conversely, reducing the variety

of power sources and the number of DC/DC converters can lower the vehicle's cost

and weight but may result in underperformance of the power control, leading to

ine�cient operation and quicker aging of sources. In Figure 1.2, topologies are

listed according to increasing complexities. T1, T2, T3, and T4 con�gurations have

only one secondary power source, either a battery or a supercapacitor, while T5 and

T6 comprise both a battery and a supercapacitor in addition to the fuel cell system.

Figure 1.2 Schematic of six di�erent topologies utilized in FCHEVs [3]

All topologies have a DC/AC converter (inverter) on the DC bus to drive the AC

motor. However, in this study, the power produced on the DC bus directly powers

the electric motor and the impact of this assumption is examined in the subsequent

sections of the thesis. In the study, the electric motor, fuel cell stack, and battery

pack operate at di�erent voltage levels. Therefore, it is necessary to elevate the

output voltages of the power sources to the operating level of the electric machine

on the DC bus. Additionally, considering the limited prevalence of supercapacitor

usage in the industry, the T4 con�guration, utilizing a battery and two DC/DC

converters, was chosen for this study.
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1.3 Energy Management Strategies in Fuel Cell Hybrid Electric Vehicles

As discussed earlier, using more than one power source has necessitated the devel-

opment of various energy management strategies in FCHEVs for the balanced and

compatible utilization of power sources. An EMS is a framework consisting of algo-

rithms for optimizing the usage of power sources to ensure e�cient operation and

high performance. In a typical EMS, the energy supply from the fuel cell for pow-

ering the electric motor is controlled, and the energy stored in the battery and/or

the supercapacitor is managed at the same time throughout the driving. Under the

command of a successful EMS, fuel economy is improved by maximizing the fuel cell

system e�ciency, battery state of charge (SOC) is kept within a desired range to

prolong the battery lifetime, and also degradation of the fuel cell system is reduced

by decreasing the on-o� switchings and operating it smoothly without violating the

physical limits.

Figure 1.3 Di�erent types of energy management strategies used in FCHEVs
(adapted from [4])
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Although FCHEV technology has not matured to the same extent as classical HEV

and EV yet, there are several studies conducted on the energy management problem

of FCHEVs in the literature. According to these studies, the EMSs are mainly

categorized as rule-based, optimization-based, and learning-based [4].

Rule-based EMSs perform energy management based on a set of prede�ned rules,

generally in the form of if-then decision-making statements to derive actions from

conditions. Rule-based EMSs control the utilization of power sources in real time.

In today's automotive industry, it is known that an important portion of the con-

trol applications in vehicle systems are based on rule-based algorithms, e.g. state

machines, static maps, etc. since they are reliable, fast, easy to implement, and

require less memory and processor power [15]. In the literature, rule-based methods

are split into two categories which are deterministic techniques and fuzzy rule-based

control strategies. Finite state machine [16], thermostat control [17], load-following

control [18], and PID control [19] are some of the approaches that fall under the

deterministic rule-based strategies. Despite their low computational requirements

and simple design that enables them to be used in commercial applications, the

control performance is not strong since rules cover only limited driving scenarios

and they are based on the designer's expertise. Fuzzy rule-based strategies exhibit a

higher level of sophistication than deterministic rule-based approaches, as they em-

ulate a human-like decision-making process to control the power allocation between

the sources [20][21]. However, since they rely on rules de�ned heuristically, fuzzy

rule-based EMSs do not guarantee optimal power-splitting under uncertain driving

conditions. In the literature, rule-based strategies are generally studied for compar-

ison purposes with other methods and outperformed by other strategies [22][23].

Optimization-based strategies are divided into two categories which are online and

o�ine optimization techniques. O�ine optimization strategies do not produce real-

time solutions but seek the global optimum solution under the assumption that the

velocity data is known for the whole driving beforehand. Among these methods,

dynamic programming (DP) guarantees to �nd the global optimum solution in a

deterministic manner using the Bellman principle of optimality, however, the so-

lution time is not feasible for online utilization due to the extensive combination

of discrete states and inputs, along with the interpolation method used during the

iterative process [24, 23, 25]. Pontryagin's Minimum Principle (PMP) is another

typical o�ine approach, which searches for the optimum policy by minimizing the

Hamilton function while considering the upper and lower bounds [26, 27, 28]. PMP

can yield results comparable to DP, however, the requirement of co-state tuning in

the Hamiltonian for di�erent conditions emerges as a disadvantage. Although it

does not guarantee to �nd the global optimality in all cases, it is seen that PMP
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has improved computational e�ciency compared to DP [29]. Also in recent years,

population-based meta-heuristic algorithms such as Genetic Algorithm [30, 31], Par-

ticle Swarm Optimization [32, 33], and Ant Colony Optimization [34, 35] have been

used in the management of hybrid energy systems to search the optimum solution

in a stochastic way. Although these methods are e�ective at exploring large so-

lution spaces, global optimality is not guaranteed. Even though there are studies

applying PMP in real-time by searching sub-optimal solutions [36], the o�ine ap-

proaches cannot be adapted to the online optimization process of EMSs because

of long execution times. However, the global optimization methods are extensively

used in EMS design studies e.g. component sizing and controller parameter tuning

[37, 38]. They are also widely used as benchmark methods since they seek the global

optimum solution obtaining the best outcomes to be compared with other methods

[39, 40].

Online optimization strategies minimize a cost function in a cyclic way by search-

ing for a local optimum solution within a sampling period. So, a time-dependent

optimization problem emerges by receiving the new values of the system outputs at

each time step. Hence, di�erent from the global optimization methods, the entire

optimization problem is split into sub-problems to be solved in a real-time manner.

In FCHEV studies, the equivalent consumption minimization strategy (ECMS) is

a well-known online optimization-based method that adjusts the power split be-

tween the energy sources by computing the equivalent fuel consumption based on

the energy usage of the fuel cell and the energy storage component [41][42]. Model

predictive control (MPC) is another extensively used optimal control technique in

the energy management of FCHEVs that power-allocation is optimized based on

the predictions of the system dynamics over a certain time horizon. MPC leverages

core concepts such as states, internal model, prediction horizon, and control hori-

zon, to formulate a predictive control system that optimizes system performance

while adhering to operational constraints. By integrating real-time feedback and

predictive modeling, MPC enables e�ective control of dynamic systems across vari-

ous domains. MPC has been studied widely in the energy management of FCHEVs

due to its strong performance in �nding sub-optimal solutions under a constrained

optimization problem [43][44][45]. However, there is a trend in literature that MPC

architecture is modi�ed to improve the optimal control performance so that the

controller is enabled to respond the system states dynamically. [46] proposes a

Markov-based pattern recognizer to identify the actual driving conditions and uses

di�erent cost function weights. However, �xed weights are used in the cost function.

In [47], a fuzzy cognitive map is integrated into an MPC-based EMS to dynami-

cally adjust the cost function weights according to the actual performance outcomes
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of the system, and it is found that the proposed MPC method outperforms con-

stant weight-based non-linear MPC and conventional non-linear MPC using a cost

function with fewer objectives.

Intelligent methods, which are based on learning techniques, have become a favorable

approach in recent years due to the advantage of model-freeness. There are various

techniques in the literature that involves arti�cial intelligence such as reinforcement

learning [48, 49] and arti�cial neural networks [50, 51]. Q-learning appears as one of

the most common methods [52, 53], among the reinforcement learning techniques.

Also, there are techniques such as Deep Q-learning (DQN) [54] and Deep Determinis-

tic Policy Gradient [55] which are evolved from Q-learning. Overall, while intelligent

energy management strategies o�er promising bene�ts owing to the complexities in

systems and the strong precision capability of these methods, they also pose chal-

lenges related to data dependence, computational complexity, and generalization

problems.

1.4 Thesis Objectives and Contributions

As an overview of the studies on the development of EMS for FCHEVs, rule-based

strategies are incomprehensive and often used as an underperforming approach in

comparative studies since they do not involve optimization, although they are the

most relied method in the industry. On the other hand, o�ine optimization strate-

gies can �nd the best results within a long execution time and even in in�nite

time. However, the problem with this method is that it is not feasible for the real-

time energy management problem due to the realization issue stemming from the

long execution time. The machine learning methods are promising due to strong

precision, however, they still su�er from realization in commercial transportation

applications due to their limited reliability in safety-critical systems. At this point,

online optimization strategies become prominent due to their suitability for real-

time applications and ability to �nd optimal results. However, considering the wide

range of driving conditions, the formulation of the problem with a �xed cost function

would not be e�ectively reacting to all cases such as low-speed cruising, high-speed

cruising, and aggressive driving. Thus, within this study, we develop an MPC-based

EMS that adjusts the weight factors of the objective function dynamically. A map-

based weight selection approach is involved in the problem formulation to achieve

the dynamic adjustment of the weights, which is driven by the system states.

In summary, one of the objectives of this study is to propose an online optimization-

9



based energy management strategy using model predictive control to maximize fuel

economy, prolong the lifetime of the power sources by minimizing the degradation

throughout their utilization, and be able to change controller parameters according

to the actual system states to improve the performance of the optimization while

considering the physical limits of the controlled FCHEV powertrain system model.

To realize those targets, a model must be available that can produce the performance

outputs of the powertrain components. In this context, this study also aims to

provide a comprehensive model of an FCHEV being able to yield almost realistic

system behavior of the power sources. The main expectation in this study is that

the MPC-based EMS outperforms the RB-EMS on the obtained FCHEV powertrain

model, in terms of fuel consumption and feasible utilization of the power sources.

To this end, the work packages are described in the following steps:

ˆ Creating an FCHEV powertrain model based on the electrical units of Toy-

ota Mirai, using the comprehensive components of the Cruise-M simulation

platform.

ˆ Development of a rule-based EMS as a benchmark method that can be used

for evaluating the reliability of the model concerning the dynamometer results

of the Mirai.

ˆ Development of a model predictive control-based EMS to solve the multi-

objective optimization problem.

ˆ Comparison of the MPC-based EMS and the RB-EMS results by evaluating

not only the fuel consumption but also success in the lifetime extension of the

battery and the fuel cell.

The main contribution of this thesis is to present a realistic plant model using

Cruise-M vehicle system simulation platform, which includes calibrated system and

component models that can provide energy and performance outputs so that the

RB- and MPC-based energy management strategies are assessed exhaustively.

1.5 Thesis Outline

The thesis consists of a total of 6 chapters. The organization is listed below:

ˆ Chapter 2 presents the FCHEV powertrain model created in Cruise-M and

the speci�cations of the utilized electrical and electrochemical components in

the model.
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ˆ Chapter 3 explains the development of the RB-EMS and the evaluation of

the plant model by comparing its results with the dynamometer results.

ˆ Chapter 4 elucidates the design of MPC-based EMS, including the theory of

model predictive control and problem formulation. Additionally, this chapter

discusses the simulation results of three di�erent calibrated controllers and

shares the parameter adjustments for these MPC-based EMSs.

ˆ Chapter 5 presents the simulation results for �ve di�erent drive cycles and

discusses the behavior and performance of the RB-EMS and MPC-based EMS

under di�erent driving conditions.

ˆ Lastly in Chapter 6 , the thesis is concluded and the general inferences about

the study are shared. In addition, the future works and the recommendations

are included in this chapter.
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2. Electrical powertrain Model of Fuel Cell Hybrid Electric Vehicle

Solution of the energy management problem requires a deep knowledge of the system

being focused on. For this reason, to be able to tackle the energy management prob-

lem, the utilized FCHEV powertrain model is analyzed in this chapter at �rst. The

electrical powertrain system model is designed in Cruise-M, which is developed by

AVL List GmbH and o�ers a multi-physical environment. Due to its comprehensive

components, Cruise-M appeals in automotive studies as a virtual test environment

in domains such as driveline, engine, aftertreatment, hydraulics, and electrics [7].

Thanks to its real-time simulation capability and compatibility with third-party

software e.g. Simulink, it becomes a suitable choice for creating the FCHEV power-

train model. The powertrain model developed in Cruise-M comprises a fuel cell, a

battery, and two DC/DC converters which are the components placed between the

electric motor (EM) and power sources. Figure 2.1 shows the powertrain topology

used in this study, which is T4 as described in the �rst chapter. Since the AC/DC

converter and supercapacitor are not in the scope of the study, they are removed

from the original architecture. Also, the schematic of the model which is developed

in Cruise-M is presented in Figure 2.2.

Figure 2.1 Powertrain architecture of the FCHEV in the study [3]
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Figure 2.2 Eletrical Powertrain of the FCHEV in Cruise-M

The powertrain created in Cruise-M is based on the speci�cations of a �rst-

generation Toyota Mirai. The main mission of the model is to be able to su�ciently,

without signi�cant deviations in performance outcomes, represent the results of the

dynamometer test executed by Argonne Laboratory for the Toyota Mirai [56]. In

direct proportion to this, only the electrical components of the powertrain are taken

into consideration during the design phase. The main reason behind this is the fact

that the mechanical losses in the drivetrain are not available in the dynamometer

test data. Therefore, setting the reference load in terms of speed and then calcu-

lating the outputs of the power sources would cause an extension of the di�erence

between the model results and the dynamometer test results of the Mirai. Hence,

the reference being fed to the model is selected as the time-series data of the electric

motor power rather than vehicle velocity. Since the e�ciency information of the

electric motor is not published by the testing authority, the electrical power of the

motor is obtained from the mechanical power data by using �xed motor e�ciencies

of 90% and 85% for traction and braking respectively as in Equation 2.1.

Peme =

8
><

>:

Pem m (t)
� em t

; Pemm (t) � 0

Pemm (t) � � emb ; Pemm (t) < 0
(2.1)

where Peme(t) and Pemm (t) are the electrical and mechanical power of the motor

respectively,� emt and � emb are the motor e�ciency respectively during the traction

and braking. Also as mentioned earlier, no inverter is employed in the electrical

powertrain model under the assumption that the EM is directly fed via the DC bus

without any conversion from DC to AC. For this reason the e�ciency of the inverter

included in � emt and � emb in Equation 2.1.
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Figure 2.3 Architecture of the DC bus

The power demand is fed to the FCHEV electrical powertrain model in terms of the

electrical power of the electric motor, through the DC bus shown in Figure 2.3. It

is assumed in the design that the power demand is always met either by one of the

power sources or both. Thus the power balance between the electrical power of the

motor, the compressor power, and the power outputs of the DC/DC converters on

the motor side is always satis�ed as shown in Equation 2.2.

Peme(t) + Pcompressor(t) = Pfc dc
(t) + Pbatdc (t) (2.2)

where Pcompressor is the compressor power,Pfc dc
(t) and Pbatdc (t) are the power

outputs of DC/DC converter's DC bus side for the fuel cell and battery respectively.

After obtaining the electrical power reference, the load is applied to the electrical

powertrain model in terms of current. To obtain the reference load in terms of

current, the electrical motor power is divided by a constant DC bus voltage, as

given in Equation 2.3

I em(t) =
Peme(t)

Vdc
(2.3)

whereVdc is the DC bus voltage speci�ed in the model as the DC bus voltage of the

Mirai.

The simulation starts by applying the power demand to the powertrain system in

terms of current. Then the power demand is allocated between the fuel cell and the

battery depending on the decisions of the EMS cyclically. The decision is executed

in the model by setting the DC bus output current of the DC/DC converter between

the fuel cell and the electric motor. Sequentially, the rest of the demand is always

met by the battery. Since the fuel cell and battery operate at the DC bus voltage
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thanks to the DC/DC converters, the current equation shown in Equation 2.4 is

always ful�lled in the electrical powertrain model in Cruise-M.

I em(t) + I compressor(t) = I fc dc
(t) + I batdc (t) (2.4)

where I em(t), I compressor(t), I fc dc
(t), and I batdc (t) are respectively motor, compres-

sor, fuel cell, and battery currents at the DC bus. The model also contains a thermal

management subsystem that performs the thermal control of the fuel cell. In the

study, since no investigation is aimed at the thermal e�ects, the thermal manage-

ment subsystem will not be further mentioned except for the energy outcome of the

cooling pump. In the plant model, the energy consumption at the thermal manage-

ment system units is directly met by the battery due to the topology and included

in the battery e�ciency. Also other than the thermal management system, the com-

pressor power which depends on the fuel cell power is assumed to be the total loss at

the auxiliary system. Speci�cations of the electrical powertrain model and Toyota

Mirai are presented in Table 2.1

Table 2.1 The powertrain speci�cations [1]

Powertrain Speci�cation FCHEV model Toyota Mirai Unit

DC bus voltage 650 650 V

Maximum motor power 114 114 kW

Motor and inverter e�ciency traction 90 Not Available %

Motor and inverter e�ciency braking 85 Not Available %

DC/DC converter e�ciency 95 Not Available %

Battery DC/DC converter type bidirectional bidirectional -

Fuel cell DC/DC converter type unidirectional unidirectional -

Battery e�ciency Cruise-M default Not Available %

Fuel cell e�ciency Cruise-M default Not Available %

2.1 Fuel Cell System Model

A fuel cell converts the chemical energy to thermal and electrical energy through

its reactants in a redox reaction. Throughout the process, only water and heat are

produced as byproducts. Unlike a battery, it does not store the chemical energy

internally, the chemical energy container is fed to the cells externally. Since proton-

exchange membrane fuel cell (PEMFC) is the most widely used type in automotive

due to its feasibility for mobile applications and also the reference vehicle uses this
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type of a fuel cell, an electrochemical PEMFC model is equipped in the electrical

powertrain in Cruise-M. The mobile ion of a PEMFC isH + . As long as hydrogen is

fed and the air intake is enabled, the redox reaction between hydrogen and oxygen

proceeds. In the fuel cell system, several auxiliary units cooperate to perform the

process in the fuel cell stack, and consequently, the dynamics of power production

is relatively slow. On the other hand, there are multiple similarities between the

structures of a battery and a fuel cell in terms of comprising anode, cathode, and

electrolyte. During the process of converting the energy from chemical to electrical

form, hydrogen molecules are fed through the anode, and air is supplied into the

cathode. Then through the anode reaction, hydrogen molecules are split into their

protons and electrons. At this point, the electrons reach to cathode through the

external circuit, resulting in the electrical �ow. The protons reaching the cathode,

through the electrolyte, react with the oxygen in the air-�lled-cathode, producing

the water molecules. Throughout the process, the free electrons moving through the

external circuit are available for utilization to meet the power demand. The energy

conversion process in a PEM fuel cell is illustrated in Figure 2.4.

Figure 2.4 Schematic diagram of a PEM fuel cell [5]

In the selected FCHEV topology the fuel cell operates as the main power source.

Cruise-M o�ers two di�erent PEMFC models which are electrical and electrochem-

ical. The electrical fuel cell is based on analytical electrochemical equations derived

from the polarization curve of the PEMFC cathode side. The electrochemical fuel

cell component of Cruise-M is modeled based on voltage drops, gas di�usion in the
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anode and cathode, temperature, catalyst layer, and the electrochemical processes

in the gas di�usion layer. The electrochemical model determines the cell perfor-

mance, which is voltage, for a given current density and boundary conditions such

as gas state, solid temperature, water content, etc. According to the help document

of Cruise-M, the electrochemical fuel cell model has been developed in collabora-

tion with the LICeM department of the University of Ljubljana [7]. Although the

electrical model could be selected due to its simplicity considering this is a control

application, to study a realistic plant model, the electrochemical fuel cell model is

chosen. The fuel cell models in EMS studies are generally electrical [57, 40]. This

means the voltage drop during the operation of the fuel cell is mostly estimated

based on the output current of the fuel cell neglecting the internal e�ects. Such em-

pirical models generally do not take the temperature e�ect and the electrochemical

factors into consideration. The electrochemical speci�cations of the PEMFC stack

are left as the default values speci�ed in the Cruise-M. However, the design param-

eters such as the number of cells in the stack and stack dimensions are set based

on the Mirai speci�cations. Although several outputs are available in Cruise-M's

electrochemical fuel cell stack, the most important outcomes are fuel consumption

and e�ciency regarding fuel economy.

Figure 2.5 The e�ciency curve obtained through the black-box testing of the fuel
cell system model

A PEMFC operates at higher e�ciency levels compared to an internal combustion

engine, nevertheless, the system e�ciency depends on the operating conditions sim-

ilar to an ICE. Fuel cell system e�ciency is generally expressed as an output to
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the fuel cell power. Like the system e�ciency curve in Figure 2.5, the e�ciency of

the fuel cell system generally deteriorates when it operates at below or higher than

certain power levels. According to the component test executed at a resolution of

1000W on Cruise-M to obtain the e�ciency curve of the fuel cell, the maximum

e�ciency value is reached approximately at 8kW. The e�ciency characteristics of

the studied PEMFC system is presented in Figure 2.5. Speci�cations of the fuel cell

stack model and the Mirai's fuel cell are given in Table 2.2.

Table 2.2 The fuel cell speci�cations [1]

Fuel Cell Speci�cation FCHEV model Toyota Mirai Unit

Number of cells in a stack 370 370 -

Expected nominal stack power 114 114 kW

Operating voltage 280-370 Not Available V

System e�ciency Cruise-M default Not Available %

2.2 Battery Model

A battery, just like a fuel cell, involves a redox reaction that converts chemical

energy to electrical energy. It consists of an anode, a cathode, an electrolyte, and

a separator. Although a fuel cell and a battery are structurally similar, in terms

of energy conversion mechanisms they are di�erent. The reaction is reversible in

a Li-ion battery where the fuel cell's is irreversible. Also in a Li-ion battery, the

movement of Li ions releases electrons. The direction of the reaction dictates whether

this is discharge or charge. During the charging, the load that is fed from the electric

motor to the battery during regeneration gives rise to the voltage di�erence between

the terminals of the battery. The di�erence causes a non-spontaneous reaction on

the cathode, and the cathode material gives out Li ions and electrons. While the

Li ions move toward the anode from the cathode through the electrolyte, the free

electrons move in the same direction as the Li ions, but through the external circuit.

On the other hand during discharging, a spontaneous reaction occurs at the anode,

causing the Li ions and free electrons to move from the anode to the cathode. The

free electrons move through the external circuit supplying electrical power for the

load. This process is illustrated in Figure 2.6.
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Figure 2.6 Schematic of a Li-ion battery [6]

The FCHEV powertrain utilizes the battery as a secondary power supplier in the

studied topology. This indicates that the power demand is mostly met by the fuel

cell. However, due to the relatively slow dynamics of fuel cells, the battery comes into

action in cases of peak power demands where the fuel cell is not capable of providing

a transient response to track the demand. In addition, the battery supplies power

to operate the fuel cell system at higher e�ciency levels. Since the power demand

from the driver is always met as mentioned earlier, the power allocation must be

performed harmoniously so that the physical limits of the battery are not exceeded

and it is not utilized close to the limits for an unacceptably long time duration.

The �rst-generation Mirai uses a nickel-metal hydride battery [1]. However, the

battery equipped on the electrical powertrain model is an electrochemical battery

component available in Cruise-M and involves LiMn2O4 chemistry. The matching

of the cathode chemistries could not be achieved, because NiMH is not available in

Cruise-M. It is known that LiMn 2O4 batteries can go up to high current rates [58].

Hence, the selected cathode chemistry is suitable for this kind of application under

the requirement that the power demand from the driver shall always be satis�ed. In

addition, most of the modern FCHEV designs in the industry such as the second-

generation Toyota Mirai, Hyundai Nexo, and Honda Clarity employ a Li-ion battery

as an energy storage system [59, 60, 61].
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Figure 2.7 Schematic of a Li-ion battery cell and the three-dimensional geometry
approach used for the simpli�ed 1D+1D model [7]

As depicted in Figure 2.7, the electrochemical battery model within the Cruise-

M framework comprises three distinct functional layers: a metal oxide cathode, a

separator, and a graphite layer anode. During discharge, lithium ions, previously

stored within the anode, undergo extracalation from the active material and migrate

through the liquid electrolyte across the separator towards the metal oxide layer.

Upon reaching the metal oxide layer, facilitated by the presence of electrons, lithium

ions undergo intercalation into the structure of the metal oxide. The electrons, de-

rived from the extracalation process within the graphite layer, are conveyed through

an external current pathway from the anode to the cathode. Conversely, during the

charging phase, the entire sequence of events reverses, with the metal oxide layer

assuming the role of ion donor, thereby liberating lithium ions and electrons from

its solid structure. This modeling framework adopts a 1D+1D methodology, which

is inspired by the seminal work of Doyle et al. [62] concerning the transport phe-

nomena of both current and ions within porous electrodes immersed in concentrated

solutions. To simulate all the aforementioned processes, the 1D+1D approach con-

sists of several governing equations such as transient mass balance equation, steady

potential equations, energy balance equation, transient 1D particle model, current

density equation, half-cell model, double layer model, collector dynamics, and aging

models. Further information is presented in the help documentation of Cruise-M.

The electrochemical battery available in Cruise-M is used in the study as it is, how-

ever some main parameters are speci�ed based on the high-voltage battery of the

Mirai. Speci�cations of the Li-ion battery model and the reference battery are given

on Table 2.3.
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Table 2.3 The battery speci�cations [1]

Battery Speci�cation FCHEV model Toyota Mirai Unit

Cathode chemistry LiMn 2O4 NiMH -

Number of cells in battery pack 60s1p Not Available -

Operating voltage 240 244.8 V

Maximum pulse power (10s) 27.5 25.5 kW

Capacity 6.5 6.5 Ah

2.3 DC/DC Converter Model

In this study, the fuel cell operates at 280-370 V, the battery at around 240 V,

and the electric motor at 650 V. Since the powertrain units operate at di�erent

voltage levels, they require a DC/DC converter that regulates the output voltage

of the units to set them to the same voltage level. In the studied powertrain, a

unidirectional DC/DC converter and a bidirectional DC/DC converter are placed

respectively between the fuel cell and DC bus, and the battery and DC bus. By the

converters, the output voltages of all the components in the powertrain are boosted

to the voltage level of the electric motor. Since the mission of the model is to

provide a platform to evaluate EMSs in terms of fuel economy and power outputs,

only the e�ciency impact of the DC/DC converter is taken into account in the

study. Considering a modern DC/DC converter in such an automotive application,

the e�ciency of the DC/DC converter model is assumed to be 95%.

Figure 2.8 DC/DC converter circuit model used for the fuel cell

Two di�erent DC/DC converter models are used in Cruise-M for the fuel cell and the

battery. The converter used for boosting the fuel cell voltage consists of two ideal
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current sources as shown in Figure 2.8. The current source at the load side is driven

by the EMS so that the power share of the fuel cell at the DC bus is requested from

the power source. While the current source at the load side feeds the motor, the

current source at the source side regulates the current requested from the fuel cell.

By demanding power from the load side of the converter in terms of current, the

input power of the converter which is the source power is determined considering

the e�ciency. The power balance is redressed between the input and the output of

the converter as in Equation 2.5 and Equation 2.6 so that the allocated power share

of the source is generated and the corresponding current output of the fuel cell stack

is determined.

Pfc (t) =
Pfc dc

(t)
� dcdc

(2.5)

I fc (t) =
I fc dc

(t) � Vfc dc

Vfc (t) � � dcdc
(2.6)

In the equations,Pfc dc
(t) is the power share of the fuel cell at the DC bus,Pfc is

the power that must be supplied by the fuel cell to balance the input and output

powers of the converter considering the e�ciency,� dcdc is the converter e�ciency,

I fc dc
(t) is the current reference which is controlled by EMS and �ows from the

DC/DC converter to the electric motor, I fc (t) is the fuel cell current, andVfc dc
is

the voltage level at the DC bus which is �xed to the voltage of the electric motor.

It is assumed that the electric motor operates at a constant voltage of the DC bus

voltage speci�ed by the manufacturer. Sequentially, the power allocated to the fuel

cell directly determines the battery's power share as given in Equation 2.7. Since

the equation also represents the power balance at the DC bus where the voltages

are equalized through Equation 2.8, the balance is also valid in terms of currents at

the DC bus as in Equation 2.9.

Pbatdc (t) = Pem(t) + Pcompressor(t) � Pfc dc
(t) (2.7)

Vfc dc
= Vbatdc = Vcompressor = Vem (2.8)

I batdc (t) = I em(t) + I compressor(t) � I fc dc
(t) (2.9)

where Pbatdc (t) is the power allocated to the battery at the DC bus,Pem(t) is the

power demand,Pcompressor(t) is the power of the compressor that is assumed to be

operated at the DC bus voltage,I batdc (t) is the DC bus side current of the battery's

DC/DC converter, and I em(t) is the load in terms of current. Similar to the fuel

cell, the battery voltage is boosted by a DC/DC converter as stated earlier. The

DC/DC converter model in Cruise-M consists of an ideal voltage source at the load

side and an ideal current source at the source side as shown in Figure 2.9. Since the
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power can �ow in both directions depending on whether it is a regenerative braking

phase or not, the DC/DC converter of the battery is bidirectional.

Figure 2.9 DC/DC converter circuit model used for the battery

Unlike the converter model used for the fuel cell, the battery power is dependently

controlled by regulating the current source at the source side based on the current

share of the battery at the DC bus, which is represented byI batdc in the �gure. By

boosting the battery voltage to the DC bus voltage through the ideal voltage source

�xed to the motor voltage, the battery's discharge current is determined using the

Equation 2.11 so that the power balance in Equation 2.10 is ful�lled.

Pbat(t) =
Pbatdc (t)

� dcdc
(2.10)

I bat(t) =
I batdc (t) � Vbatdc

Vbat(t) � � dcdc
(2.11)

wherePbat(t) is the battery power that must be generated to ful�ll the power balance

between the input and output considering the e�ciency andI bat is the input or

output current of the battery. On the other hand, the same operation terms for the

battery are determined during charging, by arranging the place of e�ciency term in

Equation 2.12 and Equation 2.13.

Pbat(t) = Pbatdc (t) � � dcdc (2.12)

I bat(t) =
I batdc (t) � Vbatdc � � dcdc

Vbat(t)
(2.13)
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3. Rule-Based Energy Management Strategy

In an FCHEV energy management application, while meeting the power demand

from the driver is the main requirement, energy management strategies are also

expected to achieve a satisfactory fuel economy by operating the fuel cell close to the

maximum e�ciency point and also to keep SOC between certain limits for the sake

of the battery. However, the e�ciency of the fuel cell depends on its utilization, and

it is not always possible to work close to the maximum e�ciency point. Considering

these two goals, there are various cases to happen during the operation of the power

sources to meet the power demand. Firstly, when the power demand is low enough

so that it can be fully met by the battery, the fuel cell would be kept closed to

reduce consumption. When the power demand increases, the fuel cell may start

to work and the power-splitting is performed between the sources so that the fuel

cell can get closer to the maximum e�ciency point. For even higher magnitudes of

power demand, it may exceed the battery power limits, and in this case, the fuel

cell is forced to operate ine�ciently at high power levels because the highest priority

task is to meet the power demand and the battery already reached at its maximum

limit. Synchronously, SOC of the battery must be considered during the operation

of the fuel cell, because drastic changes in SOC shorten the useful life of the battery,

and also state of power (SOP) of the battery depends highly on the SOC. A certain

amount of the energy is recuperated during the regenerative braking, however, to

keep SOC within the desired range and achieve a better fuel economy, the amount

of energy supplied by the battery can also be recovered by charging it using the

fuel cell in the high-e�ciency region. Since the battery is incapable of reaching as

high output power as the fuel cell due to the power limits, the larger portion of the

power demand is mostly met by the fuel cell in case of high power requests. In such

a high power request, charging the battery by the fuel cell causes an increase in its

output power and decreases the e�ciency. Therefore, charging the battery would

not be a priority until the power request decreases to a suitable level to charge the

battery at a high-e�ciency point. Consequently, the energy management problem

involves a wide variety of cases. Under such a high diversity of situations that may

occur during operation, the EMS should perform the power distribution between
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the sources by considering fuel economy, SOC level, and system capabilities, thus

providing a solution to the mentioned problem.

In automotive control applications, the rule-based approach is widely used due to its

higher interpretability, lower complexity, and less utilization of resources in terms

of processor load and memory usage [63]. Also, rule-based algorithms are reliable

since they strictly obey the de�ned rules and operate the system only in the al-

lowed regions. To accomplish the above-mentioned goals, we developed a rule-based

EMS since it is one of the most relied and utilized methods in today's automotive

application software. This chapter introduces the rule-based algorithm �rst, then

discusses its similarities and di�erences to a real EMS by comparing the results with

the dynamometer test measurements of the Toyota Mirai.

3.1 Rule-Based Energy Management Strategy Design

A rule-based strategy makes the control decisions based on a set of pre-de�ned

conditions or rules. Rule-based methods are known as the most commonly used

approach in automotive software. The two main types of rule-based methods which

are fuzzy rules and deterministic rules are used in control applications, however, no

optimization is involved in either method [64]. In FCHEVs, the operating state of the

powertrain is determined by checking pre-de�ned conditions obtained by the states

of the powertrain. Based on the signal measurements from the powertrain system,

the power limits of the sources must be determined �rst and foremost, because the

fuel cell and the battery have physical limits depending on the design speci�cations

and characteristics. Then considering the fuel economy and SOC level, the most

suitable operating state is selected by the rule-based EMS based on the requested

power from the driver and the determined limits of the sources.

In our RB-EMS which is a state-based deterministic method, the mode decisions are

made depending on the power demand, the SOC level, and actual power limits of

the sources. The method of the RB-EMS to split the power between the fuel cell and

the battery has three main steps which are calculating the power limits, deciding

the mode by checking the pre-de�ned conditions, and determining the output power

of the sources at each mode. The architecture of the designed EMS is shown in

Figure 3.1.
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Figure 3.1 Architecture of the RB-EMS

The RB-EMS has �ve di�erent modes which are braking, battery-only, fuel cell-only

with battery charging, fuel cell-only without battery charging, and boost mode that

both sources supply the power simultaneously. Several sets of conditions are de�ned

to enter and exit each mode in the algorithm as in Figure 3.2.

The regenerative braking mode is deployed during the deceleration where the

motor power has the negative sign. At this interval, the motor power is utilized

to charge the battery considering its power and voltage limits. If the recuperation

power exceeds the battery limits, then braking power is assumed to be consumed

in the friction brakes to prevent any hazardous case from occurring in the battery.

However, such a situation has not been faced during the simulations under the drive

cycles selected for the study.

The battery-only mode is entered in two cases. Only the battery meets the

power demand, if SOC is su�ciently high and the power demand does not exceed

the output power limit of the battery. In this case, the fuel cell is shut down and

it hands over the power-supplying task completely to the battery. Alternatively,

when the fuel cell is already turned o� and the power demand is less than the

output power limit of the battery, the power demand is met by only the battery

even if the SOC is lower than the threshold value mentioned in the previous case.

Hereby, only the battery is used at the beginning phase of the acceleration. The

purpose of this decision is to reduce the on-o� switchings of the fuel cell to prolong

its remaining useful life. Generally, the battery-only mode is enabled at low-speed

driving conditions or initial phase of the acceleration.

The fuel cell-only (with charging the battery) mode is another mode such

that the fuel cell charges the battery and meets the power demand at the same
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time. It is entered only when the SOC is lower than a certain threshold, and the

total power required for charging the battery and meeting the power demand is

within the power limits of the fuel cell.

The fuel cell-only (without charging the battery) mode is executed if the SOC

is lower than a certain threshold and the power demand exceeds the power limits of

the fuel cell. In this case, the power demand cannot be met completely so as not

to harm the battery. The mode is potentially executed in case of demanding very

peak power from the sources when the SOC is critically low and the fuel cell cannot

meet such a rapidly increasing power demand because of its slow dynamics. In such

a case, there is no option other than saturating the power demand to not harm the

physical limits of the battery. However, the tests did not reveal any instances of the

described situation.

Lastly, the boost mode is entered if the vehicle is traveling and any of the conditions

aforementioned cannot be satis�ed. In such a case, both the fuel cell and the battery

meet the power demand. The distribution of the power demand between the fuel cell

and the battery is carried out using a low-pass �lter approach. The power demand

from the driver is fed to the fuel cell after processing the load signal through a low-

pass �lter. The calibration of the �lter's time constant is tuned in a way that the

load-following policy of the EMS su�ciently smoothens transients of the fuel cell

power, but also responds quickly to keep battery's share at reasonably values e.g. it

does not work at the maximum limit continuously for a long time duration.

The algorithm of the developed rule-based EMS is shown in Figure 3.2. The �ow of

the state-machine based EMS algorithm is from up to down for the mode selection,

then left to right to execute the power assignments to the power sources. It starts

by checking the availability of the modes, in an order of braking, battery-only, fuel

cell-only with battery charging, fuel cell-only without battery charging, and boost

mode. If any of the �rst four modes are unavailable to enter, then the boost mode

is selected as default. Once a mode is selected, it stays in this mode for a one-time

step, therefore the algorithm decides cyclically without allowing multi-transitions in

one step. During the execution of the mode, the power assignments are done based

on pre-de�ned rules. Then the next time-step starts by checking the exit conditions

of the actual state. Throughout the simulation, it keeps executing the state until the

exit condition is ful�lled. The algorithm repeats these three main steps. The RB-

EMS is implemented in Matlab Simulink, also using State�ow's graphical language

environment.
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Figure 3.2 Algorithm of the RB-EMS

As mentioned before, the power limits of the fuel cell and the battery must be

checked by the EMS at each time step for using them in feasible regions. We base

our model on Toyota Mirai, therefore for the fuel cell we employ a static power limit

speci�ed by the OEM, which is 114kW [1].

Although the maximum power limit of the battery model is speci�ed as� 30kW

based on the dynamometer results [56], it requires dynamical handling on the power

management since batteries have potential safety issues during the operation and
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their performance fades at long durations of utilization at close to the power limits.

Possible problems with the studied battery can be examined separately for discharg-

ing and charging. As the battery supplies power, the output power decreases due

to the voltage drop because of the internal losses of the battery regarding ohmic

drop, activation polarization, and concentration polarization. Therefore undervolt-

age is a potential problem creating a necessity of limiting the battery output power

while the voltage drops below a certain level. Another undesired situation during

the discharging is the undercharge. As the battery energizes the load, the charge

decreases, even resulting in critically low levels of SOC. Additionally, since the open

circuit voltage of the battery drops as the SOC decreases, the power capability of

the battery will decrease if the charge level cannot be kept above a certain value.

Because of this phenomenon, the magnitude of the discharge power must be limited

when the SOC is critically low, to prevent the undercharge issue. Similar to the dis-

charge problems, overcharging and overvoltage are the other two critical cases that

need to be prevented by the energy management strategy. As the battery is charged

by the fuel cell, if the magnitude of the power input exceeds the physical limits of

the battery, then it causes a drastic increase in the battery voltage and harms the

battery due to high temperatures. Similar to overvoltage, if the amount of energy

for charging the battery is not controlled and the voltage increases undesirably, then

it causes several safety issues e.g. critically high temperatures due to the thermal

runaway. In summary, all of the problems aforementioned can cause an excess of

the design limits of the battery, and reduce its lifespan.

As mentioned in the second chapter, the battery model in Cruise-M is based on

several equations implying the electrochemical reactions and it is sensitive to safety

issues such as overdischarging, overcharging, overvoltage, and undervoltage. In such

states, the simulation fails due to the instabilities in the internal dynamics of the

battery model. To prevent these dangerous situations that may occur in the battery,

the EMS determines the maximum and minimum power limits via prede�ned cali-

bratable maps by using interpolation based on the SOC level and operating voltage

of the battery. In this way, the battery power will not be allowed to exceed the

limits during discharging or charging, as de�ned in Equation 3.1 and Equation 3.2.

In the study, it is assumed that the battery power and current have negative signs

during charging.

0kW � Pbatdk � P lim �

batdk
� Pmax

batd (3.1)

Pmax
batc � Pbatck � P lim �

batck
� 0kW (3.2)

wherePbatdk and Pbatck represent the battery power during discharging and charging

respectively,Pmax
batd and Pmax

batc are the design limits for battery power, andP lim �

batdk
and
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P lim �

batck
are the �nal values of power limits which are determined by the EMS. The

limits are updated each time step for the new values of the SOC and battery voltage

as described in the following part of the section. Moreover, the �nal values of the

battery's discharge and charging power limits are obtained in two steps: determining

the maximum power magnitude and limiting the allowable rate of change in a one-

time step. The preliminary values of discharging and charging power limits are

determined as given in Equation 3.3 and Equation 3.4 respectively.

P lim
batdk+1

= f 1(SOCk) � f 2(Vbatk) (3.3)

P lim
batck+1

= f 3(SOCk) � f 4(Vbatk ) (3.4)

where Vbatk is the operating voltage of the battery,P lim
batdk

and P lim
batck

are the pre-

liminarily determined power limits respectively for discharging and charging,f 1, f 2,

f 3 and f 4 represent the mapping between the given states of the system and power

limiting values respectively for discharging and charging. Heref 1 : [0;100]! [0;30],

f 2 : [200;280]! [30; � 30], f 3 : [0;100]! [� 30;0], f 4 : [200;280]! [30; � 30]. Also,

0%� SOCk � 100%, 200V � Vbatk � 280V, 0kW � P lim
batdk

� 30kW, and � 30kW �

P lim
batck

� 0kW.

As an outcome of the calibration values de�ned in the look-up tables represented by

f 1, f 2, f 3, and f 4, as the SOC decreases, the discharging power limit of the battery

is reduced and the charging power limit is increased synchronously. Similarly, the

discharging power limit of the battery is lowered as the voltage drops, and the

charging power limit is increased. Considering the application, when the battery

voltage drops dangerously, the battery output power is reduced by increasing the fuel

cell's share in the power allocation, and the battery voltage is allowed for recovery.

In the opposite case, when the battery voltage increases dangerously to critical

levels, the fuel cell's share in the power splitting is decreased, and the battery is

forced to discharge until the voltage drops to a safe level. A similar manipulation is

applied using the functionsf 1 and f 3 considering the SOC to prevent overcharging

and overdischarging.

In the topology of the studied FCHEV model, since power shares of both the fuel cell

and battery are determined by controlling the fuel cell output power, sharp changes

in the battery power limitations can cause deviations in the fuel cell's power output,

because the change in the battery power is added or subtracted from the fuel cell's

share. Due to the fast dynamics of the battery, the recovery of the battery from

overvoltage or undervoltage happens instantaneously depending on the battery's

share of power which is limited in Equation 3.3 and Equation 3.4, which may cause

dramatical increases or decreases in the fuel cell's power output when the power
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balance in Equation 2.2 is considered. This �uctuation e�ect is not the case for

SOC recovery, since the SOC does not change as instantaneously as the battery

voltage. To reduce the �uctuations in the fuel cell's output power due to the voltage

manipulation via f 2 and f 4, a rate limitation is applied to the dynamical limit

calculation given in Equation 3.3 and Equation 3.4. Thanks to the rate limitation

applied to the battery power limits, once the fuel cell power is increased or decreased

due to the change in power limits of the battery, the battery power limit returns

to the normal value with a limited rate of change even if the voltage returns to

the nominal value. Thus, the fuel cell power does not sharply return to the value

where it was operating before the voltage rise or drop. In summary, the main idea

of the rate limitation is to avoid jumping frequently between the dangerous and safe

levels of the voltage and prevent �uctuations in fuel cell power. The rate of change

limit is determined for discharging and charging in Equation 3.5 and Equation 3.6

respectively.

� P lim
batdk+1

= g1(Vbatk ) (3.5)

� P lim
batck+1

= g2(Vbatk ) (3.6)

where� P lim
batdk

and � P lim
batck

are the rate of change limits of the battery power limits,

and g1 and g2 represent the mapping between the actual battery voltage and rate of

change limits of battery power, respectively for discharging and charging. Hereg1 :

[200;280]! [0;30], g2 : [200;280]! [� 30;0], 0kW � � P lim
batdk

� 30kW and � 30kW �

� P lim
batck

� 0kW. After applying the rate limitation to the preliminary power limit

values calculated using Equation 3.3 and Equation 3.4, the �nal values of the battery

power limits are determined using Equation 3.7 and Equation 3.8 for discharging

and charging respectively.

P lim �

batdk+1
=

8
>>>><

>>>>:

P lim
batdk+1

; P lim
batdk+1

� P lim
batdk

< 0

P lim
batdk+1

; P lim
batdk+1

� P lim
batdk

� � P lim
batdk+1

� 0

P lim
batdk

+ � P lim
batdk+1

; P lim
batdk+1

� P lim
batdk

> � P lim
batdk+1

� 0

(3.7)

P lim �

batck+1
=

8
>>>><

>>>>:

P lim
batck+1

; P lim
batck+1

� P lim
batck

> 0

P lim
batck+1

; P lim
batck+1

� P lim
batck

� � P lim
batck+1

� 0

P lim
batck

+ � P lim
batck+1

; P lim
batck+1

� P lim
batck

< � P lim
batck+1

� 0

(3.8)

where0kW � P lim �

batdk
� 30kW and � 30kW � P lim �

batck
� 0kW.

The threshold variables for the power limitation are given in Table 3.1. In the

algorithm, P_fc_max is the maximum power limit of the fuel cell, P_dchg_max is

the maximum discharging power of the battery, and P_chg_max is the maximum
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power for charging the battery. These are the static design limits of the sources.

As mentioned above, P_chg_lim and P_dchg_lim are the maximum and minimum

allowable power limits which indicates the SOP of the battery. P_chg_target is the

target power to charge the battery, SOC_max and SOC_min are the highest and

lowest possible SOC levels that SOC is allowed. Also, additional threshold values

which are SOC_high, SOC_low, SOC_chg_on, and SOC_chg_o� are de�ned to

be checked in enter and exit conditions during the mode decision process.

Table 3.1 Parameters of the RB-EMS

Algorithm Reference Thesis Reference Value Unit

P_fc_max - 114 kW

P_dchg_max Pmax
batd 30 kW

P_chg_max Pmax
batc -30 kW

P_dchg_lim Plim �

batd from EMS kW

P_chg_lim Plim �

batc from EMS kW

P_req_c_on - 70 kW

P_req_c_o� - 75 kW

P_chg_target Ptarget
batc from EMS kW

SOC_max - 80 %

SOC_min - 30 %

SOC_high - 60.5 %

SOC_low - 57.5 %

SOC_c_on - 59.5 %

SOC_c_o� - 61.5 %

Table 3.2 Calibration values for the RB-EMS

Map Dimension Map Data Dependency Unit

Breakpoint 0 50 60 100 SOC %
f 1

Value 0 15 30 30 Battery Power kW

Breakpoint 200 220 240 280 Output Voltage V
f 2

Value 30 15 0 -30 Battery Power kW

Breakpoint 0 60 65 100 SOC %
f 3

Value -30 -5 0 0 Battery Power kW

Breakpoint 200 240 260 280 Output Voltage V
f 4

Value 30 0 -15 -30 Battery Power kW

Breakpoint 200 240 260 280 Output Voltage V
g1

Value 0 10 30 30 Battery Power kW

Breakpoint 200 220 240 280 Output Voltage V
g2

Value -30 -30 -10 0 Battery Power kW
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3.2 Validation of the RB-EMS

Since one of the main purposes of the study is to design EMSs that can act re-

alistically by making feasible decisions, the simulation tests are conducted in �ve

di�erent drive cycles to validate the reliability and the representativeness in terms

of similarities and di�erences compared to the dynamometer results of the Toyota

Mirai conducted by the Argonne Laboratory [56]. The RB-EMS strategy does not

aim to mimic the behavior of RB-EMS of the Toyota Mirai by making the same

decisions. However, the dynamometer results are examined during the design phase

of the RB-EMS to ensure that the EMS can su�ciently represent the dynamometer

results in terms of staying within the physical limits and plausible utilization of the

power sources. Therefore, although the pattern of the real EMS for allocating the

power between the sources is not expected to be reproduced, it is expected to be

performed similarly to the real EMS in terms of fuel consumption and trends in the

power source utilization. It should also be noted that we designed an FCHEV model

based on only the available parameters of the Toyota Mirai. Therefore, di�erences

between the model and the real vehicle must also be taken into consideration in

the EMS decisions and results. Various factors such as the e�ciency of the elec-

tric motor, fuel cell, battery, and DC/DC converters might cause di�erences in the

results.

Figure 3.3 Validation procedure and feeding the motor power data to the
powertrain model [8]

The validation procedure of the model and the EMS through the simulation test is

shown in Figure 3.3. As discussed in the second chapter, the electrical powertrain

model receives the driver's command only in terms of power demand of the electric
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motor since the chassis and drivetrain are excluded from the model. The main

purpose of this design decision is to eliminate the modelling errors due to unknown

factors in the chassis and drivetrain of the vehicle, and be able to make a fair

evaluation between the power source outcomes of the designed energy management

strategies and the Mirai's EMS. During the simulation test, the powertrain model in

Cruise-M is fed by the motor power data which is collected through the dynamometer

test conducted by the testing authority. The motor power data is the outcome of

the driver's acceleration and braking pedal commands to control vehicle's velocity

while performing a drive cycle. All the simulation tests conducted in this study are

based on this procedure. Various drive cycles and the power demand outcomes, and

also the power outcomes of the sources, used in this study are presented by Argonne

Lab [8].

The Worldwide Harmonised Light Vehicles Test Procedure (WLTP) drive cycle was

chosen for testing the model under the control of the RB-EMS, since it represents

various driving characteristics with four di�erent phases which are low, medium,

high, and extra high in terms of average speeds. Also, it contains an important

variety of driving patterns, in terms of acceleration, braking, and start-stops. The

results under the New European Driving Cycle (NEDC), Urban Dynamometer Driv-

ing Schedule (UDDS), US06 cycle, and Highway Fuel Economy Driving Schedule

(HWFET) are also available in the appendix for further investigation of the RB-

EMS's and the Mirai's behaviors. The evaluation is made according to the fuel cell

power, battery power, compressor power, and SOC results given in Figure 3.4, Fig-

ure 3.5, Figure 3.6, and Figure 3.7 respectively. In addition to the graphical results,

the numerical results are shown in Table 3.2 at the end of the section. Moreover, to

further investigate the representativeness of the plant model, hydrogen consumption

and compressor energy results are obtained by feeding the fuel cell power data of

the dynamometer test to our fuel cell system model. These model results are also

reported in the tables along with the dynamometer results. The overall resemblance

of the model is reported in terms of mean absolute error. It is a measure of the er-

ror between the dynamometer results and the plant model under the control of the

RB-EMS. To present the convergence of the error in real-time, the mean absolute

error is calculated with varying sample size as in Equation 3.9.

MAE =
nX

k=1

jyk � xk j
k

(3.9)

where k represents the index of the actual sample,n is the total number of mea-

surements,yk and xk are respectively the dynamometer result and RB-EMS result

samples for the indexk.
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Figure 3.4 Fuel cell power results of the RB-EMS and the dynamometer test under
WLTP cycle

Firstly, it is seen in the Figure 3.4 that the output trends of the fuel cell have shown

a similarity. Moreover, although it is not aimed, the power patterns of the fuel cell

overlap for most of the cycle. There is no available information about the RB-EMS

algorithm of the Mirai, nevertheless, the results might be interpreted that the fuel

cell on-o� strategy of the EMSs performs similarly, since the points where that fuel

cell starts the operation and is shut down are relatively close. However, once the

fuel cell starts the power supply, there are deviations between the magnitudes of the

output powers, which may be because of the di�erence in the power assignments

between the RB-EMS and the EMS of the Mirai. According to the graphical results,

it can be expected to yield a higher fuel consumption result in the proposed RB-

EMS, however, the e�ciency data is unknown for the dynamometer result. Also,

our strategy switched the fuel cell between on-o� states 55 times, while the total

number of on-o� cycles is 54 in the dynamometer test result. Generally, the fuel cell

output of our method has shown a representative performance in terms of the trends,

however, there are di�erences in power allocation decisions between the strategies.

Figure 3.5 Battery power results of the RB-EMS and the dynamometer test under
WLTP cycle

As a result of using the fuel cell in higher power regions compared to the dynamome-

ter result, the battery power results have shown a di�erence in the peak values of
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the power which can be seen in Figure 3.5. Our strategy kept the battery output

power lower than the experimental result. Since the battery limits are important as

discussed earlier, there is no unrealistic behavior seen in the result e.g. unacceptable

magnitudes, long durations with discontinuous power supply at high regions, etc.

Especially in the high and extra high parts of the WLTP, from 1200th s to the end

of the cycle, our strategy and the Mirai tended to use the fuel cell for meeting the

big portion of the power demand, except the deceleration and acceleration phases

around 1400th and 1500th seconds and the braking phase at the end of the cycle.

This is expected for the RB-EMS since it runs the boost mode at such high-speed

driving conditions. In this mode, low-pass-�ltered power demand is fed to the fuel

cell as the power reference. Therefore in steady-state, e.g. �at regions at high

speeds, the fuel cell is expected to meet power demand almost completely.

Figure 3.6 Compressor power results of the RB-EMS and the dynamometer test
under WLTP cycle

According to the WLTP result, our compressor model consumed a higher amount

of energy which can be expected since the fuel cell supplied higher amounts of

power compared to the Mirai result. However, when the magnitudes of the output

powers overlapped at 1560th s, the compressor powers almost the same, which is

6797kW and 6790kW for our model and the Mirai respectively. Also unlike the

Mirai's compressor, the compressor model always operates at a constant power of

approximately 125W, even if the fuel cell does not deliver power.

An important di�erence between the EMS behaviors was observed in SOC results

at the beginning of the WLTP, which can be seen in Figure 3.7. While the EMS

of the Mirai started charging the battery although the SOC is above the target

value (60%), our strategy allowed the SOC to decrease by utilizing the battery. It

is expected in our algorithm because when the SOC is above the target value, it

allows the battery to supply the power within the limits to not consume hydrogen.

However, from 600th s to the end of the cycle, the SOC pattern is relatively close, and

any undesirable result, e.g. moving away from the target value, undesired charging,

discharging, etc., has not been observed in our strategy.
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Figure 3.7 SOC results of the RB-EMS and the dynamometer test under WLTP
cycle

According to the similarity in the numerical results in Table 3.3, our model and the

RB-EMS could su�ciently represent the dynamometer results of the Toyota Mirai

in terms of the criteria given in the table. Based on that, the reliability of the

model and the RB-EMS is presented under the WLTP drive cycle. Although there

are deviations in the total amount of energy of the fuel cell and the battery, the

results have not shown any unacceptable deviations compared to the experimental

data. Since the aim was not to mimic the actions of the Toyota Mirai, di�erences

in the power allocation were observed between our strategy and the EMS of the

Toyota Mirai. Other than the EMS decisions, there are possibly a certain amount

of deviations due to the modeling di�erences. Since the e�ciency data for the

powertrain components is not shared by the authority, it is not possible to conduct

a more representative FCHEV model. In any case, no deviations that we would

suspect were observed in the FCHEV model.

Table 3.3 Toyota Mirai dynamometer test and RB-EMS results under WLTP
cycle, (*model result)

Result Dynamometer RB Unit

EM Energy Net 3167.9 Wh

Hydrogen Consumption
196.4

185.2 g
182.3*

FC Energy 3888.9 3953.6 Wh

Compressor Energy
24

213.3 Wh
207.4*

FC Power Change Accumulation 3555.0 3504.6 kW

SOC Initial 62.5 62.5 %

SOC Final 66.60 63.42 %

BAT Energy Output 954.7 1042.3 Wh

BAT Energy Input -1143.7 -1175.5 Wh

BAT Energy Total (absolute) 2098.4 2217.8 Wh

BAT Energy Net -189.0 -80.6 Wh
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4. Model Predictive Controller-Based Optimal Energy Management

Strategy

Energy management in HEVs is a research topic that involves a multi-objective opti-

mization problem and requires the ful�llment of several criteria simultaneously. The

main target is to be able to meet the power demand from the driver by considering

the physical limits of the power sources. In a HEV, either one of the power sources or

both can be utilized to meet the power demand, however, the decisions taken by the

EMS to meet the power demand are crucial due to the impacts on the power sources

in terms of energy consumption and stress. The major objectives are to minimize

fuel consumption and keep the SOC level at a certain range synchronously, while

the power demand is always met. Speci�cally, fuel economy can be improved by

lowering the utilization of the fuel cell and operating it in the high-e�ciency region.

However, such decisions may increase the battery's share of the power demand to

meet the large proportions and force the battery to operate close to the limits. This

will cause the SOC level to dangerously �uctuate and even reach critically low levels,

which may also cause safety issues. Under such infeasible control actions the battery

degradation is accelerated. On the contrary, using the fuel cell to meet the power

demand and keep SOC in a narrow range would cause undesired operations, such as

operating the fuel cell system in ine�cient regions, frequent cyclings, reaching very

high power levels, and delivering the power transients with large deviations exceed-

ing its physical limits. In such cases, the fuel cell ages quickly and fuel consumption

increases due to the weak control decisions for the power allocation.

As mentioned also in the previous chapter, utilizing di�erent types of power sources,

e.g. a fuel cell and battery, creates a trade-o� and involves a multi-objective

optimization problem in energy management. To solve the problem, rule-based,

optimization-based, and intelligent (learning-based) EMSs have been developed in

several studies. In this study, to solve the multi-objective power allocation problem

in real-time under the constraints due to the physical limits of the sources, a Model

Predictive Control-based EMS is developed which adjusts its parameters based on

the user-de�ned calibratable maps. The calibration of the maps is performed to de-
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sign three di�erent types of controller characteristics which are smooth, aggressive,

and balanced. This chapter discusses the MPC-based EMS in the scope of its design

and integration into the problem and compares these three di�erent characteristics.

Additionally, a further evaluation of the MPC-based EMS is presented in the last

part of the chapter by comparing its results with the dynamometer results.

4.1 The Concept of Model Predictive Control

MPC is an optimal control method that minimizes a cost function for a �nite horizon

by predicting the states of a system over a speci�ed horizon. It solves the optimiza-

tion problem iteratively in a deterministic way. It requires the existence of a model

to predict the states of the controlled system, therefore it is a model-dependent con-

trol method. To accurately determine the future response of a state in real-time, its

actual value has to be measured or estimated at each time step. Main advantages

of MPC are listed as follows:

ˆ The optimal control signal is determined by considering not only the current

states but also their future responses

ˆ Since it executes the internal dynamics of the system, a strong performance is

achieved depending on the representativeness of the predictive model

ˆ The control actions are obtained considering the system's limits

ˆ Although it is a model-dependent method, the predictive model does not have

to be very accurate, it performs harmoniously with estimators and empirical

models

ˆ It can solve non-linear problems directly without requiring linearization

On the other hand, MPC has some disadvantages. Some of them are listed as follows:

ˆ Dynamics of the system has to be known

ˆ It creates a heavy computational load

ˆ It requires an important e�ort during the design phase because of the com-

plexity of the method and system modeling.

Before discussing the application of MPC in the energy management problem, some

key components related to the concept must also be mentioned.
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State x(t) of a dynamical system is a set of variables representing the dynamics

of the system. They can either be derived using mathematical expressions or, if

available, directly measured as an output of the system. Response of the system

at t � t0 can be calculated if the initial value of the statex0 and control inputs at

t � t0 are known.

An internal model is a set of equations being used for determining the future

response of the states using the obtained control signal. The internal model is

embedded in the controller and must adequately represent the behavior of the con-

trolled plant. It enables the states to be manipulated by the control signal. Since

the states are directly or indirectly involved in the cost function and their limits

have to be considered, the controller performance directly depends on its accuracy.

Cost function L is a function that de�nes the objectives of the optimization. Then

the optimization is performed by minimizing the cost function. A cost function is a

mapping between its inputs, outputs, and cost which is the measure of success for

optimization. It can be in di�erent forms e.g. linear, quadratic, and exponential

depending on the structure of the relationship between the variables. The selection

of the form depends on the nature of the controlled system and the choice of the

designer. In control systems, the main purpose of the control action is to minimize

the error between the output and the reference. The error is involved in the cost

function and does not have to be scalar, unlike a PID controller. In the cost function,

the errors are de�ned in a vector form, hereby, MPC is able to minimize all of the

error terms contained in the cost function synchronously.

Prediction horizon Hp is a �nite time interval that obtains the number of future

responses to be considered in the control actions.

Control horizon Hk is another �nite time interval obtaining the number of con-

trol outputs applied during manipulation of the future outputs over the prediction

horizon.

Figure 4.1 Operation of model predictive control
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The determination process of the optimal control action is illustrated in Figure 4.1.

MPC receives the states by the measurements from the plant at each time step. As

stated earlier, if they are not measurable, the states can be estimated. Then, over

the prediction horizonHp, MPC determines a control sequence with the number of

elements speci�ed by the control horizonHc to minimize the cost functionL. The

control sequence is determined to manipulate the states also considering their future

responses. However, only the �rst element of the sequence is applied to the plant.

The steps are repeated at each time step by measuring or estimating the updated

values of the states.

4.2 Problem Formulation and Controller Design

In the energy management problem of an FCHEV, the fuel cell is aimed to be

operated at the e�cient region, while the SOC must cruise within a de�ned interval

in a controlled manner. The main problem is to determine when and how the sources

are utilized. This decision must be taken considering multiple criteria because the

battery and the fuel cell have di�erent dynamics and characteristics. Due to its

way of producing power as discussed earlier, a fuel cell can provide output power

for longer time durations continuously unlike a battery. On the other hand, a fuel

cell has slower dynamics compared to a battery. A battery cannot provide high

magnitudes of power as continuously as a fuel cell, however, it can deliver peak

powers in a short time to meet the power demand varying with high change rates.

Considering the physical system, the solution requires the controller to know the

physical limits of both the fuel cell and the battery e.g. maximum power, the

discharge limits, etc.

The fuel cell model utilized in this study performs the most e�cient power generation

at around 8 kW. By extension, considering a power demand in a range of 0 to 5 kW,

if the SOC level is not critically below the target value, the decision is obviously

to keep the fuel cell closed. In this way, the fuel consumption is minimized and

the SOC still tends to go within the de�ned interval. However, under fast-changing

driving conditions, the power demand always varies in a wide range, so the ful�llment

of multi-objectives is not obvious in all conditions. For instance, when the power

demand rises to the maximum power of the battery, shutting down the fuel cell will

cause the battery to operate at its limits, a sharp decrease in SOC even to move

away outside of the desired range, and a shortened battery life. On the other hand,

if SOC reference is tracked with a minimum error, it would cause frequent on-o�

switchings of the fuel cell and force it to operate in infeasible conditions where the
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fuel cell degrades fast. In the same case, when the SOC is overshooting, due to

the minimization of the SOC error at any cost, the EMS could decide to suspend

the fuel cell to decrease the SOC back to the target value, however it would not

be acceptable for a power demand exceeding the limits of the battery. Therefore

de�ning the objectives properly is very critical in the application. Considering the

design limits of the sources, the optimum solution has to be found within a large

space. Based on the system analysis, de�ning the requirements that a successful

EMS must ful�ll is the initial part of the design. They are listed as follows:

ˆ E�ciency of the fuel cell system shall be maximized to improve the fuel econ-

omy.

ˆ SOC shall be kept within a desired range around a certain target level to

prolong the battery life.

ˆ The fuel cell shall be operated smoothly by minimizing the deviations in the

transient of the power, and the on-o� switchings shall be reduced to not cause

further degradation of the fuel cell.

ˆ The control action shall comply with the design limits of the power sources

during the operation to not harm them or accelerate the degradation process.

To formulate those requirements in the energy management problem, a speci�c

quadratic cost function as in Equation 4.1 is de�ned to be minimized by the MPC

algorithm over the prediction horizon:

L =
H pX

k=1
(1 � sk) � [wef f � (� max � � k)2 + wsock � (SOCtarget � SOCk)2]

+ sk � P2
fc k

(4.1)

where Hp is the prediction horizon, � max is the maximum e�ciency value of the

fuel cell system corresponding to 8kW of output power,� k is the actual e�ciency

of the fuel cell system,SOCtarget is the target value of the SOC which is set to

60% based on the speci�cations of the Toyota Mirai presented by the Argonne

Laboratory [56], SOCk is the actual state of charge of the battery,Pfc k
is the

output power of the fuel cell stack. The SOC and e�ciency costs are, respectively,

the square of the di�erence betweenSOCtarget and SOCk , and between� max and

� k . The weights of the e�ciency and SOC costs are represented bywef f and wsock

respectively. Moreover, the termsk which is a boolean variable is involved in the

cost function to minimize the on-o� cycles of the fuel cell system by forcingPfc k

to be 0 at certain conditions. Determination ofsk will be presented later in the

section. Equation 4.1 implies that, once the fuel cell starts running as the term
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s is deactivated (0), the control decisions are taken to minimize the SOC and the

e�ciency costs synchronously. In this case, the fuel cell's on-o� strategy does not

have any impact on the decisions, and the optimization problem is solved considering

only the trade-o� between the e�ciency cost and the SOC cost.

Note that the weight of the SOC cost is not constant, unlike the weight of the e�-

ciency cost. It is determined based on the actual states of the battery in real-time,

which are the output power and the SOC. The reason behind that, with the �xed

values of the SOC cost weight, the controller is not able to perform robustly under

di�erent driving conditions. When the weights are speci�ed as static values adjusted

based on a speci�c drive cycle, potentially, the over�tting issue is faced, and gener-

alization of the problem cannot be achieved. More speci�cally, whenwef f and wsoc

were adjusted according to NEDC, the SOC could not be kept in a certain range

under the US06 drive cycle even though it was achieved under the NEDC. Consider-

ing the NEDC cycle has a smoother driving pattern compared to the US06 in terms

of the aggressiveness of the vehicle accelerations, the decelerations, and the magni-

tudes of the power demand, a smaller value of the SOC term would be su�cient to

force the controller to minimize the SOC cost. However under the US06, with such

a low value of the SOC cost weight, the SOC cost does not su�ciently increase to

dominate the e�ciency cost over the total cost, and it cannot force the controller

to take corrective action for minimizing the SOC error. As a result that, the SOC

error keeps increasing as the SOC drops away from the target value. Consequently,

using the weights tuned for a smooth cycle, the controller's performance in mini-

mization of the SOC error weakens in an aggressive drive cycle. In the opposite

case, when the SOC weight is adjusted according to an aggressive drive cycle e.g.

US06, in a non-aggressive cycle e.g. NEDC the fuel cell power rapidly varies since

the controller is hypersensitive to SOC cost because of the high value of the weight.

Considering the aggressiveness that varies even within a driving cycle, the constant

weights would not be su�cient to achieve the same optimal control performance

under opposite conditions, which is related to the robustness of the controller. To

overcome this problem, the SOC term is determined in real-time via look-up tables

using interpolation. The values calibrated in the maps are tuned by trials and errors.

Equation 4.2 presents the determination of the weight for the SOC term based on

the SOC and the battery power.

wsock+1 = h1(SOCk) + h2(Pbatk ) � � k � h3(Pbatk ) � (1 � � k) (4.2)

where h1 : [0;100]! [0;m], h2 : [0;30] ! [0;n] and h3 : [� 30;0] ! [0;p]. Here, de-

pending on the SOC and the battery powerPbat, the weight of the SOC termwsoc is

dynamically adjusted to raise or lose the importance of the SOC cost over the cost
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function. The calibration is done in a way thatwsoc keeps increasing as the SOC

error or battery power increases. Firstly, when the SOC cost is not su�ciently large

to dominate the e�ciency cost over the cost function in Equation 4.1 even if the

SOC error is undesirably high,h1 increases thanks to the calibrated values in the

map depending on the SOC. After the weight reaches a certain point, the controller

becomes adequately sensitive to the SOC error to take corrective action against the

SOC drops. In the opposite case, when the SOC approaches the target value, then

h1 decreases and e�ciency cost is allowed to have more importance than the SOC

cost by decreasing the SOC cost weight. The second map,h2, which depends on the

battery power, is introduced to the calculation ofwsoc to prevent the battery from

being utilized close to the maximum power during discharging. The third map,h3,

is used to avoid charging the battery close to the maximum input power of -30kW.

It has a counter-e�ect to h1 and h2, so lowers thewsoc. To make this decision,

the variable � is involved in the equation to indicate if the battery is charging or

discharging as in Equation 4.3.

� k =

8
><

>:

1 Pbatk � 0

0 Pbatk < 0
(4.3)

Consequently, the importance of the SOC tracking error, allowance to reach the

maximum magnitude of discharging power, and allowance to reach the maximum

magnitude of discharging power are controlled byh1, h2, and h3 respectively. The

breakpoints for these maps, which are de�ned in Equation 4.2 with maximum values

of m, n, and p, are calibrated so that three di�erent types of controllers are obtained,

which are smooth, aggressive, and balanced.

As mentioned earlier, the termsk determines if the fuel cell will run or shut down.

When sk is 1, the fuel cell is switched o�. To make this decision, a hysteresis control

strategy is used with a map-based approach depending on the actual power demand

and the SOC level. If decided, the on-o� strategy penalizes the square of fuel cell

power to force it to be zero, as in the cost function given in Equation 4.1. The

decision ofsk term is expressed with a piecewise function as in Equation 4.4.

sk+1 =

8
>>>>>>>><

>>>>>>>>:

0; sk = 0 and Pemk � Pon(SOCk)

1; sk = 1 and Pemk � Pof f (SOCk)

0; sk = 0 and Pemk < P on(SOCk)

1; sk = 1 and Pemk > P of f (SOCk)

(4.4)

wherePon > P of f and s0 = 1.
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Here, the hysteresis involvess a dependency of its previous value on top of the other

dependencies,Pemk and SOCk . If its previous value is 1, in other words the fuel

cell is o�, sk stays at this value until the power demand reaches the upper threshold

value Pon. Once the threshold is reached, then the switch variables is set to 0

and starts the fuel cell's operation until the power demand decreases to the lower

threshold valuePof f . Note that here the thresholdsPon and Pof f depend on the

SOCk to consider the SOC level in the fuel cell's activation/deactivation strategy.

As the SOC level decreases,Pon is lowered to not further decrease the SOC, and vice

versa. The bidirectional movement of the on-o� threshold points depending on the

SOC over the power demand horizon, and the hysteresis-based approach for the fuel

cell on-o� strategy is illustrated in Figure 4.2. The calibration of the maps for the

Figure 4.2 The strategy for calculating the fuel cell's on-o� switching term

SOC cost term and the fuel cell enabling/disabling thresholds of the fuel cell were

performed separately for the three di�erent characteristics. Firstly, the objectives of

the calibration for the smooth con�guration are listed as the following requirements:

ˆ Once the fuel cell is closed, the EMS shall suspend the fuel cell at lower levels

of the power demand to not frequently initialize and shut down the fuel cell.

ˆ Once the fuel cell starts operation, even if the power demand is relatively low,

it shall be able to keep the power supply at the e�cient region to charge the

battery when the SOC level is considerably low.

ˆ The EMS shall perform the power allocation in a way that the spikes and

deviations in the power transient of the fuel cell are minimized, fuel cell system
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e�ciency is maximized, and the SOC is allowed to decrease to improve the

fuel economy.

On the other hand, the aggressive con�guration of the MPC is calibrated according

to the requirements below:

ˆ The fuel cell shall be able to run at relatively low power demands, to stand

ready for meeting potential dramatically increasing power demands in order

to prevent loading the battery to the limits.

ˆ The fuel cell shall be shut down at a relatively higher value of power demand

compared to smooth, to reduce the fuel consumption.

ˆ The EMS shall perform the power allocation in a way that the SOC is not

allowed to decrease relatively much below the target value to increase the

available power in the battery for potential peak requests.

ˆ The EMS shall keep the battery power away from the design limits by increas-

ing the fuel cell's share of power demand and decreasing its response time.

The balanced con�guration, which is the last con�guration, is calibrated based on

the following objectives described within the following requirements.

ˆ The fuel cell shall be able to start operation at adequately low power demands

to reduce the battery load, and at su�ciently high values to prevent the fuel

cell from ine�cient operation at low power demands.

ˆ The fuel cell shall be turned o� at a relatively higher value of power demand

compared to the smooth con�guration and a lower value than the aggressive

con�guration, to balance the importance of SOC control and fuel economy.

ˆ The EMS shall be able to utilize the fuel cell aggressively under high magni-

tudes of power demands, and smoothly at low magnitudes.

ˆ The EMS shall allow the SOC to circumspectively decrease in order to increase

fuel cell system e�ciency.

The calibration process for all types is done empirically by trial and error. For

the balanced con�guration,wef f , 1, h2, h3, and the switching pointsPon, Pof f are

calibrated to the values where the behavior of the controller obtained between the

smooth and aggressive con�gurations in a balanced way. Table 4.1 presents the

calibration values used in the MPC-based EMS.

As mentioned earlier, MPC is an online optimal control method that �nds the op-

timal control action by predicting the future outputs of a plant through an internal
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Table 4.1 Calibration values for the MPC-based EMS

Con�guration Map Dimension Map Data Dependency Unit

Smooth

h1
Breakpoint 0 50 52.5 60 65 100 SOC %

Value 50 40 17.5 5 7.5 15 Weight Value -

h2
Breakpoint 0 10 15 20 28 30 Battery Power kW

Value 0 10 20 30 40 50 Weight Value -

h3
Breakpoint -30 -28 -20 -15 -10 0 Battery Power kW

Value 50 40 30 20 10 0 Weight Value -

Pon
Breakpoint 0 50 52.5 60 65 100 SOC %

Value -2.5 2.5 6 7.5 10 15 Power Demand kW

Pof f
Breakpoint 0 50 52.5 60 65 100 SOC %

Value -5 0 4 6 7.5 10 Power Demand kW

Aggressive

h1
Breakpoint 0 50 52.5 60 65 100 SOC %

Value 200 90 35 7.5 15 30 Weight Value -

h2
Breakpoint 0 10 15 20 28 30 Battery Power kW

Value 0 20 40 60 100 200 Weight Value -

h3
Breakpoint -30 -28 -20 -15 -10 0 Battery Power kW

Value 200 100 60 40 20 0 Weight Value -

Pon
Breakpoint 0 50 52.5 60 65 100 SOC %

Value -10 -2.5 0 3 5 10 Power Demand kW

Pof f
Breakpoint 0 50 52.5 60 65 100 SOC %

Value -15 -7.5 -2.5 0 2.5 7.5 Power Demand kW

Balanced

h1
Breakpoint 0 50 52.5 60 65 100 SOC %

Value 120 60 25 6 7.5 15 Weight Value -

h2
Breakpoint 0 10 15 20 28 30 Battery Power kW

Value 0 15 30 40 60 120 Weight Value -

h3
Breakpoint -30 -28 -20 -15 -10 0 Battery Power kW

Value 120 60 40 30 15 0 Weight Value -

Pon
Breakpoint 0 50 52.5 60 65 100 SOC %

Value -2.5 0 3 5 7.5 12.5 Power Demand kW

Pof f
Breakpoint 0 50 52.5 60 65 100 SOC %

Value -7.5 -2.5 0 2.5 5 10 Power Demand kW

model representing the dynamics of the controlled plant. It takes input and out-

put constraints into account throughout the optimization process. Since MPC is a

model-dependent method, the controller's success directly depends on the internal

model's accuracy. It solves the optimization problem periodically with the speci�ed

sampling time and �nds the control outputs minimizing the cost function.

The design phase of the controller starts by constructing the architecture of the

MPC in the application. In Figure 4.3, interactions between the FCHEV and the

controller are shown in a block diagram. As indicated in the diagram, the controller

is implemented using the CasADi tool and runs in the Simulink environment while

the plant designed in Cruise-M interacts with the controller throughout the simula-

tion cyclically. In the application, the states received by the MPC are the SOC and

the fuel cell power at the DC bus, represented byx1 and x2 respectively. Although

the SOC cannot be directly measured in practice, the electrochemical battery model

in Cruise-M serves it as a measurable signal. The control signal,u is the reference

change in the fuel cell power in a one-time step. Aiming to track the reference
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Figure 4.3 The control system and interaction between the MPC-based EMS and
the plant

signal r , the controller determines the optimal control signal sequence through the

iterations between the internal model and the optimizer using a solver minimizing

the cost functionL. Based on the system dynamics of the internal model, using the

acquired power demandPem and the determined optimal control sequenceu?, future

values of SOC are calculated which is represented bŷSOC in the �gure. Here, via

the internal model, the fuel cell power at the DC bus,P̂fc dc
, is directly calculated

by integrating the determined optimum incrementation or decrementation sequence

of the fuel cell power over the prediction horizon. However, only the �rst sample of

the sequence is applied to the FCHEV plant model in Cruise-M. Since the fuel cell

system e�ciency, � fc , can directly be estimated using the fuel cell power, there is

no need to receive the actual fuel cell system e�ciency from the plant, even though

it is available in the electrochemical fuel cell system model. The system constraints

c1;c2 and c3 are always satis�ed throughout the determination process of the control

actions. After applying the control input, the power source outputs,y, are produced

by the plant, including the SOC and fuel cell system e�ciency.

The internal model embedded in the MPC must represent the system behavior

through the states being manipulated in the process. In the study, the states are the

SOC and the e�ciency of the fuel cell system. Although MPC is model-dependent,

it does not require a comprehensive internal model to represent the states of the sys-

tem, thus a simple system model is used to not increase the complexity. At each time

step, the control signal sequence is updated based on the new measurements. This

feedback mechanism enables MPC to adapt to changing system dynamics and reject

prediction errors due to modeling errors or uncertainties. So the MPC controller
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tolerates modeling errors and performs a robust control. But in any case, MPC

performance is expected to be improved as the modeling errors are eliminated.

The powertrain of the studied FCHEV is non-linear because of the battery and fuel

cell dynamics. Equation 4.5 and Equation 4.6 present dynamics of a non-linear

system.

_x(t) = f (t;x (t);u(t)) (4.5)

y(t) = h(t;x (t);u(t)) (4.6)

Considering the non-linear system dynamics given above, the internal model or the

predictive model of the problem can be reconstructed in a discrete form as follows:

xk+1 = f (k;xk ;uk ;wk) (4.7)

xk = [ Pfcdck � 1
;SOCk ] (4.8)

uk = � Pfcdck
= Pfcdck

� Pfcdck � 1
(4.9)

dk = Pemk (4.10)

Here, Pfcdck
and SOCk are the measured states of the components, which are the

fuel cell power at the DC bus and the SOC of the electrochemical battery. The

control signal uk is the reference change in the fuel cell's DC bus power, which is

represented by� Pfcdck
. Also Pemk is the power load from the electric motor.

Figure 4.4 Power balance between the sources and the DC bus

Two main outputs aimed to be served by the internal model areSOCk and the

fuel cell e�ciency � fc k
. At �rst, the set of equations used for predicting the SOC

will be presented. To be able to control the SOC, its dynamics must be available

in the internal model. Hence, Equation 4.11 and Equation 4.12 are used for SOC
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estimation based on the Coulomb Counting method.

_SOCk+1 =
� I batk

Cbat � 3600
� � T (4.11)

SOCk+1 = SOCk + _SOCk+1 (4.12)

Here, _SOCk is the SOC change in one time-step,I batk is the battery current, and

Cbat is the battery capacity. To derive the battery current for SOC estimation,

the power balance at the DC bus is used which holds for the architecture given

in Figure 4.4. Equation 4.13 implies the power balance at the DC bus between

the control signal � Pfcdck
, the previous value of the fuel cell power at the DC bus

Pfcdck � 1
, the load Pemk and the previous value of the SOC.

Pbatdck = � (Pfcdck � 1
+ � Pfcdck

) + Pemk + Pcompressork
(4.13)

Pbatk =

8
><

>:

Pbat dc
� dcdc

; � k = 1

Pbatdc � � dcdc ; � k = 0
(4.14)

I batk =
Eocv(SOCk) �

q
E2

ocv(SOCk) � 4R� k
bat(SOCk)Pbatk

2R� k
bat(SOCk)

(4.15)

Vbatk = Eocv(SOCk) � R� k
bat(SOCk) � I batk (4.16)

In the given equations above, once the battery's power share at the DC bus,Pbatdck ,

is obtained using Equation 4.13, the battery current,I batk , is derived using Equa-

tion 4.15 considering the converter e�ciency as shown in Equation 4.14. Here� k

indicates if the battery is discharging or charging as de�ned earlier in Equation 4.3.

Also the battery voltage, Vbatk is estimated by using Equation 4.16. The equations

are based on an equivalent circuit model approach as illustrated in Figure 4.5.

Figure 4.5 Equivalent circuit of the internal resistance model for the studied
battery pack
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For the studied battery, the relations between the SOC and open circuit voltage

Ebatk , and internal resistanceR�
batk

are graphically expressed in Figure 4.6. Due

to these internal variables being used for SOC estimation are not available in the

form of mathematical expressions since the studied battery is a black-box electro-

chemical model, they are obtained via black-box testing at a constant current of

1C rate, 6.5A. The temperature e�ect is neglected during the tests by setting the

battery temperature to �xed 25� C, and these variables are assumed to depend only

on SOC. Note that these variables are available as outputs for the electrochemi-

cal battery in Cruise-M, and the internal resistance is assumed to be the variable

that refers to the entire voltage drop as used in equivalent circuit models, although

no further information is available in Cruise-M for this output. Consequently, Fig-

ure 4.6 respectively presents the open circuit voltage, and internal resistances during

discharging and charging against SOC.

Figure 4.6 Battery open circuit voltage and internal resistances during discharging
and charging

Synchronously, as the second main output of the internal model, the fuel cell sys-

tem e�ciency is determined against the fuel cell power using the e�ciency curve

of the fuel cell system presented in Equation 2.4. The fuel cell power is directly

determined based on its power share at the DC bus and the converter e�ciency as

in Equation 4.17.

Pfc k
=

Pfcdck � 1
+ � Pfcdck

� dcdc
(4.17)
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The set of calculations aforementioned are executed over the prediction horizon.

The future response of the states is predicted by using the given set of equations via

the internal model. In this way, the future values of the cost function are predicted,

and the optimal control action is determined based on not only the current state

values but also their future responses.

Another important framework of the problem formulation is to involve constraints

in the MPC controller to limit certain states of the system considering the phys-

ical limits of the powertrain components. To this end, four di�erent constraints

are introduced into the MPC that de�ne the limits for the fuel cell current, the

battery current, the rate of change of the fuel cell current, and the state of charge

which are given in Equation 4.18, Equation 4.19, Equation 4.20, and Equation 4.21

respectively.

c1 : � Pmin
fc � � Pfc k

� � Pmax
fc (4.18)

c2 : Pmin
fc � Pfc k

� Pmax
fc (4.19)

c3 : Pmin
bat � Pbatk � Pmax

bat (4.20)

c4 : SOCmin � SOCk � SOCmax (4.21)

The constraints for the fuel cell and battery power magnitudes are set to the de-

sign limits, which are either speci�ed by the manufacturer or extracted from the

dynamometer results. Additionally, the rate of change of the fuel cell current is

limited to achieve a smooth operation and to not create a transient load exceeding

the fuel cell's reaction capabilities. On the other hand, it must be adequately fast

considering the power capabilities of the powertrain of the Mirai [1]. Since these are

the design limits, the constraints are set to the same for the three MPC types to

make a fair comparison. The limit values of the constrained variables are speci�ed

s in Table 4.2.

Table 4.2 Constraint values de�ned in the MPC-based EMS

Constraint Value Unit

Pmax
fc 114 kW

� Pmax
fc 1.1 kW

� Pmin
fc -1.9 kW

Pmax
bat 30 kW

Pmin
bat -30 kW

SOCmax 80 %

SOCmin 30 %
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In the application, the controller parameters are tuned so that a balanced perfor-

mance of the controller is achieved in terms of controller performance and compu-

tational burden. The prediction horizon is speci�ed as 10s, and the control horizon

is tuned as 2s. The sampling time of the controller is speci�ed as 100ms which is

the simulation's step size. These values are selected empirically based on trials and

errors in the simulation. The controller parameters have an important impact on

the performance of MPC. It is seen that, as the sampling time decreases, the con-

troller becomes more robust, so the disturbance rejection performance is improved.

However, the computation load becomes heavier. Theoretically, the performance of

the MPC is improved as the prediction horizon increases, however, it is seen that

increasing the prediction horizon also signi�cantly increases the execution time. The

control horizon is speci�ed as 2s, so that it not only provides a su�cient degree of

freedom for the determination of the control sequence but also does not exceed the

prediction horizon and does not increase the computational burden.

Finally, as mentioned earlier, the MPC is implemented using the CasADi open-

source software tool for numerical optimizations. With the help of the symbolic

framework of CasADi, any non-linear optimization problem can be studied com-

prehensively using it [65]. Although it is available also for other languages such as

C++ and Python, the application in the study is performed in the Matlab-Simulink

environment, and the MPC is implemented using CasADi's symbolic syntax. After

implementing the MPC in Matlab scripts using the CasADi environment, the source

code is generated and integrated into the Simulink. As an advantage of it, the MPC

controller code does not require compilation every time the simulation starts, and

the simulation speed is increased. To solve the non-linear problem, theipopt al-

gorithm is used, which is available in the CasADi environment.ipopt utilizes the

nonlinear interior point method and can be used in any optimization problem e.g.

linear, non-linear, convex, non-convex [66].

4.3 Evaluation of the MPC-based EMS with Smooth, Aggressive and

Balanced Con�gurations

As mentioned in the previous section, dynamic weight selection of the SOC term and

the fuel cell on-o� strategy are performed based on certain thresholds determined

through the maps via interpolation. Calibration of the maps has a crucial impact

on the controller's characteristics since the importance of the cost terms depends on

the values de�ned in the maps. We perform the simulation under �ve di�erent drive

cycles which are NEDC, UDDS, WLTP, US06, and HWFET. Considering the variety
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of driving characteristics in these drive cycles, tuning the map breakpoints and

output values based on a certain drive cycle would bring an over�tting problem. In

this case, selecting the optimal values through the calibration process is necessary to

ensure that the EMS performs in a balanced way under di�erent driving conditions.

For this purpose, three di�erent con�gurations of the MPC were created to select

the more balanced calibration values based on di�erent drive cycles.

Calibration of the maps for each of the smooth and aggressive con�gurations was

performed empirically by evaluating the results under one drive cycle per type.

Since NEDC has non-aggressive characteristics due to the low average speed and

non-aggressive accelerations/decelerations, the smooth con�guration was calibrated

based on it. On the other hand, US06 was used for calibrating the aggressive

con�guration since it contains drastic accelerations and decelerations, and a higher

value of the average speed among the �ve drive cycles. The designed controller

requires calibration only for selecting the SOC cost weight and the on-o� switch

thresholds for the fuel cell.

Firstly, the calibration is performed in a way that a smoother and more e�cient

operation of the fuel cell is achieved with the price of heavier battery utilization.

This is reasonable when the non-aggressive power demand of the NEDC shown in

Figure 4.7 is considered.

Figure 4.7 Power demand of the electric motor in NEDC cycle

As can be seen in the power demand in Figure 4.7, NEDC overall requires lower

magnitudes of power demand from the sources. For this reason, we do not expect

to use the fuel cell to meet the demand for lower amounts of power requests, to

reduce fuel consumption, and to prevent low-e�cient operation. To achieve that,

the calibration of the map used for calculating the fuel cell's switch-on point is set

to a higher value than the aggressive con�guration, so that the fuel cell is enabled

when the power demand exceeds a relatively higher value. As a result of that, the

power will be supplied by the battery at low magnitudes, and the utilization will
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cause a decrease in SOC. At this point, the switch-o� point of the fuel cell is set to

a higher value for recovering the SOC by utilizing the fuel cell in a high-e�ciency

region. Also mostly, NEDC does not contain peak power requests that may cause

the battery to operate at critically high power magnitudes close to the design limits.

Afterward, the second con�guration, aggressive, is calibrated by considering the

sharply increasing and higher magnitudes of the power demand in US06 cycle.

Figure 4.8 Power demand of the electric motor in US06 cycle

When the power demand increases drastically in US06, the battery meets a big

portion of the demand due to the slower dynamics of the fuel cell. On top of

that, if the decision to enable the fuel cell takes an unacceptably long time, the

battery will su�er from critically high amounts of requests. To prevent such an

undesired action, the switch-on point of the fuel cell is set to a lower magnitude of

power demand compared to the smooth con�guration. It will compulsorily cause

�uctuations in the fuel cell's output power and increase in fuel consumption due

to ine�cient operation of it, however ensures that the battery will not utilized at

critically high power levels for long times.

Finally, with a combination of di�erent portions of the �ve drive cycles, another

drive cycle is created to contain all of the characteristics in terms of aggressiveness.

By trial and error, the maps were calibrated aiming to achieve an EMS behavior

performing a tendency between the smooth and aggressive characteristics.
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Figure 4.9 Power demand of the electric motor in the combined drive cycle

After the calibration, the three di�erent EMSs were evaluated under �ve di�erent

drive cycles in an order of NEDC, UDDS, WLTP, US06, and HWFET. Only the

NEDC and US06 performances of three MPCs are evaluated in this section since

these two cycles are the best options to asses the EMSs under the boundary driving

conditions as the smoothest and the most aggressive ones.
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Figure 4.10 Performance of smooth, aggressive, and balanced con�gurations of
MPC-based MPC under NEDC cycle

According to the results shown in Figure 4.10, the smooth con�guration behaved in a

strategy that the fuel cell does not frequently cyclings, performs in the e�cient region

with a smaller dependency on the power demand, and with smoother transients. The

fuel cell was suspended at the low power demands. This allowed to reduction in the

on-o� switchings of the fuel cell and decreased the fuel consumption. However,

since the share of battery in the power allocation is increased, the EMS allowed the

SOC to decrease compared to other con�gurations, and a relatively more oscillatory

SOC result was obtained. Nevertheless, the SOC could be kept still in a certain

range. On the other hand, the aggressive con�guration overreacted against the

deviations in SOC. By the calibration of the on-o� switch points of the fuel cell,

the EMS tended to start the operation of the fuel cell at relatively lower amounts

of power demands and shut it down quickly since the power demand in NEDC

generally decreases below the switch-o� point of the fuel cell after passing the switch-

on point for the aggressive con�guration. Also, during the fuel cell's operation, since

the SOC cost is unnecessarily high because of the calibration of the map used for

calculating the weight of the SOC cost, the fuel cell power oscillated throughout the

driving to minimize the SOC error. Lastly, it is observed in the same results that

balanced calibration of the MPC-based EMS shows a tendency between the smooth

and aggressive ones. The fuel cell is operated relatively more aggressively than the

smooth con�guration, and more smoothly than the aggressive type. It kept the SOC

in a region between that in the other two con�gurations.
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Figure 4.11 Performance of smooth, aggressive, and balanced con�gurations of
MPC-based MPC under US06 cycle

As an aggressive drive cycle, US06 necessitates giving more importance to the SOC

cost to not harm the battery so that the fuel cell meets the big share of the power

demand. To this end, the aggressive con�guration of the MPC-based EMSs reacted

to the power demands by starting to operate under the lower amounts of power
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demands. It lowered the battery's power share and tried to prevent utilizing it at

maximum power. During the limited power supply of the fuel cell because of the

slower dynamics, even if the battery power is forced to reach the maximum value to

ful�ll the power demand, the aggressive con�guration increases the share of the fuel

cell more quickly than the others and decreases the battery's output power. On the

other hand, the smooth con�guration still gives more importance to the e�ciency

cost, although the SOC error increases as the battery supplies high amounts of power

for a long time. Due to the unnecessarily higher e�ciency cost, the fuel cell performs

smoother and tends to operate closer to the e�cient region compared to the other

con�gurations. Although a more e�cient operation is observed, the battery was

utilized at its maximum limit for unacceptable long durations, which will accelerate

the battery degradation or even cause to safety issues. Lastly, although the balanced

con�guration tends to utilize the battery more than the aggressive type, the output

power results are acceptable and it su�ciently keeps the battery output power away

from the maximum limit. Similar to the NEDC results, the balanced con�guration

of the MPC-based EMS behaved in a way between the smooth and the aggressive

con�gurations. It is observed that the tendency is closer to the aggressive one in

terms of power outputs, however, the course of the SOC is closer to the smooth

con�guration result.

Table 4.3 Performance of smooth, aggressive, and balanced con�gurations of the
MPC-based EMS under NEDC cycle, (*model result)

Result Dynamometer MPC-s MPC-a MPC-o Unit

EM Energy Net 1262.4 Wh

Hydrogen Consumption
79.6

73.9 75.7 74.4 g
74.8*

Average FC System E�ciency Not Available 63.4 63.2 63.1 %

FC Energy 1624.7 1613.3 1654.4 1625.1 Wh

Compressor Energy
24

92.6 91.2* 92.1 Wh
91.2

FC Power Change Accumulation 1134.0 393.8 1199.5 768.7 kW

SOC Initial 59.5 59.5 59.5 59.5 %

SOC Final 64.18 60.61 64.57 61.42 %

BAT Energy Output 402.8 617.5 304.2 469.7 Wh

BAT Energy Input -536.9 -731.2 744.7 -572.7 Wh

BAT Energy Total (absolute) 939.7 1348.7 1048.9 1042.4 Wh

BAT Energy Net -134.1 -113.7 -136.3 -102.9 Wh
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Table 4.4 Performance of smooth, aggressive, and balanced con�gurations of the
MPC-based EMS under US06 cycle, (*model result)

Result Dynamometer MPC-s MPC-a MPC-o Unit

EM Energy Net 2851.9 Wh

Hydrogen Consumption
161.2

144.3 146.2 145.0 g
157.3*

Average FC System E�ciency Not Available 60.91 60.53 60.74 %

FC Energy 3247.2 3034.7 3066.9 3049.1 Wh

Compressor Energy
115.1

155.8 182.6 173.8 Wh
216.6*

FC Power Change Accumulation 5578.0 4462.1 3857.2 1071.4 kW

SOC Initial 58 58 58 58 %

SOC Final 60.79 55.29 59.80 57.73 %

BAT Energy Output 498.0 955.8 515.3 673.3 Wh

BAT Energy Input -631.7 -1086.9 -638.6 -784.7 Wh

BAT Energy Total (absolute) 1129.7 2042.8 1153.9 1458.0 Wh

BAT Energy Net -133.7 -131.0 -123.2 -111.6 Wh

In the last part of the section, the balanced con�guration of the MPC-based EMS

is assessed by comparing the results with dynamometer results under WLTP drive

cycle. WLTP is selected due to its high wide range of driving characteristics in

terms of power requirements as explained in the third chapter.

Figure 4.12 Fuel cell power results of the MPC-based EMS and the dynamometer
test under WLTP cycle

As presented in Figure 4.12, the fuel cell power results of the balanced con�guration

of MPC-based EMS follows a similar trend with the dynamometer test results in

terms of on-o� switchings of the fuel cell. Yet, the MPC-based EMS more frequently

cycled the fuel cell in the beginning phase, and between 1000th and 1400th seconds.

On the other hand, the Mirai EMS performed a higher number of switchings between
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300th and 600th seconds, and at the ending, where the MPC-based EMS mostly sus-

pended the fuel cell. In total, the number of switchings obtained by these strategies

is equal for WLTP drive cycle. On the other hand, the peak magnitudes of fuel cell

power are generally higher for the MPC-based EMS compared to the Mirai, except

from the beginning until 200th second and from 1400th to the end of the cycle. The

di�erence at the beginning can be due to the SOC level overshooting 60%. However,

the deviation in the last phase can be related to the fuel economy purpose of the

MPC-based EMS, although the SOC level is below the target. The SOC is still in

the desired range, nevertheless, the fuel cell's power share could be increased and

SOC error can be reduced by re-adjusting the maps used for calculating the SOC

cost term, if SOC error compensation is wanted to be improved.

Figure 4.13 Battery power results of the MPC-based EMS and the dynamometer
test under WLTP cycle

According to the battery power results shown in Figure 4.13, especially after 1200th

second the MPC-based EMS more heavily utilized the battery by repeatedly dis-

charging and charging it. This is a result of the e�ciency term e�ect and the on-o�

strategy of the MPC-based EMS. Since SOC sails below the target, the EMS tends

to charge the battery without moving much away from the e�cient region of the

fuel cell system. Throughout the driving, considering the dynamometer result, it

can be said that the MPC-based EMS achieves a realistic power allocation in terms

of the battery power magnitudes, since the maximum and minimum values of the

battery power are quite close for both methods.
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Figure 4.14 Compressor power results of the MPC-based EMS and the
dynamometer test under WLTP cycle

As discussed in the second chapter where the compressor results are evaluated,

more amount of energy is lost in the compressor model of the plant compared to the

Mirai's. This serious deviation between the compressor results does not originate

from the EMS decisions, it is due to di�erences between the compressor model and

the real system. In general, due to the higher power request of the compressor

model as shown in Figure 4.14, a larger amount of power is requested from the

power sources in the FCHEV plant model.

Figure 4.15 SOC results of the MPC-based EMS and the dynamometer test under
WLTP cycle

According to the SOC results presented in Figure 4.15, the MPC-based EMS allows

the SOC to decrease and sail below the target in order to improve the fuel economy

under dictation of the e�ciency cost and decisions to suspend the fuel cell. Nev-

ertheless, the SOC is still driven within an acceptable range without decreasing to

critically low values e.g. less than 50%. Also, this o�set enables the SOC to settle

the target value at the end of the cycle, after the hard regenerative braking phase

at the end of the cycle.
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5. Simulation Results and Evaluation

In this chapter, the developed EMSs are evaluated through the simulation tests,

and the results are presented. The performance of the designed EMSs which are

RB-EMS and MPC-based EMS are assessed under various drive cycles. Also, the

dynamometer test results of a Toyota Mirai under the same drive cycles are shown

there to evaluate the di�erences and similarities between the designed energy man-

agement strategies and the real results. The comparison is important to show the

representativeness of the FCHEV model and the reliability of the simulation results.

5.1 Simulation Results

This chapter presents the simulation results for the RB-EMS and the MPC-based

EMS. The output data of the power sources is generated through the simulations

conducted under �ve di�erent drive cycles which are NEDC, UDDS, WLTP, US06,

and HWFET. In addition to the designed EMSs, the dynamometer test results are

shown which are presented by the authority. The evaluation criteria of fuel economy

are selected as hydrogen consumption and average fuel cell system e�ciency. Apart

from the evaluation of fuel economy, the feasibility of utilization of the power sources

is assessed by considering the physical limits and the potential e�ects on the degra-

dation of the power sources. For this purpose, various criteria are evaluated such as

the power change accumulation of the fuel cell, the �nal value of the SOC, and the

total energy transferred through the battery. The outputs of the components are

presented in the �gures for each drive cycle, followed by the numerical results in the

tables for each drive cycle.
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5.1.1 NEDC

NEDC has a total duration of 1160s. Its driving pattern starts at low speeds in

an urban characteristic and keeps this attitude for a big part of the cycle. Towards

the end, the velocity reference inclines to higher speeds representing highway driving

which requires higher amounts of power from the sources. However, NEDC generally

exhibits a less aggressive driving pattern compared to the other four cycles.

Figure 5.1 NEDC

The results in Figure 5.2 show that, during the �rst 800 seconds which is the urban

segment, among the methods the MPC-based EMS mainly used the battery instead

of the fuel cell at low power demands. As a consequence of that, the SOC coursed

around a lower level than the others, but still in a controlled manner without having

critically low or high values. Generally, the SOC curves are similar for the RB-EMS

and the Mirai EMS. At the end of the cycle, due to the hard regenerative braking,

all results show an increase in SOC. Yet, the MPC-based EMS reached a value closer

to 60% of the target SOC compared to the RB-EMS and the Mirai EMS. Both the

RB- and MPC-based EMSs could use the fuel cell in the e�cient region. Since the

average e�ciency data for the fuel cell system is not available in the dynamometer

test results, no evaluation could be done for the Mirai EMS. The MPC-based EMS

achieved slightly a higher average value for the fuel cell system e�ciency compared

to the RB-EMS result. The trends in the fuel cell power are partly close for all

methods, nevertheless, RB-EMS slightly more utilized the fuel cell than the others.

Considering the transients of the fuel cell power, all the methods perform relatively

more aggressive actions after 800th s, where is the highway segment. However,

the sharpness of the changes in the fuel cell output power is close in all results,

showing that the RB-EMS and MPC-based EMS does not create any unrealistic

change through our FCHEV model in NEDC. The results show that the smoothest

operation of the fuel cell is performed by the MPC-based EMS, followed by the

RB-EMS. This reliability is important because requesting power from the fuel cell

with strong deviations and pushing it to the limits would cause an acceleration in
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its degradation. As is seen at 200th, 400th, and 600th s, although the MPC-based

EMS and the Mirai EMS tended to utilize the fuel cell for the requests pulsing,

while the RB-EMS decided to suspend the fuel cell at such demands. As a result,

the number of on-o� switchings of the fuel cell is higher for the MPC-based EMS and

the Mirai EMS compared to the RB-EMS. This could be prevented by calibrating the

MPC-based EMS in a way that it enables the fuel cell at a higher amount of power

demand, however during the design phase it was observed that such a calibration

causes a delayed transient response of the fuel cell. This resulted in the utilization

of the battery at higher power values in the peak requests, as will be discussed in

US06 results. However, once the fuel cell is initialized, the MPC-based EMS tends

to charge the battery by using the fuel cell. For relatively lower power demands as

in between the seconds 800th and 1030th, the MPC-based EMS charged the battery,

but still, the fuel cell did not move away from the e�cient region. For the same

interval, the RB-EMS tended similarly by requesting lower amounts of charging

power from the fuel cell, while the EMS of Toyota Mirai did not charge the battery.

According to the battery power results shown in Figure 5.2, all the methods operated

the battery with di�erent tendencies. However, it is utilized far from its limits by

all three EMSs. Lastly, according to the compressor power results, a remarkable

di�erence is observed between our FCHEV model and the compressor of the Toyota

Mirai. However, when we applied the fuel cell power data from the dynamometer

test to our fuel cell system model, all methods produced similar compressor power

outputs.
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Figure 5.2 Comparision of the system outputs for the RB-EMS, MPC-based EMS,
and dynamometer results under NEDC

The most important outcomes related to fuel economy are hydrogen consumption

and fuel cell e�ciency. On the other hand, the fuel cell power change accumulation

and magnitudes of the battery power output, SOC �nal value, and energy outcomes

are signi�cant measurements that may be considered related to the degradation of

the power sources. As reported in Table 5.1 for NEDC, the MPC-based EMS could

decrease fuel consumption by 3.63% and 0.54% compared to the RB-EMS and Mirai

EMS results respectively. Also, the average e�ciency of the MPC-based EMS is 0.1%

higher than the RB-EMS, showing that both of the methods utilized the fuel cell

e�ciently. In general, it is observed that a better fuel economy is achieved by the

MPC-based EMS in NEDC, followed by the Mirai EMS and the RB-EMS. Although

NEDC is not an aggressive cycle that pushes the sources to their limits, the MPC-
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based EMS utilized the fuel cell signi�cantly more smoothly, especially compared

to the dynamometer results. In NEDC, the battery power outputs are far from the

limits as discussed earlier, however, less amount of energy �owed on the battery in

the RB-EMS results, followed by the Mirai EMS and, with a slightly higher value,

the MPC-based EMS. Lastly, the MPC-based EMS could �nish the NEDC with a

�nal SOC value closer to 60% of the target value, while the others overshot the

target with a larger di�erence.

Table 5.1 Power source outputs for the dynamometer test, RB-EMS, and MPC-based
EMS under NEDC

Result Dynamometer RB MPC Unit

EM Energy Net 1262.4 Wh

Hydrogen Consumption
79.6

77.2 74.4 g
74.8*

Average FC System E�ciency Not Available 63.00 63.10 %

FC Energy 1624.7 1682.2 1625.1 Wh

Compressor Energy
24.0

93.9 92.1 Wh
91.2*

FC Power Change Accumulation 1134.0 872.8 768.7 kW

SOC Initial 59.5 59.5 59.5 %

SOC Final 64.18 65.57 61.42 %

BAT Energy Output 402.8 338.1 469.7 Wh

BAT Energy Input -536.9 -459.8 -572.7 Wh

BAT Energy Total (absolute) 939.7 797.9 1042.4 Wh

BAT Energy Net -134.1 -121.9 -102.9 Wh

5.1.2 UDDS

Although UDDS contains several start-stop phases and is typically used for city

driving test scenarios, its phases with occasional and rapid accelerations cause more

dramatically changing power requests from the sources compared to NEDC.
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Figure 5.3 UDDS cycle

Under this scenario, the results in Figure 5.4 show that the SOC deviates under

UDDS due to frequent accelerations and decelerations throughout the driving, for

all EMSs compared to their behaviors in NEDC. Among the three methods, the

MPC-based EMS allows the SOC to �uctuate at a lower level, while the RB-EMS

tends to decrease at the beginning and stay there, and the Mirai EMS charges the

battery on average the driving. Comparing the SOC �nal values, the RB-EMS

achieves a closer value to the target than the others. The �nal value is lower than

the target for the MPC-based EMS, while it exceeds the target value with the same

magnitude as in the Mirai EMS result. According to the results in Figure 5.4,

between the seconds 175th-270th, and 430th-455th, the MPC-based EMS and the

Mirai EMS tend to utilize the battery in higher power demands compared to the

RB-EMS result. This tendency allowed the MPC-based EMS and the Mirai EMS

to operate the fuel cell in a more e�cient region compared to the RB-EMS. On

the other hand, the RB-EMS keeps the SOC more steady by sacri�cing the fuel

economy, because it uses the fuel cell to supply the peak power requests where the

fuel cell would operate less e�ciently. It is not observed for the MPC-based EMS

that the fuel cell operated below 5kW which is an ine�cient region. The number

of on-o� switchings of the fuel cell is higher than the dynamometer result for the

MPC-based EMS, but the highest number of the switchings is achieved by the RB-

EMS. The rate of change in the fuel cell power is the lowest for the MPC-based

EMS, which asserts a prolonged life of the fuel cell due to the smooth operation.

In this sense, the smoothness of the RB-EMS and the Mirai EMS results are closer

to each other and higher than the MPC-based EMSs. Although the magnitudes of

peak power outputs of the battery are higher for the RB-EMS among the methods,

the total utilization of the battery is the lowest for this strategy. Also according to

the results, the fuel cell is operated more e�ciently by the MPC-based EMS than

the RB-EMS. Lastly, similar to the NEDC results, a notable di�erence is observed

in the compressor power outputs of our FCHEV and the Mirai.
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