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Abstract

This thesis proposes a novel framework for solving the energy management problem
of Hybrid Electric Vehicles (HEVs). We aim to establish a practical and effective
approach targeting an optimal Energy Management Strategy (EMS). A situation-
specific Equivalent Consumption Minimization Strategy (ECMS) is developed to min-
imize fuel consumption and improve battery charge sustainability while maintaining
an acceptable drive quality. The investigated methodology will be broadly applicable
to all HEV applications; however, it will be well-suited for hybrid electric delivery
applications.

First, the electrified powertrains and topologies of HEVs, along with an intro-
duction of various energy sources, are assessed. Requirements of an intelligent EMS
(iEMS) are explored, which propose a novel classification of iEMSs. Various iEMSs
are discussed with a detailed description of their advantages, disadvantages, and prin-
ciples. Furthermore, a comparison of vehicle communication protocols and controller
chips that enable EMSs implementation is also provided.

Second, a detailed HEV model that best presents the vehicle behavior is estab-
lished in MATLAB\Simulink. A baseline EMS is developed for the selected HEV
using the publically available Toyota Prius MY 10 data. The powertrain components

and vehicle longitudinal modeling are explained in detail. The model demonstrates

11



a good agreement with real-world testing data with respect to energy-related aspects
of powertrain and vehicle.

Third, a Dynamic Programming (DP) method as an offline global optimization
EMS is developed. This method will serve as a benchmark to evaluate the situation-
specific ECMS approach. The procedures for implementing DP to the HEV power-
train are explained in detail. A simplified backward vehicle model is established to
be integrated into the DP algorithm. The DP results are compared with the baseline
rule-based method, which shows significant improvement in fuel economy achieves by
DP.

Fourth, the unsatisfactory performance of the rule-based method and the offline
feature of DP contribute to developing an EMS with a trade-off between the simplic-
ity of heuristic methods and optimal performance of global optimization algorithms.
We suggest a situation-specific ECMS which can provide near-global optimal results
while meeting the real-time application’s criteria. This method employs a simple and
effective adaption rule by utilizing three distinct Equivalence Factor (EF) values to
keep the battery SOC in a small window. Finally, the performance of implemented

EMSs is evaluated on both standard and real-world drive cycles.
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A-ECMS Adaptive ECMS.
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ANN
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CDCS
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DNN
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E/E
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Automotive Ethernet.

Artificial Intelligence.

Artificial Neural Network.
Application Specific Integrated Circuit.
Controller Area Network.

Charge Depleting.

Charge Depleting-Charge Sustaining.
Charge Sustaining.

Domain Controller Architecture.
Deep Neural Network.

Dynamic Programming.

Deep Reinforcement Learning.
Digital Signal Processor.

Electrical and Electronic.
Evolutionary Algorithm.

Equivalent Consumption Minimization Strategy.

vi



ECUs
EF
EM
EMS
ESS
EV
FC
FCHEV
FPGA
GA
GOS
GPS
GPU
HESS
HEV
HIL
ICE
LIN
LVDS
MC
MCM
MCU
MDP
MOST

Electronic Control Units.
Equivalence Factor.

Electric Machine.

Energy Management Sterategy.
Energy Storage System.
Electric Vehicle.

Fuel Cell.

Fuel Cell Hybrid Electric Vehicle.
Field Programmable Gate Array.
Genetic Algorithm.

Global Optimal Solution.
Global Positioning System.
Graphical Processing Unit.
Hybrid Energy Storage System.
Hybrid Electric Vehicle.
Hardware-in-the-loop.

Internal Combustion Engine.
Local Interconnect Network.
Low Voltage Differential Signal.
Markov Chain.

Markov Chain Model.
Microcontroller Unit.

Markov Decision Problem.

Media Oriented Systems Transport.
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MPU
PEMFCs
PEV
PHEV
PI
PMP
PSO
QP
RL

SA

SC
SDP
SHEV
SOC
SoC
TD
TEGs
TPM
ucC
UDDS
V2l
\PA%
ZCA

Model Predictive Control.
Multi-core Microprocessor Unit.
Proton Exchange Membrane Fuel Cells.
Pure Electric Vehicle.

Plug-in Hybrid Electric Vehicle.
Proportional-Integral.
Pontryagin’s Minimum Principle.
Particle Swarm Optimization.
Quadratic Programming.
Reinforcement Learning.
Simulated Annealing.
Supercapacitor.

Stochastic Dynamic Programming.
Series Hybrid Electric Vehicle.
State of Charge.

System-on-Chip.

Temporal Difference.
Thermoelectric Generators.
Transition Probability Matrix.
Ultracapacitor.

Urban Dynamometer Driving Schedule.
Vehicle to Infrastructure.
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Chapter 1

Introduction

1.1 Background and Motivation

Vehicle emissions lead to air pollution which is adversely impacting human health,
environment, and economy. The United States Environmental Protection Agency
(EPA) considers the transportation sector as a significant source of greenhouse gas
emissions between 1990 and 2018 [1]. In Canada, for instance, according to Figure
1.1, the transportation sector is the second’s greenhouse gas emitter. Climate change
as a consequence of greenhouse gas emissions causes worldwide challenges. Conven-
tional vehicles’” dependency on fossil fuel sources drains the nonrenewable resources
that cannot be easily replaced. To tackle the problems associated with conventional
vehicles, the transportation industry is heading toward fuel-efficient and climate-safe
vehicles.

The past decade has seen the rapid development of electrified vehicles. The Pure
Electric Vehicle (PEV) has been attracting a lot of interest. However, there are

specific issues with PEVs, including limited range, immature battery technology, high
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Figure 1.1: Breakdown of Canada’s Emissions by Economic Sector (2018). (Adapted
from [2])

cost, and limited charging infrastructure availability. Concerning current challenges
with PEVs, a Hybrid Electric Vehicle (HEV) seems more practical and feasible for
mass production. Although they still utilize Internal Combustion Engine (ICE), in
comparison with conventional vehicles, HEVs are much fuel-efficient. Figure 1.2 shows
a contious increase of HEV market until the year 2030. As it can be seen, the trend

forecasts an 80% increase for HEVs until the year 2025.
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Figure 1.2: Estimation of market penetration of hybrid electric vehicles by 2030.
(Adapted from [3])

Hybrid powertrain configuration comprises at least one supplemental energy source
such as a battery in addition to ICE fuel tank. Hybridization of powertrain allows the
vehicle owner to drive on multiple modes. Targeting the driving condition is one of
the factors that dictates the driving mode to HEV. For instance, city driving involves
frequent stop and go situations in which electric mode is much more efficient than

the hybrid mode. To manage the use of energy sources in a hybrid electric drivetrain,
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a supervisory controller is essential. An Energy Management Sterategy (EMS) dis-
tributes the power between energy sources in an electrified vehicle while meeting the
driver power demand [4].

A great deal of studies have examined various EMSs to improve the fuel economy
and the overall performance of hybrid powertrains. These methods either concentrate
on optimal performance such as optimization-based algorithms or real-time capabil-
ity such as heuristic methods. Rule-based EMSs are practical and well-suited for
commercial applications; however, they cannot fully utilize the HEV powertrain ca-
pability. In this work, we focus on developing an EMS which can achieve near-optimal
performance while ensuring the suitability for practical HEV application. Our devel-
oped algorithm does not require exact and predicted drive cycle information to ob-
tain significant fuel economy improvement. This feature facilitates EMS utilization
in commercial vehicles. The developed EMS adaptively modifies the control strategy
to ensure minimizing the fuel consumption at each instant and maintain a battery
charge sustaining mode, which is desirable for HEV applications.

This thesis finds a novel EMS framework that is broadly applicable to all HEVs. In
particular, the proposed approach has felicitous performance for the situations when
an HEV involves delivery or pick-up drive cycles that feature multiple stop locations.
The results on real-world and standard drive cycles reveal the great potential of
the situation-specific EMS to assist the industry in developing effective EMS control
systems for commercial applications. United Parcel Service (UPS), as one of the large
companies in package delivery, has already dedicated a number of hybrid electric
delivery trucks in the U.K. and U.S. [5]. The company has also invested in bringing

semi-electric trucks with a collaboration with Tesla [6]. The 18 months evaluation of
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UPS second-generation diesel hybrid electric delivery van has shown a significant fuel
economy improvement by 13% in comparison to its conventional vehicle counterpart
[7]. This fuel-saving amount would be much more remarkable if an EMS controller

with fuel optimal performance is embedded in the vehicle.

1.2 Thesis Outline and Contributions

In this section, we will outline the thesis by introducing the chapters. In each part,

we will also explain our contributions.

1.2.1 Energy Management Strategies (EMSs)

This chapter provides a comprehensive review of the novel EMSs for electrified ve-
hicles. We start the chapter by introducing the different electrified powertrain ar-
chitectures following by briefly explaining energy sources integrated into electrified
architectures, including battery, Supercapacitor (SC), Ultracapacitor (UC), and ther-
mal or mechanical energy devices. Next, the requirements of intelligent EMSs and a
new categorization of them into principle-based, data-driven, and composite methods
are presented. The state of the art energy management methods, including Artificial
Neural Network (ANN) and Reinforcement Learning (RL), are discussed in detail.
We also elaborate on enabling technologies for implementing an energy management
system to compare different controller chips and vehicle connectivity networks. Fu-
ture trends and existing challenges are also presented, which generate fresh insight
into EMSs. Finally, this chapter provides a thorough review of vehicle electrification

and intelligent energy management systems for electrified vehicles.
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1.2.2 High-Fidelity Modeling of a Hybrid Electric Vehicle

This chapter lays out the modeling of the Toyota Prius MY 10, which is selected as
our case study in this thesis. The first step is to build a vehicle model that shows
similar behavior as the actual vehicle to establish an effective energy management
controller. In this chapter, a system-level high-fidelity model of the vehicle using the
MATLAB\Simulink environment is presented. The complete model is formulated in
a forward-facing fashion, which allows it to track the desired velocity commands by
the driver model. The model consists of three main components: the driver model,
the supervisory EMS controller, and the vehicle plant model. The baseline EMS is
simulated utilizing the online sources and available public data. Finally, the simulated
model is validated against the testing data provided by Argonne National Laboratory
(ANL). This chapter contributes to providing an HEV model that indicates similar

behavior to the actual Toyota Prius MY10 for the most important energy-use metrics.

1.2.3 Implementation of an Offline Optimal Energy Manage-

ment Strategy

This chapter discusses the implementation of Dynamic Programming (DP) as a global
optimization tool for the energy management problem of HEVs. A brief introduction
of DP theory is provided following by formulating the optimal energy management
problem. The DP procedure for the selected HEV powertrain is explained in detail
and the backward simulation model of Toyota Prius MY10 is built. The developed
DP is able to minimize the fuel consumption over a pre-known drive cycle while
preventing excessive engine on events. This chapter provides a benchmark solution

for further evaluating the proposed real-time EMS in the next chapter.
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1.2.4 Development of a Real-time Energy Management Strat-

egy

We propose a novel framework to address an optimal EMS based on Equivalent Con-
sumption Minimization Strategy (ECMS) focusing on long-term charge sustenance
of battery. By the long-term charge sustenance, we impose a soft constraint on the
battery SOC at the end of each drive cycle, which does not need the ending SOC
to be exactly equal or very close to the reference SOC value, but the controller is
capable of wobbling the battery SOC around the global reference value with a small
amplitude in the long-term. To obtain a near-global optimal fuel economy perfor-
mance, the method instantaneously minimizes the equivalent power consumed by the
HEV. We also consider minimizing the excessive HEV operating mode change to
avoid unpleasant driving experiences.

The EMS approach is established with low computational resources to be com-
patible with automotive industry requirements. It does not require any predicted or
future driving information. Therefore, we believe it can facilitate the development
of an optimal real-time EMS for real-world HEVs. The proposed method is tested
on both standard and real-world drive cycles. To fully demonstrate the effectiveness
of the proposed strategy, the simulation results are compared with rule-based, PI-
based ECMS, and DP strategies. Results indicate that the proposed ECMS achieves
the near-global optimal performance compared to the benchmark DP. The results
also show that the proposed ECMS can achieve significant improvement in both
fuel-economy and battery charge-sustaining compared to rule-based. Compared with
Pl-based ECMS, the proposed ECMS is more efficient with respect to fuel economy

and ease of implementation.



Chapter 2

Energy Management Strategies

(EMSs)

2.1 Introduction

Lives on earth have been drastically affected by the air pollution generated from ve-
hicle emission, and global warming has caused drastic climate changes. One of the
promising solutions is shifting toward fuel-efficient vehicle and electrification trans-
portation. Combining different sources of energy such as a battery, an UC, a Fuel
Cell (FC), and an ICE can help decrease fuel consumption and emissions.

PEV, which has zero emission, seems like a feasible solution, but its shorter oper-
ating range compared to a conventional vehicle and the insufficient infrastructure to
accept this technology have limited its accessibility. The limited charging stations,
long charging time, immature battery technology, high cost, and issues that happen
to the power network should be addressed for going toward electrifying transportation

[8]. Therefore, HEV which consists of an ICE with at least one Electric Machine (EM)
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is more popular. The added degree of freedom from the EM in HEVs brings more
complexity in powertrain, however, this results in better performance, high power,
and low acoustic noise in comparison to conventional vehicles.

EMS tries to navigate energy between several energy sources considering one or
multiple objectives while satisfying the driver’s power demand. Energy consumption
minimization, improving drivability, safety, increasing component lifetime, and emis-
sion reduction can be considered as an objective for an EMS problem. Drivability
refers to the driver’s comfort in terms of smooth gear shifting, low driveline vibrations
and, reasonable engine on/off switches [9]. Safety focuses on tolerating possible faults
that can occur in the vehicle components [10]. Carbon monoxide (CO), Hydrocarbons
(HC), and Nitrogen Oxide (NO) are regarded as tailpipe emissions [11].

EMSs are generally categorized into rule-based and optimization-based methods.
In rule-based methods, rules are achieved through engineers’ knowledge, in addi-
tion to trial and error. Since the rules are driven without any prior knowledge of
drive cycles, rule-based methods failed to address the optimal EMS [12]. In contrast,
optimization-based methods derive optimal control inputs for powertrain components
with the goal of mostly improving fuel economy. Optimization-based methods are
generally classified into global optimization-based and real-time methods [13]. The
global optimization-based method considers the energy management problem for a
complete driving cycle. Regarding their high computational time, they cannot be
implemented in real-time directly. Real-time methods implement instantaneous opti-
mization problems that only consider the current state of the system.

Developing an approach with a tradeoff between simplicity of rule-based methods,

optimality of global optimization approaches, and real-time capability of real-time
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EMSs has been a concern for researchers. A vehicle compatible EMS with the ability
to adapt to its environment with low computational resources would be considered as
an intelligent energy management strategy (iEMS). Optimization-based approaches
can be modified by combining with state of the art algorithms to satisfy iEMS re-
quirements. With emerging data mining techniques and machine learning tools, EMSs
are being driven towards data-based methods with the capability of adapting to real
world driving situations. Computational burden, experimental implementation, and
optimal performance are the remaining challenges that should be investigated. The
detailed requirements, classification, and challenges of iEMSs are further addressed

in this thesis.

2.2 Electrified Powertrain Architectures

The architecture that the EMS needs to control must be defined. Without a specified
architecture, the EMS cannot be optimized or realized. In this section, electrified
powertrain architectures, including its energy sources, propulsion devices and inter-
facing components are discussed. The two most popular Electrical and Electronic
(E/E) architectures are presented to provide the readers with a proper background
on why, where, and how the EMSs are introduced for the appropriate vehicle archi-
tectures. The future of mobility not only depends on the electrified, automated and
connected vehicles but also the devices in the vehicles [14].

The electrification of the powertrain domain has garnered a lot of interest in the
last couple of years due to the advancements made in electrical technology for energy

sources, power conversion components, and different types of loads. Until recently,

10



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli McMaster — Electrical & Computer Eng.

ICE has been the main propulsion component of the powertrain in conventional ve-
hicles, which is supplied directly by petroleum sources [15]. Other means of energy
sources have been introduced and researched to ensure the automotive industry does
not impact the environment negatively. As a way of introducing electrical energy
sources, HEVs have been introduced in such a way where another energy source is
used in conjunction with the ICE. The HEV has been a practical way of introducing
sustainable and renewable energy sources into vehicles without disturbing the cur-
rent infrastructure and causing too many risks in terms of safety and environmental
impact.

Following the HEV, there are two other main electrified vehicle powertrain archi-

tectures that were studied, which are mentioned below [16, 17, 18]:
e Pure Electric Vehicle
e Hybrid Electric Vehicle

e Fuel Cell Hybrid Electric Vehicle

Each one of the above mentioned powertrain architectures is designated with dif-
ferent, but similar types of energy devices. Each architecture integrates the energy
sources differently, but with similar technologies. Battery, SC, UC, and thermal or

mechanical energy sources can be used as energy sources in the architectures.

2.2.1 Energy Sources

Each powertrain architecture integrates the energy sources differently but with similar
technologies. Battery, SC, UC, and thermal or mechanical energy sources can be used

as energy sources in the architectures.
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Battery

Batteries have been widely used in all types of vehicle architectures, including the
conventional ICE vehicle for the low voltage electronics [19]. Battery maturity has
reached a certain level where its use in both household and commercial industries
has been widely accepted [20]. Batteries also offer the ability to be recharged during
regenerative braking periods of the vehicle, which can be very advantageous, since
batteries’ energy density is smaller compared to nonrenewable fuels. Three of the
main types of battery cell technologies widely used today in xEVs have been the
Lead-acid, Nickel-based, and Lithium-ion based batteries. Lead-acid batteries are
common in household and commercial applications since they tend to be one of the
cheaper solutions in battery cell technologies [21]. They also tend to have good enough
efficiency and fast response to be incorporated in electrified vehicles. However, there
are certain drawbacks associated with lead-acid batteries such as their negative impact
on the environment, low specific energy, and their need to be replaced quite frequently.
Nickel-based batteries have been used in HEVs for 14 years and manufactured mostly
by Panasonic and Primearth EV Energy (PEVE) [21]. The power and energy density
of the nickel-based battery, are significantly different from its counterpart of lead-acid.
However, nickel-based suffer from a high self-discharge rate that would not benefit
PEV with such technology since its range would be significantly affected. According to
the detailed analysis of different battery chemistry in [19], lithium-ion batteries have
unprecedented performance over the other technologies due to their higher energy

density, no memory effect which increases its lifetime, and less environmental impact.
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Supercapacitor and Ultracapacitor

SCs and UCs employ both electrostatic and electrochemical storage to be able to
deliver electric power. Different than traditional capacitors, UCs have been used to
enhance the traditional Energy Storage System (ESS) in terms of lifetime and power
delivery [22]. UCs have been traditionally used whenever immediate spikes of power
are demanded by the load since they have a high power density [23, 24]. This method
has been used to increase the lifetime of lithium-ion battery or just to ensure the
power demand is met within a small time frame. Another positive aspect of UC is

its long lifetime, which is noticeable in comparison to batteries.

Fuel cell

FC energy sources have been widely used in Fuel Cell Hybrid Electric Vehicle (FCHEV)
in both civilian vehicles as well as in-city transit buses [25]. FCs are electrochemical
energy sources that produce electrical energy through a chemical reaction between
the oxidant at the cathode and the fuel atoms at the anode of the device [25]. FCs, in
contrast to batteries, need an unceasing source of fuel in addition to oxygen to operate
[19]. The different types of FCs are categorized based on the electrolyte substance.
Proton Exchange Membrane Fuel Cells (PEMFCs) are dominant in transportation
due to high efficiency, high power density, and low-temperature operation. However,
low performance at high current density, high cost, and durability are remaining

problems of using PEMFCs in vehicles [26].
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Mechanical and Thermal Devices

Other sources of ESS consists of thermal and mechanical devices. In mechanical
ESS, the flywheel can be used in conjunction with ICE, or other rotating components
since the flywheel is able to store kinetic energy, and the accumulated energy is
proportional to its rotational velocity [27]. The flywheel tends to be an attractive
solution whenever the vehicle exhibits high or medium power demands [28]. They
are favorable in terms of their lifetime (>20 years) as they have a large number of
charge/discharge cycles, which is independent of temperature [29]. A disadvantage
of the flywheel is that it tends to be quite heavy and bulky since the energy storage
capability is proportional to the speed but as well as the inertia of the flywheel which
is determined by its mass and geometry. A type of thermal ESS is the Thermoelectric
Generators (TEGs). Using the Seebeck effect, TEGs are solid-state devices that help
to regenerate the energy lost through heat within vehicle components such as ICE,

exhaust systems, power converters, and other heat-generating components [30].

2.2.2 Hybrid Powertrain Architectures

All of the aforementioned energy sources are used differently within different archi-
tectures of an electrified vehicle. The architecture of the vehicle highly dictates how
the conversion and transfer of power are performed. Based on the three main archi-
tectures mentioned above, the most popular option of architectures for the electrified
vehicle has been the HEV [31]. Many different HEV architectures imply many differ-
ent possibilities to integrate the ICE with an electric battery or other energy sources.

Some of the different HEV are listed below:
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Series Hybrid Electric Vehicle

In a Series Hybrid Electric Vehicle (SHEV), only the electric motor drives the wheels,
and ICE has no direct mechanical connection with wheels. This configuration permits
the ICE to perform at its maximum efficiency, which is very useful for heavy com-
mercial vehicles, military vehicles, and as well in buses [32, 33]. The engine provides
electric energy through a generator for an ESS. An SHEV is similar to an Electric
Vehicle (EV) but with higher electric driving range thanks to engine-generator unit
[34]. An SHEV with Plug-in capabilities is shown in Figure 2.1.

DC AC
AC DC
DC

I = | ] “ac
Tank

‘\\ Fuel

|
PHEV w\

Figure 2.1: The series HEV architecture with plug-in capability.
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Parallel Hybrid Electric Vehicle

Parallel HEV architectures employ electric motors and ICE in parallel to drive the
wheels. Driving power is provided by both mechanical and electrical energy, which
leads to higher powertrain efficiency in comparison to series configurations [35]. The
parallel HEV architecture (with a plug-in) can be seen in Figure 2.2 where both ICE

and electric motors are used in parallel.

M/G
Ll

Figure 2.2: The parallel HEV architecture with plug-in capability.

Series-Parallel Hybrid Electric Vehicle

Series-Parallel, also called power-split configuration, provides paths for ICE to wheels
as well as electric motors to wheels by using planetary gearsets [36, 33]. In other

words, it includes both series and parallel paths to merge their advantages. Engine
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power can be used to generate electricity to either charge the battery or drive the
vehicle through the electrical path as well as provide mechanical power to drive the
vehicle by itself or in parallel to electric motor [34]. Toyota, Ford, and Lexus have
been using this configuration for quite a while [33].

Lastly, for all of these architectures, a plug-in capability can be introduced which
lets the owner of the vehicle charge the vehicle whenever not used. This ensures
that there is a maximum amount of electrical energy stored whenever the vehicle
would pursue a journey. This can maximize range and can be helpful in reducing fuel

consumption.

Figure 2.3: The series-parallel HEV architecture with plug-in capability.
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2.2.3 Electrical and Electronic Architectures

The E/E architecture of such electrified vehicles described in Section 2.2 has come
to a paradigm shift where the in-vehicle E/E architecture Electronic Control Units
(ECUs) that were connected in a central ”Gateway” or ”Plug-in” type of control
architecture is moving towards a more distributed or centralized control architecture
[37]. ECUs consist of embedded controllers that perform multiple functions in the
vehicle to minimize the driver’s effort of driving the car, ensuring safe control and
monitoring of the vehicle components while also ensuring the entertainment systems
in the vehicle are functioning properly. Most of the ECUs in conventional vehicles

are mainly tasked to do a single vehicle function including but not limited to:

e Adaptive Cruise Control (ACC)

Anti-Lock Braking System (ABS)

Battery Management System (BMS)

Engine Control Module (ECM)

Light Switch Module (LSM)

Park Distance Control (PDC)

In the conventional E/E architecture of a vehicle, there can be 70 to 100 ECUs
with their own functions. The communication is performed on a dedicated ” gateway”
bus depending on the safety level of the ECU. The trend of electrification is pushing
for a redesign of the E/E architecture of an electrified vehicle. This redesign step is
coming from the bottlenecks found in the migration of xEV technologies where re-

quirements such as flexibility, scalability, external communication, computing power,
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communication bandwidth and functional complexity are all increasing [38]. This in-
crease has pushed the limits of current technology used in conventional vehicles and
different types of communication architecture are needed along with different types
of ECU distribution. Furthermore, having so many ECUs in the vehicle requires high
qualification costs that can have a huge impact on the manufacturer of the vehicle
[39]. Requiring many ECUs increases energy consumption which is non-ideal for xEVs
where range is crucial and limited.

The move to centralized E/E architecture is inevitable but this has to come grad-
ually as not to disturb the vehicle infrastructure. Some requirements for new E/E
architectures consist of acquiring large amounts of environmental data along with
many parallel computations to ensure proper processing of the vast amount of data
[40]. The move from a distributed E/E architecture to a more centralized one has

been adopted by two similar but different types:

e Domain Controller Architecture (DCA): Domain specific ECUs with possible

domain overlaps through dedicated gateway.

e Zonal Controller Architecture (ZCA): Domain independent with a central in-

vehicle/external computer with possible zone ECUs.

The DCA, a more centralized type of control architecture is taken at the vehicle
level. Figure 2.4 shows how such a domain controller architecture can look like based
on a combination of [41, 42, 43]. Functions of traditional ECUs are merged together
to make one powerful domain controller communicating through a dedicated inter-
domain bus. To ensure proper domain configuration and functional safety of the

vehicle, the domains must be grouped by subsystems that are classified in terms of
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physics and non-physics but also must have a high amount of synergy [14]. The main
criterion is functional safety in terms of function combination in domains. If a failure
occurs in one of the domains, the failure must be dealt with appropriately and not
affect other domains while bringing the vehicle at a fail-safe state. The DCA can
be separated into three different types of components where there are inter-domains,
or better known as smart sensor/actuators, power domain controllers that combine
multiple ECU functions together to ensure functional safety and performance and
finally a central gateway to interconnect the domains. Some examples of the domains

of a DCA based on Figure 2.4 are listed below:

e Human Machine Interface (HMI)

Autonomous Driving Assisted Systems (ADAS)

Connectivity

Body

Powertrain

Chassis

Each domain communicates through a central gateway to ensure data is trans-
ferred properly between inter-domains and domain controllers. Each inter-domain is
comprised of smart actuators or smart sensors that communicate necessary data. An
inter-domain could comprise electric motors, pumps, on-board chargers, x-by-wire
for example. By using a DCA, each domain controller could use the same hardware,
operating system, and software with just different software application layers. This

would be extremely beneficial in terms of the costs of the manufacturers. The DCA
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has been a preferred choice for manufacturer’s in today’s volume production and

premium vehicles but not in low price vehicles [14, 41].
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Figure 2.4: Domain controller E/E architecture example.

As in the DCA, the ZCA must have the same requirements in terms of fail-safe,
secure, upgradeable (software and hardware), connected, and self-aware /learning [44].
In the ZCA, a more centralized approach is being taken with the same goal of the
DCA to minimize the ECU count in vehicles. Sensors and actuators communicate
individually through their own dedicated communication bus to a very powerful cen-
tralized supervisory controller taking the decisions for each actuator/sensor function
[45]. Furthermore, this architecture enables connectivity to external servers along
with cloud computing and control of vehicles. This large step is complicated right
now but a gradual step to that mindset is through the adoption of the ZCA by in-

corporating the DCA. Gradual migration of ECU functionalities must be performed
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to adapt to the infrastructure [46]. This gradual migration is shown in Figure 2.5.

Yesterday Today Tomorrow

Figure 2.5: Migration of E/E architecture adoptions for new centralized cloud com-
puting.

2.3 Novel Categorization of Intelligent EMSs

Bestowed with the ongoing researches since the last couple of decades, competencies of
EMS for an electrified powertrain have grown significantly. They seek to obtain meth-
ods with low computational load and compatible with a real-world situation along
with optimal performance. There are relatively few studies describing the require-
ments of an iEMS and providing a categorization. Authors in [47] have highlighted
real-time EMSs with an emphasis on the optimality of the control strategy. In this
study, different approaches that can be integrated into EMSs are examined to enable
energy management systems for real-time implementation. Authors in [48] have cat-
egorized the existing EMSs by considering data-based approaches such as machine
learning-based EMSs. Overall, these aforementioned review articles indicate the need
for a separate study that will enumerate the requirements of an iEMS. This section
intends to provide a comprehensive categorization of the existing iEMSs followed by
a brief list of criteria, which should be satisfied by an EMS before being called an
iEMS. It’s noteworthy to mention that it is not intended here to furnish a comparison

between ordinary EMSs and iEMSs but to rearrange the existing EMSs as per the

22



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli McMaster — Electrical & Computer Eng.

following criteria.

A number of criteria are considered when an EMS features an intelligent controller.
Several classical EMSs are excluded from being intelligent by introducing these eligi-
bility criteria. For instance, DP, which is a well-known global optimal approach, can
not be called an iEMS since it does not satisfy the real-time capability requirement.
Based on the authors knowledge and experience, the requirements for an iEMS are

listed below:
1 The iEMS controller should be real-time implementable.

2 The iEMS controller can learn from its past external environment scenarios

during real-world deployment.

3 The iEMS controller is adaptive to new environmental scenarios or conditions

for what the EMS controller has not been modeled within the simulation stage.

4 The iEMS controller adapted solution needs to converge. Ideally, this is for
any EMS controller. No controller will be deployed if it is not converged to the

assumptions of the designer.

5 The iEMS controller should be able to predict the future. This requirement
is considered a possible soft requirement. As an example, Model Predictive
Control (MPC) approach has the ability to predict the future over the prediction

horizon.

While studies are exploring advanced EMSs to satisfy all the aforementioned iEMS
requirements, there is always some compromise on several requirements to make a

trade-off between them. For instance, enabling the prediction and learning feature
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of an iEMS would increase the computational burden, which leads to difficulty for

real-time implementation.

Intelligent Energy Management

Strategies
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Data-Driven Principle-based Composite

I | I
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4

e RL-based e Rule-based e  ANN-based MPC
e  ANN-based e Optimization-based e  Optimized Rule-based
e Markov Decision Problem-based e Metaheuristic-based e Combined A-ECMS

Figure 2.6: A new classification of iEMSs.

2.3.1 Principle-based Intelligent EMSs

There are two categories for the principle-based iEMSs which are rule-based and
optimization-based algorithms. Rule-based approaches are frequently used in com-
mercial vehicles such as the Toyota Prius and the Honda Insight [49]. Optimization-
based methods include instantaneous optimization algorithms, that are employed for

an EMS with the goal of improving fuel economy in most cases.

Rule-based

Rule-based methods are defined by a set of rules extracted from engineers’ experi-
ence and knowledge. Rules also can be extracted for a specific driving cycle from

the global optimal results that are achieved by global optimization algorithms [50].
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Rule-based methods offer several attractive features, which include simplicity, real-
time capability, and easy implementation. Rule-based methods can be categorized
into deterministic and fuzzy-based. Thermostat strategy [26], power follower [51],
modified power follower [52], and state machine [53] are methods used for determinis-
tic rule-based. Low efficiency regarding the high number of on and off power sources,
and ignoring driver’s power demand in defining rules are the main weaknesses of ther-
mostat strategy [26]. Power follower provides a solution for drawbacks of thermostat
strategy by considering engine as the main power source in the vehicle along with the
battery State of Charge (SOC) and driver’s power demand as constraints [51]. The
power follower method fails to consider fuel emissions and consumption; therefore, a
modified power follower is proposed in [54].

Charge Depleting-Charge Sustaining (CDCS) and blended strategy are two main
deterministic rule-based methods that are used for a Plug-in Hybrid Electric Vehicle
(PHEV). In contrast to HEVs, PHEVs benefit from high capacity batteries. There-
fore, the battery is in the Charge Depleting (CD) mode during most of the trip time.
Rule-based methods that are defined for HEVs can be used for Charge Sustaining
(CS) mode to avoid the battery depletion. In the CDCS strategy, the vehicle goes
in electric mode until the battery reaches the specified SOC value (CD mode), and
then the control strategy tries to keep SOC at this level (CS mode) until the end of
the trip [55]. In a blended approach, the control strategy seeks to reduce the battery
discharge rate by assisting the engine in CD mode.

Fuzzy rule-based is suitable for EMS of HEVs regarding the inherent feature of
fuzzy logic, which allows a degree of uncertainty to inputs. One of the main positive

aspects of fuzzy rule-based approaches is their robustness to input variations. Fuzzy
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based methods are divided into three main categories; conventional, adaptive, and
predictive fuzzy EMSs [56]. Adaptive fuzzy tries to consider driving environment
factors and make the method more robust to the environment. Predictive fuzzy,
by employing driving history, can predict the future state and then decide to split
the power. Authors in [57] have implemented a predictive fuzzy-based method that
benefits from a Global Positioning System (GPS) to inform of future traffic flow.
Despite the advantages that rule-based methods offer for an EMS, it does not di-
rectly consider fuel consumption or emission, as well as, it is not robust to imprecise
measurements and component variations. Besides, they are based on engineers ex-
pertise, and there is not any specific methodology for extracting rules. On the other
hand, fuzzy rule-based methods fail to guarantee the optimal power split in an EMS.
Also, definition for a set of fuzzy rules can be time-consuming and might not be ideal

for real-world driving cycles.

Optimization-based

Most of the review papers divide optimization-based methods into global optimization
and real-time approaches. Global optimization methods can not be considered as
iEMSs since they cannot be implemented in real-time. DP is a numerical backward
global-optimization method based on Bellman’s principle of optimality [58]. DP is
computationally intensive and depends on the complete knowledge of the driving
cycle. To evaluate iEMSs, DP results are mostly considered as a benchmark.
Real-time methods convert the global optimization problem to an instantaneous
optimization. These methods minimize the cost function in the current state of

vehicle performance instead of considering the entire trip. ECMS and MPC are the
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most popular methods which belong to this category. A brief introduction for each
method is provided below:

ECMS: ECMS is established to facilitate the real-time implementation of EMSs
[59]. This method considers the objective function as a summation of engine fuel
consumption and battery equivalent fuel consumption. The additional term extends
the ability of ECMS to consider the energy consumption of a powertrain rather than
only fuel consumption of an ICE. Equivalence Factor (EF) is the key issue in the
performance of ECMS, which scales electric energy to equivalent fuel consumption.
EF optimal value depends on the driving cycle. According to [60], inappropriate EF
selection can lead to battery depletion or overcharging. Several methods are estab-
lished to tune the EF real-time during vehicle operation. Adaptive ECMS (A-ECMS)
has been developed to mitigate the EF dependency on driving cycle information. Au-
thors in [60] have classified the A-ECMS to three methods that utilize different tools

to adjust an EF value online. The tools are:
e Future driving cycle information predictor [61, 62]
e Pattern recognition algorithm [63]
e Battery SOC feedback [64]

In fact, the last method which is battery SOC feedback can be integrated into other A-
ECMSs [64]. Even though ECMS is a sensitive approach to driving cycle information,
a significant benefit of this approach is real-time implementation. Adaptive methods
can be further investigated to provide an approach with results close to global optimal

solutions by DP.
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MPC: MPC strategy has several attractive features which make MPC effective
for nonlinear, and multiple-input and multiple-outputs (MIMO) systems with con-
straints such as electrified vehicle powertrain [65]. Figure 2.7 shows MPC algorithm
steps. In contrast to DP where the optimization conducts over the whole driving cy-
cle, in MPC, an optimization algorithm is implemented in a short time horizon in each
time step that enables MPC for real-time implementation. The optimization part is
employed to minimize the error between the predicted and the desired plant output
along with fuel minimization or battery SOC sustaining goals. DP [66], Quadratic
Programming (QP) [67], Particle Swarm Optimization (PSO) [68], and other opti-
mization algorithms can be employed for a short time optimization step. Once the
control variables are calculated, the first control input applies to the electrified power-
train, and the prediction horizon shifts to the next time step. This process is repeated
until the end of the trip. MPC requires high accuracy prediction information, which
makes it computationally expensive for real-world implementation. Artificial Intelli-
gence (Al) and Markov Chain (MC) predictors are widely implemented for the MPC

prediction part that are explained in detail in Sections 2.3.2 and 2.3.3.

Metaheuristic-based

In mathematics, especially in optimization, metaheuristics are a category of decision
making procedures, which can reach to close neighborhood of the Global Optimal
Solution (GOS) with far less computation efforts and with a limited amount of indis-
pensable information. Metaheuristics may not yield exact GOS, but the proximity

of the solution yielded by meta-heuristics to GOS is praiseworthy, especially with
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Figure 2.7: The MPC control algorithm.

limited computational effort and information. That is why metaheuristics have at-
tracted major attention from application-oriented research community and industry
because they can afford to compromise little deviation from GOS at the expense of
convenience in real-time implementation. Metaheuristics reach the near-GOS with a
perfect balance between exploration and exploitation [69, 70]. Metaheuristics reduce
the computational effort of searching near-GOS by avoiding a significant portion of
the futile control space. Authors in [69] have made a notable contribution by present-

ing a comprehensive review of the application of different metaheuristics in solving
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multitudinous problems associated with PHEV. Such problems include the articula-
tion of EMS, optimum component sizing, smart charging strategies, etc.

There are a lot of metaheuristics available such as PSO, a few varieties of PSO, Ge-
netic Algorithm (GA), Simulated Annealing (SA), Ant Colony Optimization (ACO),
etc. PSO is a stochastic online optimization technique that employs different particles
to randomly search for the suboptimal or optimal solution within the whole solution
space [71, 72]. PSO reduces the computational time by not sweeping through all
possible solutions, but randomly culminating in the suboptimal or optimal solution
[73]. Quite a handful of literature implemented PSO offline for finding the optimal
threshold parameters of a rule-based control which can be implemented in real-time
[74, 75, 76]. Authors in [74] have optimized threshold parameters of a simple CDCS
control strategy with PSO. Whereas, authors in [76] have articulated a rule-based
EMS strategy whose threshold parameters are updated periodically with the help
of PSO. The periodic parameters update process is triggered by a fuzzy drive cy-
cle recognition system to make the rule-based control apposite for different types of
drive cycles. Apparently, it seems that PSO might not be suitable for real-time im-
plementation, but a few literatures [73, 77, 78, 79] made the online implementation
feasible with reduced computational time. As far as the online performance is con-
cerned, PSO can outperform not only the genetic algorithm, but other evolutionary
algorithms [79]. Authors in [79] have presented an online and real-time PSO im-
plementation for optimizing two control variables such as power-split ratio and gear
number to assist a rule-based online control for the EMS. Although the PSO was not
solely responsible for the EMS in this study, the implementation of PSO was at every

time-step of online simulation. Authors in [78] have improvised the search method of
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the PSO to accelerate the search process and consequently managed to obtain better
performance with less computational effort. Compared to traditional PSO, Improved
PSO (IPSO) accounts for the position of the worst particle while updating the veloc-
ities of every particle at each iteration. Authors in [79] implemented Dynamic PSO
(DPSO) and proved its superiority over traditional PSO. Real-time Hardware-in-the-
loop (HIL) simulation results of an optimal torque distribution strategy for an EV
with three electric motors corroborate that instantaneous optimization through PSO
can be achieved decent proximity with the global optimal result obtained by DP [77].

GA is generally not implemented online due to its computational burden and
incumbency of prior knowledge of the drive cycle. However, GA can be appointed as
a local optimizer using a sliding backward time window, and the local optimization can
be executed in real-time [80]. Authors have proposed a GA-based online optimization
for the EMS of an EV with a Hybrid Energy Storage System (HESS).

Several researchers have marked SA as a remarkable metaheuristic to be appointed
in the EMS for electrified powertrains in recent years. Although none of the appli-
cations were iEMS for HEVs, SA has been employed as a real-time implementable
local optimizer, to optimally distribute the power between battery and UC for an EV
[81, 82]. SA culminates to its best performance when the search space is restricted
by certain rules [81, 82|. Similar behavior is also exhibited by PSO in real-time HIL
simulation, when its search space is dynamically constricted by a set of rules [83].
In [82], SA has been appointed as a local optimizer, finding instantaneous optimal
power-sharing between UC and the battery in real-time at an interval of 10 millisec-
onds. In a nutshell, metaheuristics carry great potential in the form of real-time

implementation in elevating the iEMSs to a new level.
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2.3.2 Data-driven Intelligent EMSs

The system dynamics of the powertrain are incumbent on both analytical and numer-
ical methods. Data-driven approaches can be used to replace any kind of incumbency
of system dynamics, such as the dynamics of a physical system, prediction system,
and classification method. Whenever there is a difficulty in mathematical modeling
of an implicit system dynamics, data-driven approaches assist as a savior to model it.
Data-driven approaches primarily focus on mimicking the system dynamics through

the mapping of input to output relationship.

Artificial Neural Network-based

Multi-layer perceptron, widely known as ANN; is the most abundantly used nonlinear
function approximator in various fields of data science. ANNs are appropriate for
deciphering the dubious input-output system dynamics, which is highly nonlinear
and difficult to model with an analytical approach.

Bestowed with effective learning algorithms, ANNs are highly competent in deci-
phering the inherent input-output characteristics of any physical system if sufficient
data are available. Training methods can be broadly categorized into supervised
learning and unsupervised learning.

The architecture of a generalized nonlinear approximator can be expressed with

the following relation as given in [84]:

Q(s;9) = g(¥(A)Pa(s)) (2.3.1)

where ¢(.) is a nonlinear function representing the architecture of the approximator,

32



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli McMaster — Electrical & Computer Eng.

Parameter vector

w(i)

Input Vfactor of &.(s) '
state(s) | Basis function | Basis function %4 _ { (ﬂ ) & (S ) } Approximated
’ Extraction > Y4, d —> output

Nonlinear Approximation
function

Figure 2.8: A simple concept of nonlinear function approximation.

®,4(s) is the vector of feature or basis functions of the states, and ¢ is the parameter
vector as shown in Figure 2.8.

For EMS application, ANN can represent the iEMS controller, velocity predictor
[85], model of vehicle [86], and driving trends predictor. Quality of predictive EMSs
highly depends on the accuracy of the predicted variables. Authors in [87] have
implemented three ANNs for predicting road types, driving trends, battery power,
and engine speed. The performance of iEMS with the implementation of ANNs is
directly governed by the quality of the training data-set. For the ANN-based iEMSs,
DP is generally chosen as the source of the training data since DP can yield exact
global optimal results in comparison with other global optimization techniques such
as Stochastic Dynamic Programming (SDP), GA, PSO, and Evolutionary Algorithm
(EA) [88].

Both performance and computation time of DP depend on the discretization of
state and control variables along with the dimension of state and control space. The
computational time shoots up exponentially as the discretization becomes finer. Need-
less to say, that curse of dimensionality will be inevitable if either dimension or dis-
cretization of state or control variables increases beyond a certain limit, as depicted

by table 2.1. T, wice, and gear mode are typical control variables.
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Table 2.1: Proof of “curse of dimensionality” as the number of discrete variables

increases.

State variables Control variables Required cells for
Case

(discretization) (discretization) Dynamic programming
2 states, Speed | Accel- Tice

20 x 20 x 20 = 8000

1 control | (20) eration (20) (20)
3 states, Speed | Accel- Road- Tice | Wice 20 x 20 x 5 x 20 x 20
2 controls | (20) eration(20) | grade(5) (20) | (20) = 400000
3 states, Speed | Accel- Road- Tice | Wice 40 x 20 x 10 x 40 x 40
2 controls | (40) eration(20) | grade(10) (40) | (40) =1.28 x 107
4 states, Speed | Accel- Road- Power- Tice | Wice | Gear 40 x 40 x 10 x 40 x 40
3 controls | (40) eration(40) | grade(10) | demnad (40) | (40) | (40) | Mode(5) | x40 x 5 = 5.12 x 108

Consequently, gathering data for ANNs in an iEMS is a time-intensive process.

In order to expedite the process of data collection, researchers are focusing on finding

new strategies yielding near-optimal offline control with far less computational time

89).

Reinforcement Learning-based

RL is one of the machine learning methods that has gained a lot of attention nowadays

and is applied in many different fields such as robotic control, traffic management,

space exploration rovers, and autonomous vehicles. Rl-based agents are especially

tailored for sequential decision making, where the long-term return is more prioritized

rather than short-term rewards. The agent and environment are the two cardinal parts

of RL. The agent’s capability of yielding better control decisions improves through
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reinforcement learning as the agent accumulates more experience [90].

In RL, the agent interacts with the environment which can be mathematically
modeled through the states (5;) € S, actions (4;) € A, and reward function (r;) € R.
The sequential decision making along with the sequence of environment states is
widely known as Markov Decision Problem (MDP). The noteworthy characteristic
of MDP is the fact that the agent does not need to look through the history of the
environment’s states in order to make a decision at the present time-step. The un-
derlying concept behind such a fact is the property of state variables that probability
of landing upon S;;; depends only on the S; and not on any other states in the past.
The dynamics of MDP is defined by the probability of moving to state S’ at time

t + 1 if action (A;) is applied on S; at time ¢ as given in [91]:
PgttS’ = Pr(S'[S;, Ar) (2.3.2)

This probability of transitioning from the current state to the next state can be stored
for all time-steps in a matrix format, known as Transition Probability Matrix (TPM).
Technically, the RL agent should find an optimal policy function (7(S)) which dictates
the rule of finding an optimal action at a given state. The RL agent wields two types
of goodness functions, i.e., state value functions (V(S;)), and action value functions
(Q(S, Ay)) for finding the optimal policy function.

ngs' is the cardinal characteristics governing the model of any given MDP. If
the model of a given MDP is available to the RL agent for the entire MDP, DP-
based algorithms, which are also known as model-based algorithms, can be employed
to find the global optimal policy for the MDP. However, in real-world situations,

where prior information of the entire MDP model is not available to the RL agent,
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model-free algorithms such as Temporal Difference (TD) learning algorithms are most
appropriate for finding near-optimal policy [90].

Authors in [92] have implemented an iEMS based on RL algorithm and the TPM of
states, which are driver power demand, vehicle speed, and battery SOC, is calculated
offline by different driving cycles for the proposed strategy. On the other hand,
authors in [93] have proposed an iEMS which updates the TPM of driver’s power
demand in real-time to find the optimal policy for the RL agent. As far as the real-
time implementation is concerned, only a few papers have presented the real-time
implementation of RL in their literature. However, there are a handful of papers that
have described the prospect of real-time implementation. The proposed RL algorithm
for a hybrid electric tracked vehicle (HETV) in [94] is implemented through HIL test
and it is compared with DP to validate its optimality and adaptability.

Similar to DP, as mentioned in 2.3.2, implementation of RL-based algorithms can
be impeded with the curse of dimensionality if they are implemented through the
tabular method. Even if we use a coarse discretization, the number of states and of
feasible actions can be as high as for instance 4000 and 2500, respectively [95].

A balance between exploration and exploitation is another important factor gov-
erning subtle characteristics of the RL algorithm. A higher value of the exploration-
exploitation ratio is highly recommended at the beginning of the agent training to
encourage exploration throughout the entire action space. Authors in [96] have given
detailed analysis of selecting random exploration rate value between 1% to 20% and
its impact on vehicle performance and fuel consumption for an HEV.

Lately, the application of Deep Reinforcement Learning (DRL) for implementing

EMSs has been soaring from last five years [97]. DRL employs Deep Neural Network
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(DNN) in order to express state value function V'(.S;), action value function Q(S;, A;),
and policy function 7(S) with function approximation instead of tabular approach
and hence, eradicates the hindrances posed by large number of quantized state and
action variables. Authors in [98] have employed a DRIL-based approach for Q-learning
where the agent leverages both offline and online learning for better performance.
Performance of the proposed iEMS is compared to that of rule-based EMS and it is
shown that the iEMS leads to a reduction of fuel consumption by 10.09% under the

Urban Dynamometer Driving Schedule (UDDS). Figure 2.9 depicts an overview of
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Figure 2.9: DRL architecture. Left box in both a) and b) shows the environment
comprising vehicle and drive cycle. The right hand side box in a) represents a Q-

table based RL agent whereas, it is replaced with a deep-Q-network in DRL as shown
in b).
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Markov Decision Problem-based

Markov Chain Model (MCM) is a popular method to predict different aspects of future
driving scenario. According to MCM, the probability of getting a certain state in the
next time-step only depends on the state of the current time-step. This probability
is numerically referred to as TPM in probability terminology. Authors in [99] have
presented an iEMS framework, which is comprised of an MCM predicting road grade,
speed of vehicle, vehicle start-stop or acceleration-deceleration, and SDP acting as an
optimization tool over prediction horizon, for a parallel HEV.

TPM is the major characteristic element of overall MDP and hence, governs the
overall execution process of MDP. If enough historical data of the driving scenario
available, a static TPM can be constructed and can be used for predicting N-step
values of future driving scenarios in real-time applications [99, 100]. However, enough
historical data is often not available and an updating TPM can be articulated in such
a case [101]. The N-step MDP can be solved through SDP in offline to obtain optimal
control over N-step future horizon if the static TPM is available. But, it is convenient
to use RL [102] or adaptive dynamic programming [101] to solve the MDP engendered
from an updating TPM. QP has also become a lucrative option as an optimization
strategy for the MDP, associated with online updating TPM since QP is feasible for

real-time implementation [103].

2.3.3 Composite Intelligent EMSs

Composite iEMS is a growing topic which has been getting attention recently. For
instance, composite methods combine global optimization tools into principle-based

methods to mitigate their imperfections.
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Artificial Neural-Network based MPC

The predicted output in an MPC algorithm should follow the reference trajectory,
and the MPC performance highly depends on the prediction accuracy. The prediction
task can be done in different ways. Authors in [104] have classified MPC approaches
based on the method of prediction to frozen-time, prescient, Al, exponential varying,
telematic, and stochastic MPC.

There are several publications on ANN- based predictor for MPC-based iEMS
[105, 106, 107]. A Radial Basis Function (RBF) ANN velocity predictor is employed
in [106], which is trained with four different driving cycles to cover both highway
and urban city driving conditions. The simulation results show that the predictive
EMS consumes 659.1 g fuel over the same trip as DP consumes 628.5 g. An MPC
based iEMSs is proposed to increase the battery life of an EV in [107]. ANN-based
short term velocity predictor is applied in combination with the MPC algorithm that
leads to a 17.8% improvement in battery life in comparison to the three different
methods, which includes a rule-based, instantaneous approach, and an SC voltage

based strategy.

Optimized Rule-based

Rule-based methods can be implemented in real-time and they are easy to understand.
However, they do not offer optimal performances in EMSs. Rule-based EMS includes
different operation mode, which is switched by threshold parameters of battery SOC,
vehicle speed, and torque capability of energy sources. Section 2.3.1 provides some
studies which implement PSO in combination with rule-based methods. In addition,

there are more studies that have attempted to implement an optimization algorithm
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for optimizing threshold parameters [108, 109, 110]. Authors in [111] have employed
GA optimization to optimize different threshold parameters such as the maximum and
minimum value of SOC and electric launch speed of a rule-based EMS in a parallel
HEV.

The integration of optimization methods is not limited to deterministic rule-based
approaches. Authors in [112] have optimized the rule set and membership functions of
a fuzzy logic method by the PSO algorithm to yield a better fuel economy. Authors in
[112] have also compared the performance of the fuzzy optimized method with that of
a deterministic rule-based approach. The optimized method with the PSO algorithm

leads to 10.26% reduction in fuel consumption.

Combined A-ECMS

A-ECMS seeks to update EF to ensure better fuel economy and charge sustenance
of the battery in real-world driving. Authors in [62] have suggested implementing a
velocity predictor to ensure the adaptation of EF. Authors in [61] have conducted an
A-ECMS which updates EF periodically by means of an ANN short term velocity
predictor. The results show 3% improvement in comparison to a traditional ECMS.
A Convolutional Neural Network (CNN) is employed in [113] to address velocity
prediction by considering Vehicle to Vehicle (V2V) and Vehicle to Infrastructure (V2I)
communication technology. Three different scenarios are considered for city traffic
modeling. A-ECMS block tunes the EF by accessing to predicted velocity and battery
SOC feedback. Predicted A-ECMS proves 0.2% to 5% fuel economy improvement for
three different scenarios. Driving pattern recognition algorithms such as fuzzy and

machine learning methods can be used to improve an A-ECMS performance. Authors
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in [114] have used K Nearest Neighbor (KNN) to classify different driving styles. A
driving simulator is used for gathering the driver’s driving style in order to feed the
KNN module. The results confirmed an 8.28% average improvement for different

driving styles over traditional ECMS.

2.4 Future Trends of Intelligent EMSs

So far, studies on iEMSs of electrified powertrain vehicles have been carried out by
many different methods. A considerable amount of work will need to be done to
validate the reliability of these methods. A systematic blueprint of experimental vali-
dation should be developed for each of the iEMSs, reviewed here, to corroborate their
reliability and feasibility in actual deployment. This review provides the following
insights for future research in the field of iEMS:

1. Additional work is required to ameliorate the existing demerits of implemented
RL algorithms. The agent should be able to take more dimensions of input state vari-
ables in order to discriminate multiple real-world driving scenarios with subtle differ-
ences. Q-table based agents become incompetent to handle more dimensions of the
state variable. Consequently, DNN-based agents are becoming an enticing option to
researchers. Various dual ANN-based agent structures such as Policy Gradient (PG),
Deep Deterministic Policy Gradient (DDPG), Advanced Asynchronous Actor-Critic
(A3C) should be explored for faster convergence. Such advanced agent structures
should be validated in online or real-time emulation along with their offline design
and simulation. It would be an exciting and obviously challenging task to design and
develop any of the RL agents, reviewed here, for a couple of real-world driving mis-

sions and, test its performance in another unfamiliar driving mission. There is ample
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room for further progress in DRL to make the results of iEMS controller adaptive
and much closer to the global optimal solution.

2. Most of the work in the field of EMS is limited to the simulation level. It is
needed to go beyond papers and implement the suggested methods experimentally to
see the real-world challenges.

3. Multi-objective EMS development should get more focus in future investiga-
tions because only the minimization of fuel consumption and tailpipe emission will
certainly operate ICE around its best operating points but it might overexploit electric
motors, battery and other cardinal components apart from ICE. Objectives such as
minimization of battery health degradation, drivability optimization, electric motor
longevity should be included in the overall cost structure.

4. With the rapid advancement of intelligent transportation systems (ITS), data-
driven iIEMS are escalating, becoming lucrative options to explore. Accessibility to
traffic data, geographic road map, and road geometry makes the prediction based
iEMSs more reliable and adaptive. Therefore, the future trend would be developing
advanced data-driven iEMSs.

5. Cloud-based EMS is a significant progression that needs to be more investi-
gated. An example of these kinds of EMSs can be the determination of the best
possible vehicle trip information with the objective of minimum fuel consumption
through a cloud-interaction system. In fact, cloud computing would generate the
optimal route/velocity trajectory and the results would go back to the driver through

a visual interface [115].
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Figure 2.10: One of the promising concepts of the future trend on a periodic update of
EMS control strategy. A set of vehicles with same electrified powertrain will acquire
driving data for a predefined period (step#1), the acquired data will be uploaded
to cloud-computing servers while the vehicle is externally recharged (step#2), new
EMS control will be generated at the server based on the recent driving pattern of the
vehicles (step#3). The availability of the most updated EMS control will be notified
to each of those vehicles through both smartphone and vehicle infotainment system

(step#4).
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2.5 Enabling Technologies

Intelligent methods introduced in Section 2.3 have been widely researched due to the
advancements in technologies. With the cost and size of high computational platforms
decreasing and the rise of high bandwidth communication increasing due to the avail-
ability of cheap computation platforms, the deployment of intelligent methods into
xEVs is becoming more and more attractive. The aspect of hardware and software
need to be mixed and both need to have a fail-safe requirement [116]. The primary
enabler of technologies for the deployment of intelligent methods in commercial vehi-
cles includes embedded controller chips, communication protocols, and connectivity

functions, which are summarized in this section.

2.5.1 Controller Chips

The ECUs are used in conventional vehicle architectures utilize embedded 8, 16 and
32-bit processors with a clock frequency of 40MHz. A 2MB code is flashed and
encrypted onto the ECU memory, usually a non-volatile memory (NVM), by the
manufacturer [117]. Compared to personalized computers, these ECUs have very
little computational power. This is the reason why there are a limited number of
vehicle operations that can be contained inside an ECU. The number of ECUs have
been increasing in vehicles due to the utilization of the same type of controller chip
in the distributed architecture. Some specific ECUs have been implemented using a
Digital Signal Processor (DSP) for actuating or sensing a vehicle component signal.
By utilizing the technological advances in controller chips, many functions can be
combined into a single but powerful ECU which is the trend of the DCA described

in Section 2.2.3. With the DCA and the ability of using intelligent algorithms, much
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more powerful ECUs need to be implemented as the domain controller such that a
vehicle fail-safe operation is achieved. Furthermore, instead of having complex ECUs
actuating or sensing signals from vehicle components, smart actuators/sensors will be
used that can comprise of a simple but fast ECU. With these requirements and the
writers’ experience, the domain controllers and smart actuators/sensors ECU could
be implemented using the following technologies that have garnered much attention
in aerospace, data centers or servers, and machine learning or artificial intelligence
industries [40]. Multi-core Microprocessor Unit (MPU), Field Programmable Gate
Array (FPGA), and Application Specific Integrated Circuit (ASIC) can be used as
domain controllers. Smart actuators/sensors include Microcontroller Unit (MCU),
Graphical Processing Unit (GPU), System-on-Chip (SoC), ASIC, and digital signal
processor (DSP).

A summary of the ECU main controller chips mentioned in this section can be
found in Table 2.2. As described previously, MCUs, MPUs and mainly DSPs are used
in today’s vehicles. Some exceptions do include using SoCs for Local Interconnect
Network (LIN) communication-based slave nodes or ASICs for specific types of com-
munication protocols that would alleviate the burden of computational resources on
ECUs [116]. To move to a future centralized computational platform that includes all
domain functionalities or even all vehicle functionality, safety will be paramount to
the integration of these technologies. The ISO26262-part 5 has been an integral part
of the development and introduction of complex electronic hardware into these new
E/E architectures. The reason for this is these new electronics must perform safety
critical functions such as steering, accelerating and braking so if a component fails, it

has to do so in a fail-safe manner. Functional safety must remain a top priority while
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introducing these new technologies.

Table 2.2: Summary of most popular controller chips on the market.

MCU/MPU

FPGA or SoC

GPU

DSP

Single or Multi-Core ar-

A collection of logical

Originally designed for

Optimized processor for

Overview chitectures with many pe- gate arrays that can be graphics - Includes many the specific application
ripherals already coded. configured in the field. parallel ALU cores. P PP !
e Configured for a spe-
cific application
e Can be re-
programmed in field
e Very high computa-
. tional performance
e Ease of programming e Low power consump- .
. e Low price
tion F id .
Strengths e Versatility ° ast vieeo processing
. algorithms e Application specifi-
e Parallelism of func- L
Debug is simpl tions cally optimized
¢ Debug ls simple i e IPs for DSP, ML and
image processing
e Design can become
ASIC design for high
volumes
® Determinism
. ngh power consump- o Difficult to program . ngh power consump- . ngh power consump-
tion tion tion
Weaknesses e Sequential operations e Difficult to debug e Cannot perform cer- e Cannot perform cer-
within core tain algorithms tain algorithms
o Sequential operations
e Limited parallelism are challenging e Application specific e Application specific
e Inter-domain HMI In- o Inter-domain ADAS
terface
¢ Motor control e Sensor fusion e Motor control
e Inter-domain ADAS
Suitable e Power electronics con- e Inter-domain ADAS e Power electronics con-

Domain Ap-
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Vehicles

e Inter-domain Connec-
tivity

e Energy
systems

management

e Supervisory/Domain
Monitoring and Con-
trol

trol

o Sensor fusion

e DBattery management
system

e Inter-domain HMI In-
terface

e Inter-domain HMI In-
terface

e Camera vision inter-

face

trol

e Battery Management
Systems

o Connectivity
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2.5.2 In-Vehicle Communication Protocols

The requirement of increased bandwidth has put in-vehicle communication protocols
at the front of the new E/E architecture design to ensure reliability and safety are
taken into consideration when adding new sensors and combining ECU functions to-
gether. This is due to the increasing number of electrical components that need to
communicate with each other to ensure appropriate functionality [37]. Furthermore,
the complication of including legacy devices and code has put challenges to the intro-
duction of new E/E architectures since many communication protocols are currently
included in conventional distributed architectures.

Up until recent years, the main communication protocol inside of vehicles has
been the Controller Area Network (CAN) developed by Robert Bosch GmbH in 1986
[118]. The CAN protocol has been attractive for manufacturers due to its ability to
be flexible, low cost, and scalability. Newer CAN protocols, such as the CAN flexible
data rate (CAN-FD), have tried to increase the bandwidth from 1Mb/s all the way
up to 10Mb/s for some instances [40].

FlexRay has been introduced by the consortium of BMW, Daimler Chrysler,
Philips Semiconductors, Motorola and Bosch [118]. It is a network communication
that has been introduced to enable the safety critical ” X-By-wire” applications such
as steering, throttle, braking and many more [37]. Flexray offers time-triggered com-
munications, synchronized global time-frame and a real-time data transmission by
using a time division multiple access (TDMA) technique which is a requirement for
safety critical functions such as ”X-By-wire” technologies where no mechanical link
is present in case of failure [119].

Other communication protocols include Low Voltage Differential Signal (LVDS),
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LIN and Media Oriented Systems Transport (MOST). LVDS communication has been
widely used in many applications such as industrial, aerospace, telecom and as well in
Automotive. LVDS comprises of a serial communication working in complimentary
pairs to ensure the common mode noise is removed from the lines. This makes
this communication robust but complex to implement as the length of the wires
are the bottle neck of this application due to having a minimum of two wires for
differential signals. LIN was introduced in 1998 to use in applications to supplement
CAN protocol where cost is critical and the bandwidth is low [120]. It consists of
a single wire and a low cost solution for simple actuation and sensing [118]. LIN is
typically used for vehicle door, seat and temperature control devices. MOST has been
introduced by MOST cooperation in 1998 [118]. MOST works well with any type of
media such as video, audio, radio and more. The communication medium has been
through optical fibers and can support up to 64 nodes in a ring topology [119].
Automotive Ethernet (AE) is a promising solution for solving the bandwidth prob-
lems related to data and being able to perform sensor fusion easily. AE has been a
promising solution due to its similarity to normal Ethernet that has been used as the
local area network (LAN) for most computers and day-to-day lives [40]. The wide
acceptance of the Ethernet protocol has been the main driver in using AE in trans-
portation vehicles [40]. In terms of fail-safe criteria, the Ethernet protocol includes
many standards up-to-date that ensure the safe communication between Ethernet
nodes. One disadvantage of using AE is that a switch node Ethernet device would
need to be used. With the advancements in controller technologies described in Sec-
tion 2.5.1, this would not be a problem as many functions can be integrated into one

ECU along with an AE input decoder. A summary of the communication protocols
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mentioned can be found in Table 2.3.

Table 2.3: Summary of possible inter-domain and gateway communication protocols
for domain control oriented E/E Architecture.

o Medium
Cost

point
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e Low Cost gered (Sim- * Robust e Optimized ¢ General width
ilar to for images
Strengths o Subports TTCAN) o Low Cost and networks e Internal IP’s e Robust
pp can be gener-
e Simplistic e MOST25/50 ated.
distributed ¢ Supports P can be O/ptii e Supports
controls L cally driven
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munication,
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2.5.3 Connectivity

The concept and contents of vehicle connectivity have significantly expanded and

have enabled a whole new world for the electric car to be designed in. Some of the

key applied technologies involved in the connectivity impact of the E/E architecture

are listed below [121]:

o Wiki
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Cellular Network

Global Navigation Satellite System (GNSS)

V2X (Vehicle-to-Vehicle, Vehicle-to-Grid, etc.)

Dedicated Short-Range Communications (DSRC)

Over-The-Air (OTA) updates

With these types of technologies, external communication of the vehicle can be
manifested much easier than before. This brings in added safety with the added
"nodes” that can communicate with the vehicle. Such nodes can be smart traffic
lights, buildings, houses, cellphones, power generation units that can communicate
with each other to ensure all information is passed between each vehicle [40]. This
will add additional constraints to the vehicle EMS such that they can become more

efficient in real-life and can adapt to its environment stimulus.

2.6 Summary

The present chapter has aimed to introduce a novel categorization followed by a de-
tailed discussion of iEMSs. The features which enable an EMS to be intelligent are
listed, which is rarely seen in other reviews. Detailed explanations, advantages, disad-
vantages, and future research directions are presented for each method. The analysis
of RL-based, ANNs-based, and markov decision problem-based EMSs are undertaken
here, which leads to more profound insight into iEMSs. Composite iEMSs are stud-

ied as a new category, and they can be explored more in future research. More
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broadly, the review establishes an introduction to enabling technologies of imple-

menting iEMSs.

o1



Chapter 3

High-Fidelity Modeling of A
Hybrid Electric Vehicle

To evaluate a proposed EMS, the vehicle model needs to be developed before the im-
plementation stage. This allows us to consider different aspects of EMS and possible
improvements. In this chapter, we present the detailed modeling of the selected HEV.
The HEV model is built utilizing the Matlab simulink software.The challenge here is
to build a realistic vehicle model that delivers the right accuracy and is acceptable
for the application of EMS. To achieve these objectives, we validated the HEV model
against experimental data provided by ANL.

Toyota Prius MY10 has one of the most commercialized transmissions that is
considered as our case study. However, the vehicle model and proposed EMS can
be extended for other HEV powertrains as well. The vehicle simulink model consists
of three main parts: driver, controller, and vehicle powertrain. In order to simulate
vehicle behavior, a reference driving cycle is fed to the model as the input, and the

driver by utilizing a proportional-integral controller calculates the desired torque for
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the actuators of the powertrain [122]. The controller block is where the EMS is
implemented and it generates the control signals for the powertrain components. The
required traction force at the wheel is computed in the powertrain block. Integration
of the calculated force which is the simulated vehicle speed goes back to the driver
block and creates a feedback loop. This method of implementation is called a forward

modeling approach.

—
L]

Figure 3.1: An overview of Toyota Prius model in Matlab Simulink.

3.1 Vehicle Model

Power sources, power split drive train, and vehicle dynamics are modeled in the
vehicle subsystem. Figure 3.2 depicts the powertrain components in simulink. The
quasi-static model is used to model the powertrain components, which has shown
enough accuracy for control applications. Since the development of EMSs includes
frequent model evaluation over a drive cycle, neglecting the transit behavior of vehicle
components results in a fast vehicle model [123].

We used different articles and data sources to choose the vehicle parameters and
lookup tables’ data [124, 125, 126, 127, 128, 129]. For instance, the Oak Ridge

National Laboratory provides a report on the Toyota Pius hybrid synergy drive system
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Figure 3.2: The powertrain simulink model.

[128]. Authors in [125, 126, 127] have examined the Toyota Prius MY10 testing data

and validated their proposed model.

3.1.1 Internal Combustion Engine

A quasi-static ICE model is used to simulate ICE power and fuel consumption. Al-
though the ICE quick dynamics and thermal effects are neglected here, the quasi-static
ICE model has sufficient accuracy in simulating the EMS requirements. Engine torque
and speed are the inputs of ICE block which determine the amount of fuel consumed
through a fuel consumption lookup table. The fuel mass flow rate is calculated by
equation 3.1.2. The maximum engine torque contour is also considered as a separate

look-up table to guarantee that engine torque remains in its acceptable range.
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Figure 3.3: ICE fuel consumption map [130].

P, =T, x w,

1

= P k: * T .t
fuel (k) 7ot > 3600000 (k) - fe(ne, Tb) - tsep

(3.1.1)

(3.1.2)

where the P, is the engine mechanical (output) power, fuel(k) is the engine fuel

mass flow rate at the kth step, T, is the engine torque, w, and n. are the engine

speeds in rad/s and rpm, respectively. prye is the gasoline fuel density, and f.(ne, Tt)

represents the Brake Specific Fuel Consumption (BSFC) in g/kWh.
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Table 3.1: 1.8 Liter Engine Parameters.

Parameter Symbol  Value
Max. Power P, oz 73 kW
Max. Torque T maz 142 Nm
Moment of inertia .J, 0.18 kgm?

3.1.2 Electric Machines

Permanent Magnet Synchronous Motors (PMSMs) have been used widely in vehic-
ular propulsion systems due to their high efficiency, high power density, and high
torque which permits higher speeds of these motors. Two PMSMs referred to as
Motor/Generator 1 (MG1), the smaller one, and Motor/Generator 2 (MG2), the one
usually operates in motor mode, are employed in Toyota Prius MY10. The static
map model is used to simulate both electric machines and lookup tables to ensure the
MG1 and MG2 torques not exceed their maximum capability. Also, MG1 and MG2
efficiency maps which are a function of torque and speed, are utilized to compute
the electrical power utilizing equation 3.1.4. It should noted that the efficiency of an

inverter has been emerged into the efficiency of the electric machines.

PrGmeen = T X WG (3.1.3)
nva - PMG,mech Z.fPMG,mech Z 0
PMG,elec = 1 (314)

— PMG,mech ifPMG,mech <0
nma
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Figure 3.4: MGs efficiency maps. Contours show the MGs efficiency and the black
solid line are the torque maximum versus MGs speed.
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where 776 is the MG efficiency and it maps the torque and speed to the efficiency
value of MG1 or MG2. The equation 3.1.4 is valid for both MG1 and MG2 in the

HEV model.
Table 3.2: MGs Parameters.
Component Parameter Symbol  Value
Max. Power Pricimar 42 kW
MG1
Max. Torque Trvicimer 49 Nm
Moment of inertia J,g1 0.02 kgm?
Max. Power Prrcamaz 60 kW
MG2
Max. Torque TriG2,mer 207 Nm
Moment of inertia  Jp,g2 0.05 kgm?

3.1.3 Battery

Considering three main battery chemistries, which are lead-acid, Nickel-Metal Hy-
dride (NiMH), and Lithium-ion (Li-ion), NiMH is best suited for an HEV application
due to its high energy density and reasonable cost. The Toyota Prius battery pack
consists of 28 Panasonic prismatic NIMH modules-each containing 6 numbers of 1.2
V cells-connected in series to produce a nominal voltage of 201.6 volts [128]. The
battery specifications are summarized in Table 3.3. The battery is modeled as a sim-
ple electrical circuit with a voltage source and a resistance in series that depicted in
Figure 3.5. More complex model could be used to present battery behavior, how-
ever validation process with testing data shows that the accuracy of utilized battery

model is sufficient for the purpose of this thesis. A lookup table is used to obtain
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the open-circuit voltage V,. which is a function of SOC. Battery terminal voltage and

power are calculated by equations 3.1.5 and 3.1.6, respectively.

Vi, =Voc — Ry X I (3.1.5)

Pb:‘/bX[b:VOCX[b_Rint X[g (316)

Therefore, battery current can be obtained by below equation:

V;c - V2 - 4Rzn P,
I, = V o il (3.1.7)

2Rint

int

Figure 3.5: The OCV-R battery model.

and battery SOC is estimated utilizing coulomb-counting method:

Iy(k)

SOC(]C + 1) = SOC(k) - m : tstep

(3.1.8)

SOC, is the battery state of charge, I, is the battery current, tg., is the simulation

period and C} is the battery nominal capacity in ampere hours. Here, positive sign
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Table 3.3: Battery Parameters

Parameter Symbol  Value
Internal Resistance R, 0.32 Q
Nominal Voltage Ve 201.6 V
Capacity Cy 6.5 Ah

is considered for battery discharging and negative sign for battery charging. Model-
ing the boost converter which is located between the battery and the two electrical

machines is not considered in this study.

3.1.4 Power Split Device

The power split device consists of two Planetary Gear Sets (PGSs). A PGS comprises
a ring, carrier, and sun gear that connects through planet gears. As is shown in
Figure 3.6, MG1 and ICE are connected to the sun and carrier gear of the first PGS,
respectively. The MG2 is coupled to the sun gear of the second set which its carrier
is grounded. The first PGS is responsible for splitting the ICE power and the second
PGS acts as a fixed reduction gear for MG2 [125]. To model a power split device in
Matlab simulink, we used quasi-static equations. It should be noted that the power

split losses are not included here.

71 WRI + Wingt = (1 +71) - we (3.1.9)

1
T, =— gt = — - T, 3.1.10
1+ gl (T1+ ) R1 ( )
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Wing2 = T2 * WR2 (3.1.11)
WR1 = WR2 = Td * Wwheel (3.1.12)
Tro =72 - Tingo (3.1.13)

ri = Nyi/Ng,i = 1,2 represents the planatory gear ratio in which N,; is the

number of teeth in the ring gear and N,; is the number of teeth in the sun gear.

1 1
Battery
Inverter t — — — —
o &
Cc2 —-]_
R1 R2 -

Figure 3.6: Selected HEV architecture .
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Table 3.4: Power Split Device Parameters.

Component  Parameter Symbol  Value
Number of teeth in ring gear N, 78
PGS1
Number of teeth in sun gear N 30
Number of teeth in ring gear N, 58
PGS2
Number of teeth in sun gear N 22

3.1.5 Final Drive

The final drive block task is to transfer the power from the power split device to
the wheels. To consider final drive power loss, final drive efficiency is assumed as a

constant number 7; = 0.95, and the total final drive ratio is considered as ry = 3.268.

Table 3.5: Final Drive Parameters.

Parameter Symbol  Value
Final drive efficiency 1y 0.95
Final drive ratio rq 3.268
Moment of inertia Jq 0.1 kgm?

3.1.6 Wheels

The wheels are modeled to accounts for rolling resistance power losses. The wheel

radius value is considered as 7., = 0.31 m. Wheel output force and speed are as
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follows:

Vyeh

Wep, = (3.1.14)

o ﬂn + Tbrake — Lroll

Twh

Twh

(3.1.15)

where the v, is the vehicle longitudinal speed, Ty,qx. is the brake torque which comes

from the controller block. T,; represents the rolling resistance losses.

Table 3.6: Wheel Parameters.

Parameter Symbol  Value
Wheel radius Twh 0.31m
Moment of inertia  J,y, 0.8 kgm?

3.1.7 Chassis

The vehicle free body diagram is shown in Figure 3.7. Newton’s second low derives
the longitudinal vehicle dynamics by considering all the forces which are acting on the
vehicle. The road is considered as a flat plane with a grade of 6. The road load forces
include gravitational force, aerodynamic resistance, and rolling resistance. Therefore,

the vehicle dynamic equations are as follows:

Fyrade = mygsin(0) (3.1.16)
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[0
F

rolling

Figure 3.7: Free body diagram of a vehicle longitudinal dynamics.

Fyrq4e 1s the gravitational force, where m, stands for the vehicle mass and g is the

gravitational acceleration equals to 9.81 m/s*.

Frou = myg (Cy, + Cyv) cos () (3.1.17)

F.o is the rolling resistance force, C, and C; are the rolling resistance coefficients.

1
Foero = §paierAUZQ;eh (3118)

Foero is the aerodynamic force, p,;- is the air mass density, C} is the aerodynamic drag
coefficient of the vehicle and A is the vehicle frontal area of. Therefore, the tractive

force can be calculated as follows:

Eractive = Mequiv Aveh + Faero + Froll + Fgrade (3119)
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where Fj.qcive 1S the tractive force required at the wheel, a is the acceleration of

the vehicle. By considering components’ inertia, the vehicle equivalent mass can be

yielded as:
r
Jrotal = (12 T =+ ( - L V2T 4 12 g2 )72 4 g+ A
+ 7
JO a
Minertia = t2t l (3120)
rwh

Meguiv = My + Minertia

The vehicle longitudinal velocity is determined by implementing equation 3.1.19 in
the chassis block.

In order to validate the model of longitudinal vehicle dynamics, the simulated
tractive force is compared with the testing data of the tractive force for steady-state

drive cycle testing data.

Table 3.7: Chassis Parameters.

Parameter Symbol  Value
Vehicle mass my 1480 kg
Gravitational constant g 9.81 m/s?
Constant term of the rolling resistance polynomial 0.002

Linear term of the rolling resistance polynomial Ch 0.0002 s/m
Drag coefficient Cy 0.25

Frontal Area A 2.5 m?

Air density Pair 1.225 kg/m?
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Figure 3.8: Simulated tractive force versus the testing data of the tractive force for
steady state driving schedule. The RMS error is equal to 73.9 Nm.

3.2 Driver

The main driver task is to track the desired driving cycle as its input. The driver
model consists of two primary parts: 1) feedforward block 2) feedback block. The
feedforward block is responsible for generating the requested power and torque by
utilizing the equations which are provided in the Section 3.1.7. The feedback block,
which is a PID controller, aims to control the speed. Powertrain model is prone
to physical limitations such as motor speed, torque, and other components criteria.
When an actuator signal is saturated, the PID controller can compensate for the
speed or torque deviation. The PID controller coefficients are tuned to match the
vehicle speed with the reference driving cycle. Figure 3.9 shows an overview of the
driver model, which receives the reference and vehicle simulated speed and outputs

the desired propulsion and braking power.
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Figure 3.9: Driver schematic in simulink environment.
3.3 Energy Management Control Unit

In order to validate our model, a rule-based EMS is chosen that imitates the rule-
based method, which is implemented in real Toyota Prius MY10. There are several
studies that analyze the testing data provided by ANL to extract the baseline rule-
based strategy [125, 131]. A flow chart is provided in Figure 3.10 to give an overview
of the implemented EMS.

Py, Vi, and SOCY, are the threshold values which determine the engine on or
off mode. When the vehicle is accelerating ( propulsion mode), there is only one way
that the ICE turns off in which the SOC' is greater than the SOC};, while the vehicle
power demand and speed are lower than their thresholds to prevent the battery from
over depletion. When the vehicle is decelerating (braking mode), the engine goes off.
However, comparing engine speed with vehicle speed dataset leads to the fact that in
most cases, when the vehicle speed is greater than Vj;,, the engine speed remains at

idle speed. This would benefit the engine to start again from idling mode.

67



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli McMaster — Electrical & Computer Eng.

Engine On Engine Off Engine On

Engine On

Engine Off Engine On

Figure 3.10: The rule based EMS flow chart.

3.3.1 Engine on-Propulsion

In this mode, engine power is calculated by subtracting power demand and battery
power. The relation between battery SOC and battery power is shown in Figure 3.11.
Having the engine power and using the data provided in Figure 3.11 helps us to find
the engine speed. The rest of the components’ torque and speed along with braking

command are determined as follows:

Pbatt = fl(SOC)
Peng = Pdmd - Pbatt
(3.3.1)
Weng = f2(Pdmd)

Teng - eng/we
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Wmg1 1s calculated by using equations 3.1.9 and 3.1.12. T,,, is computed by equa-
tion 3.1.10. wy,ge can be obtained using equation 3.1.12. Now, MG2 torque can be

determined as:

ngZ = (Pbatt - ngl)/wmgQ (332)

Since the vehicle is in propulsion mode, the braking power is equal to zero.

o I
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Figure 3.11: The left box shows f; and the right box represents f.

3.3.2 Engine off-Propulsion

In the acceleration mode, if the power demand and vehicle speed are lower than their
threshold and the battery soc is above its minimum value, the engine can be turned
off. Therefore, the vehicle switches to pure electric mode and the engine torque and
speed are zero. Since the MG1 is coupled to the engine, the MG1 torque and speed

value are zero as well and the vehicle is running solely by MG2. w42 is obtained by
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equation 3.1.12 and 7},42 can be written as :

Weng = 0

T.=0
Wingr = 0 (3.3.3)
Trngt =0

ng2 = Pdmd/wmgQ

The vehicle does not provide braking power command in this mode. Therefore:

Py =0 (3.3.4)

3.3.3 Engine on-Braking

During deceleration, if the vehicle speed is above the speed threshold, the engine does
not turn off and it keeps idling. This idling state will help engine to be ready for
providing power again.
Weng = 1000 rpm
Prpng = 1000 W (3.3.5)
Teng = Peng/we
Wmg1 is calculated by using equations 3.1.9 and 3.1.12. 7,4, is computed by equation
3.1.10. w42 can be obtained using equation 3.1.12. MG2 torque can be determined

as:

ngg = fg(v) . Pdmd/weng (336)
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where the f3(v) stands for regenerative braking fraction which is function of vehicle
linear speed and it is modeled by utilizing a look-up table. The braking power formula

is as follows:

Pork = Pama — Prg2 (3.3.7)

3.3.4 Engine off-Braking

When the driver takes his foot off the pedal and the vehicle speed is decreasing to
below the vehicle speed threshold, the engine fully turns off. The engine torque and
speed equal to zero. MG1 speed and torque, MG2 speed and torque, and braking

power command can be calculated same as engine on -braking in Section 3.3.3.

3.4 Model Validation with ANL data

To compare the future proposed energy management strategy with the baseline Toy-
ota Prius MY 10 control strategy, it is crucial to establish a vehicle model that imitates
the real HEV behavior. In this section, simulink’s developed model is validated using
the Toyota Prius MY 10 chassis dynamometer test data. Simulated vehicle speed and
engine speed are compared with measured data in Figures 3.12 and 3.13.

Several reasons lead to some slight differences between the simulated and raw data.
Our model does not consider the effect of temperature on powertrain components.
For instance, the engine thermal model is not developed in our model that leads to
a discrepancy between the simulated engine speed and testing data for the first 100
seconds of the UDDS drive cycle where the vehicle is warming up [125]. The discrep-

ancy between simulated and testing data can also happen due to the simplifications
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Figure 3.12: Simulated vehicle speed and engine speed versus testing data for steady-
state driving schedule. The RMS error is equal to 0.16 m/s, and 156.34 rpm, respec-
tively.
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Figure 3.13: Simulated vehicle speed and engine speed versus testing data for UDDS
driving schedule. The RMS error is equal to 0.24 m/s, and 615.35 rpm, respectively.
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that have been made on the simulink model. For instance, the model does not ac-
count for the dynamic of the vehicle components, including power split dynamics, tire
dynamics, engine dynamics, etc. Even though modeling the components’ dynamics
improves model accuracy, it will enhance the model complexity and computational
time. Therefore, the developed simulink model sufficiently models the real HEV for
controls development. Our study focuses on improving fuel economy and battery
charge sustainability; hence, in the following sections, fuel consumption and battery

SOC trajectory are validated against testing data.

3.4.1 Fuel Consumption Model Evaluation

Engine fuel consumption is calculated using equation 3.1.2 in our simulink model. The
fuel flow rate is shown here over UDDS, steady state, and Highway drive cycles. In
the first approximately 100 seconds of the UDDS drive cycle, the estimated fuel does
not follow the raw data. The reason is that we did not consider the engine thermal
model and fuel consumption is affected by engine warm up process at the beginning

of cycle. Following the 100 seconds, the fuel flow rates are in a good agreement.
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(b) Fuel flow rate raw data compared to simulated fuel flow rate in UDDS driving cycle.
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(c) Fuel flow rate raw data compared to simulated fuel flow rate in Highway driving cycle.

Figure 3.14: Fuel flow rate comparison for each driving schedule.
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Table 3.8: Total fuel consumption results.

Driving cycle Raw data (ml) Estimated fuel (ml)  Error (%)

UDDS 403.5 414.7 +2.7
Highway 576.8 590.4 +2.3
US06 729.5 700.5 -3.9
Steady-state 388.8 376.1 -3.2

Generally, the estimated fuel consumption follows the testing data. Results are
provided in Table 3.8 for four drive cycles. The estimated fuel consumption results
are within 5% of actual measured data and that is an enough accuracy for analyzing

the energy management of our model.

3.4.2 Battery State of Charge Model Evaluation

In this section, the battery SOC trajectories of three driving cycles are presented and
compared with testing data. It can be seen from figures that estimated SOC trajec-
tories follow the testing data perfectly. However, some gaps can be found between
raw and estimated data. For instance, at the beginning of UDDS drive cycle, in the
testing data, engine turns on and the battery is charging. But in the simulated SOC
trajectory, the battery is discharging due to engine off condition. Following by 100

second, the simulated SOC trajectory keeps the pattern of testing data set.
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(c¢) Comparison of SOC trajectories for Highway driving schedule.

Figure 3.15: SOC trajectory comparison for each driving schedule.
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Table 3.9: Final SOC value comparison results for each driving schedule.

Driving cycle Raw data  Estimated SOC  Diff.

UDDS 0.35 0.333 -0.017
Highway 0.40 0.417 0.017
US06 0.44 0.441 0.001
Steady-state 0.37 0.36 -0.01

3.5 Summary

The detailed model of powertrain components, baseline energy management strategy,
and the driver for Toyota Prius MY10 HEV have been presented in this chapter. This
chapter aimed to develop a model with acceptable accuracy for further analyzing fuel
consumption and battery performance. Validation results showed that the model’s

accuracy is sufficient to assess the effectiveness of future EMS strategies.
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Chapter 4

Implementation of an Offline
Optimal Energy Management

Strategy

4.1 Dynamic Programming

Global optimization EMSs have a pivotal role in the development of an iEMS. The
goal of these methods is mostly minimization of fuel consumption, which has been
a significant concern for the electrified vehicle. These methods provide benchmark
solutions in order to evaluate and improve iEMSs. For instance, rules in rule-based
methods can be extracted or modified by comparing with DP results [132]. Control
parameters in real-time EMSs are usually optimized offline utilizing global optimiza-
tion algorithms. Authors in [133] have performed DP several times to have an estimate
of the optimal parameters to determine the equivalence factor. Recent advances in

Al has made data-driven approaches such as ANN-based EMSs more popular. The
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accuracy of an ANN-based EMS highly depends on the quality and precision of the
ANN training dataset. To ensure the optimality of training data sets, several se-
ries of global optimization algorithms on different driving schedules are conducted
that prepares the training dataset [88]. Optimal sizing of powertrain components has
been widely researched employing global optimization EMSs. The component sizing,
along with managing the power split among different energy sources, contributes to
efficient operation in terms of components’ lifetime, total powertrain cost, and energy
consumption. Authors in [134] have considered a multi-objective optimization prob-
lem, including optimal component sizing, gear shifting, and engine on-off command
utilizing the DP and convex optimization approaches. Authors in [135] have set out
three optimization targets, including reducing the battery and fuel cell degradation,
minimizing the energy consumption of supercapacitors, and the optimal design of
those energy sources for a hybrid electric city bus.

Considering the above-mentioned advantages of global optimization EMSs, it is
worth studying DP for our selected power split HEV. We have formulated DP for
the Toyota Prius 2010 that provides valuable results that can be used to improve the
performance of the real-time EMS which will be introduced in the next chapter.

There is a large volume of published studies implementing DP on different pow-
ertrain architectures. Authors in [136] have conducted a study on a parallel HEV
to compare two EMSs including DP and a combined DP-Pontryagin’s Minimum
Principle (PMP) to optimize the gear shift command, power split ratio, start-stop
functionality, and fuel consumption. The results in [136] confirm the optimality of
the DP-PMP method, which has a close performance to DP. Authors in [137] have

examined two power-split configurations in terms of fuel economy. They used DP
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as a global optimization method to evaluate the effectiveness of adding clutches in
the power split configuration that improves the fuel economy. Authors in [132] have
performed DP to optimize a baseline rule-based method on a series PHEV in order
to mimic the DP performance. Authors in [138] have utilized DP to assess the fuel
economy performance of SDP and ECMS methods on a Toyota Prius 2010.

DP is computationally intensive. A growing body of literature has investigated
reducing the DP computational time [132, 139, 140]. However, these studies mostly
have assumed some simplifications, which affect the optimal results or they suggested
using prepared data set to eliminate the number of control variables, which might
deteriorate DP results. In our approach, we attempted to eliminate dependent control
variables repeatedly used in DP employing for Toyota Prius 2010 in other studies.
Besides, the goal of DP in our studies is not only fuel minimization but also improving

drivability which prevents excessive engine on events.

4.2 Mathematical Principle

DP is a numerical optimization method based on Bellman’s principle of optimality
[58]. It is widely used to provide benchmark solutions as a global optimization algo-

rithm for EMS problems. To explain the DP concept, consider a discrete-time system:

Thy1 = f(:vk,uk), k= O, 1, ceey N -1 (4.2.1)

Where the xy, is the state vector within state space X (k) and uy, are the control vari-
ables within input space Ui (). The DP approach as a global optimization algorithm

is responsible for finding the control sequences which minimize the cumulative cost
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while respecting the control and state constraints. Considering m = [ug, 1, ..., un—_1]
as the control policy, the discrete-time format of total cost function is expressed as

follows:

i

Jr=g(xn)+ > Lk, uk) (4.2.2)

B
Il

where J, is the aggregated cost, g(zy) is the terminal cost, and L(x,uy) is the
instantaneous cost. The optimal control policy 7 = [u}, u], ..., ul_,] is the policy

that minimize the total cost (equation 4.2.2):
I = min J (o) (4.2.3)

DP as a backward optimization algorithm, starts from the final step N and it proceeds
backward by obtaining the optimal control sequences through minimizing the below

expression:
Ji(x) = min[L(ze, we) + Jiyy (vr1)] k=N—-1,N—2..1,0  (424)
Uk

with intial value

In(rn) = g(zn)

where the J}(xy) expresses the optimal cost-to-go function at state z;, including the
kth time step to the final step N. At the step (k=0), the algorithm achieves the
minimum total cost J*(zo).

The result of backward DP process is the optimal control policy uj(xy) for k =
0,..,N —1. In fact, DP evaluates all admissible control values at each amissible state

value to minimize the equation at each grid point. Figure 4.1 shows the DP backward
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process. During forward simulation, when the initial state value is determined, the
optimal control signals map along with equation 4.2.1 will be utilized to calculate the

state trajectory and obtain the optimal control sequence.

Number of stages=N
Number of state values=S
Number of control variables=C

¥
Set k=N
Calculate and Store
Ji(ek) = gxky)
For all admissible quantized values of
xy (i=12,..,5)

~ Decrease kby 1
Set x;, equal to the first quantized

lue by making i = 1
value by m;’a\ Ing i Change x;, to the next

) quantized state value by
increasing i by 1

~ Set “CostMin” to a large positive number
Set u,{ equal to the first quantized value by making j = 1

|
)
Calculate the value of
1 = F(ow)
Use this value of x,”, ;to select the
appropriate stored value of J; ;1 (x;’, 1)
Calculate Jj (x})

Change u;, to the next quantized
control value by increasing j by 1

Store CostMin in COST
And UMin in UOPT

Is the value of
Ji(x}) less than
CostMin?

Print optimal controls (UOPT) and
minimum costs (COST) for all state
points and all stages

STORE the value
T (xie)
In CostMin
Store the value u,{
In UMin

Figure 4.1: DP backward computational procedure. (Adapted from [141])
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4.3 Applying Dynamic Programming to HEV

4.3.1 State and Control Variables Selection

To start implementing DP, we need to choose the appropriate state and control
variables. As it is explained in section 2.3.2, with adding the number of state and
control variables, the computational time would increase exponentially. Therefore,
we attempted to pick independent control and state variables which are adequate to
model the selected power-split HEV for the DP purposes.

The ultimate goal here is to minimize the total fuel consumption, which is the
summation of fuel mass rates over the whole drive cycle. Engine fuel mass rate at

each time step is calculated as follows:

P, =T, x w,
1 (4.3.1)

lk‘ = 'Pek “Je eaTe 'tse
Juel(k) P fuer X 3600000 (k) - fe(ne, Te) - tatep

Looking at the above equation, at first glance, it seems that the engine torque and
speed can be chosen as the control variables since they determine the cost function
value at each instant. However, we need to make sure that these two variables are
sufficient to determine the operating conditions of all the powertrain components.

Let’s consider the PGs equations which are shown below:

71 WRI + Wingt = (1 +71) - we (4.3.2)
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WR1 = WR2 = T'd * Wyheel

(4.3.3)
Wmg2 = T2 - WR2
1
L= — T 4.3.4
1 + (&} gl ( )
Tin 1
Tpgz = —2 — — L. = .7, (4.3.5)

During DP implementation, the vehicle speed is known in advance, and the MG2
speed is calculated by equation 4.3.3. Having the engine torque as the control variable,
MG?2 torque is calculated by equation 4.3.5 . Assuming the engine speed and torque
as the control variables, the MG1 speed and torque can be obtained by equation 4.3.2
and 4.3.4, respectively. Hence, the engine torque and speed are adequate to determine
the operations of all the powertrain components.

So far we have determined the control variables, but the state variables are still
not defined. For the state variable, battery SOC is chosen since it represents the

battery’s dynamic and electrical energy path

Iy(k)

SOC(]{? + 1) = SOC(]C) - m : tstep

(4.3.6)

The selected powertrain architecture allows two operating modes, which are HEV
and EV modes depending on the engine status. To avoid unpleasant deriving expe-
rience due to excessive engine start events, we can penalize the engine start events
by considering the engine mode as the second state variable. Engine mode can take

only two values where 1 shows the on status, and 0 is for the off status. The control
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Table 4.1: DP control and state variables.

State Variables  Control Variables

S0C Te

mode We

and state variables selection are summarized in the Table 4.1.

Now the global optimization EMS problem is summarized as follows:

F

minimize J(ug,xy) = Lz, ug)
s
0

B
Il

s.t.
L(w, ug) = [y (T.(k), we(k)) + o - (engine,(k)) > 0]
(k) = [SOC(k), mode (k)]
u(k) = [Te(k), we (k)]
SOC(0) = SOC(N)
SOC € [SOCypin, SOCias (4.3.7)
mode = [0, 1]

T.

emaac]

T, € [T,

Tnga € [Tm92min ) Tm92max]

Timg1 € [nglmin7Tm91maw]
We € [Wepyir Wepnee]

wm92 € [wm92min7 wmg2maw]

wmgl € [wmgl'rrLiTL’ wmglmaz]
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where ¢ (T.(k), w.(k)) stands for fuel mass rate at each moment which is calculated
by equation 4.3.1, p is the engine start events penalty factor, and enginey(k) is defiend

as the current engine status minus that of last step.

4.3.2 HEV Backward Model

The DP Matlab function introduced in [142] is utilized along with the backward model
of Toyota Prius MY10, which is built in the Matlab script, to implement DP as an
EMS in this thesis. There is no driver model in backward modeling, and the vehicle
speed is known beforehand, which determines the torque required at the wheels. The
torque demand propagates to powertrain components via drivetrain. In other words,
the imposed drive cycle’s power determines how much each powertrain component
should supply to meet the demanded power [143]. MGs, battery, engine, and power
split device are modeled using the look-up tables and equations similar to the forward-
facing model in chapter 3. An overview of the backward vehicle model is shown in
Figure 4.2.

To build the backward vehicle model, since the drive cycle information, including
velocity and acceleration, are known, the torque and power demand at every time

step is obtained by:

ded = Mequiv Aveh + Faera + Froll + Fgrade
Tiama = Famd - Twh (4.3.8)

Pima = Famd * Vien
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Following by above formula, the torque required at the final drive are given by:

Tm —Ssgn
Tin = idd gy 29 Pama) (4.3.9)

The engine torque and speed are determined by control variables discretization.
Therefore, the MG2 torque and speed can be calculated by equations 4.3.5 and 4.3.3,
respectively. The MG1 torque and speed are specified at each time step through equa-
tions 4.3.4 and 4.3.2. Having speed and torque of ICE, MG2, and MG1 calculated,

allows us to determine the state variables as well. Battery power is obtained using:

Pbatt - PMGl,elec + PMGZ,elec + Paccess (4310)

where the Py ciec for both MG1 and MG2 can be driven from equation 3.1.4. P, cess
is the constant power of electrical accessories. By having the battery power, the
battery SOC can be evaluated by equation 4.3.6. Also, engine mode as the second

state variable is specified by the engine speed sign as follows:

mode(k) = sgn(we(k)) (4.3.11)

Finally, the cost function at each time step is calculated according to equation 4.3.7.

4.4 Results

DP is first run backward which outputs the optimal control signals at every grid point.
During the forward DP, when the initial state variables are specified, the optimal

control path will be obtained utilizing the control map governed by backward DP. In
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Figure 4.2: Backward-looking vehicle model scheme.

this section, the SOC and engine mode as the state variables are considered as 0.5,
and 0, respectively. The state and control variables are discretized as is shown in
Table 4.2 for the DP simulation. The simulation time step is is 1 (sec). It should
be noted that the higher number of discretized points leads to a higher quality of
DP optimal solution while increasing the DP processing time. In this simulation, the
number of discrete points for each variable is tuned to make a trade-off between the
DP execution time and the quality of optimal results.

The battery SOC, engine mode, engine and MG2 power are presented for UDDS,
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Table 4.2: DP variables.

Variable Min Max N
SOC 0.3 0.8 501
Mode 0 1 2
Te (Nm) 0 142 31

we (rad/s)  0,104.71 57596 31

Highway, and US06 drive cycles in Figures 4.3, 4.4, and 4.5. Charge-sustaining can
be achieved for all driving cycles which represent city, highway, and aggressive driving
conditions.

Table 4.3 compares the fuel consumption results obtained by rule-based and DP.

The Decrease value is calculated as:

F - F
Decrease = Cor Cro x 100 (4.4.1)
FCgrp

According to [144], when comparing the fuel consumption of a charge-sustaining HEV,
the difference between the initial and final battery SOC value affects the actual fuel
consumption. Whether there is an increase in the final SOC value or decrease, the
fuel can be saved, or it should be compensated by running the engine-generator set.
The fuel consumptions that are reported in the Table 4.3, are the corrected fuel
consumption considering the net change in the battery SOC.

As can be seen from Table 4.3, DP outperforms the rule-based strategy for all
driving schedules by an average of 26.67 % reduction in fuel consumption. Although
the DP can not be implemented for real-time application, the comparison of the
DP and rule-based results reveals the need for a real-time implementable EMS with

near-global optimal performance.
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Figure 4.3: DP results of battery SOC, engine mode, engine, and MG2 power for
UDDS drive cycle.
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Figure 4.4: DP results of battery SOC, engine mode, engine, and MG2 power for
Highway drive cycle.

92



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli

McMaster — Electrical & Computer Eng.

500

) 100 200 300 400 500 600
1 1 1 1 1
3
O 051
=
O | | |
0 100 200 300 400 500 600

ICE
Power (KW)

100 200 300

400 500 600

MG2
Power (kW)
o

&
e

o

Figure 4.5: DP results of battery SOC, engine

US06 drive cycle.

200 300

Time (s)

100

93

400 600

500

mode, engine, and MG2 power for



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli McMaster — Electrical & Computer Eng.

Table 4.3: Fuel consumption results.

UDDS  Highway US06

Rule-based 440.97 613.81 687.48
FC (ml) DP 314.4 460.1 506.9
Decrease (%)  -28.70 -25.05 -26.26

700 [ Rule-based -
i oP

UDDS Highway US06

Figure 4.6: Fuel consumption comparison of Rule-based and DP over three drive
cycles.
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4.5 Summary

This chapter set out to provide an offline global optimization algorithm to solve
the EMS problem in our selected HEV. First, the theory of DP as a chosen global
optimal method was introduced. Second, we discussed the state and control variables
selection, and the EMS optimal problem is formulated. Third, the implementation
of DP for our model and the backward vehicle simulation were investigated. Finally,
the DP simulation results were shown for three EPA standard drive cycles, including
UDDS, Highway, and US06. The results indicate the room for fuel consumption and
battery performance improvement in real-time EMSs that are further investigated in

the next chapter.
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Chapter 5

Development of a Real-time

Energy Management Strategy

5.1 Introduction

Considerable number of methods have been utilized to address EMSs. Rule-based
methods [145, 146], DP [147, 148], PMP [149], MPC [150, 151], and ECMS [152, 153]
are some of established EMSs. Rule-based EMSs have been successful because of their
simplicity, real-time capability, and ease of implementation for industrial purposes.
Vehicle controllers’ data is part of automotive companies confidential documents.
Several studies attempt to derive and analyze the EMS supervisory controller of real-
world HEVs [154, 155, 156, 157]. Authors in [157] have extracted the rule-based
strategy implemented in Toyota Prius 2010, utilizing the testing data provided by
ANL. Authors in [155] have conducted a similar study to obtain engine on\off con-
trol, which is embedded into Chevrolet volt 2016. Although the rules-based methods

are practical and well-suited for commercial applications, they are not able to fully
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utilize the HEV powertrain capability. The considerable limitation with heuristic
methods is that they do not guarantee to be optimal. Several studies have attempted
to improve rule-based results in terms of optimality [158, 159, 160]. Authors in [159]
have modified a rule-based strategy with DP optimal control signals that leads to
almost 50% improvement in fuel reduction. Authors in [160] have employed GA to
optimize the threshold parameters of rule-based EMS. These studies show the poten-
tial improvement in the fuel economy of rule-based EMSs. However, integrating offline
optimization algorithms into rule-based methods is not practical in real-world appli-
cations due to the computational burden and the complexity of methods for HEVs.
Besides, even considering the global optimization method results to adjust heuristic
rules, the updated strategy does not necessarily guarantee optimal performance for
all driving cycles. In addition to optimality concerns of rule-based EMSs, intensive
work needs to be done to calibrate and adjust the rules for all driving situations,
which is a time-consuming and complex task.

The issues mentioned above with rule-based methods and the computational bur-
den of global optimization algorithms contribute to the use of instantaneous opti-
mization methods for EMSs. Commonly established instantaneous EMSs are ECMS,
MPC, extremum seeking [161], and etc. ECMS indicates excellent performance among
these methods because it can provide near-global optimal results while meeting the
real-time application criteria. ECMS considers minimizing the summation of fuel
consumed by ICE and the equivalent fuel of battery electrical energy usage at each
instant. The vital parameter in ECMS is the EF, which converts the electrical energy
to equivalent fuel consumption. EF value varies for each driving cycle. Authors in

[162] have shown the use of optimal EF value for a selected drive cycle leads to the

97



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli McMaster — Electrical & Computer Eng.

same performance as DP. Without relying on the drive cycle predictors, it is most
likely that the EMS will not have the information about future driving situations
in real-world driving [163, 164]. The EF case-sensitivity issue has encouraged stud-
ies to conduct EF online adjustment that leads to adaptive ECMS (A-ECMS). The
real-time EF adjustment can be done in three common approach including predicted
driving information, pattern recognition, and battery SOC feedback [165]. Authors
in [166] have used a clustering method to classify the driver’s driving style, which is
integrated into the ECMS algorithm to adjust the EF value according to each driving
style. Authors in [167] have developed a velocity predictor combined with A-ECMS
to update EF value using the predicted velocity. Authors in [168] have used an ANN
to predict the drive cycle’s power demand which is used to predict the optimal SOC
reference of a PHEV. In their proposed method, the EF value is updated using a
PI controller to minimize the battery SOC difference with its reference trajectory.
Several studies have attempted to implement driving pattern recognition methods
to categorize drive cycles in order to select the appropriate EF for the A-ECMSs
(169, 170]. Battery SOC feedback is mostly used in A-ECMSs to ensure the SOC
lies in the pre-defined range. Authors in [171] have formed the EF update function
in terms of battery SOC difference with the SOC reference value multiplied by a
correction factor which is calculated offline.

Although these aforementioned articles have presented the state of the art EMSs,

they still lack in the following aspects from an industrial perspective:

e The vehicle industry has not welcomed the prediction-based methods due to
the reliability issue of predicted parameters. If prediction methods are utilized

for real-world vehicles, the EMSs should be equipped with fault detection and
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diagnostics control strategies to avoid abrupt driving situations.

e A-ECMSs based on pattern recognition and prediction methods are not viable
since they require intensive calculation, which restricts their dominant use in

the automotive industry.

e PI controllers have good performance at giving the charge sustaining battery
SOC trajectory; however, the controller’s gain might differ for each drive cycle.
Proper tuning of PI controller gain is a time-consuming task and requires man-
ual work. Hence it can not be completely said that Pl-based EF update rules

are completely independent of human intervention during real-world driving.

An ECMS method is proposed in this study that does not require parameters
tuning compared with the rule-based EMS. The method provides near-global optimal
fuel consumption results without utilizing predicted driving cycle information. The
method is capable of keeping the battery SOC in a predefined interval while respecting

drivability concerns to bring comfort for the passengers and driver.

5.2 Situation-specific Equivalent Consumption Min-
imization Strategy

5.2.1 Basic Equivalent Consumption Minimization Strategy

ECMS is an online instantaneous optimization technique that minimizes a cost func-
tion representing an equivalent fuel consumption [172]. In [173], the authors intro-

duced this concept in 1999 as a tool to scale down the global optimization problem
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into an instantaneous problem which can be solved online. The cost function is de-
fined as a summation of the fuel amount consumed by the engine and the equivalent
fuel consumption of electrical energy consumption. The electrical power is converted
to equivalent fuel consumption using the EF such that the total fuel consumption can
be minimized [174].

The EF value plays a vital role in determining the near-optimality of the EMS and
maintaining the battery’s charge sustenance. An EF’s value greater than its optimal
value tends to recharge the battery more than depleting. In contrast, an EF’s value
smaller than the optimal value prioritizes depletion of the battery over recharging it.

There are three distinct paths available for achieving charge sustenance in ECMS
online simulation or real-time applications. First, an optimal constant value of the EF
can be found by the trial-and-error method if the EMS controller knows the complete
drive cycle before real-time driving. Second, a PI controller can be employed to up-
date the EF in real-time so that the battery SOC, at any time during the drive cycle,
does not deviate much from the reference SOC value. Although the PI controller does
not guarantee to finish the drive cycle exactly with the same SOC value as reference
SOC, PI controller can finish the drive cycle within a reasonable tolerance of +2%
of battery SOC when the EMS controller does not know anything about the future
driving situations. Third, the EF’s value can be optimized for small future time-
windows based on the predicted driving situations for those time-windows. However,
prediction-based ECMS would not be practical due to the reliability and implementa-
tion issues, at least for the foreseeable future. Among the methods mentioned above,
the PI-based EF update method is the most accredited and easy to implement in the

real-time HEV application where the future drive cycle information is unavailable.
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5.2.2 Proposed Framework of Equivalent Consumption Min-

imization Strategy

We have found a framework comprised of simple ECMS and three distinct values of
EF for HEV applications and the charge-sustaining operation of PHEVs. As far as the
HEV is concerned, due to limited charging opportunities, it is preferred to maintain
the SOC trajectory around a predefined SOC value, which may not be the case for
every drive cycle but should be achieved at least in the long-term. Moreover, Li-ion
batteries offer maximum efficiency within the bracket of 40% to 60% SOC. Therefore,
an EMS should be articulated in a way so that it can operate the powertrain of
the HEV within the efficient operating zone of the battery. As far as the charge-
sustaining mode of a PHEV is concerned, the EMS has much less room to deviate
from a typical strict tolerance of +3 — 4% since the charge-sustaining mode activates

typically around 20 — 25%.

Working Principle of Situation-specific ECMS

It is assumed that the HEV is supposed to operate around a global reference value
of battery SOC. With this assumption, the proposed framework has to ensure the
battery’s charge sustenance around the global reference value throughout the long-
term. In other words, we make the sustaining constraint less strict by a relaxation of
the final SOC value, which is not restricted to be equal or very close to the reference
SOC value by the end of each drive cycle. However, the controller can retain the
battery SOC around the reference value with a small amplitude of about +15% in

the long-term and prevents immoderate depletion or overcharging.
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A legitimate question can be raised about the justification of articulating a sep-
arate framework of ECMS since similar wobbling characteristics of battery SOC in
long-term driving can be easily obtained through PI controller-assisted ECMS or even
a simple rule-based control.

It is the perfect time to reveal the last objective of the proposed framework. The
framework must yield a fuel-economy performance that is as close as to the global
optimal performance yielded by an offline numerical method such as DP. It is note-
worthy to mention that neither rule-based control nor Pl-based ECMS is articulated
targeting global-optimality. The PI-based ECMS is primarily articulated as an instan-
taneous optimal control strategy with the capability of satisfying reasonable charge
sustenance for every drive cycles. The PI-based ECMS exerts secondary emphasis on
near-global optimality of fuel-economy. Table 5.1 presents a consolidated and brief
comparison among three EMS control strategies, i.e., rule-based, PI-based ECMS,

and our proposed ECMS.
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Table 5.1: Comparison of control strategies.

Control Strategy  Primary Objectives

Advantages

Disadvantages

a) Long-term charge sustenance.
Rule-based

b) Ease of real-time computation.

a) Charge sustenance of every drive cycle.

PI-based ECMS

b) Instantaneous optimization.

a) Long-term charge sustenance.
Proposed

b) Instantaneous optimization.
Situation-specific

¢) Achieving near-global optimality
ECMS

of fuel-economy.

Computationally simple and swift.

Reasonable charge sustenance is achieved

for every drive cycle.

a) Long-term charge sustenance.

b) Focus on global optimality for

each drive cycle.

¢) No tuning parameters.

d) Simple and effective.

a) Articulation of rules is difficult.

b) Does not guarantee on global-optimality.

¢) Too many tuning parameters.

a) At least three parameters need

to be tuned for different drive cycles.

b) Does not focus on global-optimality.

Three generic EF values are chosen

for city, highway, and aggressive type

drive cycles.

In real-world driving scenarios, there is a possibility of interacting with a count-

less number of drive cycles. EMS control strategies embedded in real-world HEVs are

generally articulated only based on a few federal drive cycles and possibly for a hand-

ful of real-world drive cycles. The EMS cannot deploy global optimal methods during

real-time driving due to the current limitation of the computational power of micro-

controller and insufficient future driving situation’s prediction capability. Therefore,

most of the Original Equipment Manufacturers (OEMs) concentrate on articulating

EMS control strategy utilizing the global optimal results for the aforementioned drive

cycles (federal plus a limited number of real-world drive cycles) and deploy the vehicle
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on the road with that EMS. There is less chance of obtaining near-global optimal fuel
economy performance with that EMS for all real-world drive cycles. The proposed
situation-specific ECMS caters to an ingenious and reliable solution to the problem
mentioned above. The proposed controller achieves near-global optimal fuel economy
while maintaining the battery SOC around a reference value without requiring the
drive cycle knowledge in advance.

Our proposed situation-specific ECMS method develops an EF update strategy
comprising of three distinct EF values. The EF update strategy will select either
of these EF based on comparing the initial battery state and the global reference
SOC value. For the given vehicle specification and characteristic maps of the prime-
movers, an optimal value of EF can be selected based on the trial-and-error method
in a model-in-the-loop simulation for several pre-known standard federal drive cycles.
For the proposed framework, also another two values of EF, i.e.,charging -EF and
discharging-EF, are computed for which the HEV will finish the drive cycle with
higher battery SOC and lower SOC, respectively.

Now, it is time to elucidate the situation-specific ECMS. Suppose, an HEV starts
its first real-world drive cycle from an initial SOC same as the global reference SOC
value. Once again, it should be reiterated that the objective of the proposed ECMS
framework is to maintain charge sustenance in long-term driving. Since the EMS
started the drive cycle exactly from global SOC reference, the constant optimal EF
value will be used for the entire drive cycle. Once the drive cycle ends, the ending
SOC might be higher or lower than the reference SOC value. If the final SOC is lower
than the reference value, the ECMS controller will switch to charge mode (charging-

EF) until the SOC trajectory hits the reference value. Once the reference SOC value
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is obtained, the controller shifts to sustain mode till the end of the trip. If the ending
SOC is higher than the reference SOC value, the discharge scenario (discharging-
EF) will first happen, and second, the sustaining mode. The controller is defined to
compensate for the intense battery charge or discharge and maintain the battery SOC
around a reference value. Since the controller updates the EF by comparing the initial
SOC with the reference SOC value, the strategy is best suited for delivery trucks or
taxi applications. A delivery vehicle driver makes many stops throughout the day
between the distribution centers and delivery locations, which allows the controller
to update the strategy frequently. Similarly, taxi drivers take multiple destinations
to pick up and drop off passengers, so the situation-specific ECMS routinely switches

between different EF modes to maintain the battery charge sustenance.

ECMS Optimization Problem Formulation

The ECMS achieves the optimal control operating points of ICE and MGs by minimiz-
ing the equivalent fuel power consumption at each instant that is defined as follows:
Peq(t> - Pfuel (t) + )\Pbatt(t) (521)

where the Py stands for battery power, Pj,e is the ICE fuel power, and X is the

EF. The Py, is calculated by the following equation:

1
6 Pe ' fe(n67 Te) ’ LHVfuel (522)

Pue:—
fuel = 3 6 % 10

The LHV}, stands for the fuel lower heating value which is a constant number equals

to 34478 Jg~!. Py is calculated utilizing electric machines’ electrical power such as:
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Pbatt(t) - PMGl,elec(t) + PMGQ,elec(t) + Paccess (523)

Prrc eiee for both MG1 and MG2 can be driven from equation 3.1.4. FPpecess is the
constant power of electrical accessories.

To prevent excessive switching between HEV and EV mode, a negative reward will be
applied to equation 5.3.1 to reduce the switching frequency. This strategy improves
drivability and brings comfort for driver and passengers. Therefore the final cost
function at each time instance is defined as :

Pey(k) = Pruer(k) + APyare(k) + Rin (k) (5.2.4)

P if modei,_1 = modey,
Ry (k) = (5.2.5)

0 otherwise

where the P is a negative constant number.

Figure 5.1 shows the vehicle mode’s simulation results with or without applying
the penalty to the cost function. As shown in Figure 5.1, the problem of frequent
switches of operation modes was solved by the penalty function. Moreover, the switch-

ing frequency of the operation modes can be decreased as the value of P increases.
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Figure 5.1: Simulation results of operation mode with and without penalizing the
cost function for US06. 1 represents the HEV mode, and 2 is for EV mode.

Equivalence Factor Update Strategy

To implement the situation-specific ECMS, three different EF values have been con-
sidered that are called Agustain, Acharge, and Agischarge- TO find the values for three
selected EFs, we run the model with different drive cycles, including UDDS, High-
way, US06 City, and US06 Highway. For each drive cycle, the EF optimal value that
ensures a charge-sustaining battery SOC trajectory is determined. The iterative pro-
cess to find the EF optimal value for each cycle is shown in Figure 5.2. While we
have prioritized city driving, Asustain is selected among EF optimal values which have

been calculated for each cycle. Acparge and Agischarge Were selected to ensure battery
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charging and discharging profiles for all cycles, respectively.

Drive Cycle

I

Model-in-the-Loop

A 4

Simulation
Modity the EF
value
A
SOCong = SOCyrey
No

EF optimal

Figure 5.2: Flow chart for EF optimization of each drive cycle.

According to the battery initial SOC the EF update strategy will to switch to one

of the pre-determined EFs. There can be three different scenarios:

1. SOCiy; > SOC,¢s : To avoid overcharging the battery, the Agischarge Will be
selected to increase the use of electrical energy. The EF value will switch to

Asustain When the battery SOC trajectory hits the reference value.

2. SOC;,; < SOC,cs : To prevent battery depletion, the Agperge Will be selected
to force the battery to be recharged. The EF value will switch to Agustain Wwhen

the battery SOC trajectory hits the reference value.
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3. SOCin; = SOC,¢s : The Agystain Will be selected for the entire trip. The EF

updating strategy is shown in Figure 5.3.

l

Sustain mode

EF = Agys

SOCin; < SOCyof 7 7 SOCin; > SOCyof

Charge mode Discharge mode

EF = Acng EF = Agis
If SOC = SOC, ¢ s If SOC = SOC, ¢

then switch to sustain mode then switch to sustain mode

Figure 5.3: The EF update strategy which is implemented in Stateflow.

5.3 Simulink Model Overview

The proposed controller is developed using Simulink. The top layer of the simulated
ECMS control system is presented as shown in Figure 5.4, which consists of the HEV
Mode Block (HMB), EV Mode Block (EMB), EF update block, and Cost function
Minimization Block (CMB). At each time instant, the EF is first updated by the
above mentioned proposed ECMS technique. In each mode, a cost function utilizing
equation 5.3.1 is calculated. CMB compares those two cost functions provided by

EMB and HMB, and it selects the minimum value that determines the vehicle’s
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operating mode and its associated control signals. A brief working principle of both

modes and their subsystems are explained below:

[[[[[[ ™) Controller outputs

i

SIRPARIR
THI38333

Controller inputs

Figure 5.4: An overview of the implemented ECMS controller in Simulink.

5.3.1 HEV Mode

In the HMB, there are two degrees of freedom available in the system: engine torque
and speed, which can completely define the system so the rest of the powertrain com-
ponent parameters can be evaluated. Both engine torque and speed are discretized
in their acceptable range. Suppose, at each time instant, the admissible engine speed
interval is discretized to N,, number of values. The maximum engine torque is speci-

fied for each discretized engine speed value, determining the engine torque admissible
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range. The engine speed and torque discretized value are calculated as follows:

we,mam - we,min

lt: e,min
we(t) = We min + N1

(i—1),i=1,..,N, (5.3.1)

for each wé(t), there is a maximum allowable engine torque 7, ,,,q, Which specifies the

upper value in the admissible engine torque range such as:

; Te max _Te min ;- .
T.(t) = Temin + — N 1’ (1—1),i=1,..,N, (5.3.2)

where the N, and N, represents the finite number of engine speed and torque, re-
spectively.

Therefore, in the HEV mode, the cost function needs to be measured for the
N, x N; combination of operating points in each instant. For each pair of (w(t), T (t)),
the cost function is calculated using equation 5.2.4. During the cost calculation for
each of the combinations, individual component limits are considered for penalizing
infeasible combinations with a high-cost function value. HMB compares all of these
combinations and chooses the minimum cost associated with the current time step as
the costpe,(t). This value of cost is stored as the minimum for the HEV mode along

with its corresponding control signals.
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Figure 5.5: HEV mode subsystem.

5.3.2 EV Mode

In the EMB, since the engine is assumed to be off, the engine torque and speed are
equal to zero and, MG2 is responsible for running the vehicle solely. There are zero
degrees of freedom in the EV mode, and hence all the components need to operate
at a certain desired value. Knowing the power demand at each time step, the MG2
operating point is calculated, and the electrical energy consumption is evaluated along
with the associated EMB cost (coste,(t)) which is derived by equation 5.2.4.

After the cost.,(t) and costp.,(t) are calculated at instant ¢, the CMB chooses
the minimum value which determines the final operating mode. CMB passes the
associated control signals to the powertrain block.

The control variables that lead to an infeasible working condition are penalized by
assigning a high cost. Whenever the solutions do not respect the physical limitations

of powertrain components or they result in states lie out of their admissible region,,
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the cost function would increase by a large cost. There is a check limit block in
each mode intended to impose the components’ constraints, which are summarized

as follows:

Pbatt S [Pbatt,mina Pbatt,maz]
SOC € [SOC,min; SOCimaal]
T. € [T,

€min? emaz]

ng2 S [Tm92min7 Tm92maa;] (5 3 3)
ngl S [nglmin ) nglmaz]
we 6 [wemzn ) wemaz]

wmg2 € [wm92min’ wmgzmaz]

wmgl S [wmglmma wmglmaz]

113



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli McMaster — Electrical & Computer Eng.

.
P
.
[ >——
H
'
'
H
H
:
H
i
(Nmg1]
H
.
:
:
H
'
------------------ .
® 1]
(Nmg2] o B ':g ==
' S 5=
[Nmg1) : =
= : E
= A
H
=000 [
:
H
.
------------------- .
.................... (Ibatt_vol]
)
» L b
& . ooy
= e B
o Bl
e

Figure 5.6: EV mode subsystem.

5.4 Results and Discussion

This section analyzes the performance of the proposed situation-specific ECMS on
both EPA standard and real-world drive cycles. It is worth mentioning that in the
proposed ECMS, the EF is updated whenever the vehicle starts from a fully-stop
condition. A fully-stop condition is defined as whenever the vehicle is completely
shut off. Having zero speed during the driving due to traffic lights, traffic jams or
other possible reasons would not consider as a fully-stop condition. To investigate
the effectiveness of the proposed EF update strategy, various combinations of drive

cycles are considered in this study. Throughout this section, the reference SOC value
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is assumed as 60%.

5.4.1 Simulation Results

To demonstrate the working principle of the situation-specific ECMS, we start by
testing the approach on a scenario that consists of two micro trips. Figure 5.7 shows
a journey which starts with a city driving cycle and after a fully-stop condition, starts
the second trip which is a highway driving cycle. These two drive cycles’ data are
real-world recorded data provided by the National Renewable Energy Laboratory
(NREL). Since the trip starts with an initial SOC equals to the reference SOC value
SOCipi = SOC,es = 60 %, the EF update strategy switches to sustain mode until
the end of the trip. Once the city trip ends at t=2690 s, the SOC;,; is updated for
the next trip, which is highway driving. When the highway portion begins, since the
SOCin; < SOC,.¢, the EF update strategy switches to charging mode until the SOC
trajectory hits the SOC = 60 %. From that moment, as it can be seen from Figure
5.7, the EF value updates to FF = Mg stain. This example perfectly demonstrates
the long-term concept in our proposed method. As can be seen, the ending SOC for
the first trip is lower than the reference SOC value, however, the strategy charges the
battery to the reference SOC value during the next trip. The SOC trajectory which
is obtained during the scenario, maintains around SOC = 60 %. The net change in

SOC is 4.04% for this scenario.

115



M.A.Sc. Thesis — Reihaneh Ostadian Bidgoli McMaster — Electrical & Computer Eng.

0 500 1000 1500 2000 2500 3000 3500
City Driving Highway Driving
T T T T T T T
0.65 - -
§ 0.6 .
SOC 0.5493
0.55 - o, -
1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500
2.8 T T T T T T T
I}
.@ 27+ 4
8
3
226 —
3
L
25 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500
2 T T T T T T T
()
8151 i
=
1 1 1 1 1 | 1 1
0 500 1000 1500 2000 2500 3000 3500
Time(s)

Figure 5.7: Drive cycle profile, battery SOC trajectory, EF value, and vehicle mode
are depicted. In the mode plot, 2 and 1 stand for EV and HEV mode, respectively.

5.4.2 Real-world Drive Cycles

To illustrate the performance of our proposed ECMS, three real-world drive cycles
that are shown in Figure 5.8 are selected to test the charge sustainability and fuel-
saving capability of our proposed ECMS. These drive cycles are generated by MCM at

McMaster Automotive Resource Center (MARC). The strategy is tested over various
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combinations of drive cycles. For instance, CYC 132 consists of real-world cycle 1,
real-world cycle 2, and real-world cycle 3 in order, including two fully-stop conditions
between cycles 1 and 2, cycles 2 and 3. Three different sequences, including CYC
132, CYC 312, and CYC 321, are considered for simulation. Different orders of these
three drive cycles have been tested to simulate the different levels of charge at the
beginning of each drive cycle, which further demonstrates our proposed method’s
robustness. DP and rule-based strategies are also simulated to compare their SOC

trajectory and fuel consumption with our introduced method.

Real-world 1

0 PP I 1
0 500 1000 1500

Real-world 2

0 500 1000 1500
Real-world 3

0 1 1
0 200 400 600 800 1000 1200 1400

Time ()

Figure 5.8: Real-world drive cycles.
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Figure 5.9: Drive cycle profile, battery SOC trajectory, vehicle mode, engine, and
MG?2 power are depicted. In the mode plot, 2 and 1 stand for EV and HEV mode,
respectively. 118
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Figure 5.10: Drive cycle profile, battery SOC trajectory, vehicle mode, engine, and
MG?2 power are depicted. In the mode plot, 2 and 1 stand for EV and HEV mode,
respectively. 119
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Figure 5.11: Drive cycle profile, battery SOC trajectory, vehicle mode, engine, and
MG?2 power are depicted. In the mode plot, 2 and 1 stand for EV and HEV mode,
respectively. 120
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Figures 5.9, 5.10, and 5.11 depict the simulation results on CYC 132, CYC 312,
and CYC 321. Comparing the SOC trajectories, the proposed ECMS tries to bring
the SOC value closer to the reference value of 60 % during each journey. Although
the SOC trajectory deviates from the reference value during the real-world 2 drive
cycle, it tends to recover till the end of the journey. The proposed method also
showed a similar increase or decrease as the shape of the DP SOC trajectory except
for the beginning of the real-world 2 drive cycle where DP charges the battery while
the ECMS discharges the battery. This is because the ECMS is an instantaneous
optimization algorithm and does not account for the global drive cycle behavior. The
DP tends to charge the battery at the beginning of drive cycle 2 and use the battery
when the power is lower by the rest of drive cycle 2. Therefore, this difference in
the appearance of SOC profiles can be explained as the local optimization approach’s
behavior, in which the future drive cycle information is not available.

Regardless of the type of drive cycle, the rule-based strategy depletes the battery
to SOC = 40 %, and following that, it attempted to restrict the battery usage to
a tiny window. This behavior is preferred for PHEV applications where the off-
board charging opportunity is available. Making the battery to work near the SOC
boundary is not desirable for efficient and safe HEV operation. During the beginning
of the real-world 2 cycle, the proposed strategy depletes the battery to 50 % to meet
the drive cycle’s high power. However, the rule-based strategy tries very strongly to

maintain around SOC = 40 % which limits the HEV performance.
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5.4.3 EPA Standard Drive Cycles

We also compared the situation-specific ECMS with DP and rule-based methods over
EPA standard drive cycles, including UDDS, Highway (HWFET), and US06. To
assess the EF updated strategy, the different sequences of EPA cycles are explored.
Figures 5.12, 5.14, and 5.13 depict the speed profile, SOC trajectories, vehicle mode,
engine, and MG2 power over three different journeys.

Results on SOC comparison for all three cases have shown that the proposed
ECMS strategy keeps the battery SOC trajectory in the expected interval and close
to the reference SOC value. Consider the ECMS performance for the US06 drive cycle
in 7UDDS-Highway-US06” and ”US06-Highway-UDDS”. In the "UDDS-Highway-
US06” case, the SOC starts with a value around 46 % and it ends at 66 %, therefore
the controller was able to charge the battery gradually to keep the SOC close to the
reference value. In contrast, in the ”US06-Highway-UDDS” case, since the SOC},,; =
60 %, the controller tried to keep the battery SOC close to the reference value and the
SOC ends at 60.59 %. Therefore, the controller was able to efficiently update the EF
value. The proposed method also showed a similar increase or decrease as the shape of
the DP SOC trajectory with a small difference in the SOC amplitude. The proposed
ECMS has no a-priori knowledge of the driving cycle. Despite this, it maintains the
SOC in the acceptable range and remains close to the optimal solution. In comparison
to the real-world drive cycles case, the rule-based strategy uses the battery more,
even in the UDDS drive cycle it depletes the battery to near 30%. Therefore, rule-
based strategy leads to a large net change in SOC which is not preferable for HEV

application.
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Figure 5.12: Drive cycle profile, battery SOC trajectory, vehicle mode, engine, and
MG?2 power are depicted. In the mode plot, 2 and 1 stand for EV and HEV mode,
respectively. 193
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Figure 5.13: Drive cycle profile, battery SOC trajectory, vehicle mode, engine, and
MG?2 power are depicted. In the mode plot, 2 and 1 stand for EV and HEV mode,

respectively.
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Figure 5.14: Drive cycle profile, battery SOC trajectory, vehicle mode, engine, and
MG?2 power are depicted. In the mode plot, 2 and 1 stand for EV and HEV mode,

respectively.
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Long-Duration Drive Cycles

The performance of situation-specific ECMS on both real-world and EPA standard
drive cycles have been evaluated. The method is able to maintain the battery SOC
trajectory in the neighborhood of global reference SOC value while ensuring a near-
global optimal performance. As a future work, one possible extension of this method
is to prevent the battery operation near the SOC boundaries in a long-duration drive
cycle. It can be done in several ways. One feasible solution is to monitor the battery
SOC variation during the sustain mode and if it hits the SOC boundaries, we can
switch the EF mode to either charge or discharge mode. The proposed switching

algorithm in sustain mode is shown below:

if SO0Cnin< SOC < SOCpax

Remain in Sustain Mode
elseif SOC,4x< SOC

Switch to Discharge Mode
else

Switch to Charge Mode

end

Figure 5.15: Proposed algorithm to prevent the battery from working near battery
SOC boundaries.
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5.4.4 Fuel Consumption Comparison

Fuel consumption results are presented in Table 5.2 over the six journeys that have
been shown in previous parts. All values are corrected for final SOC variations. Diff.

1 and Diff. 2 are calculated using the following equations:

FCgoms — FCpp

Diff.1= 100
i FCpp " (5.4.1)
FC — FC -
Diff.2= EcgéRB BB 100

It can be seen from the Table that the proposed strategy outperforms the rule-
based method by improving the fuel economy by approximately 20%. This is because
the rule-based methods are developed based on heuristics and the concept of efficient
ICE operating regions. In contrast, in our proposed method, fuel consumption is min-
imized utilizing the mathematical model for fuel consumption. The proposed ECMS
method achieves a reasonably good performance in comparison with DP results. The
fuel consumption of the ECMS method is higher than DP by an average of 8.10 %.
The near-optimal performance for the ECMS method is achieved while the EMS does
not have access to the full knowledge of drive cycle information, and the method is

real-time implementable.
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Table 5.2: Fuel consumption results.

CYC 312 CYC 321 CYC 132 UDDS-Highway-US06 US06-Highway-UDDS Highway-UDDS-US06

DP 1674.40  1674.40 167440  1316.19 1316.19 1316.19
Rule-based 2530.46  2530.92  2184.68  1673.58 1682.92 1669.91
FC (ml) Proposed ECMS 1861.63  1853.2 1861.52  1373.04 1387.4 1387.8
Diff. 1 (%) 11.18 10.6 11.17 4.31 5.41 5.42
Diff. 2 (%) -26.43 -26.77 -14.79 -17.95 -17.55 -16.8
DP 60 60 60 60 60 60
Final SOC (%) Rule-based 44.23 44.22 44.21 44.41 33.15 43.87
Proposed ECMS  57.04 59 56.89 66.47 61.69 61.8
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Figure 5.16: Results of fuel consumption, obtained by DP, rule-based, and proposed
ECMS approaches for real-world and EPA drive cycles.
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5.4.5 Comparison of Proposed ECMS with PI-based ECMS

To show the advantages of our proposed situation-specific ECMS, PI-based ECMS is
introduced here. This is a classical method for the EF adaptation law in which the
EF is adjusted to ensure that the actual SOC remains around the reference value. PI-
based ECMS can be a suitable approach to evaluate the balance between the battery

charge sustenance and fuel economy. The EF is updated as follows:

A(t) = Xo + K, (SOC,ey — SOC(t)) + K, / t(SOCref —SoC(t)dt  (5.4.2)

where A(t) is the EF, )¢ is the initial EF value, K, and K; are the proportional and
integral gains.

Figure 5.17 compares the SOC trajectories which are obtained by situation-specific
ECMS and PI-based ECMS. As it can be seen, the SOC trajectory in PI-based ECMS
follows the reference SOC perfectly while the situation-specific ECMS keeps the bat-
tery SOC around the reference value in a larger SOC range. However, given that the
Pl-based ECMS uses a narrower SOC range than does the situation-specific ECMS,
it does not necessarily mean a superior solution because, in the absence of future
information, the narrow usage of SOC range could limit hybrid performance. On the
other hand, PI-based ECMS increases fuel consumption because it imposes an addi-
tional constraint, which leads to instantaneously compensate the SOC deviations at
the price of the near-global minimization of the fuel consumption. Table 5.3 compares
the fuel consumption results of PI-based and situation-specific ECMSs. The Pl-based

ECMS consumes 13% more fuel on average comparing to DP results. In contrast, this
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number is reduced to 10.7% for situation-specific ECMS. Take the CYC 123 scenario
for example, the situation-specific ECMS consumes 35 ml (25.93 g) fuel lesser than

Pl-based ECMS.

Table 5.3: Comparison of fuel consumption results between Pl-based ECMS and
proposed ECMS.

Method CYC 213 CYC231 CYC123

PI-based ECMS  1891.3 1895.4 1890.5

Proposed ECMS  1854.89 1858.7 1855.5

Diff. (ml) 36.41 36.7 35

The implemented PI-based ECMS is a representative example of the ECMS method
in which EF value is updated through a PI controller formulation. By properly tuning
the proportional and integral gain along with a near-optimal selection of EF value
for Ag, fuel consumption can be minimized close to the global optimization results.
Authors in [133] have discussed the effect of proportional gain variation on the bat-
tery SOC trajectory and fuel consumption. Decreasing the K, value would result in
slightly better fuel consumption while it increases battery SOC excursion. Although
the choice of K, and K; affects the battery SOC window size, the situation-specific
ECMS allows more ample SOC variation than the Pl-based due to the less frequent
correction of EF.

At least three parameters need to be tuned for a PIl-based controller, which in-

cludes an open-loop adjustment of Ay, which is drive cycle-dependent, and the PI
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controller’s gain, which should be tuned to manage the SOC excursions for all driv-
ing cycles. Authors in [175] have shown how the performance of PI-based changes
by any slight modifications in the value of A\g. In contrast, to determine the EF
values (Asus, Achg, Adis) in situation-specific ECMS, first we need to select several pre-
defined drive cycles and for each drive cycle one value that is EF optimal, will be
obtained. Among those EF optimal values, one can ensure a near charge-sustaining
operation for all pre-defined drive cycles will be selected as Agys. Achg and Ag;s will be
selected based on the fact that any values above the EF optimal value will result in
a charging SOC profile and any value below the EF optimal will deplete the battery.
Therefore, the implementation of situation-specific ECMS requires significantly fewer
tuning efforts.

Overall, it appears that PI-based ECMS can achieve near-global fuel consumption
by properly tuning the gains for each dive cycle, and it can manage the battery SOC
range in a proper window. On the other hand, the situation-specific ECMS allows
the battery to be used more freely while ensuring a near-global optimal performance

with lesser tuning effort than PI-based ECMS.
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5.5 Summary

We proposed a novel framework to address a near-optimal EMS for a power-split
HEV. The suggested methodology employed a simple and effective ECMS algorithm

to address the following important features:
1. The strategy can satisfy the battery’s charge sustenance in the long-term.

2. The strategy does not require any predicted or future driving information, which

enables its real-time implementation.
3. The strategy provides close performance to a global optimal EMS (DP).

First, we discussed the existing EMSs, and we elaborated on their limitations, which
motivates us to provide the suggested ECMS algorithm. An overview of the ECMS
algorithm and its working principle is presented. Next, the proposed framework, along
with a mathematical formulation is provided. The situation-specific ECMS is designed
to update the EF value utilizing the difference between the battery initial SOC and
the reference SOC value. Therefore, the strategy is able to frequently update the
EF value throughout the situations consisting of multiple stops where the battery’s
initial SOC is changed after each stop. The proposed controller is well-suited for the
delivery and taxi applications that feature routes with multiple stops throughout the
day, so the controller regularly updates the EF value. Finally, the results on both
EPA standard drive cycles and real-world driving schedules are presented. Results
show that the situation-specific ECMS outperforms the rule-based strategy developed
in real Toyota Prius by an average of 20% in fuel consumption reduction. Although,

the situation-specific ECMS generates slight suboptimal results by 8.10 % on average
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compared to the DP, the controller does not have any knowledge about the drive

cycles before the simulation stage and the method is real-time implementable.
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Chapter 6

Conclusions and Future Work

Hybrid propulsion systems have been successful in addressing low tailpipe emissions
and high fuel economy. EMSs are essential to fully exploit hybrid car’s capabilities.
This thesis develops an implementable solution in real-world HEVs platform. We
considered the automotive industry’s acceptance of integrating an effective EMS in
addressing battery sustainability and fuel consumption reduction.

In this chapter, we discuss the main conclusions of our work. We also present the

potential improvements in the form of future work.

6.0.1 Conclusions

First, we provided a comprehensive review of EMSs by proposing a new categoriza-
tion of existing EMSs. The review highlights the need for an effective EMS to be
embedded in electrified vehicles and how different methods can be employed to solve
the EMS problem. The E/E architecture of electrified vehicles is also described,

along with the brief introduction of ECUs and their communication functions within
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the E/E architecture. The primary enablers of the technologies for the deployment
of EMSs in electrified vehicles, including embedded controller chips, communication
protocols, and connectivity functions, are discussed. Finally, the review reflects both
theoretical and experimental challenges of EMSs for electrified vehicles. The ma-
terial contained in chapter 2 is published: R. Ostadian, J. Ramoul, A. Biswas and
A. Emadi, ”Intelligent Energy Management Systems for Electrified Vehicles: Cur-
rent Status, Challenges, and Emerging Trends,” in IEEE Open Journal of Vehicular
Technology, vol. 1, pp. 279-295, 2020, doi: 10.1109/0JVT.2020.3018146.

Second, a Simulink model of Toyota Prius MY10, as our case study, was developed.
The established vehicle model allows us to study the effect of different control strate-
gies. The model includes three primary parts: driver, EMS supervisory controller,
and vehicle powertrain. We provided detailed explanations for modeling different
sections such as power split, engine, MGs, and battery. The baseline control strat-
egy implemented in real Toyota Prius MY10 is simulated utilizing the testing data
provided by ANL and online sources. Finally, the vehicle model is validated using a
comparison of the simulation results with experimental data, showing a good agree-
ment. For instance, all simulated fuel consumption are within 4% of the physically
measured data.

Third, DP, as a global optimization EMS algorithm, was implemented for our case
study. A detailed explanation for applying DP to the vehicle model was presented.
A backward-facing vehicle model was built in MATLAB script to be integrated into
the DP optimization algorithm. We focused on control and state variables’ selection

to reduce the computational effort of DP. Finally, the results achieved by DP were
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compared to the rule-based strategy previously implemented in chapter 3. The re-
sults revealed that DP outperforms the rule-based strategy by an average of 26.57%
reduction in fuel consumption. Although DP is an offline EMS method that needs
complete knowledge of the drive cycle beforehand, it is a necessary step to develop
real-time implementable EMSs.

Fourth, we have established a novel framework to address battery charge sustain-
ability in HEVs while maximizing the fuel economy. The proposed method is based
on the ECMS algorithm, which provides near-global optimal results. In contrast to
DP, the ECMS algorithm does not require a-priori knowledge of the drive cycle and
is real-time implementable. The proposed ECMS controller can maintain the battery
SOC in the neighborhood of reference SOC value in the long-term. In other words,
the framework ensures that the battery SOC oscillates around the reference value
with a small amplitude throughout the long-term usage of an HEV. To have a credi-
ble comparison, the proposed ECMS performance was compared with rule-based and
DP. The results indicate the effectiveness of the proposed ECMS by improving the
fuel economy by 20% compare to the rule-based method. The results also exhibit a
close performance to DP. The fuel consumption of the ECMS method is higher than
DP by an average of 8.10 %, which is a reasonably good performance achieved by
the ECMS method without access to the full knowledge of drive cycle information.
Consequently, we achieved a simple and effective EMS that is tractable for real-time
implementation while ensuring battery charge sustenance in the long-term and secures

near-global optimal performance.
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6.0.2 Future Work

This thesis demonstrates an energy management controller’s performance for improv-
ing total energy cost and battery charge sustainability. However, further research is
needed to expand this study. This section provides some recommended future work

for each part of this thesis:

e High-fidelity Model

To enhance the developed HEV model’s accuracy, the model should account for
a thermal battery and ICE model as the two main components of the powertrain.
Considering the thermal effects of these components helps to monitor the EMS
controller’s behavior under diffrent thermal conditions in real-world situations
that can further improve EMS performance. A dynamic model of power split
device can also be explored that accounts for the power losses due to friction

between gears and the acceleration and inertia effect.

e Multi-objective EMS

Multi-objective energy management optimization can be addressed in future
work. This thesis mainly focuses on fuel economy improvement. Consideration
of tailpipe emissions control, components’ durability such as battery health
degradation minimization, drivability, and comfort can make a huge perfor-

mance improvement in commercialized HEVs.

e Drive Cycle Development Using Real-world Scenarios

The developed adaptive ECMS is well-suited for hybrid electric delivery ap-
plications. For the future work of this study, we can target a real-world case

of a hybrid electric delivery vehicle. The next step is to collect the vehicle’s
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daily driving routes’ data. In this way, we can construct the typical drive cy-
cles for the driver. Finally, having real-world drive cycles ready, we are able to
tune and optimize the ECMS control parameters effectively. This work would
include building the model-in-the-loop vehicle simulation and validation, gath-
ering daily trip information, drive cycle development, and testing the proposed

ECMS in the vehicle model.

e Pl-based ECMS

We have found that a PI-based ECMS controller can achieve a reasonable bat-
tery charge-sustaining mode. However, this method prioritizes the compensa-
tion of SOC trajectory deviation and does not provide near-optimal fuel econ-
omy. In future work, we will explore simple and effective adaptive control strate-
gies to dynamically tune the PI controller’s gain to improve fuel consumption

minimization.

¢ ECMS Application for an Autonomous HEV

With the rapid advancement of Intelligent Transportation Systems (ITS) and
autonomous vehicle’s progress, accessibility to traffic data, road conditions, and
vehicle information are more feasible. An autonomous vehicle observes envi-
ronmental information through the fusion of cameras, sensors, GPS, and LI-
DAR data. This information, combined with the road network data and ve-
hicle dynamics, can determine the future drive cycle information. In this way,
offline optimization-based results on diffrent drive cycle patterns achieved by

optimization-based methods such as DP and ECMS can be used online in the
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power control unit to perform an optimal energy distribution. One possible ex-
tension of this thesis can be exploring the ECMS application on an Autonomous

HEV (A-HEV).

e Experimental Implementation

To effectively investigate the real-time performance and applicability of the
proposed method in this thesis, an experimental examination through HIL test
needs to be done. In this way, reliability and feasibility challenges can be

effectively addressed.
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