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Abstract 

This dissertation addresses the challenges of scoping and sizing components and 

modeling the tank to wheel energy flows in new and rapidly evolving classes of 

automotive vehicles. It introduces a system of computer models, known as the Oxford 

Vehicle Model (OVEM), which provide for the novel simulation of the powertrains of 

electric (EV) and hybrid electric vehicles (HEV). OVEM has a three-level structure that 

makes a unique contribution to the field of vehicle analysis by enabling a user to proceed 

from performing scoping and sizing exercises through to accurately simulating the 

energy flows in powertrains of EVs and HEVs utilizing existing and emerging 

technologies based on real world data.  

Level 1 uses simplified models to support initial component scoping and sizing 

exercises in an analysis environment where uncertainty regarding component 

specifications is high. Level 2 builds on Level 1 by obtaining more refined component 

scoping and sizing estimates via the use of component models based on well-understood 

scientific principles that are product-independent – a crucial feature for obtaining 

unbiased scoping and sizing estimates. Level 3 employs a high degree of fidelity in that 

its models impose actual physical limits and are based on data from real technologies.  

This dissertation concludes with two chapters based on studies published as 

journal articles that used OVEM to address key issues facing the development of EVs 

and HEVs. The first study used OVEM to make the novel comparison between high-

speed flywheels, batteries, and ultracapacitors on the bases of cost and fuel consumption 

while functioning as the energy storage systems in an HEV. The second study applied 

OVEM towards a novel examination of the CO2 emissions from plug-in HEVs (PHEVs) 

and compares their CO2 emissions to those from similar EVs and ICE-based vehicles.   
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Nomenclature 

 
Roman Letters 

   

A Point of contact between front tires and road  mwheel Mass of the wheels and tires 

Af Frontal area  N Gear ratio 

a Acceleration  Nwheels Number of wheels 

B 

Point of contact between rear tires and road, or when used as 

a subscript – part of the backwards simulation of Level 3 or 

backwards (as in the backwards flow of information in a 

simulation) 

 

out Denotes an output 

b 
Exponent used in modeling the nature of the switch 

resistance in the Level 2 power electronics model 

 
P Power 

C Capacitance 
 

Pconduction Power electronics conduction losses 

CD Drag coefficient 
 

Pcopper Copper losses 

E Energy 
 

PESS cond Energy storage system conduction losses 

EEO 
Energy consumption by a plug-in hybrid electric vehicle in 

electric-only mode 

 
PPE reqd Power requested by the energy storage system 

EEV Energy consumption by an electric vehicle 
 

Pin Power input to a particular block 

Eexp 
Voltage in the battery model at the end of the exponential 

zone of the constant current discharge curve 

 
Piron Iron losses 

Efull 
Terminal voltage in the battery model when it is fully 

charged 

 
Pmax Maximum power of an alternative power unit 

Enom 
Voltage in the battery model at the end of the nominal zone 

of the constant current discharge curve 

 
Pmotor reqd Power requested by the motor 

EOC Open-circuit voltage 
 

Pout Power out from a particular block 

e Emissions 
 

PPE reqd Power requested by the power electronics 

F 
Force, or when used as a subscript – part of the forwards 

simulation of Level 3 

 
Preq Power requested 

Faccel Acceleration force 
 

Pswitching Switching losses 

FD Aerodynamic drag force 
 

Q Charge 

Fg Gravitational force 
 

Qcap Battery capacity 

Finertia Resistive force due to inertia of the wheels 
 

Qexp 
Charge in the battery model at the end of the exponential 

zone of the constant current discharge curve 

Fmax front Maximum force capable of being applied at the front wheels 
 

Qnom 
Charge in the battery model at the end of the nominal zone 

of the constant current discharge curve 

Fmax rear Maximum force capable of being applied at the rear wheels 
 

Qremoved Charge removed from the battery 

Fout Force output from a particular block 
 

R Resistance 

  
 

r Tire radius 

FRF Rolling resistance force acting on the front tires 
 

reqd When used as a subscript, it denotes a request 

FRR Rolling resistance force acting on the rear tires 
 

T Torque 

Frr Rolling resistance force 
 

TGB reqd Torque requested by the gearbox block 

FTF Force from vehicle acting on the front wheels 
 

TICE reqd Torque requested by the internal combustion engine 

FTR Force from vehicle acting on the rear wheels 
 

Tin Torque input to a particular block 

Ftire-road max 
Maximum force capable of being applied at the tire-road 

contact patch 

 

Tmax 

The higher of the torque ratings between the motor and 

internal combustion engine in a parallel or series-parallel 

hybrid electric vehicle 

Fuelused Amount of fuel consumed by the alternative power unit 
 

Tmax motor Maximum torque rating of the electric motor 

Fveh reqd avg Force requested of the vehicle 
 

Tmax wheel-axle 
Maximum torque request passed from the wheel-axle block  

to the gearbox block over the course of a simulation run 

fo Coefficient in determining rolling resistance coefficient 
 

Tout Torque output from a particular block 

fs Coefficient in determining rolling resistance coefficient 
 

Trated Rated torque  

g Gravitational acceleration 
 

Trms 
Root mean square of the torque output from the gearbox 

block over one complete drive cycle 

h Height of the vehicle's center of mass 
 

Twheel-axle reqd Torque requested by the wheel-axle block 

H2used Amount of hydrogen consumed by the fuel cell 
 

t Time 

I Current 
 

ti Time at the beginning of the current time step 

ICO2 Carbon  dioxide intensity 
 

ti+1 Time at the end of the current time step 

iG Gear ratio of the highest gear in a multi-speed transmission 
 

ti+2 Time at the end of the next time step 

Imax Maximum current rating of an alternative power unit 
 

ti-1 Time at the beginning of the previous time step 

in Denotes an input 
 

V Voltage 
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inom Nominal discharge current in the battery model 
 

v Velocity 

J Inertia 
 

vach,i Velocity achieved at the end of the previous time step 

Jw Inertia of the wheels 
 

vach,i+1 Velocity achieved at the end of the current time step 

j Imaginary number 
 

  

K Polarization voltage 
 

vcurrent 
Current speed of the vehicle in a speed-based energy 

management strategy 

kb Coefficient for bearing losses in the gearbox block 

 

vmax 

The vehicle speed at or above which the APU or secondary 

ESS no longer needs to recharge the primary ESS in a speed-

based EMS 

KBF 
Proportion of braking energy capable of being recouped by 

the front brakes in an ideal braking scenario 

 
vout Velocity output from a particular block 

KBR 
Proportion of braking energy capable of being recouped by 

the rear brakes in an ideal braking scenario 

 
vreq,i Velocity requested at the beginning of the current time step 

kc Coefficient of copper losses  vreq,i+1 Velocity requested at the end of the current time step 

kconduction Coefficient of conduction losses in the power electronics   vreq,i+2 Velocity requested at the end of the next time step 

kESS cond Coefficient of energy storage system conduction losses  vreq,i-1 Velocity requested at the end of the previous time step 

ki Coefficient of iron losses  vveh in Linear speed input to the forwards vehicle block 

km Coefficient for meshing losses in the gearbox block 
 

vveh reqd avg  Velocity requested of the vehicle 

kseal Coefficient for seal losses in the gearbox block  WF Normal force acting on the front axle 

kswitching Coefficient of switching losses  WR Normal force acting on the rear axle 

L Wheelbase 
 

x Distance 

L1 
Distance between center of mass and front wheel along 

longitudinal axis 

 
Z Impedance 

L2 
Distance between center of mass and rear wheel along 

longitudinal axis 

 
ZW Warburg impedance 

m Vehicle mass 
 

z Number of speeds in a transmission 

     

Greek Letters 
    

µb Coefficient of road adhesion    

µrr Rolling resistance coefficient 
 

ηwheel-axle Wheel-axle efficiency 

η Efficiency  θ Ground slope 

ηESS Energy storage system efficiency  ρ Density of air 

ηfc Fuel cell efficiency 
 

ω Angular frequency or angular velocity 

ηGB Gearbox efficiency 
 

ωGB reqd Angular velocity requested by the gearbox block 

ΗICE Internal combustion engine efficiency 
 

ωICE reqd 
Angular velocity requested by the internal combustion 

engine 

ηmax motor Maximum motor efficiency 
 

ωin Angular velocity input to a particular block 

ηmotor Motor efficiency 
 

ωavg 
Average angular velocity output from the gearbox block over 

a complete drive cycle 

ηpe Power electronics efficiency 
 

ωout Angular velocity output from a particular block 

   ωwheel-axle reqd Angular velocity requested by the wheel-axle block 

Acronyms 
    

AC Alternating current 
 

 
 

ACDC Artemis Combined Drive Cycle 
 

H2 Hydrogen 

ADVISOR Advanced vehicle simulator 
 

HEV Hybrid electric vehicle 

APU Alternative power unit 
 

ICE Internal combustion engine 

AVG Average 
 

ICERT Institute for Carbon and Energy Reduction in Transport 

BEV Battery electric vehicle  LHV Lower heating value 

CAFÉ Corporate average fuel economy 
 

M-G Motor-generator 

CAPSIM Center for Automotive Propulsion Systems  NEDC New European drive cycle 

CO2 Carbon dioxide 
 

OEM Original equipment manufacturer 

CS Charge-sustaining mode  OVEM Oxford Vehicle Model 

CVT Continuously variable transmission 
 

PE Power electronics 

DC Direct current  PEMFC Proton exchange membrane fuel cell 

EGT Epicyclic gear train 
 

PHEV Plug-in hybrid electric vehicle 

EMS Energy management strategy  PSAT Powertrain Systems Analysis Toolkit 

EPA Environmental Protection Agency  RMS Root mean square 

ESS Energy storage system  SOC State of charge 

EV Electric vehicle  SUV Sports utility vehicle 

FTP Federal Test Procedure  UDDS Urban Dynamometer Driving Schedule 

FW Flywheel 
 

VESYM Vehicle simulation model 

GB Gearbox 
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1 Introduction 

This dissertation addresses the challenges of scoping and sizing components and modeling 

the tank to wheel energy flows in new and rapidly evolving classes of automotive vehicles. It 

introduces a system of computer models, known collectively as the Oxford Vehicle Model 

(OVEM), which provide for the novel simulation of the powertrains of electric (EV) and 

hybrid electric vehicles (HEV). OVEM has a three-level structure that makes a unique 

contribution to the field of vehicle analysis by enabling a user to proceed from performing 

scoping and sizing exercises through to accurately simulating the energy flows in powertrains 

of electric and hybrid vehicles utilizing existing and emerging technologies based on real 

world data.  

1.1 The Motivation for Advanced Vehicle Research 

In 2010, an estimated 1 billion cars and light trucks were in existence around the world, and 

their widespread use has had far-reaching environmental and economic impacts [1]. The 

energy to power all of those passenger vehicles comes almost exclusively (94%) from a CO2 

intensive source, oil [2]. This has led road transport to be responsible for approximately 17% 

of annual global CO2 emissions – emissions that are leading to widespread pollution and 

global climate change [2] [3]. The fossil fuels upon which transport is largely based are also a 

finite resource, and the extraction and production of many of these fuels are likely to become 

increasingly challenging and expensive due to both human and natural factors [3].  
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It has been projected that by 2050, 3 billion cars will populate the world’s roads, an 

increase of 2 billion cars over the next 40 years [4]. Much of this growth is projected to occur 

in developing countries – by 2050 China and India are expected to have 570 and 370 million 

passenger vehicles respectively, which combined would be nearly as many as the worldwide 

fleet in 2010 [4].   

In an effort to mitigate the environmental, economic, and security dilemmas posed by 

transport’s continued growth and reliance on fossil fuel based automobiles, targets have been 

set by regulatory bodies to reduce the consumption of fossil fuels by automobiles. For 

instance, the European Union has set a target for 2020 that the fleet average CO2 emissions 

for passenger vehicles will be 95 gCO2/km [5]. The USA has set a corporate average fuel 

economy (CAFE) standard of 54.5 mpg for 2025 [6]. China has set a fleet average fuel 

economy target of 42.2 mpg for 2015 [7]. Currently, only the most advanced commercially 

available automobiles reach these targets. In order to satisfy the legal, environmental, and 

economic constraints of the future, vehicles will have to be more efficient and able to utilize 

energy from alternative sources. 

1.2 Alternative Vehicle Powertrains 

EVs and HEVs are regarded as options to enable automobiles to reduce or even eliminate the 

fossil fuel dependency of automobile transport, and hence improve automobile transport’s 

environmental and economic sustainability [8]. Electric and hybrid electric vehicles have a 

higher tank-to-wheel efficiency than conventional vehicles based on ICEs due to the higher 

efficiency of their powertrains and their ability to recapture energy during braking [9]. Also, 

as they store energy on-board in a form other than fossil fuels (such as with batteries), they 

are not necessarily solely reliant on fossil fuels to power them. 

 Electric and hybrid electric vehicles have only recently begun to be considered as 

legitimate alternatives to conventional vehicles. This is due in part to technological 
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developments and in part to a growing consciousness regarding the need to mitigate the 

negative effects of conventional automobiles powered solely by fossil fuels [8]. As such, 

electric and hybrid electric vehicle development is still in its nascent stages. The Toyota 

Prius, the first mass-produced hybrid electric vehicle, was first sold in Japan in 1997 and 

internationally in 2000. The first mass-produced (highway-certified) electric passenger car of 

the modern era was the EV-1 from GM which was produced from 1996-1999 before being 

discontinued by its manufacturer due in part to technological limitations [10]. Since that time 

several attempts have been made to widely sell electric vehicles (e.g., G-Wiz, Tesla Roadster, 

Nissan Leaf [11]); however these attempts have been met with limited success due in large 

part to technological limitations and high cost. A decade since the release of the first mass-

produced hybrid electric car may seem like a long time, but when the length of the 

development cycle of new vehicles is considered – typically on the order of five to seven 

years – then it becomes clear that even the most advanced hybrid electric vehicles are only in 

their second or third generation. The development of mass-produced electric vehicles is 

similarly immature. Yet given the speed at which the technologies that make up these 

vehicles are evolving, the bounds that were once perceived as the technological limitations of 

these vehicles must continually be reassessed. 

In the field of EV and HEV development, there are few, if any, powertrain 

technologies, topologies, and energy management strategies that outperform all other 

alternatives across every metric that is of interest to industry, consumers, and governments. 

This means that there is often a great deal of uncertainty regarding what might be called the 

“optimal” powertrain for a particular vehicle or application. Compounding the issues of 

uncertainty regarding electric and hybrid electric vehicles is the fact that they are complex 

systems that can utilize many different technologies, and these technologies can be arranged 
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and managed in many different ways. Additionally, new technologies are constantly 

emerging, and assessing their potential impact on EVs and HEVs is an important challenge.  

 For clarity of thought and discussion, the range of possible electric and hybrid electric 

powertrains are generally categorized by four main topologies: pure electric, series HEV, 

parallel HEV, and series-parallel HEV [12]. The following sections (1.2.1 through 1.2.4 and 

1.3) provide an overview for understanding the complexity of the different electric and hybrid 

electric powertrain topologies. 

1.2.1 Electric Vehicle Powertrain 

A pure electric vehicle uses an electric motor for traction and that motor is powered by an 

energy storage system (ESS). In 2011, the energy storage system on-board electric vehicles 

most commonly takes the form of a battery array, though the battery array has the potential to 

be hybridized with other technologies such as ultracapacitors or high-speed flywheels [13]. 

Two of the main strengths of electric vehicles are that they have a tank-to-wheel energy 

consumption that can typically be at least three to four times lower than conventional vehicles 

that rely solely on internal combustion engines, and they produce no tailpipe emissions [9]. 

One of the main weaknesses of electric vehicles is that in order to achieve a range 

comparable to a conventional, internal combustion engine-based vehicle they need an energy 

storage system with a high energy capacity [14]. Given the state of energy storage system 

technology in 2011, such a system is heavy and expensive, especially if it is made large 

enough to enable an electric vehicle to achieve a range approaching that of a conventional 

vehicle [14].  

The Tesla Roadster (available since 2008) from Tesla Motors is an example of a pure 

electric vehicle. It uses a lithium-ion battery pack weighing 450 kg, which accounts for 36% 

of the curb weight of the vehicle, to achieve a range of 220 miles on the EPA combined 
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city/highway drive cycle [11]. Figure 1.1 shows a schematic of a common powertrain 

topology for an EV.  

 

1.2.2 Series Hybrid Electric Vehicle Powertrain 

A series hybrid electric vehicle is similar to a pure electric vehicle in that an electric motor 

provides all of its tractive force, and that motor is powered by an energy storage system [12]. 

However, a series hybrid also has an on-board power generator that can be used to recharge 

the energy storage system or supplement the energy storage system’s power while the vehicle 

is driving [9]. The on-board power generator, also known as an alternative power unit (APU), 

typically takes the form of a fuel cell or an internal combustion engine connected to a 

generator. The alternative power unit in a series hybrid can often be downsized and operated 

at its most efficient point since it only has to recharge the energy storage system, and it does 

not have to provide traction [15]. The energy storage system can also be designed to meet the 

transient driving loads while the alternative power unit supplies the average power. This 

means the energy storage system can often be downsized since it shares the energy storage 

and power production load with the alternative power unit [16]. The presence of the electric 

traction motor and energy storage system can improve the efficiency of the vehicle by 

enabling regenerative braking [16]. The energy storage system of a series hybrid can also be 

charged from the electric grid. Such a vehicle is known as a plug-in hybrid electric vehicle 

(PHEV).  

Mechanical Link 
ESS 

Power 

Electronics 

(PE) 

Electric 
Motor 

Transmission 

Wheel 

Wheel 

Wheel 

Electric Link 

Wheel 

Figure 1.1: Schematic of an EV powertrain 
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The Chevrolet Volt (available since December 2010) is an example of a series PHEV 

that uses an ICE as its APU [17]. The Volt has a reported range of 40 miles in electric-only 

mode before it has to resort to using its alternative power unit, a four-cylinder internal 

combustion engine [18]. According to EPA testing on the combined city/highway drive cycle, 

the Volt will achieve an equivalent of 2.4 L/100 km in electric-only mode and 6.4 L/100 km 

once its internal combustion engine is engaged. Figure 1.2 shows a schematic for a common 

series hybrid topology. 

 

1.2.3 Parallel Hybrid Electric Vehicle Powertrain 

In a parallel hybrid electric vehicle, both an internal combustion engine and an electric motor 

can directly provide a vehicle’s tractive force. In this configuration an electric motor typically 

propels the vehicle at low speeds since it has a higher efficiency than an internal combustion 

engine during the stop-and-go pattern characteristic of urban driving [14]. The internal 

combustion engine is typically used to power the vehicle during high speed driving where 

there is less speed fluctuation, and it has to deviate less frequently from operating at its most 

efficient point [12]. Also the internal combustion engine, electric motor, and energy storage 

system can be downsized since none of them are solely responsible for the total power output 

of the vehicle [9]. Parallel hybrids can also be plug-in hybrids; though this is less common 

since their energy storage systems generally have a lower energy capacity since they are 

usually only designed to power low-speed, start and stop driving. The Honda Civic Hybrid 

Wheel 

Wheel 

Transmission 

Electric 
Motor 

PE ESS 

Wheel 

Wheel 

Electric Link 

Mechanical Link 

APU 

Figure 1.2: Schematic of a series HEV powertrain 
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and the Ford Escape Hybrid are examples of parallel HEVs [19] [20]. Figure 1.3 shows a 

schematic for a common parallel hybrid topology. 

 

1.2.4 Series-Parallel Hybrid Electric Vehicle Powertrain 

A series-parallel, also known as a dual or power split, hybrid electric vehicle combines 

elements from both the series and parallel hybrid configurations. Like a parallel hybrid, the 

road load can be shared between the motor and the internal combustion engine [21]. Like a 

series hybrid, the engine can also function as an alternative power unit to generate additional 

power to recharge the energy storage system while the vehicle is driving [12]. A series-

parallel vehicle can also be a PHEV. The Toyota Prius implements a series-parallel 

powertrain topology [22]. Figure 1.4 shows a schematic of a common series-parallel hybrid 

topology.  

 

1.3 Electric and Hybrid Electric Vehicle Complexity 

The previous section presented a high-level overview of the topologies and component types 

that usually make up electric and hybrid electric vehicle powertrains, and this section 

Wheel 

Wheel 

Transmission 

Electric 
Motor 

PE ESS 

Wheel 

Wheel 

Electric Link 

Mechanical Link 

ICE 

Figure 1.3: Schematic of a parallel HEV powertrain 

Wheel 

Wheel 

Transmission 

Electric 

Motor 
PE ESS 

Wheel 

Wheel 

Electric Link 

Mechanical Link 

ICE Generator 

Figure 1.4: Schematic of a series-parallel HEV powertrain 
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disaggregates those broad categories to present a glimpse into the potential for complexity in 

crafting these powertrains. Each component class is comprised of numerous variants, and 

these components can be arranged according to four broad categories of topologies and 

managed according to two broad categories of energy management strategies. Table 1.1 

presents an overview of the technological options available in each of these classes. Note that 

Table 1.1 is not intended to be an exhaustive list of all possible technology and product 

combinations that may find a place in electric or hybrid electric vehicles, it is only meant to 

be indicative of the degree of combinatorial complexity possible in these vehicles. 

Table 1.1: Technologies, topologies, and energy management strategies with variants that may be utilized by 

EVs and HEVs [12] [23] 
 Variations 

Topology EV Series HEV Parallel HEV Series-Parallel HEV 

Transmission Fixed Gear Ratio Multi-Speed 
Continuously 

Variable 

Epicyclic Gear 

Train 
 

 

Motor Asynchronous AC 
Switched 

Reluctance 
Brushless DC Synchronous AC  

 

ESS Ultracapacitor Flywheel 

Battery 

Lithium-Based Nickel-Based Lead-Based 
Other 

chemistries 

APU 

Fuel Cell (typically 

with only proton 

membrane used in 

light-duty vehicles) 

Internal Combustion Engines     

Petrol Diesel   
 

EMS Thermostat Speed-Based     

 

As it is currently presented, Table 1.1 shows that there are in excess of 10,000 possible 

combinations (when hybridized energy storage systems are included). A closer examination 

shows that the number of possible combinations increases as the specificity of Table 1.1 

increases. For instance, there are multiple sub-variations of each of the different battery 

chemistries such as lithium-ion, lithium-polymer, lithium-cobalt-dioxide, lithium-manganese-

dioxide. Additionally, Table 1.1 makes no mention of the sizing options for all of these 

components. The energy management strategies also include numerous parameters that can 

be tuned to optimize energy consumption. Within each of the technological classifications in 

Table 1.1, many distinct products actually exist with new products constantly being 

introduced, further compounding the complexity of possible powertrain configurations. 

Given all of these other sources of combinatorial complexity, the number of possible electric 
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and hybrid electric vehicle combinations escalates rapidly. The exact number of possible 

combinations is nearly impossible to determine as new technologies and products are 

constantly emerging; however, the number of possible combinations is conservatively in 

excess of 107.  

 By comparison, conventional vehicles have far fewer possible combinations. Table 

1.2, presents the primary options available to a conventional vehicle in a similar manner to 

Table 1.1. 

Table 1.2: Technology options for broad component classes in conventional vehicles 
 Variations 

Transmission Multi-Speed Continuously Variable 

Motor None 

ESS None 

APU 
Internal Combustion Engines 

Petrol Diesel 

EMS None 

 

While Table 1.2 has additional sub-variations not reflected in it (just as additional sub-

variations are not reflected in Table 1.1), it can be seen that conventional vehicles have far 

fewer combinations possible in their technological makeup.  

 Building and testing each of these possible combinations in electric and hybrid 

electric vehicles in order to characterize their performance would be prohibitively time, labor, 

and resource intensive. Fortunately, computer models can help to analyze how a vehicle will 

perform without the cost and time that would go into building a physical prototype for every 

possible vehicle [24] [25].  

1.4 Electric and Hybrid Electric Vehicle Simulation  

Computer modeling can be a valuable resource in the design and analysis of electric and 

hybrid electric vehicles for it has the capacity to answer many questions regarding their 

development at a fraction of the time and cost that would go into actually building and testing 

prototypes of the array of possible powertrain combinations [24] [25]. The very nature of 

modeling requires a program to decide what it will and will not attempt to model, since 
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physical systems (especially ones as complex as electric and hybrid vehicles) are too complex 

to completely represent via a model. Therefore, a vehicle simulation program must know 

where it is willing to set its ambitions and recognize its limits. This section seeks to 

illuminate the noteworthy concerns in vehicle modeling.  

1.4.1 Issues in Vehicle Simulation 

Models are approximations of the physical systems they seek to represent. Since they cannot 

include all of the effects that characterize a system, they must understand the characteristics 

that they seek to represent [26]. This requires that simulations strike a balance between 

fidelity, uncertainty, and accuracy [27]. For clarity of discussion, fidelity, in the context of 

modeling, refers to the degree to which a model reproduces the characteristics and effects of 

the physical system it is representing. Uncertainty, in this context, refers to the degree to 

which certain system characteristics cannot be known or are not desired to be specified for 

use within a model. Accuracy refers to how well the outcome of a model aligns with the 

outcome of the physical system.   

When simulations contain more uncertainty, they cannot have a high fidelity, and are 

less accurate. This is usually manifested by simple modeling techniques based on sparse data. 

As the uncertainty decreases, the fidelity and accuracy usually improves. More complex 

models are implemented with the aim of enhancing a simulation’s fidelity and accuracy; yet, 

these complex models require more information which typically requires more computational 

resources (to run the models) and experimental capabilities (to extract the parameters that 

high-fidelity models require). Different simulation techniques, particularly in vehicle 

simulation, are used depending on the questions the simulation is trying to answer [28].  

The question of timescales and conditions are often of particular concern in many 

modeling efforts. The model should seek to represent effects that occur over the timescales 

and conditions that are of interest for that particular effort given the model’s objectives [15]. 
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The determination of what timescales are of interest is often not capable of being expressed 

as a single definite value. Instead, the timescales of interest are usually thought of as an 

approximate range. It is then incumbent on the discretion of the model’s designer to develop 

a model appropriate for those timescales and conditions.  

1.5 Criteria for a Novel Electric and Hybrid Electric 

Vehicle Modeling Effort 

With the knowledge that any modeling effort must understand what it is attempting to model 

before it can proceed, this section explores the criteria that would guide a novel vehicle 

modeling effort. In order to navigate the current vehicle modeling landscape to systematically 

identify where opportunities for novel contributions exist, a list of modeling criteria for 

assessing the current vehicle landscape based on the unmet needs of likely users of this 

program was needed.  

To develop this list, key sets of potential users of this new program were consulted. 

The first of these users was the Institute for Carbon and Energy Reduction in Transport 

(ICERT) at the University of Oxford. The second set was partners in industry (including 

vehicle manufacturers and OEMs), government, and academia. This section will explain the 

key issues identified by each of these groups as to how their vehicle modeling needs were not 

being met by the current vehicle modeling landscape. 

 ICERT is a long-term research project operating at the University of Oxford across 

the Transportation Studies Unit in the Department of Geography and the Energy and Power 

Group in the Department of Engineering Science. ICERT’s mission is to use a whole-systems 

approach to analyze the interface between technology, economics, and society, in order to 

develop useful approaches for industry and government that aim to increase the rate and 

effectiveness of carbon reduction in transport. Figure 1.5 presents a diagram of the 

information flows in the broader ICERT model. Note that a novel vehicle simulation program 
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addresses the challenge of simulating the performance of existing and emerging electric and 

hybrid electric vehicle types. 

Figure 1.5: Diagram of the information flows in the broader ICERT Model 

 

A crucial part of ICERT’s research is that it needed a vehicle simulation tool with 

several key capabilities. One of the aims of ICERT’s research is to generate a comprehensive 

list of current technologies that could potentially work towards reducing the carbon intensity 

of automobile operation. In order to generate this list, certain target component specifications 

needed to be established based on constraints such as future carbon reduction standards. Once 

this list was generated, ICERT would need a way to analyze this list of potentially useful 

technologies to see how they would perform in a vehicle. Coping with such a list of existing 

technologies, and recognizing that new technologies were constantly emerging, spurred 

ICERT to seek a vehicle simulation program that would be able to produce accurate, rapid 

results by utilizing data from existing and emerging technologies and capabilities. It should 

also be emphasized that one of the key questions that ICERT is seeking to answer is how to 

get the public to increase its rate of adoption of low-carbon vehicles. This has four 

implications.  

The first implication is related to the vehicle characteristics that ICERT would like to 

ascertain from a vehicle modeling program. ICERT is concerned with the vehicle 

specifications that are seen to be the key drivers of electric and hybrid electric vehicle 

adoption: cost (as a proxy for component sizing), range, emissions, and energy consumption. 
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Therefore any novel vehicle modeling program that ICERT would use would need to be able 

to be structured in such a way that these figures could be produced with a sufficient degree of 

accuracy (a discussion of what sufficient accuracy means for ICERT is included below). 

The second implication pertains to the types of timescales which ICERT would need 

to see reflected in a novel vehicle modeling program. ICERT is largely concerned with the 

types of light-duty vehicles and suburban, highway, and urban driving patterns typically 

experienced by light-duty vehicles. For instance, it is not interested in more specialist areas 

such as racing, hill-climb, or off-road where high-fidelity models capturing rapid transient 

performance is a priority. ICERT is also not interested in predicting effects taking place over 

long timescales such as degradations in vehicle performance over the course of years. This 

means that ICERT is concerned with the type of timescales and conditions seen during the 

types of driving events customary of typical light-duty urban, suburban, and highway driving. 

These timescales can be thought of as encompassing typical light-duty acceleration and 

braking events (usually on the order of seconds) to lengthy trips (usually on the order of 

several hours). Therefore, the timescales of interest to OVEM are those between 

approximately 1 s to 104 s.  

The third implication concerns the driving conditions with which ICERT is 

concerned. ICERT is primarily concerned with delivering information to decision-makers 

capable of influencing the future of transport. These decision-makers value results that allow 

for standardized comparisons to be made across a wide array of vehicle types for values such 

as a range, energy consumption, and emissions. For historical, political, and legacy reasons as 

well as concerns over standardization and ease of implementation, vehicle testing to obtain 

these values is typically done by assuming the vehicle travels in a straight line over a widely-

used drive cycle. Therefore, ICERT is concerned with simulating vehicles over these 

“industry standard” conditions: straight-line travel typically over a widely-used drive cycle. 
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By extension, ICERT is not concerned with extremely aggressive acceleration and braking 

maneuvers – the kind that are seen in racing and not in normal light-duty vehicle operation. 

This ability to account for the types of driving patterns normally experienced by light-duty 

vehicles is available in existing vehicle modeling programs. However, existing vehicle 

modeling programs disregard the ability to account for changes in elevation while driving. 

ICERT is aware that existing widely-used drive cycles and vehicle modeling programs cannot 

account for changes in elevation. ICERT also realizes that changes in elevation are an 

unavoidable part of normal driving conditions. Changes in slope are of particular interest to 

electric and hybrid vehicles given their sensitivity to issues regarding energy consumption 

and range and their capability to utilize regenerative braking during descents. For these 

reasons, ICERT sought the novel functionality of being able to model the effect that slope 

would have on electric and hybrid electric vehicles. 

The fourth implication relates to ICERT’s accuracy objectives from a novel vehicle 

modeling tool. ICERT is aware that as it is a broad study concerned with many technological, 

economic, and social parameters that are difficult to know precisely, it will inevitably have 

high uncertainty across many dimensions of its analysis. It will obviously seek to reduce 

uncertainty wherever possible, and vehicle modeling is one area where that uncertainty can 

reasonably be reduced, at least such that the uncertainty is less than in the other less 

quantifiable and precise areas of its research. ICERT does not have a specific accuracy target, 

only that it should provide credible results while still adhering to ICERT’s other objectives. 

In consultations with other partners in academia, government, and industry, a similar 

but slightly different set of needs from a new vehicle modeling program was identified. The 

first of these concerns was obtaining a modeling program that would facilitate rapid scoping 

exercises to quickly determine technologies of particular interest. For instance, one industrial 

partner had an inchoate conception for a new electric vehicle, but could not find a useful tool 
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to enable the sizing and performance benchmarking of cutting-edge component technologies. 

Like ICERT these other partners also expressed an interest in a program that would be able to 

rapidly simulate and scope existing and emerging technologies and capabilities. Also like 

ICERT, these partners were concerned with obtaining figures for the drivers that are 

perceived to be key in spurring electric and hybrid electric vehicle adoption: cost, sizing, 

range, emissions, and energy consumption. These partners were also interested in having 

simulations that were of a high degree of accuracy; however their accuracy objectives came 

from a slightly different rationale than ICERT’s. These partners wanted to see accuracy as 

high as possible while still meeting their other concerns regarding rapidity of implementation 

and simulation. This was because these partners felt that once sufficient scoping had been 

performed such that a reasonable degree of certainty had been obtained regarding the 

performance of particular technologies, there was little point in further improving simulation 

accuracy, as more advanced, real world testing would now be warranted. Their accuracy 

objective did not have a single, uniform quantitative target; however, it was gathered from 

these consultations that an accuracy of within approximately 2-5% of real world values 

would be sufficient. 

 To summarize, the parties consulted about their vehicle modeling needs proposed the 

following criteria. These criteria could now be used to survey the current vehicle modeling 

landscape to identify if and how a novel contribution could be made with the development of 

a new vehicle modeling program. 

1. The program should be able to rapidly simulate and incorporate existing and emerging 

technologies and capabilities.  

2.  The program should be able to facilitate sizing and scoping exercises across a wide 

spectrum of component technologies and sizes in order to understand the relationship 

between technological options (including those that currently exist and have the 
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potential to exist in the future) and key EV and HEV characteristics, such as cost, 

emissions, energy consumption, and range. 

3. The program should be concerned with timescales and conditions that align with 

widely used vehicle testing protocols for ascertaining values such as emissions, 

energy consumption, and range. The relevant timescales are approximately on the 

order of 1 to 104 s. The conditions are straight-line travel, typically over widely-used 

drive cycles representing urban, highway, or suburban driving (in order to enable 

comparison with other studies and reported vehicle characteristics). This excludes 

racing applications or other similarly extreme off-road or hill climb applications. The 

simulation should also have the ability to account for changes in elevation. 

4. The program should be capable of obtaining a degree of accuracy that warrants 

reasonable justification to begin with experimental testing. This was suggested by 

industrial partners to be approximately between 2-5% of real world figures.  

1.6 Vehicle Simulation Techniques 

A survey of the current vehicle modeling landscape was conducted to see if any single 

existing modeling packages sufficiently addressed the enumerated design criteria for a novel 

vehicle modeling effort. In keeping with the philosophy that any modeling effort must have 

boundaries depending on its objectives, it follows that different vehicle simulation tools focus 

on different areas of vehicle performance. The array of vehicle modeling efforts can be 

grouped into two broad categories – those concerned with vehicle dynamics and those 

concerned with energy flows. Figure 1.6 presents a diagram showing the classification 

structure of the types of vehicle modeling. This section presents an overview of these 

modeling techniques and then assesses them against the criteria enumerated in Section 1.5 to 

determine their suitability for inclusion in a novel vehicle modeling effort. 
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Figure 1.6: Tree diagram of vehicle modeling techniques 

1.6.1 Vehicle Dynamics Modeling 

Simulators concerned with vehicle dynamics are usually used to simulate properties affecting 

the dynamic movement of the vehicle such as body flex, cornering, handling, directional 

stability, vibration, wheel slip, and ride quality. Advanced programs can even be used to 

perform crash test analysis. Commercially available versions of vehicle dynamics simulators 

include tools such as CarSim [29] and VESYM [30].   

Vehicle dynamics simulators are not meant to model the energy flows in powertrains. 

As such, they do not meet Criteria #2 set out in Section 1.5 which states that a new vehicle 

modeling program should be able to scope new technologies to determine figures such as 

energy consumption, range, emissions, and cost. Additionally, vehicle dynamics simulators 

would not be relevant to the novel vehicle modeling effort given Criteria #1, since as a class 

of simulators they are not meant to simulate existing and emerging powertrain technologies. 

This class of simulators also does not align with Criteria #3, since much of the usefulness of 

vehicle dynamics simulators would be lost on simulations concerned with straight-line 

driving. In regard to Criteria #4, this class of simulators would not even produce estimates 

(accurate or not) for the type of powertrain components of interest in this study. Therefore, 

vehicle dynamics simulators were not deemed suitable as a class of simulators that might play 

a role in the new vehicle modeling effort of interest in this study. 

Vehicle Modeling and Simulation Techniques 

Vehicle Dynamics Energy Flows 

Backwards Backwards-Forwards Forwards 
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1.6.2 Energy Flow Modeling 

The other class of simulators is broadly concerned with the energy flows within powertrains 

(tank to wheel). Typically, this means that the simulation accounts for sources of power 

losses according to whatever timescales, conditions, and physical effects are of interest to that 

modeling effort. This class of simulator is generally used to produce figures for values such 

as range, emissions, energy consumption, and component cost and sizing [28]. Energy flow 

simulations can typically be subdivided into one of three categories: backwards, forwards, 

and backwards-forwards. Each of these categories is characterized by a different compromise 

between uncertainty and fidelity, and each category can be used to illuminate different types 

of information related to electric and hybrid electric vehicle design and analysis.  

1.6.2.1 Backwards Modeling 

Backwards modeling is a method of energy flow simulation that is primarily used to predict 

the component sizing requirements of a vehicle and to estimate a vehicle’s energy 

consumption [31]. Its usefulness in component sizing is made possible by the fact that the key 

characteristic of backwards models is that they impose no performance limits. It is a 

technique that is generally used when uncertainty around vehicle design and analysis is high, 

and as a result of the high uncertainty, the fidelity of backwards models is typically low. 

Backwards models that are concerned with modeling energy flows primarily use quasi-

steady-state models. Quasi-steady-state models are used in order to model the most relevant 

effects for determining figures such as energy consumption, range, emissions, and component 

sizing without requiring the extensive computational and experimental resources that are 

required to build a more dynamic model that can account for rapid transient effects. This is 

typically appropriate for backwards simulations because they are used when uncertainty 

regarding component specifications is high and dedicating resources to building a more 



19 

 

dynamic model would not align with the high degree of uncertainty typical of the stage in the 

vehicle analysis process when backwards simulations are typically used. 

Figure 1.7 presents the information flows in a common backwards simulation for an 

EV. Note that in a backwards model, the simulation begins with the user inputting a drive 

cycle (a trace of velocity as a function of time) along with certain vehicle parameters to 

enable the calculation of the forces the vehicle must overcome in order to perfectly meet the 

drive cycle [32]. The simulation takes these inputs and calculates the amount of power (and 

torque and speed where appropriate) that must be produced by each successive component – 

from the wheels to the gearbox to the motor to the energy storage system, in the case of an 

electric vehicle for instance. The simulation progresses by moving backwards from the 

wheels through the rest of the powertrain, and at each component the simulation factors in the 

efficiency of that component before sending a power or torque and speed request to the next 

component [31]. Each component in the powertrain requires a means for determining its 

efficiency. The efficiency can be fixed, in which case it is usually set by the user in advance, 

or varying, in which case it is usually determined over the course of the simulation via a 

modeling process.  

 

The primary strength of backwards modeling is that it can determine how different 

drive cycles, vehicle parameters, and component efficiencies affect component sizing and 

vehicle energy consumption [32]. The components do not impose any limits on the 

simulation. Rather, they merely record what was asked of them before passing along a 

request that accounts for their own losses to the next component. The fact that backwards 
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Figure 1.7: The information flows in a backwards simulation for an EV 
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simulations do not impose any limitations on the performance of their components may 

appear to be a deficiency, but actually it is a unique advantage because it allows the user to 

obtain each component’s maximum sizing requirements. For example, through a backwards 

simulation the user will gain an understanding as to what torque and speed ratings the motor 

will need and what power and energy specifications the energy storage system will need. This 

can enable the user to then select technologies that meet these criteria. If technologies do not 

exist that would meet these criteria, then backwards modeling can help to estimate how the 

technologies will have to improve to meet current design objectives or how the design criteria 

will have to be modified to work within current technological constraints.  

The primary weaknesses of backwards simulations are that they cannot enforce 

performance limits, and they do not allow for control. Real components certainly have 

performance limits, and their absence in a model is unrealistic. However the absence of 

performance limits is a necessary tradeoff such that backwards models can provide 

component sizing estimates. This often means that higher-fidelity models are less useful in 

backwards models, given the fact that backwards models are intended for use in scoping 

generally across broad technological categories, and not with narrowly simulating a specific 

product highly accurately. The inability of backwards models to allow for sophisticated 

control stems from the fact that backwards simulations run in an open loop with no feedback. 

This weakness is also a necessary compromise in order for the backwards models to handle 

the high level of uncertainty at the early stages of the vehicle design and analysis process, 

which is when backwards simulations are typically used [33]. In fact, the simplified models 

in backwards simulations can be viewed as a strength when issues such as minimizing the 

computational and experimental complexity necessary to run and derive these models is a 

priority.    
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At the time OVEM was completed, as far as the author was aware, there were no 

commercially available backwards simulation packages. Several groups had designed 

backwards simulation techniques for their own research purposes [31] [34]; however, they 

have never been readily available. Therefore, the lack of a widely available tool for 

performing backwards simulations of EVs and HEVs made it difficult to obtain the type of 

component scoping and vehicle performance estimates that backward modeling is well-suited 

to provide. 

Backwards simulations had the potential to meet several of the criteria set forth in 

Section 1.5. Foremost, backwards simulations meet Criteria #2 in that they facilitate scoping 

exercises across many different component technologies and sizes. As a class of simulations, 

they enable estimates for figures such as energy consumption, range, cost, and emissions to 

be obtained. By extension, backwards simulations meet Criteria #1 in that they can rapidly 

simulate existing and emerging technologies. Backwards simulations also meet criteria #3 in 

that their component models are well-suited to the timescales and conditions of interest. 

Backwards simulations will likely not meet the accuracy objectives of Criteria #4. Backwards 

simulations are built to sift through high uncertainty to perform component scoping and 

sizing estimations. Therefore, they are not built to obtain results that necessarily meet 

stringent accuracy requirements. Nevertheless, given that backwards simulations strongly 

meet three of the criteria set forth in Section 1.5, they will have a place in the novel vehicle 

modeling program considered in this study. 

 It should be noted that in late 2010, once OVEM was completed [35] [36] [37], 

Argonne National Laboratory announced the release of a new program called Autonomie that 

incorporated elements of a backwards modeling approach [38]. While precise details 

regarding the inner workings of Autonomie were unable to be obtained, the fact that OVEM 
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now had a competitor in the backwards modeling space was viewed as a testament to its 

value as an advanced powertrain modeling tool.  

1.6.2.2 Forwards Modeling  

Forwards vehicle modeling simulates the flow of information as it actually occurs in vehicles 

on the road [39]. It begins with a drive cycle which is fed into a driver model that is meant to 

represent a human driver. The driver model responds to the speed requests of a drive cycle 

just like an actual driver would respond to road conditions – by applying the throttle and 

brake in appropriate measure [31]. The throttle command gets sent to a motor model which 

uses it to compute the amount of torque it will output and the amount of energy it will 

consume. The torque produced is passed along to the transmission which factors in its own 

efficiency and gearing effects. Finally the amount of torque that the vehicle can supply is 

passed to a model for the wheels which outputs the speed the vehicle was able to achieve. 

Figure 1.8 shows a diagram for the information flows in a common forwards-looking model 

for an EV. 

 

The strength of forwards simulations is their ability to account for the dynamic 

processes taking place in a vehicle. They allow for the analysis of the transient response of 

powertrain components as they react to throttle and brake inputs. This enables the 

development and testing of effective vehicle controllers with a high degree of resolution [32].   

However, accounting for the dynamic processes in a vehicle is also the source of the 

weaknesses of forward-looking simulations. Forwards simulations rely on solving a system of 

ordinary differential equations to model the dynamic processes in a vehicle [31]. Obtaining 
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Figure 1.8: The information flows in a forwards simulation for an EV 
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accurate data for the dynamic processes of all the components in a powertrain is typically 

expensive and time-intensive [26], especially when developing a library of components that 

can be arranged in different configurations and tested against each other is a priority. Such 

detailed models, while accurate, can often be inflexible which can be a detriment when 

attempting to model new technologies which weren’t envisioned when the program was 

designed. Additionally, having to solve systems of differential equations and complex models 

concerned with small-timescale transient effects adds significantly to the computational 

complexity of forwards modeling. It is common for the runtime of forwards simulations to be 

several orders of magnitude higher than other energy flow simulation methods [40]. While 

forwards simulation is a useful tool, in applications where its high-resolution capabilities are 

not necessary for tasks such as controller design, its high degree of fidelity can be a detriment 

that can make the program inflexible and overly computationally and experimentally 

demanding. Examples of forward-looking simulation tools are CAPSIM (Center for 

Automotive Propulsion Simulation) [41], PSAT (Powertrain Systems Analysis Toolkit) [42], 

and AVL Cruise [33] [43].  

In assessing forwards simulations against the criteria in Section 1.5, the following 

conclusions were drawn. Forwards simulations fail to meet Criteria #1 on the grounds that 

they struggle to rapidly simulate component technologies. The runtimes for forwards 

simulations can be orders of magnitude longer than other energy flow simulation techniques, 

especially without extensive computational resources. Additionally, the parameters generally 

required by their component models are not readily available (especially for new 

technologies) and must therefore be experimentally obtained. Such experiments require time 

and resources which would work against the goal of rapid simulation. Forwards simulations 

also have a limited ability to cope with new technologies which may not have been 

envisioned when the program was designed. Forwards models could meet Criteria #2 in that 
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they would be able to provide estimates for figures such as emissions, energy consumption, 

and range. However, their ability to scope across an array of existing and emerging 

technologies is limited given the difficulties explained above in adding new technologies and 

capabilities to their functionality. Forwards simulations generally don’t meet Criteria #3 

because their timescales are usually orders of magnitude smaller than those of interest to a 

novel vehicle modeling effort. Forwards simulations should be able to meet Criteria #4 in that 

they should be able to produce figures to within 2-5% of real-world accuracy.  

Given that forwards simulations failed to meet several key aspects of the criteria for a 

novel vehicle modeling program, it was decided that they should not be included in the novel 

vehicle modeling effort. 

1.6.2.3 Backwards-Forwards Modeling 

Backwards-forwards modeling is a method for simulating the energy flows in a vehicle that 

operates as a type of hybrid between backwards and forwards modeling. Its goal is to 

simulate actual vehicle performance using high-fidelity models without requiring lengthy 

computation times [28]. A backwards-forwards simulation uses information flows similar to 

those in a backwards simulation; however it imposes actual physical constraints on the 

performance of its powertrain components and can calculate the components’ efficiency 

using either a fixed or varying approach. A backwards-forwards simulation also combines 

elements of a forwards simulation, in that it can perform realistic energy flow modeling (with 

high-fidelity models and performance limits) and high-level controller design. Yet unlike 

forwards simulation, backwards-forwards simulation is not used for more detailed controller 

design.  

A backwards-forwards simulation begins identically to a backwards simulation in that 

the torque and speed needed to be produced by the wheels are calculated and then passed to 

the transmission where losses and gearing effects are applied before the torque and speed 
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requests are passed to the motor [28]. This process continues, with each component factoring 

in its losses and physical limits, until the simulation can proceed no further in the backwards 

direction. For an electric vehicle, this occurs at the energy storage system. The forwards part 

of the simulation begins when the energy storage system outputs how much power it is 

actually capable of producing. The forwards part of the simulation carries the amount of 

power the vehicle was able to produce through the powertrain with each component once 

again factoring in its own efficiency and physical limitations until the speed the vehicle was 

capable of achieving is outputted from the forwards vehicle block. Figure 1.9 shows the 

information flows for a common backwards-forwards simulation for an electric vehicle. 

 

The primary strength of backwards-forwards simulation is that it has the advantage of 

being able to realistically model powertrain performance without the computational and 

experimental demands of forwards models [31]. Backwards-forwards models can be based on 

data from real components. This enables them to be flexible and updatable. Backwards-

forwards simulations are also useful for producing figures for energy consumption, 

emissions, range, and cost without having to handle the additional fidelity required by 

simulations concerned with high-resolution controller design. 

Backwards-forwards modeling has several weaknesses. It generally uses a quasi-

steady-state simulation method to facilitate its more rapid runtimes and use of models without 

parameters requiring extensive experimental resources; so it may overlook transient processes 

that happen on small timescales. Thus, a backwards-forwards simulation may not capture all 

of the transient effects that would be modeled by a forwards simulation. This means that 
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Figure 1.9: Schematic of a backwards-forwards simulation for an EV 
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backwards-forwards simulations generally cannot be used in high-resolution controller design 

[26]. However, if the user is not concerned with a level of detail that will facilitate detailed 

controller design, and is content with still being able to model the high-level behavior of the 

controllers [31], then backward-forwards modeling can be a useful technique. 

 Backwards-forwards simulations were assessed against the criteria outlined in 

Section 1.5. Backwards-forwards simulations meet Criteria #1 because they can rapidly 

simulate and incorporate existing and emerging technologies and capabilities. The runtimes 

for backwards-forwards simulations are low, thereby mitigating the need for extensive 

computational resources. Their component models do not need parameters that would 

typically have to be derived experimentally. Since backwards-forwards simulations have a 

flexible structure, they can be useful in component sizing and capability scoping. As an 

energy flow modeling technique, they can produce estimates for emissions, energy 

consumption, cost, and range. Therefore, backwards-forwards simulations meet Criteria #2. 

Backwards-forwards simulations, with their quasi-steady-state structure, are well-suited to 

the timescales and conditions set forth in Criteria #3. Backwards-forwards simulations also 

have a record of delivering results that meet the accuracy objectives of Criteria #4 [40].  

Given that backwards-forwards simulations meet all four of the criteria from Section 

1.5, it was determined that a novel vehicle modeling program would benefit from 

incorporating a backwards-forwards modeling approach. However, existing backwards-

forwards vehicle modeling programs exist – most notably, ADVISOR. So the question for a 

novel vehicle model becomes one of trying to identify areas where ADVISOR is deficient in 

meeting the listed criteria. A thorough analysis of ADVISOR showed that it was in fact 

deficient in several areas that affect its suitability with the listed criteria.  

ADVISOR’s first area of deficiency concerns Criteria #1 and #2. ADVISOR has 

limited ability to incorporate new technologies and capabilities that are not already a part of 
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its existing library and structure. As an example of its limited ability to handle new 

technologies, ADVISOR does not have a high-speed flywheel model, and trying to 

incorporate one as a retrofit would be prohibitively difficult. New capabilities – such as 

hybridized energy storage systems, advanced energy management strategies, in-wheel 

motors, and front, rear, all-wheel driving, and the ability to account for load transfer – are 

also something that is beyond the functionality of ADVISOR. Trying to add such capabilities 

would also be prohibitively difficult. Since all of these components and capabilities are 

beyond ADVISOR’s scope, there is clearly room for a novel vehicle modeling program to 

better meet Criteria #1 and #2.  

ADVISOR largely meets Criteria #3 in that its timescales and conditions are in line 

with those that would be sought from a novel vehicle modeling effort. However, ADVISOR 

does not have the ability to account for changes in elevation. Given the role that changes in 

elevation can play in affecting the range, energy consumption, and emissions of electric and 

hybrid electric vehicles, a new vehicle modeling program would make a novel contribution 

by including such functionality.  

ADVISOR’s capacity to meet Criteria #4 is limited and varied. For ADVISOR either 

does not have models or has models of insufficient fidelity in key areas that detract from its 

ability to meet the Criteria #4 accuracy goal for a wide range of technologies and capabilities. 

For instance, ADVISOR assumes that the efficiency of its fixed gearbox and epicyclic gear 

train is constant, when existing literature shows that this assumption is overly simplified [44] 

[45]. ADVISOR also makes a simplifying assumption in calculating the final speed a vehicle 

will achieve based on the amount of power it generated in order to avoid using more 

complicated equations. ADVISOR employs a number of other simplifying assumptions 

particularly in its energy storage system models that will be identified in detail in the 

dissertation (Sections 4.6.1 and 4.6.2). Making improvements in these areas where 
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ADVISOR makes simplifying assumptions by making the models more complex will 

constitute a novel contribution to energy flow simulation accuracy. They key for a novel 

vehicle modeling effort using a backwards-forwards approach is to improve upon the 

accuracy deficiencies of ADVISOR while still upholding the other listed criteria. 

For the reasons outlined above, it appeared that a novel vehicle modeling contribution 

could be made by incorporating a backwards and backwards-forwards approach. The 

following section will examine the steps behind creating this new vehicle modeling program. 

1.7 Constructing a Novel Vehicle Modeling Program 

In the preceding section it was concluded that a novel vehicle modeling program seeking to 

best meet the listed criteria of Section 1.5, should include both backwards and backwards-

forwards models. The next step was then to determine the optimal manner in which a single 

program could incorporate both backwards and backwards-forwards model(s). 

 In order to guide the thinking about how to best integrate these two modeling 

approaches into a single package, it is helpful to imagine these modeling approaches as 

existing along a spectrum going from high uncertainty and low fidelity on one end to low 

uncertainty and high fidelity on the other end. At the high uncertainty, low fidelity end, the 

ability to conduct scoping and sizing exercises to reduce that uncertainty is key – making it 

well-suited for a backwards simulation. At the other end of the spectrum, where fidelity is 

high and uncertainty is low, a backwards-forwards approach would be more appropriate since 

the focus is on utilizing the low uncertainty to produce accurate results.  

From the user’s perspective, backwards simulations are most useful in performing 

technology scoping and component sizing estimations across an array of technologies and 

components. At this stage in the vehicle design and analysis process, uncertainty is high, and 

the user is seeking to gain a greater understanding about which technologies and components, 

and in what sizes, will enable a vehicle to meet its performance objectives (in this case in 
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regards to energy consumption, emissions, and range). At this stage in the vehicle analysis 

process, the user values a model’s ability to cope with a large degree of uncertainty in order 

to guide future thinking about vehicle analysis. When a user has progressed to using 

backwards-forwards models, uncertainty regarding component specifications has been 

reduced, and the user is now interested in accurately modeling specific technologies and 

products in a powertrain to credibly see how such a powertrain would actually perform. In 

such a case, the user values credible results using real-world data. This section will explore 

how OVEM balanced both the technical capabilities of backwards and backwards-forwards 

models with their ability to add value to the user in order to arrive at a single package that 

best met the objectives set forth in Section 1.5.  

First, the issue of how to best integrate backward model(s) into a single package was 

addressed. The component models in backwards simulations can be based on either a fixed or 

varying efficiency [32]. Representing components as fixed efficiencies is obviously the 

simpler case. It may appear to be overly simple; however, during initial design stages, 

uncertainty regarding component specification and selection can be high and having a simple 

model to match that high uncertainty can be advantageous for representing technologies in an 

approximate manner. For these reasons, it was determined that a backwards models with 

fixed user-specified component efficiencies would be included in the novel vehicle 

simulation package. 

Yet as was noted above, representing components as having fixed efficiencies is a 

simplification of actual component behavior. Fixed efficiencies would be suitable and 

valuable when uncertainty regarding vehicle design and analysis was at its highest, but given 

that backwards models can represent component efficiencies as varying, the opportunity to 

develop a backwards model with varying component efficiencies was explored. 
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A backwards model with varying component efficiencies would theoretically be able 

to produce more credible results than a backwards model with fixed efficiencies; though 

these more credible results would require a reduced uncertainty in order to meaningfully 

model the varying efficiencies of the components. This lead to the key question in the 

development of a backwards model with varying efficiencies: how to best vary the 

component efficiencies.  

The efficiencies needed to vary in a physically meaningful way if they were to 

produce useful results. Thus, three options were available. The varying efficiencies could 

either be determined by being based on readily available product data, experimentally 

obtained data, or through modeling the physical principles governing a component’s 

efficiency [46]. Basing the efficiencies on readily available product data was problematic 

because of the fact that the purpose of backwards simulations is to refrain from modeling 

specific products. Committing to specific products violates the mission of backwards 

simulations which are meant to be used in scoping and sizing exercises to estimate which 

types of technologies would ultimately be used in a vehicle. For instance, a backwards model 

imposes no performance limits so that component sizing estimates can be obtained. For a 

motor, this would mean imposing no torque and speed limits. However, data from an existing 

motor would naturally have performance limits which would clash with the objectives of 

backwards modeling. Varying the efficiencies based on experimentally-obtained data requires 

a measure of experimental resources that is not commensurate with the high degree of 

uncertainty still present at this stage in the simulation process. On the other hand, models 

based on well-understood physical principles would be able to simulate the behavior of 

components across broad technological categories in a meaningful way without committing 

to specific products. Such an approach would enable the user to take only a vague conception 

of the component and apply its general physical principles in a physically meaningful way to 
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rapidly arrive at approximate sizing and scoping estimates. This is valuable for a backwards 

simulation because it allows the model to maintain a product-independent structure that is 

valuable for backwards simulations (and the stage in the vehicle design process when 

backwards simulations are used).  

For these reasons, it was decided that another backwards model should be created in 

the novel vehicle modeling program – where the efficiencies vary based on general, well-

understood physical principles. This would enable this varying-efficiency backwards model 

to simulate components with a higher fidelity than the fixed-efficiency approach while still 

retaining its scoping and sizing capability by not committing to data from specific products.  

From the user’s perspective, a simulation approach that models physical effects in a 

technologically-relevant but product-independent manner is valuable in a backwards 

simulation. It allows the user to take the initial sizing and scoping estimates obtained from 

Level 1 – when uncertainty was highest – and refine those estimates using a physically-

meaningful approach without committing to a specific technology or product. A backwards 

approach that varies its component efficiencies in this manner clearly has value in the vehicle 

design and analysis process, and it was thus included into the novel vehicle modeling 

program. 

 With a basis for implementing both a fixed and varying efficiency backwards model, 

the focus then turned to the issue of constructing an optimal backwards-forwards model. 

From the user’s perspective a backwards-forwards model adds value by being able to model 

component efficiencies with high fidelity and accuracy in order to produce credible results. A 

backwards-forwards model is typically utilized once the backwards models have been used to 

obtain an estimate as to the types of technologies and products that would enable a vehicle to 

meets its design objectives.  
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 The primary question governing the development of a novel backwards-forwards 

simulation was the manner in which it should model component efficiency. A backwards-

forwards simulation is typically used when uncertainty is low and the need for accuracy is 

high. So for a backwards-forwards simulation, representing component efficiencies as being 

fixed is too simple. Instead, the component efficiencies need to vary based on the vehicle’s 

characteristics and the manner in which it is being driven (similar to how component 

efficiencies actually vary). At this point, the listed criteria for a novel vehicle modeling tool 

were called upon to guide the thinking behind crafting the new backward-forwards 

component models. Criteria #1 stated that it was a priority for the program to rapidly 

incorporate and simulate existing and emerging technologies and capabilities, and Criteria #4 

specified that this program needs to do so accurately. There are two broad options available 

to derive the parameters necessary to accurately model real technologies. The first is to rely 

on information about these technologies that is generally readily available. This enables the 

technologies to be incorporated and simulated quickly and accurately without requiring 

extensive experimental and computational resources [26]. The second option is to 

experimentally derive the parameters necessary to operate a model with a varying efficiency. 

Experimentally deriving these parameters can be costly and time-consuming, perhaps 

prohibitively so, especially when data from cutting-edge and expensive components is 

sought. Therefore, experimentally deriving these parameters clashes with the larger goal of 

being able to quickly incorporate and simulate new technologies and capabilities. For this 

reason, it was determined that the component models in the backwards-forwards simulation 

should be based on readily available data. 

 A backwards-forwards model based on readily available data from real components 

can add significant value to the user. When such a backwards-forwards model is integrated 

into a single package with the two types of backwards models explained above, this single 
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package would meet the criteria outlined in Section 1.5 and would be a significant, novel 

contribution to the vehicle modeling landscape.  

1.8  The Oxford Vehicle Model (OVEM) 

In the preceding section, the basic philosophy and structure of three distinct modeling 

approaches were identified that together met the listed criteria of Section 1.5 in a way that has 

the potential to add significant value to the landscape of vehicle modeling. The first modeling 

approach was a backwards simulation based on component models with fixed efficiencies. 

The second was a backwards simulation with component models where the efficiencies vary 

based on general physical principles. The third was a backwards-forwards simulation where 

the component efficiencies would be drawn from models based on readily available data. 

These modeling approaches were named Levels 1, 2, and 3, respectively, in what came to be 

known as the Oxford Vehicle Model (OVEM). 

As OVEM was built, it was imperative that each level maintained a consistent 

philosophy throughout so that each level adhered to the relevant initial criteria that spurred its 

development in the first place. Implicit in the application of the four criteria of Section 1.5 to 

the construction of the novel program spelled out in Section 1.7 are three non-criteria that 

deserve special mention as they run in opposition to the four criteria of Section 1.5. These 

non-criteria are modeling issues that fall outside of the scope of OVEM given its primary 

four criteria. Since these three non-criteria will be applied to all three levels of OVEM, it is 

most appropriate to discuss them at this stage.  

The first non-criterion is that the component models will not directly account for 

thermal effects. This non-criterion was implemented because information on the thermal 

behavior and properties of powertrain components is rarely readily available. It was thus 

determined that thermal behavior could not be accounted for the interest of aligning with the 

Criteria #1 objective of facilitating rapid simulation of existing and emerging components.  
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The second non-criterion is that the component models will only model the bulk 

properties of each powertrain component and will not be concerned with individual variations 

that might occur in the various sub-components. For instance, the battery model will assume 

that each cell in the module will behave in exactly the same manner. This is a simplification, 

as manufacturing imperfections and operating conditions can lead individual sub-components 

to behave in a manner that is out of line with their bulk component properties. However, 

information on sub-component performance variations and manufacturing tolerances is rarely 

readily available. Since such information is not readily-available, directly accounting for sub-

component variations was deemed beyond the scope of OVEM.  

The third non-criterion is concerned with accessory loads. Accessory loads are those 

power losses that are incurred by powering the ancillary equipment in a vehicle that is not 

directly responsible for the tractive force generated by the vehicle. For instance, the pumps 

that serve a fuel cell would be an accessory load. Information on accessory loads for 

powertrain components is rarely readily available, thus directly accounting for them was 

deemed to be outside of the scope of OVEM.  

  With the non-criteria established, the remainder of this section revisits the four criteria 

that motivated the development of OVEM to present how these four criteria governed the 

creation of each level in OVEM. 

1.8.1 Level 1 

Level 1 utilizes a backwards modeling approach where the component models are based on a 

fixed efficiency which is set by the user based on the user’s particular component sizing and 

scoping questions. The fixed efficiency approach enables the component models to rapidly 

assess an array of technologies (Criteria #1) especially at a stage in the analysis process when 

uncertainty is likely to be high. The fixed efficiency approach enables the calculation of 

energy flows affecting values such as vehicle energy consumption, emissions, range, and 
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component sizing and cost (Criteria #2). The fixed efficiency approach of the component 

models is in line with the timescales and conditions of interest (Criteria #3). The primary 

downside to the Level 1 model is that its accuracy can be low (Criteria #4) since it employs 

models with such low fidelity. But as was noted above, obtaining highly accurate results via 

high-fidelity models is not the focus of the Level 1 model. Instead, its focus is on scoping and 

sizing a wide array of components. 

1.8.2 Level 2 

Level 2 uses a backwards modeling approach where the component models use a varying 

efficiency which is based on an application of general physical principles regarding broad 

technology types. The fact that the models are based on general physical principles governing 

an array of technologies enables for the rapid simulation of different technologies (Criteria 

#1). As a backwards model, it is suited towards performing component scoping to help 

determine parameters such as energy consumption, range, emissions, cost, and sizing 

(Criteria #2). The models are built so as to reflect the timescales and conditions of interest 

(Criteria #3). As a backwards simulation, accuracy is not a priority; therefore, the program is 

not concerned with meeting the Criteria #4 accuracy objective. However the models still seek 

to model the efficiency of the components in a physically meaningful yet product-

independent way that should have a higher fidelity and accuracy and lower uncertainty than 

Level 1. The fact the models in Level 2 are product-independent is also crucial during the 

scoping and sizing exercises for which backwards simulations are primarily employed. 

1.8.3 Level 3 

Level 3 is a backwards-forwards model, and as such it is the modeling approach in OVEM 

with the lowest uncertainty and highest accuracy. Level 3 enables the rapid simulation of 

existing and emerging technologies by basing its component models on readily-available data 

from actual products and systems (Criteria #1). In meeting this criterion, Level 3 seeks to 
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reduce computational and experimental complexity to facilitate the rapid simulation of these 

powertrains. Level 3 is constructed in such a way that it allows for a library of components 

and capabilities so that scoping across many different dimensions can be performed to deliver 

figures for energy consumption, emissions, range, cost, and sizing (Criteria #2). The Level 3 

component models are based around the timescales and conditions of interest (Criteria #3). 

Accuracy is an important criterion for Level 3, so it was developed in such a way as to meet 

the accuracy objective of Criteria #4.  

1.9 Overview of Dissertation  

This introduction has described the motivation for constructing a novel vehicle modeling 

program, OVEM, capable of simulating the energy flows in a new and rapidly evolving class 

of automobiles. Based on a survey of the existing vehicle modeling landscape, it has 

identified the criteria that OVEM should adhere to in order for it to make a novel contribution 

to the field. OVEM’s unique modeling structure consisting of three distinct “levels” – 

incorporating backwards and backwards-forwards modeling techniques – was proposed to 

enable OVEM to meet these criteria. Levels 1, 2, and 3 are each based on their own modeling 

philosophy, and the following three chapters (Chapters 2, 3, and 4, respectively) explore the 

rationale behind the construction of the constituent parts of each level’s models as well as 

presenting the inner workings of the three levels.  

Chapter 2 presents Level 1 which is a backwards model where components are 

represented as fixed efficiencies. Chapter 3 describes Level 2 which is a backwards model 

where the components are modeled by efficiencies that vary in physically meaningful ways 

that are independent of any specific technology. Chapter 4 presents Level 3 which 

incorporates models based on data from real-world components to simulate how an actual 

vehicle would perform with high-fidelity models enforcing performance limits. Chapters 2, 3, 

and 4, each present a case study where OVEM was used to provide concrete examples of its 



37 

 

capabilities.  At the end of Chapters 2, 3, and 4, a summary of the novel contributions made 

by each of the levels is also presented. The following section in this chapter (Section 1.9.1) 

provides an overview of the novel contributions made throughout this thesis.  

Following the thorough description of OVEM’s operational characteristics and 

capabilities, Chapters 5 and 6 present detailed case studies based on two of the three journal-

published articles by the author that demonstrate the novel contributions to knowledge made 

possible by applying OVEM towards the analysis of electric and hybrid electric vehicles [35] 

[36] [37]. The criteria spurring OVEM’s creation called for a vehicle modeling program 

capable of rapidly simulating new and existing technologies – partly to facilitate scoping 

comparisons across metrics of interest such as energy consumption, emissions, and range. 

Chapter 5 does just that by using OVEM to make the novel comparison between high-speed 

flywheels, ultracapacitors, and lithium-based batteries functioning as the energy storage 

system in a fuel cell based series hybrid. It was ultimately shown that high-speed flywheels 

merit consideration alongside of lithium-based batteries and ultracapacitors as feasible 

options for onboard energy storage in series hybrids. Chapter 6 demonstrates OVEM’s ability 

to provide accurate scoping comparisons for vehicles using advanced technologies across a 

range of topologies. In this study, OVEM was used to compare the tank to wheel CO2 

emissions from advanced electric and plug-in hybrid powertrains to those from a 

conventional vehicle based on an internal combustion engine by using a single vehicle 

platform. The key results of this study quantitatively demonstrated the novel insight that 

plug-in hybrids have the potential to have fewer tank to wheel emissions than electric and 

conventional vehicles in regions where the grid-generated electricity is CO2 intensive. 

 Chapter 7 is the final chapter of this thesis, and it provides a recapitulation of the 

work presented throughout the thesis. It also recounts the specific contributions made in this 
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thesis along with how these contributions were developed, and presents an outlook for future 

work that can be done with OVEM. 

1.9.1 Overview of the Specific Contributions of this Dissertation 

The novel contributions of this dissertation span the breadth of OVEM. This section provides 

an overview of these novel contributions in advance, with reference to where a more detailed 

discussion of them can be found in the body of the text, so that they can be more easily 

identified and understood during a reading of the entire dissertation.  

This section will first discuss the novel contributions made by the constituent 

component and capability models of OVEM and how these contributions were developed. 

Then this section will discuss how these individual contributions combine into the broader 

contribution of OVEM – providing a view on the novel contribution of OVEM as a whole 

program. This section will then conclude with a discussion of the contributions made via the 

application of OVEM to real-world questions. 

Level 1 makes four unique contributions with its capability and component modeling 

techniques. All four of these contributions appear in Levels 2 and 3 as well (with a degree of 

fidelity commensurate with the rest of that level’s vehicle model). However, since the first 

incarnation of these techniques appears in the Level 1 program, they will be discussed as part 

of Level 1. 

 The first two novel capabilities of the Level 1 program are the ability to model 

multiple tractive electric motors (Sections 2.4, 3.4, and 4.4) and hybridized energy storage 

systems (Sections 2.6, 3.6, 4.6, and 4.9). Both of these capabilities are concepts that are 

recently emerging alongside the rise in electric and hybrid electric vehicles – as they were 

largely unexplored in a field dominated by the internal combustion engine. Though both of 

these capabilities have been discussed in the literature as concepts, no energy flow vehicle 

modeling programs have been built with these functionalities [40]. Thus, the novel work in 
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this study came in turning these new concepts into a series of algorithms and modeling 

techniques that could be used in OVEM. For instance, the author did novel work in creating 

Equation 4.73, which was used to control the energy flow between hybridized energy storage 

systems in a speed-based energy management system.  

 The other two novel capabilities introduced in the Level 1 program came with the 

rolling resistance model and the ability to account for slope in the drive cycle (refer to 

Section 2.1 for a more detailed discussion on these topics). With both of these functionalities, 

an existing knowledge base was leveraged to turn the concepts into practical realities in 

OVEM. In the case of modeling rolling resistance, existing energy flow vehicle models had 

incorporated some means of accounting for rolling resistance; however, their approach was 

overly simplified and did not account for the effect that vehicle speed has on rolling 

resistance [40]. A survey of the literature was conducted, and empirical work on measuring 

rolling resistance was found. The results of this existing empirical work (Equation 2.11 and 

Figure 2.4) had never been adapted for use in an energy flow vehicle model [26] [40], so the 

author’s contribution of deriving this work into an algorithm capable of functioning within 

the structure of OVEM was novel. This required novel programming to create the 

interpolation techniques and coding loops in the model to enable these empirical findings to 

actually work towards more accurately modeling rolling resistance. 

Existing energy flow vehicle modeling programs did not include the ability to account 

for slope [26]. This is an important omission as electric and hybrid electric vehicles have the 

ability to benefit from modeling slope since they can recapture energy during descents. To 

incorporate slope into OVEM, standard Newtonian equations of motions were derived 

(Equations 2.5, 2.6, 2.8, 2.10, 2.12, and 2.13) and then adapted for use within OVEM. The 

novel work came in adapting these derivations for use within OVEM. A particularly unique 

feature of this adaptation came from the author’s realization that these equations accounting 
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for slope needed to be a function of distance traveled, rather than time elapsed, to account for 

a scenario in which the vehicle was not able to meet the sloping drive cycle requested of it. 

Structuring these functions in this way was unique in that it ran counter to the structure of the 

rest of OVEM and other existing energy flow vehicle modeling programs [40]. 

 Level 2 has its own set of novel component modeling contributions. The first of these 

was the gearbox model. Existing energy flow vehicle modeling programs had gearbox 

models; however, they made the simplifying assumption that the efficiency of the gearbox 

was constant [26] [40]. Empirical evidence shows that this is not the case, and that gearbox 

losses are affected primarily by its design (gear ratio and seal, bearing, and meshing losses) 

and the load it is transmitting [44] [57]. So OVEM leveraged this empirical evidence to 

devise the backwards gearbox modeling technique explained in Section 3.3. The novel work 

in this regard came in creating Equation 3.2 based on this existing empirical work and in 

programming the algorithms required to enable Equation 3.2 to function with OVEM. 

 The rest of the novel component modeling techniques in the Level 2 program came 

from the motor, power electronics, and energy storage system models (Sections 3.4, 3.5, and 

3.6, respectively). The existing body of knowledge on each of these components was 

leveraged to understand how their primary loss mechanisms could be modeled in a manner 

that was physically meaningful yet general enough to be product-independent (in accordance 

with the objectives of Level 2). However, understanding the primary loss mechanisms was 

only the first step in devising the models. Novel work was conducted by the author to create 

the equations to actually model these components’ efficiency (Equations 3.6, 3.11, and 3.12) 

– for while the concepts upon which they are based are well-understood, their derivation was 

entirely novel since it was done to enable physically meaningful efficiency calculations 

across a range of products. Novel work was also done to create the methodology, in its 



41 

 

entirety, that enables the coefficients for Equations 3.6, 3.11, and 3.12 to be calculated (refer 

to Sections 3.4.1, 3.5.1, and 3.6.1 for more information).  

 The Level 3 model features eight novel contributions from its component and 

capability models. The first of these capabilities is the load transfer model (for more 

information refer to Section 4.1.1.3). Load transfer in vehicles is a well-understood 

phenomenon with an existing body of knowledge. However, it is a phenomenon that has been 

overlooked by energy flow vehicle models. Load transfer can significantly impact electric 

and hybrid electric vehicles – namely via the amount of energy capable of being captured 

through regenerative braking. For this reason, the Level 3 model in OVEM was designed 

with the capability to model load transfer. In building this capability into OVEM, the existing 

body of knowledge on load transfer was leveraged – the derivation of Equations 4.22 to 4.30 

existed in the literature. However, the author performed the novel task of accounting for 

inertia in this derivation. The author also performed the novel task of combining the 

derivations from Equations 4.22-4.35 with Equations 4.36 and 4.37 to yield Equations 4.38 

and 4.39 which enable the energy capable of being recaptured via braking to be calculated 

(and which are additionally novel in that they also account for inertia). Programming 

Equations 4.38 and 4.39 into an algorithm capable of functioning within OVEM was also a 

novel achievement as it had never been done before in an energy flow vehicle modeling 

program [26] [40].   

 The second novel contribution of the Level 3 program was concerned with improving 

the accuracy of calculating the final speed achieved by the vehicle at the end of each time 

step. Existing energy flow vehicle models made a simplifying assumption on this topic to 

avoid dealing with the complex quadratic that results from the Newtonian dynamics 

describing the final speed achieved by the vehicle [26] [40]. OVEM did not want to use this 

assumption in its attempt to achieve greater accuracy. To go beyond this simplifying 
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assumption, the author performed a novel derivation, based on first principles from the 

standard Newtonian equations of motion (first described in Section 2.1), in order to improve 

the accuracy of the calculation to determine the final speed achieved by the vehicle at the end 

of each time step. This novel derivation required solving the complex quadratic referenced 

above and is reflected in Equations 4.8 through 4.20. To the best of the author’s knowledge, 

this derivation has not been performed before, thus making it a novel contribution to the field 

of vehicle modeling. For more information on this novel derivation, refer to Section 4.1.1.2.  

 The third and fourth novel contributions of the Level 3 model have to do with the 

gearbox and epicyclic gear train models. Existing energy flow vehicle models included 

models for a gearbox and epicyclic gear train. However these models, made the simplifying 

assumption that the efficiency of these components was constant. Empirical evidence shows 

that the efficiency of these components is not constant and depends on its design (gear ratio 

and seal, bearing, and meshing properties) and the load it is transmitting [44] [57]. Thus, 

novel work was done to adapt this existing empirical work into a series of equations and 

modeling principles that could be integrated into OVEM. For the gearbox, the efficiency 

equations (Equations 4.40 and 4.41) were novel contributions derived by the author based on 

the existing empirical findings (Section 4.3). For the epicyclic gear train (Section 4.8), the 

efficiency relationship shown in Figure 4.39 was a novel contribution derived by the author 

also based on empirical findings. Turning these equations in programmable algorithms also 

required novel work, since these relationships had not previously been reflected in energy 

flow vehicle models [26] [40]. 

 The fifth novel contribution came from the Level 3 ultracapacitor model. Existing 

empirical and theoretical work on ultracapacitor modeling served as the foundation for the 

ultracapacitor model in OVEM. For example, the models in Figure 4.12 and Figure 4.14 

existed previously and were used to initially frame the structure of the ultracapacitor model. 
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A truncated version of these existing models was integrated into OVEM (refer to Figure 

4.18), such that the model would meet OVEM’s computational and experimental complexity 

criteria [47]. The novel work came in combining this truncated model with the relationship 

described in Figure 4.20 and Figure 4.21, which models how the capacitance of an 

ultracapacitor varies with its state of charge. This is a phenomenon which had heretofore not 

been included in existing ultracapacitor models in energy flow vehicle modeling, so 

developing the equations to merge the model in Figure 4.18 with the relationships in Figure 

4.20 and Figure 4.21, and then translating those equations into a programmable code for an 

energy flow vehicle modeling program was novel. Refer to Section 4.6.1 for more 

information on the ultracapacitor model. 

The sixth novel contribution of the Level 3 program comes from the battery model.  

With the battery model, an existing modeling technique (shown in the derivation of Equations 

4.64 through 4.69) served as the foundation for the model integrated into OVEM. The novel 

work consisted firstly of converting these equations into programmable code capable of 

functioning within OVEM. The novel work also consisted of characterizing an array of 

battery technologies for use in this model (e.g. the characterized battery chemistries of Figure 

4.28 and Figure 4.29). Refer to Section 4.6.2 for more information on the battery model. 

    The seventh novel contribution came with the high-speed flywheel model. Though 

non-high-speed flywheel models exist, high-speed flywheel models have not been seen 

before [31], likely due to the fact that high-speed flywheels are themselves a novel 

technology. Existing flywheel models were not suitable for describing the losses of high-

speed flywheels because they make simplifying assumptions regarding the speed-dependent 

nature of high-speed flywheel efficiency. Since there were no existing templates on high-

speed flywheel models which could be leveraged, OVEM built one from scratch. The author 

obtained empirical data on high-speed flywheel efficiency through collaborations with a 
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high-speed flywheel manufacturer (Figure 4.30). All of the work to then translate the nature 

of high-speed flywheel efficiency (described in Figure 4.30) into an OVEM model was novel. 

This consisted firstly of deriving the algorithms that: input the power request to the high-

speed flywheel, assess the operating efficiency of the high-speed flywheel based on its 

operating conditions, and then output the power the high-speed flywheel was capable of 

delivering. Then the novel work also consisted of deriving the algorithms to allow the high-

speed flywheel to be either mechanically or electrically integrated into the powertrain. Refer 

to Section 4.6.3 for a more detailed explanation of the novel work required to create the high-

speed flywheel model. 

 The eighth novel contribution of the Level 3 model came as a result of work done to 

support the fuel cell model (refer to Sections 4.7.2 and 5.2.2 for more information). The 

author conducted a survey of an array of commercially available fuel cells. From this survey, 

the author was able to derive two things. The first was a description of the relationship 

between fuel cell power rating and mass (Figure 5.4). The second was the observation that 

the power-current and efficiency-current curves describing fuel cell behavior had similar 

shapes and values across a range of fuel cell sizes when these curves were normalized by the 

maximum power and current ratings of the fuel cell (Figure 5.2 and Figure 5.3). Both of these 

observations were novel, and they enabled the fuel cell model in OVEM to be constructed to 

allow for the continuous scaling of fuel cell size (within realistically defined bounds) rather 

than relying on the discrete sizes of a few products [40]. This capability made OVEM a more 

useful component sizing tool - the effects of which can be seen in the case study of Chapter 5.       

 The above enumeration of the novel constituent parts of OVEM should indicate the 

degree of novelty underpinning OVEM’s development. But OVEM’s novelty is more than 

just the sum of its parts. Each level in OVEM represents a novel modeling approach that was 

developed to address a current shortcoming of the vehicle modeling landscape. Levels 1 and 
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2 were the only backwards energy flow vehicle models available at the time of the 

development of OVEM. With no pre-existing template to follow, novel work was required to 

develop the modeling philosophies and overarching structures for both Levels 1 and 2. Novel 

work was also required to define the overall architecture for Level 3 given the extent of new 

components and capabilities that it introduced (e.g. high-speed flywheel and hybridized 

energy storage systems). OVEM as a whole also represents a novel achievement for vehicle 

modeling, as it is capable of addressing a broad array of questions by incorporating models of 

varying degrees of fidelity and accuracy into a single package to cope with inputs of varying 

degrees of certainty.  

 Applications of OVEM’s models also produced several new and important 

contributions. These contributions were presented in three journal-published articles, two of 

which were presented in this dissertation, as Chapters 5 and 6. The first of these journal-

published studies (Chapter 5) made the first published comparison between high-speed 

flywheels, batteries, and ultracapacitors functioning as the energy storage system in a light-

duty hybrid electric vehicle [35]. This study showed that high-speed flywheels could be 

competitive with batteries and ultracapacitors on the bases of cost and fuel economy.  

The second study (the one not presented in this dissertation due to page limit 

constraints) made the novel contribution of quantitatively comparing the tank to wheel CO2 

emissions for a range of electric vehicles (with varying battery array sizes) to the CO2 

emissions from comparable ICE-based vehicles. This study demonstrated quantitatively that 

EVs have the potential to have higher tank to wheel emissions relative to similar ICE-based 

vehicles in regions where the CO2 intensity of grid-generated electricity is high.  

The third study (Chapter 6) used OVEM to predict the CO2 intensity of electric and 

hybrid electric vehicles relative to conventional vehicles given the CO2 intensity of the 

electric grid in four key countries around the world [37]. OVEM’s novel contribution in this 
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regard came in that it was able to make a comparison using a standard vehicle platform across 

conventional, electric, and hybrid electric vehicles by virtue of its simulation capabilities, 

even though no single vehicle platform that has conventional, electric, and hybrid variants 

exists. In this study, OVEM also demonstrated, in a quantitative way, the novel observation 

that in regions where the CO2 intensity of grid electricity is high, plug-in hybrids can have 

lower CO2 emissions across their entire range than electric and conventional ICE-based 

vehicles. 
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2 Level 1 Simulation 

The Level 1 simulation in OVEM addresses the challenge of performing scoping and sizing 

exercises across broad technological categories that could have an application in electric and 

hybrid electric vehicles. Level 1 is based on a backwards modeling approach where the 

component efficiencies are fixed. This technique allows for the rapid attainment of first order 

estimates for figures such sizing, energy consumption, range, emissions, and cost. The Level 

1 simulation is concerned with the timescales (approximately 1 s to 104 s) and conditions of 

interest to OVEM (refer to Section 1.5 for more information). It accounts for these timescales 

by modeling the bulk efficiency of the powertrain components as a fixed value over the 

course of the drive cycle. It accounts for these conditions by employing straight-line drive 

cycles (that are normally widely-used in the field) with the ability to account for changes in 

slope.  

 The Level 1 simulation employs a low-fidelity approach in order to handle the high 

uncertainty that typically is customary during early stages in the vehicle design and analysis 

process (which is when backwards simulations are generally used). As such, it is not as 

concerned with producing results that meet OVEM’s accuracy criteria. Nevertheless, as will 

be demonstrated in a case study at the end of this chapter (Section 2.8), the results obtained 

from Level 1 are useful in guiding electric and hybrid electric vehicle design and analysis    

Level 1 is based around modular component models. All of the component 

efficiencies are set by the user and are constant throughout one simulated run through a drive 
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cycle. The models do not attempt to account for the thermal behavior or accessory loads of 

any of the components. Also, the components are only modeled by their bulk efficiency and 

no direct consideration is given to the sub-components or accessory loads that may comprise 

the respective components. This was done in order to ensure that the Level 1 models facilitate 

the rapid simulation of broad technological categories without committing to any particular 

technology or product.   

Since Level 1 is only backwards looking, it places no constraints on vehicle 

performance. Instead, it only records the power, and where appropriate torque and speed, 

requested from each component for each time step over the course of the drive cycle. This 

facilitates the use of Level 1 in determining component sizing requirements. Figure 2.1 shows 

a diagram for the Level 1 simulation of an EV. A range of typical efficiency values, inclusive 

of an array of technologies, for each component in an EV is shown in Table 2.1 [9] [12] [24]; 

however, the user can enter any efficiencies that may be relevant to the particular set of 

technologies of interest. 

 

Table 2.1: Typical range of efficiency values for the components in an EV 

 Wheel-axle Gearbox Motor PE ESS 

Efficiency Range 98%-99% 95%-98% 50%-95% 90%-98% 70%-95% 

 

The Level 1 simulation has the ability to simulate vehicles with and without 

regenerative braking. It can also simulate vehicles with one, two, or four tractive motors 

functioning with or without gearboxes. Below is a description of each block and the 

Vehicle 

Drive Cycle 

• v(t) 

• θ(x) 

Vehicle 

parameters 

Wheel/Axle 

 

 

 

Gearbox (GB) Motor PE ESS 
TGB reqd 

ωGB reqd 

Pmotor reqd PPE reqd 

Twheel-axle reqd 

ωwheel-axle reqd 

Fveh reqd avg 

vveh reqd avg 

Figure 2.1: Diagram of the Level 1 simulation for an EV 



49 

 

information flows between those blocks in the Level 1 simulation for a two wheel drive 

electric vehicle with one motor (currently the most common form of EV). 

2.1 Vehicle Block 

The purpose of the vehicle block is to model the forces acting on the vehicle and calculate the 

force and speed the vehicle needs to produce to meet a given drive cycle.  

The vehicle block begins by accepting the drive cycle as a user-specified input. The 

drive cycle is selected by the user from an easily-updatable library. In keeping with OVEM’s 

timescale criteria, its default time step is one second. One second is also the standard time 

step for industry standard drive cycles. For more information on drive cycles, refer to Section 

2.1.1.  

The vehicle block calculates the linear speed the vehicle must achieve, vveh reqd avg, by 

averaging the velocity requests at the beginning and end of the current time step  

 𝑣𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔 =
𝑣𝑟𝑒𝑞,𝑖 + 𝑣𝑟𝑒𝑞,𝑖+1

2
 . 

2.1 

 

The acceleration the vehicle must achieve over each time step is calculated according to 

 
𝑎 =

𝑣𝑟𝑒𝑞,𝑖+1 − 𝑣𝑟𝑒𝑞,𝑖

𝑡𝑖+1 − 𝑡𝑖
 2.2 

as seen in Figure 2.2. The velocity and acceleration requested by the vehicle block are 

calculated in this manner in order to negotiate an appropriate balance between computational 

runtime and accuracy. For instance, it would be possible to divide the velocity requested by 

the drive cycle into finer timescales; however, past work has shown that for backwards and 

backwards-forwards simulations such timescales add to the runtime without adding to the 

simulation’s accuracy [40] – especially when considering the timescales and driving 

conditions of interest to OVEM. On the other hand, stretching the timescales such that 

 𝑣𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔 = 𝑣𝑟𝑒𝑞,𝑖+1 2.3 

and 
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𝑎 =

𝑣𝑟𝑒𝑞,𝑖+2 − 𝑣𝑟𝑒𝑞,𝑖

𝑡𝑖+2 − 𝑡𝑖
 2.4 

positions the simulation to not fully account for the transient fluctuations in velocity 

requested by the drive cycle. As can be seen in Figure 2.2, an approach based on Equations 

2.3 and 2.4 would send an acceleration request that would miss the spike in velocity 

occurring at ti+1.  

 

To determine how to model the forces acting on the vehicle, the vehicle model 

returned to the criteria set forth in Section 1.5. Since OVEM is only concerned with straight-

line travel, the vehicle block was only concerned with forces acting longitudinally on the 

vehicle. The primary external longitudinal forces a vehicle must overcome are aerodynamic 

drag, rolling resistance, and slope [12] [47] [48].  

 

Aerodynamic drag is a complex function of air flow acting against the structures 

making up the external shape of the vehicle. Fully modeling air resistance in a high-fidelity 

manner would add a prohibitive computational and experimental load to OVEM [47]. 

vreq,i+1 

● 

● 

ti ti+1 

vreq,i 

Current Time Step 

ti+2 

● 
vreq,i+2 

Velocity 

Requested by 

the Drive 

Cycle 

Time 

θ 

FD 

Frr 
Fg 

Figure 2.3: Free body diagram of the primary external forces acting on a moving vehicle 

Figure 2.2: Discrete velocity steps in the drive cycle 
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Instead, the force due to aerodynamic drag, FD, can be modeled by the following semi-

empirical equation  

where the drag coefficient, CD, is an empirically determined constant for a particular vehicle 

shape, ρ is the density of the ambient air, and Af is the frontal area of the vehicle [12] [47] 

[48]. Manufacturers often publish the drag coefficient and frontal area information for their 

vehicles, and there is a large body of literature regarding drag coefficients and frontal areas 

for different vehicle types. Thus, this equation conforms with OVEM’s goal of facilitating 

rapid simulation (Criteria #1) in part by using data that is readily available for many different 

vehicle types.  

The force due to gravity is expressed as 

 𝐹𝑔 = 𝑚𝑔 sin(𝜃) . 2.6 

where m is the mass of the vehicle, g is the acceleration due to gravity, and θ is the angle of 

the slope. Note from Figure 2.1, that the requested slope (θ) is calculated as a function of the 

distance the vehicle has traveled (x) whereas the velocity requested (vveh reqd avg) is computed 

as a function of time (t). Velocity is expressed as a function of time because that is the 

customary method in vehicle modeling and real world testing [40] [42]. Slope is calculated as 

a function of distance because the slope over which a vehicle will be traveling depends more 

accurately on the vehicle’s distance from its origin than on the time elapsed since it departed 

from its origin (a more comprehensive discussion on slope is included below in Section 

2.1.1). This is more relevant in Section 4 when the backwards-forwards simulation imposes 

physical limits on the powertrain, and the possibility arises that a vehicle may not be able to 

completely meet the drive cycle. For the Level 1 simulation, this issue is less relevant since 

all that is being calculated are the requirements placed on the powertrain if it were to 

completely meet the given drive cycle and slope profile. 

 𝐹𝐷 =
1

2
𝜌𝐶𝐷𝐴𝑓(𝑣𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔)

2
   2.5 
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 The inertia of the rotating components in EVs and HEVs also deserves consideration. 

OVEM is not concerned with inertia from the perspective of handling since it is only 

concerned with straight-line travel; instead it is concerned with inertia from the perspective of 

modeling the forces the vehicle must overcome insofar as they effect vehicle energy 

consumption, and hence range and emissions. It is difficult if not impossible to fully and 

accurately account for all sources of inertia in a vehicle. Additionally, the contribution of 

many sources of inertia in a vehicle are small to the point where their marginal contribution 

to overall vehicular inertia is negligible, so the user must understand how accounting for 

inertia aligns with the objectives of the user’s current modeling effort [49].  Prior work has 

shown that in EVs and HEVs the primary sources of rotating inertia are the wheels and tires 

[49]. Assuming that the moment of inertia of the wheel and tire (Jw) can be modeled as a 

solid rotating cylinder,  

 
𝐽𝑤 = (

𝑚𝑤𝑟2

2
) 𝑛𝑤ℎ𝑒𝑒𝑙𝑠 2.7 

where mw is the mass of the wheel and tire and r is the radius of the tire. The moment of 

inertia of a single wheel and tire must be multiplied by the number of wheels (nwheels) on the 

vehicle. The force required then to overcome this inertia is 

  
𝐹𝑖𝑛𝑒𝑟𝑡𝑖𝑎 =

𝐽𝑤

𝑟2
𝑎 2.8 

If the user desires to account for additional sources of rotating inertia, OVEM can 

accommodate that. For instance, depending on the user’s application and topology of interest, 

the inertial properties of the vehicle may more closely resemble those of a conventional, ICE-

based vehicle. In such a case, a common technique derived to account for the inertia of a 

conventional vehicle’s rotating components by treating them as an effective mass that scales 

the curb mass of the vehicle can be used. The equation below is a common technique used to 

sum the inertia of a vehicle’s moving parts and treat them as an effective mass (me, which 

becomes the new mass of the vehicle in the simulation) for a conventional vehicle 
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 𝑚𝑒 = 𝑚(1 + 0.04 + 0.0025𝑖𝐺
2) 2.9 

where iG is the highest gear ratio used in the vehicle [12]. This equation is not relevant for 

pure electric vehicles as the number of moving parts in an electric vehicle is significantly less 

than in a conventional vehicle. For that reason, if an electric vehicle is being examined, then 

accounting for the inertia of the wheels has been shown to be sufficient [49]. However it is 

ultimately incumbent on the user to ensure that OVEM’s accounting of inertia aligns with the 

user’s objectives, and OVEM has been built with a structure to facilitate changes to inertial 

specifications made by the user. 

The resistive force due to rolling resistance is a complex function of tire structure, tire 

material, road surface conditions, tire temperature, vehicle speed, and tire inflation pressure 

[12]. The complexity and interrelatedness of the factors affecting rolling resistance combine 

to make it difficult, if not impossible, to account for all of them [47]. The literature was 

examined to assess different techniques for modeling rolling resistance. In many applications, 

the rolling resistance force (Frr) is simply modeled by  

 𝐹𝑟𝑟 = 𝜇𝑟𝑟𝑚𝑔 cos(𝜃).  2.10 

 where µrr is the rolling resistance coefficient, and it is treated as being constant for a 

particular vehicle over a drive cycle. A common modeling technique is to model the rolling 

resistance coefficient as a fixed value and tire manufacturers may publish these fixed 

coefficients for their products. However, this approach does not account for the fact that 

rolling resistance varies for a particular vehicle, chiefly with speed, so a more advanced 

representation of rolling resistance was sought.  

Similar to aerodynamic drag, the complex nature of rolling resistance can be 

simplified via a semi-empirical approach where the rolling resistance coefficient varies as a 

function of tire properties and vehicle speed (note that OVEM assumes that road surface 

conditions do not affect rolling resistance since OVEM is only interested in travel over dry 
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asphalt as per its interest in industry standard testing conditions) [47]. The rolling resistance 

coefficient has been demonstrated to vary in a general way across many different light-duty 

vehicle types according to the semi-empirical equation 

 𝜇𝑟𝑟 = 𝑓𝑜 + 3.24𝑓𝑠(0.0044704𝑣𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔)
2.5

.  2.11 

where the dimensionless coefficients fo and fs (though the coefficient 0.0044704 has units of 

s/m) are used in calculating the rolling resistance coefficient and v veh reqd avg is expressed in 

m/s. In the case when fo and fs are known, perhaps through estimates based on readily 

available tire specifications, then those figures can be used. In instances where such 

information is not available, fo and fs can be assumed to vary as a function of tire inflation 

pressure for a wide array of light-duty vehicles according to the semi-empirical relationship 

seen in Figure 2.4 [47].  

 

Figure 2.4: Coefficients affecting rolling resistance coefficient as a function of tire inflation pressure 

 

Figure 2.5 shows how the rolling resistance coefficient ultimately varies with speed 

according to a tire inflation pressure of 250 kPa. Note that the rolling resistance coefficient is 

relatively constant for speeds less than approximately 40 km/h. It is important to note that the 

user has the option of tuning the values of fo and fs in order to directly specify the relationship 

between the rolling resistant coefficient and speed for the vehicle of interest. Once the rolling 

resistance coefficient has been determined via this method, then Equation 2.10 can be used to 

calculate the rolling resistance force. 
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Figure 2.5: An example of how rolling resistance varies with speed with a tire inflation pressure of 300 kPa, 

according to Equation 2.11 and Figure 2.4 

  

The vehicle must also generate additional force to accelerate and decelerate 

 𝐹𝑎𝑐𝑐𝑒𝑙 = 𝑚𝑎 = 𝑚
𝑣𝑟𝑒𝑞,𝑖+1 − 𝑣𝑟𝑒𝑞,𝑖

𝑡𝑖+1 − 𝑡𝑖
  . 2.12 

The total force that the vehicle must generate is 

 𝐹𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔 = 𝐹𝐷 + 𝐹𝑔 + 𝐹𝑟𝑟 + 𝐹𝑎𝑐𝑐𝑒𝑙 + 𝐹𝑖𝑛𝑒𝑟𝑡𝑖𝑎  . 2.13 

The force request (Fveh reqd avg) and the speed request (vveh reqd avg) are the outputs of the vehicle 

block that are passed to the wheel-axle block. If the vehicle has multiple motors, then the 

force request is divided by the number of motors and can be governed by a proportional 

power split as set by the user.   

2.1.1 Drive Cycles 

The drive cycle is a key input to the vehicle block, and as such it serves as the basis for all of 

the torque, speed, and power requests calculated by the simulation. For that reason, the role 

of drive cycles in OVEM warrants a brief discussion. 

A drive cycle is typically expressed as a velocity versus time trace. Drive cycles 

usually arise out of academic studies or legislative mandates in order to assess vehicle 

performance (usually in terms of emissions, range, or energy consumption) over different 

driving conditions. Drive cycles can have varied objectives. For instance, one drive cycle 
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may be focused on replicating urban driving, another may focus on highway driving, and 

another may seek to blend elements of both urban and highway driving.  

OVEM has compiled a library of drive cycles, including many of the most common 

ones used for vehicle testing purposes around the world. The New European Drive Cycle 

(NEDC) is an example of a drive cycle that seeks to model both urban and highway travel. 

The New European Drive Cycle, as seen in Figure 2.6, is used as the basis for emissions and 

fuel consumption testing of commercial vehicles in Europe. The EPA Combined (Figure 2.7) 

is a drive cycle that is commonly used in the United States that also seeks to capture elements 

of both urban and highway driving.  

OVEM can easily incorporate any new drive cycle that the user may wish to use. One 

of the additional unique features of OVEM is that it can handle slopes, so that the user can 

understand how a realistic drive cycle with changes in altitude will affect the simulated 

vehicle.  

 

Figure 2.6: The New European Drive Cycle 

 

Figure 2.7: EPA Combined Drive Cycle 

 

0

25

50

75

100

125

0 300 600 900 1200

V
eh

ic
le

 S
p

ee
d

(k
m

/h
)

Time (s)

0

20

40

60

80

100

0 300 600 900 1200 1500 1800 2100 2400 2700

V
eh

ic
le

 S
p

ee
d

 

(k
m

/h
)

Time (s)



57 

 

 Drive cycles are ultimately only approximate representations of real-world driving. 

Drive cycles that could be defined as “industry standards” given their widespread use in 

determining official ratings for values such as range, energy consumption, and emissions, 

typically make two primary simplifying assumptions: vehicles only travel in a straight line 

and only travel over flat terrain. These drive cycles came to be used as industry standards 

because of political, historical, and technical reasons in order to simplify and standardize 

testing procedures for a range of vehicle types. Drive cycles may at times be criticized for 

portraying real-world driving as less demanding than or not representative of normal driving. 

This may be true for certain drive cycles (such as for the New European Drive Cycle); 

however, there are widely used drive cycles that are more realistic representations of real-

world driving such as the Artemis Combined Drive Cycle (ACDC) shown in Figure 2.8.  

 

Figure 2.8: Artemis Combined Drive Cycle (ACDC) 

 

Slope is not accounted for in these industry standard drive cycles. Yet, slope can have 

a significant impact on figures such as range, emissions, and energy consumption, and the 

fact that most drive cycles do not account for it has more to do with political and legacy 

reasons than rigorous technical fundamentals. Since slope has the capacity to appreciably 

affect values such as emissions, range, and energy consumption (the kind of values with 

which OVEM is concerned), OVEM was built with the capacity to model a slope profile 

alongside a drive cycle. No standard slope profiles exist, as far as the author is aware, that 
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accompany widely-used drive cycles. However, the user can create a slope profile in OVEM 

to examine its effect on the vehicle.  

2.2 Wheel-Axle Block 

The wheel-axle block accepts the force and speed requests calculated by the vehicle block as 

inputs, accounts for the losses in the wheel and axle, and outputs torque and angular velocity 

requests, to the gearbox block.  

The wheel and axle experience power losses due to friction in their bearings and seals. 

As the Level 1 model is just a first order approximation, the efficiency (ηWheel-Axle) of the 

wheel-axle block is treated as a fixed value throughout the drive cycle, and this efficiency is 

entered by the user. The wheel-axle block also accepts the user-defined parameters of tire 

radius (r) to convert the linear force and speed to torque and angular velocity. For a motoring 

case (constant velocity or positive acceleration), the torque request (TWheel-Axle reqd) is obtained 

by dividing the force request from the vehicle block by the wheel-axle efficiency (which is 

between 0 and 1). This is based on the premise that during motoring as the power requests 

move from the wheel and axle back through the powertrain to arrive at the energy storage 

system (in the case of an EV) each component must ask the next component for more power 

than it was asked for due to its own internal losses   

 

𝑇𝑊ℎ𝑒𝑒𝑙−𝐴𝑥𝑙𝑒 𝑟𝑒𝑞𝑑 = (𝐹𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔𝑟)
1

𝜂𝑊ℎ𝑒𝑒𝑙−𝐴𝑥𝑙𝑒
 . 2.14 

During a braking event (deceleration), the wheel-axle block multiplies the torque request by 

the efficiency because as the power flows from the wheels back towards the energy storage 

system (in the case of an EV) each component will reduce the amount of power that is passed 

to the next component due to its own internal losses  

 𝑇𝑊ℎ𝑒𝑒𝑙−𝐴𝑥𝑙𝑒 𝑟𝑒𝑞𝑑 = (𝐹𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔𝑟)𝜂𝑊ℎ𝑒𝑒𝑙−𝐴𝑥𝑙𝑒 . 2.15 
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Angular velocity is calculated by dividing the linear velocity requested of the vehicle by the 

radius of the tire. Note that the wheel-axle losses have already been accounted for when 

calculating the torque requirements so they do not need to be factored in again 

 𝜔𝑊ℎ𝑒𝑒𝑙−𝐴𝑥𝑙𝑒 𝑟𝑒𝑞𝑑 =
𝑣𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔

𝑟
  . 2.16  

The wheel-axle block produces these torque and speed requests as outputs, and they are 

passed to the gearbox block.  

2.3 Gearbox Block 

The gearbox block receives the torque and speed requests from the wheel-axle block as 

inputs, applies the torque reduction and speed multiplication effect of the gears, accounts for 

the losses in the gears, and outputs speed and torque requests which are typically sent to the 

motor block.  

As a Level 1 model, the gearbox block treats the gearbox as having a fixed efficiency 

for a particular vehicle across its simulated drive cycle. When the vehicle is motoring, the 

gearbox block applies the effect of the gear ratio (N) to reduce the torque request according to  

 𝑇𝐺𝐵 𝑟𝑒𝑞𝑑 =
𝑇𝑤ℎ𝑒𝑒𝑙−𝑎𝑥𝑙𝑒  𝑟𝑒𝑞𝑑 

𝑁

1

𝜂𝐺𝐵
  2.17 

where ηGB is the fixed, user-specified efficiency of the gearbox. During braking, Equation 

2.17 becomes  

 

𝑇𝐺𝐵 𝑟𝑒𝑞𝑑 =
𝑇𝑤ℎ𝑒𝑒𝑙−𝑎𝑥𝑙𝑒  𝑟𝑒𝑞𝑑 

𝑁
𝜂𝐺𝐵 2.18 

to account for the fact that less power is available to the components further upstream from 

the gearbox due to the losses in the gearbox. The speed outputted to the motor (ωGB reqd) is  

 𝜔𝐺𝐵 𝑟𝑒𝑞𝑑 = 𝑁𝜔𝑤ℎ𝑒𝑒𝑙−𝑎𝑥𝑙𝑒 𝑟𝑒𝑞𝑑. 2.19 

Note that the gearbox efficiency has already been accounted for in the torque calculation so it 

did not need to be included in calculating the speed output. In order to model a gearbox 
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where the gear ratio varies, the user merely has to specify the gear ratios and at what speeds 

the gear shifts should occur. In order to model direct-drive motors with no gearbox, the user 

sets the gear ratio to 1 and the efficiency of the gearbox to 100%.  

The torque and speed requests from the gearbox block are sent as outputs, typically to 

the motor block. The torque and speed versus time traces inputted to and outputted by this 

block provide an approximation for the required torque and speed ratings of the gearbox. 

2.4 Motor Block 

The motor block takes the torque and speed requests from the gearbox block as inputs, 

accounts for the efficiency of the motor, and outputs a power request, typically to the power 

electronics (PE) block. 

The motor block converts the torque and speed requests into a power request to pass 

to the power electronics. The torque, speed, and power versus time traces inputted to this 

block provide an estimate for the required torque, speed, and power ratings of the motor. In 

the motoring case, the fixed, user-specified efficiency is accounted for by  

 𝑃𝑚𝑜𝑡𝑜𝑟 𝑟𝑒𝑞𝑑 = (𝑇𝐺𝐵 𝑟𝑒𝑞𝑑𝜔𝐺𝐵 𝑟𝑒𝑞𝑑)
1

𝜂𝑚𝑜𝑡𝑜𝑟
   2.20  

and in the braking case, the efficiency is accounted for by 

 
𝑃𝑚𝑜𝑡𝑜𝑟 𝑟𝑒𝑞𝑑 = (𝑇𝐺𝐵 𝑟𝑒𝑞𝑑𝜔𝐺𝐵 𝑟𝑒𝑞𝑑  )𝜂𝑚𝑜𝑡𝑜𝑟 . 2.21 

This power request (Pmotor reqd) is sent as an output, typically to the power electronics block. 

The motor block can also model multiple motors where each motor shares a part (either equal 

amounts or subject to a fixed proportional split) of the overall power and torque demands. 

2.5 Power Electronics Block 

The power electronics block receives the power request from the motor(s) as an input, 

accounts for the efficiency of the power electronics, and then outputs an updated power 

request, typically to the energy storage system block. The power versus time input into this 
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block also provides an approximation for the required power rating of the power electronics. 

The power electronics model accounts for its losses via the constant, user-defined efficiency, 

in the motoring case, 

 
𝑃𝑃𝐸 𝑟𝑒𝑞𝑑 = 𝑃𝑚𝑜𝑡𝑜𝑟 𝑟𝑒𝑞𝑑/𝜂𝑃𝐸 2.22 

and in the braking case 

 𝑃𝑃𝐸 𝑟𝑒𝑞𝑑 = 𝑃𝑚𝑜𝑡𝑜𝑟 𝑟𝑒𝑞𝑑𝜂𝑃𝐸. 2.23 

This power request is then sent as an output, typically to the energy storage system block.  

2.6 Energy Storage System Block 

The energy storage system block receives the power request from the power electronics block 

as an input, accounts for the efficiency of the energy storage system, and outputs the amount 

of power requested by the energy storage system. The power input into the energy storage 

system block can be used to determine the required power rating of the energy storage 

system. The energy storage system model factors in the constant, user-defined efficiency to 

determine the amount of power that must be supplied to the energy storage system, typically 

in the form of power from the grid, in the motoring case, 

 𝑃𝐸𝑆𝑆 𝑟𝑒𝑞𝑑 = 𝑃𝑃𝐸 𝑟𝑒𝑞𝑑/𝜂𝐸𝑆𝑆 2.24 

and in the braking case   

 
𝑃𝐸𝑆𝑆 𝑟𝑒𝑞𝑑 = 𝑃𝑃𝐸 𝑟𝑒𝑞𝑑𝜂𝐸𝑆𝑆  . 2.25 

In the Level 1 energy storage system block, it is assumed that the efficiency of the energy 

storage system is the same during charging and discharging. By taking the power (PESS reqd) 

versus time curve that is outputted by the energy storage system and integrating it with 

respect to time, an approximation for the energy rating of the energy storage system can be 

obtained. This figure can be divided by the range achieved by the vehicle to arrive at an 

estimate for the vehicle’s tank-to-wheel energy consumption. The power demands on the 
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energy storage system can also be split between multiple devices functioning as a hybridized 

energy storage system, such as with batteries and ultracapacitors. 

2.7 Series, Parallel, and Series-Parallel Hybrid Electric 

Vehicle Models 

The Level 1 simulation also includes models for series, parallel, and series-parallel HEVs. 

Information flows in these models in the same way as in the EV simulation. All of the 

component blocks still rely on a user-defined, fixed value to account for their efficiency. A 

diagram showing the information flows in the series HEV model can be seen in Figure 2.9.  

In the series HEV model, the rest of the powertrain behaves exactly as in an electric 

vehicle simulation with the added alternative power unit (APU) now receiving a power 

request from the energy storage system. The alternative power unit accounts for its losses and 

outputs a power versus time trace over the entire drive cycle identical to the manner in which 

the energy storage system block operates. This enables the user to determine values that may 

be of interest such as the average and peak power required from the alternative power unit. 

 

Figure 2.10 and Figure 2.11 present the information flows in the Level 1 parallel and 

series-parallel models. In the parallel and series-parallel HEV simulations, an additional 

parameter known as the hybridization ratio needs to be specified. The hybridization ratio 

denotes how the power requirements are split between the motor and the internal combustion 

engine (ICE). For instance, with a hybridization ratio of 20% the electric motor will handle 
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Figure 2.9: Diagram of the information flows in the Level 1 series HEV model 
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20% and the internal combustion engine will handle 80% of all the vehicle’s power 

requirements to meet the road load for every time step over the drive cycle. This is a 

simplification of how motors and ICEs generally share the road load in parallel and series-

parallel HEVs, but it is a simplification that is aligned with the aims (to obtain approximate 

scoping and sizing estimates) and limitations (backwards models cannot employ sophisticated 

control techniques) of the Level 1 model.  

In the Level 1 series-parallel model, the ability of the ICE to generate extra power to 

recharge the energy storage system is not factored in for several reasons. The first is that the 

sizing of the ICE will nearly always be determined by the demands placed on it by the road 

load and not by the much smaller energy storage system charging requirements. The second 

is that there is no way to implement a meaningful energy management strategy which would 

tell the ICE when to turn on and off since the Level 1 simulation is an open loop with no 

feedback. This makes it impossible to, for instance, turn on the internal combustion engine 

once the energy storage system reaches a certain state of charge (SOC) since the energy 

storage system has no record of its state of charge in this purely backwards looking 

simulation. Yet, as this does not interfere with the aim of the Level 1 simulation – sizing 

technologies to estimate figures such as energy consumption, range, emissions, and 

component sizing – this is not an issue. 

 

Vehicle 

Drive Cycle 

• v(t) 

• θ(x) 

Wheel/Axle 

 

 

 

Gearbox 

Motor PE ESS 

ICE 

Figure 2.10: Diagram of the Level 1 parallel HEV model 

T
GB reqd

 
ω

GB reqd
 

P
motor reqd

 P
PE reqd

 
T

wheel-axle reqd
 

ω
wheel-axle reqd

 

F
veh reqd avg

 

v
veh reqd avg

 



64 

 

 

Figure 2.11: Diagram of the Level 1 series-parallel HEV model 

2.8 Level 1 Case Study: Milk Float Modeling  

The following is a case study that provides an illustration of the ability of the Level 1 model 

to address problems related to the scoping of new technologies and capabilities to address 

concerns over range and energy consumption in an analysis environment with high 

uncertainty.  

2.8.1 Introduction 

A milk distributor, whose primary means of delivering milk in urban settings is via electric 

milk floats, approached the author seeking advice on ways to improve the range of its milk 

float fleet. Currently, the majority of its milk floats are propelled by DC motors. These floats 

achieve a 56 km (35 mi) range on a single charge over a standard milk delivery route. A 

small percentage of the fleet has been equipped with more efficient AC motors that enable 

the floats to achieve a 72 km (45 mi) range. Currently none of the milk floats employ 

regenerative braking. The milk distributor speculated that their floats could benefit from 

incorporating regenerative braking, and they calculated that if their floats could achieve a 

range of roughly 105 km (65 mi), then it could result in substantial cost savings by 

streamlining their delivery routes. It was speculated that the floats might be able to achieve 

that target range by employing regenerative braking, and this case study tested that 

hypothesis by using the Level 1 models. 
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2.8.2 Methods 

Before the milk float could be simulated, it needed the external shape, mass, and rolling 

resistance parameters to model the forces acting on it. The simulation also required a drive 

cycle, so one was implemented that was representative of the type of driving the milk floats 

generally experience. The constant efficiencies of the components were estimated. And lastly, 

a strategy was devised to model the milk floats as though they were traveling over an actual 

delivery run. 

2.8.2.1 Drive Cycle Selection 

The process of determining how far the range of the floats could be extended began by 

understanding their current driving patterns. In order for the Level 1 simulation to work, it 

first needed a drive cycle that was representative of the type of driving experienced by the 

floats. The floats are delivery vehicles operating in urban environments, so their drive cycle is 

characterized by frequent stops and starts. The milk distributor also noted that the floats have 

a maximum speed of 40 km/h. The drive cycle selected was relatively representative of the 

sort of driving pattern that an average float would undergo. This 2.6 km long drive cycle 

(Figure 2.12) was originally measured by Wipke et al. [26] on a city bus. It is likely that the 

floats may have longer stop times than those depicted in this cycle; however, that should not 

affect the Level 1 energy consumption calculations since the default setting in Level 1 

assumes that the vehicle does not consume energy when it is not moving. It should also be 

noted that this study assumed the floats traveled over flat terrain which was a simplifying 

assumption that was deemed both necessary – in the absence of any terrain data – and 

reasonable – since the floats generally travel over the relatively flat landscape of urban 

Oxford. 
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Figure 2.12: Drive cycle used to represent the milk floats’ driving pattern 

2.8.2.2 Milk Float Specifications 

The characteristics of the powertrain’s components along with the mass and shape parameters 

of the float had to be determined. The floats’ battery pack is comprised of 36 cells each with 

a nominal charge capacity of 585 Ah. The floats use lead-acid batteries. The terminal voltage 

of lead-acid batteries typically remains relatively constant during discharge [50]. Therefore, it 

is reasonable to assume, based on a terminal voltage of 2 V, that the batteries contain 151 MJ 

(42 kWh) of energy. The milk floats also do not employ regenerative braking. Table 2.2 

displays the amount of energy stored in the energy storage system along with other key 

vehicle parameters. The tire radius was provided by the milk distributor, and the rest of the 

parameters were based on figures obtained from similar vehicles [12].   

Table 2.2: Parameters of the milk float 

CD Af (m2) fo fs r (m) 
Mass, Fully 

Loaded (kg) 

Mass, Empty 

(kg) 

ESS Capacity 

(MJ) 

0.7 3 0.01 0.002 0.41 5000 2700 151 

2.8.2.3 Vehicle Simulation 

When a milk float is fully loaded with cargo, its mass is 5000 kg, and over the course of a 

delivery run its mass decreases as the cargo is delivered, so that when it is empty, its mass is 

2700 kg. In modeling the vehicle, it is important to account for this decrease in mass over the 

vehicle range. This was done by running the simulated vehicle through the 2.6 km long drive 

cycle as many times as it took for it to achieve its range. Floats powered by the DC motor 

went through 22 iterations of the drive cycle to achieve their 56 km range, and floats powered 
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by the AC motor went through 28 iterations to achieve their 72 km range. At the beginning of 

the first iteration, the mass of the simulated vehicle was always set to 5000 kg, signifying a 

fully laden float. At the end of each iteration, the mass of the vehicle was reduced by a 

constant amount so that for the last iteration in the simulation, the vehicle’s mass had 

decreased to 2700 kg. It was known how much energy the energy storage system had to 

provide during each of these iterations. The net energy used in each iteration was summed to 

yield the total energy used by the milk float during a simulated delivery run. Of course, this 

approach is only an approximation of the actual route and delivery pattern undertaken by a 

given float. To improve the accuracy of the simulation, actual drive cycle and delivery data 

would need to be obtained. However, since this study was looking at the floats’ driving 

patterns on average across the entire fleet, this was a reasonable assumption. 

2.8.2.4 Component Efficiencies 

The next step in characterizing the modeled milk float was to obtain estimates for its 

components’ efficiencies. Table 2.3 and Table 2.4 present the initial efficiency estimates for 

the milk float powertrains with DC and AC motors, respectively. These initial estimates were 

based on a review of the literature for the types of components used in the floats [9] [12] [23]. 

Note that the only parameter that differs between the two types of floats is the motor, so that 

is the only component where the efficiencies differ.  

Table 2.3: Initial component efficiency estimates for a milk float with a DC motor 

 Wheel-Axle Gearbox Motor PE ESS 

Efficiency 99% 96% 70% 96% 85% 

 

Table 2.4: Initial component efficiency estimates for a milk float with an AC motor 

 Wheel-Axle Gearbox Motor PE ESS 

Efficiency 99% 96% 90% 96% 85% 

 

These initial estimates allowed the simulation to be run to produce estimates for the energy 

consumption, and hence, the range of the floats assuming there was no regenerative braking. 
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The initial estimate for the range of the floats using a DC motor and an AC motor was 52 km 

and 67 km, which differed from the actually ranges of 56 km and 72 km, respectively.  

Since this study’s goal was to closely characterize the existing powertrains (obviously 

given the constraints and limitations of the Level 1 model), the efficiencies of the 

powertrain’s components were tuned slightly from their initial estimates. The tuned 

efficiencies for the components still remained within the range agreed upon in the literature 

as outlined in Table 2.1. The updated values are shown in Table 2.5 and Table 2.6. These 

updated values enabled the modeled floats to achieve ranges, assuming no regenerative 

braking, for the powertrains with DC and AC motors of 56 km and 72 km, respectively. The 

exact efficiency values for each of these components are not of critical importance; rather 

they are primarily useful insofar as they allow the Level 1 model to approximate the behavior 

of the floats’ powertrains as they currently exist so that the effect that regenerative braking 

would have on the floats’ range could be better estimated. 

Table 2.5: Tuned component efficiency estimates for a milk float with a DC motor 

 Wheel-Axle Gearbox Motor PE ESS 

Efficiency 99% 96% 76% 96% 87% 
 

Table 2.6: Tuned component efficiency estimates for a milk float with an AC motor 

 Wheel-Axle Gearbox Motor PE ESS 

Efficiency 99% 96% 93% 96% 87% 

2.8.3 Results and Discussion 

The milk floats do not currently use regenerative braking. Yet given their operation with 

frequent starts and stops, they would likely benefit from regenerative braking [51]. So the 

next step looked at the potential impact that regenerative braking could have on the floats’ 

range. Table 2.7 shows the improvement in range predicted by the Level 1 simulation if the 

floats were able to capture 50% and 100% of the energy available to their energy storage 

systems (note that this is the energy available to the energy storage system, therefore, it 

reflects the losses from the components that the energy passed through prior to reaching the 

energy storage system). 
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It should be noted that while it is rare for an electric vehicle to recapture all of the 

energy available to its energy storage system, the milk float, because of its design and driving 

characteristics, likely has the potential to recapture a high percentage of its energy. Most 

electric vehicles are designed so that their bus voltage enables their maximum speed. For 

instance, a vehicle with a maximum speed of 150 km/h will likely have a high bus voltage 

that allows it to attain that speed. Yet when that vehicle is braking at 15 km/h, the voltage 

generated by its motor during regenerative braking may only be 10% of the bus voltage. It 

can be technically difficult and inefficient to step that low motor voltage up to the high bus 

voltage to enable full regenerative braking, so typically that energy is not recaptured. 

However, the milk float presents a slightly different scenario. It has a low maximum speed 

and hence likely has a lower bus voltage. So even when braking at low speeds, the voltage 

generated by its motor can still constitute a useful fraction of the bus voltage. This makes it 

more likely for the motor’s voltage to be able to be efficiently stepped up to the bus voltage, 

facilitating the recapture of the float’s energy. While the float will still not capture 100% of 

the energy available to its energy storage system, it could reasonably be expected to come 

closer to that theoretical upper bound than many other electric vehicles.  

Table 2.7: Simulated range with no regenerative braking and assuming 50% and 100% of the energy available to 

the ESS was in fact recaptured 

 Range with no 

regenerative 

braking (km) 

Estimated range with ESS 

capturing 50% of energy 

available to it (km) 

Estimated range with ESS 

capturing 100% of energy 

available to it (km) 

DC motor   56 66 77 

AC motor 72 92 122 

 

Several conclusions were drawn from this analysis. The first was that the DC motor 

will likely not allow the floats to achieve a 105 km range. Granted this study was based on 

simplifying approximations about the driving pattern, shape and mass parameters, and 

component efficiencies of the floats, but the simulations showed that even if 100% of the 

energy available to the ESS was in fact recaptured by the ESS in the floats with DC motors, 
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they would still be significantly short of reaching the target range of 105 km. On the other 

hand, the Level 1 model showed that the more efficient AC motors could have the potential 

to reach a 105 km range if they adopted regenerative braking. Of course, the exact range 

achieved would depend on the nature of the regenerative braking strategy that was employed. 

And the range could vary from one float to another depending on the drive cycle of a 

particular float.  

To gain a better understanding of how the chosen parameters affected the range (and 

by extension, energy consumption) of the simulated milk floats, a sensitivity analysis was 

performed (Figure 2.13). In the sensitivity analysis, each of the vehicle parameters that could 

be varied was varied by ±5% and the corresponding change in the floats’ range was recorded. 

A sensitivity analysis was done for both floats using both the DC and AC motors. The data 

presented in Figure 2.13 is the average of the absolute values of the percent changes in range 

caused by either the 5% increase or decrease in the vehicle input parameters. In this analysis, 

it was assumed that the energy storage systems recaptured 50% of the energy available to 

them. This condition was selected in order to provide a conservative and representative 

snapshot of the floats by avoiding modeling them at the upper or lower limits of their 

regenerative braking possibilities. Also note that this sensitivity analysis was done for these 

specific floats over a specific drive cycle, and any conclusions drawn from this analysis 

regarding the sensitivity of the model to the input parameters cannot be uncritically applied to 

any vehicle in any context. Parameters such as the drive cycle and cargo offloading pattern 

were not included in this sensitivity analysis since they are merely approximations of the 

actual float’s behavior and it is impossible to vary them in a systematic manner that would 

provide meaningful insight into their effect on the floats’ energy consumption. 
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Figure 2.13: Level 1 sensitivity analysis for the milk floats with DC and AC motors 

 

 The sensitivity analysis in Figure 2.13 revealed several insights. All of the parameters 

that play a role in determining aerodynamic drag had little effect on the range of the floats. 

This was expected given the low speeds at which the floats travel. Given the low-speed travel 

of the floats, it was also unsurprising that rolling resistance had a greater impact on the floats’ 

range than aerodynamic drag. However, it is interesting to disaggregate the constituent 

factors of rolling resistance to analyze the role they played. The rolling resistance coefficient 

fs, which varies with speed (Equation 2.11), had a negligible effect on range. This was also 

largely due to the low-speed travel of the floats. On the other hand, the rolling resistance 

coefficient that is independent of speed (fo) had a comparatively greater impact than those 

values effecting vehicle load which are dependent on speed. The energy consumption of the 

floats was most sensitive to the mass. This is understandable given that the floats’ are heavy 

vehicles undergoing frequent acceleration cycles. The fact that the model is so sensitive to 

mass is means two things for the model. On the one hand, mass is a parameter that is actually 

known with a high degree of certainty for the floats so it this may appear to be a source of 

strength for the model. On the other hand, the manner in which the cargo mass is offloaded 

from the floats requires a number of assumptions that may not be entirely accurate. It is 

0
0.5

1
1.5

2
2.5

3
3.5

4
4.5

5

C
h

an
g
e 

in
 f

lo
at

 r
an

g
e 

in
 r

es
p

o
n

se
 t

o
 a

 ±
5

%
 c

h
an

g
e 

in
 

a 
v
eh

ic
le

 p
ar

am
et

er
 (

%
)

DC motor

AC motor



72 

 

possible that the lack of knowledge about the exact cargo offloading patterns of the floats 

could be a significant contributor to any disagreement between the model’s predictions and 

the actual data. 

Tire radius and gear ratio both had a negligible impact on the floats’ range. This is 

because these two parameters mediate the balance between the torque and speed demands 

seen by the upstream components. However, in the Level 1 simulation, the distinct torque and 

speed demands are less relevant in affecting range since the power requests are only scaled 

by constant, scalar efficiencies. 

 The relationship between the efficiency of the powertrain components follows a 

pattern that is understandable given the nature of the Level 1 model. It was observed that the 

less efficient a component is relative to the other components in its powertrain, then the 

greater its proportional impact in affecting the powertrain’s range. This follows from the 

constant scalar efficiencies of the Level 1 model, and it illuminates two interesting points. 

The first point informs a broad observation regarding vehicle modeling: it is important to 

have a higher degree of confidence in the efficiency values used for those components with 

the lowest efficiencies as they have the greatest ability to influence outputs like energy 

consumption and range. The second point builds on this observation by noting that even 

small gains in improving the efficiency of the least efficient components can have 

proportionally higher impacts in improving the tank to wheel efficiency of the powertrain. 

 The sensitivity analysis showed that the greatest sources of potential error in 

simulating the floats (aside from the inherently low-fidelity modeling approach) likely came 

from the values for rolling resistance, mass, motor efficiency, and energy storage system 

efficiency. The drive cycle and cargo offloading pattern are also likely responsible for 

introducing error between the actual and simulated results given that they are only 

approximations of the driving patterns experienced by the actual floats.   
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2.9 Summary of Level 1 Contributions 

This section provides a synthesis of the novel contributions made in the Level 1 program and 

how these contributions were developed, i.e. what new knowledge was required to make 

Level 1 a working vehicle modeling program. The contributions range from the broad – the 

fundamental structure of the Level 1 program – through to the detailed – specific innovations  

made in individual component blocks.  

The fundamental structure of the Level 1 program as a backwards vehicle model 

constitutes a novel contribution to knowledge. Though the theory of backwards vehicle 

energy flow simulations existed [31], it had not been applied towards the development of an 

actual backwards program. Thus, a novel contribution of the Level 1 model is that it was a 

practical application of the backwards vehicle modeling theory. The primary impact of the 

Level 1 model was the rapid component scoping and sizing that it enabled (OVEM Criteria 

#1 and #2, Section 1.5), especially when integrated with Levels 2 and 3 in OVEM. 

To construct the Level 1 program, the theory of backwards simulations had to be 

adapted into a practical program capable of functioning within the objectives and constraints 

of OVEM. This required developing novel structures and algorithms to enable the Level 1 

program to function as theorized. For instance, each component model in the Level 1 

program leverages a fixed efficiency value to calculate its power demand. Calculating a 

power demand based on an efficiency value is an established technique. However, novel 

work was required to create and program the set of algorithms that enable these efficiency 

calculations to be carried out for each component within the overall program (Section 1.8.1).  

Several of the constituent models making up the Level 1 program made a novel 

contribution to the field of vehicle modeling. It should be noted that these contributions 

originated in the Level 1 program (with a degree of fidelity commensurate with the Level 1 

aims and constraints) and were then carried through (in more complex incarnations) to the 



74 

 

Level 2 and Level 3 programs. Yet since these capabilities had their origins in the Level 1 

program, they will be discussed here. 

The first of these contributions has to do with the Level 1 program’s ability to model 

multiple tractive electric motors. The notion of using multiple tractive electric motors in 

automobiles is an emerging idea that has been gaining acceptance in the field. It is considered 

an attractive idea because of the potential of multiple tractive motors to provide superior 

handling, acceleration, and energy recapture during braking. Its emergence as a viable 

concept has been spurred by the increasing use of tractive electric motors in automobiles – a 

notion which itself has led to a widespread rethinking of many long-standing notions of 

powertrains limited by the constraints of ICEs. However the concept of multiple tractive 

motors is still a new concept and as such there are no vehicle modeling programs currently 

available that account for it [26] [40].  

 Thus, in order to implement the concept of multiple tractive motors in OVEM, novel 

work was done by the author to translate the theory into a practical reality. This meant that 

devising the algorithms for allocating power demands between the multiple motors and 

implementing these algorithms into OVEM code was the novel work of the author. For 

instance, developing the algorithm that would control how power should be split between 

variously sized motors during acceleration and braking was the novel work of the author.  

 The second novel contribution in the Level 1 component models is that of the 

hybridized energy storage systems. The concept of hybridized energy storage systems in 

automobiles is new, having only surfaced recently alongside the growing interest in EVs and 

HEVs. Since it is a new concept, existing vehicle modeling programs have not been built 

with this functionality [26] [40]. OVEM recognized that hybridized ESSs could play a role in 

EV and HEV development, and so this functionality was built into OVEM. To build this 

functionality, the author had to develop a series of novel equations and algorithms to control 
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the energy flow between different ESSs. For instance, Equation 4.73 and its integration into 

OVEM was the product of novel thinking by the author to implement a speed-based strategy 

to control energy flow between hybridized ESSs (refer to Sections 2.6 and 4.9 for more 

information on this topic).   

 The third novel contribution to originate from the Level 1 program was the manner in 

which the Level 1 program accounted for rolling resistance. Existing energy flow vehicle 

modeling programs calculate rolling resistance according to Equation 2.10 where the 

coefficient is constant [26] [40]. Yet despite the pervasiveness of this assumption, the 

literature shows that it is overly simplified. To more accurately account for the effects of 

rolling resistance, the speed-dependence of rolling resistance should be included in the 

model. To do this, the author performed the novel task of creating a programmable algorithm 

based on existing experimental work (the relationships described in Equation 2.11 and Figure 

2.4) to account for the effect of speed on rolling resistance in OVEM. A more detailed 

explanation of this work is contained in Section 2.1. 

 The fourth novel contribution from the Level 1 program is the ability to account for 

slope as a part of the drive cycle. A survey of the vehicle modeling landscape showed that 

energy flow modeling programs could not account for slope as part of their drive cycle inputs 

[26] [40]. Slope is an unavoidable feature of real-world driving, and the energy consumption 

of electric and hybrid electric vehicles has the potential to be appreciably affected by 

accounting for slope given their potential to recapture energy during descents. To account for 

slope in OVEM, the author used Newtonian equations of motion to derive how the vehicle 

would be affected by a changing slope (Equations 2.5, 2.6, 2.8, 2.10, 2.12, and 2.13). The 

novel work came in adapting these derivations for use within OVEM. A particularly unique 

feature of this adaptation came from the author’s realization that these equations accounting 

for slope needed to be a function of distance traveled, rather than time elapsed, to account for 
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a scenario in which the vehicle was not able to meet the sloping drive cycle requested of it. 

Structuring these functions in this way was unique in that it ran counter to the structure of the 

rest of OVEM and other existing energy flow vehicle modeling programs [40]. 
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3 Level 2 Simulation 

The Level 2 simulation in OVEM further addresses the challenge of performing sizing and 

scoping exercises across arrays of technologies that could have an application in electric and 

hybrid electric vehicles. It does this by employing a method that builds on the Level 1 

approach by varying the component efficiencies according to general physical principles. 

This allows for higher-fidelity simulations of powertrain components while still coping with a 

large degree of uncertainty such that product-independent scoping and sizing can be 

performed.  

Level 2 uses a backwards modeling approach like Level 1, and as a backwards model, 

Level 2 imposes no power, torque, and speed limits. Both Levels 1 and 2 merely calculate 

and record the power, torque, and speed that each component must produce to enable the 

vehicle to completely meet the given drive cycle. However, Level 2 differs from Level 1 in 

the way its component models calculate their efficiency. The component models in Level 2 

employ higher fidelity component models with the aim of producing more refined estimates 

for component sizing and vehicle energy consumption.  

In Level 2, the efficiencies are not constant, user-specified values. Instead, the 

efficiencies are calculated based on modeling the primary loss mechanisms for certain 

general technological categories. This method enables the simulation to account for a 

technology’s general physical principles while avoiding simulating specific real-world 

products. This enables the efficiency of the powertrain’s key components to vary based on 



78 

 

how the vehicle is being driven. And it allows the backwards simulation to be used as a 

component sizing tool that is independent of any specific product which is useful when 

component scoping and sizing is the primary priority of the simulation. An understanding, 

even if only a simple and general one, of how the changing efficiency of each component 

affects its power, energy, torque, and speed demands, provides a more realistic estimate for 

component sizing, energy consumption, and range than could be attained from Level 1 alone.   

It should be noted that Level 2 is not meant to be a precise predictor of vehicle 

performance or characteristics. It is a backwards simulation and as was explained in Chapter 

1, Level 2 is primarily intended to enable scoping and sizing estimates, and not to provide 

highly accurate results. Therefore, meeting OVEM’s 2-5% accuracy criteria (Section 1.5) is 

not a priority for Level 2. This is the outcome of the deliberate choice to make the models 

general enough so that they can apply to an array of technologies and sizes for each 

component in an effort to cope with the uncertainty regarding component and capability 

specifications that characterize the early and less precise stages of the vehicle design and 

analysis process.  

The Level 2 component models meet the criteria of Section 1.5 in the following ways. 

First, the models are built such that they account for component losses that are relevant to the 

timescales of interest to OVEM. The loss mechanisms modeled in Level 2 are accounted for 

such that a consistent degree of fidelity is applied throughout the simulation to produce 

figures for values such as vehicle energy consumption, emissions, range, and component 

sizing. Level 2 is also structured such that it is concerned with the timescales and conditions 

relevant to OVEM. 

One of the issues faced by the Level 2 model is that by using models based on general 

physical properties, it can be more difficult to create models for less well-understood 

technologies that may be novel or for technologies that behave nonlinearly as a function of 
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many factors that can be difficult to model. Nevertheless, the Level 2 approach works 

reasonably well for components such as electric motors, power electronics, and gearboxes – 

which are all relatively mature and well-understood. Yet, for that reason, the Level 2 model 

was thus far only developed for an electric vehicle. The following is a description of each 

component block in a Level 2 electric vehicle.  

3.1 Vehicle Block 

In the Level 2 electric vehicle model, the vehicle block is the same as in Level 1. This was 

done because both Levels 1 and 2 account for the same effects: drag, rolling resistance, slope, 

and acceleration. As in Level 1, the Level 2 vehicle block takes a drive cycle and certain 

vehicle parameters as inputs, calculates the force and linear speed that the vehicle must 

achieve, and outputs the force and linear speed requests to the wheel-axle block. 

3.2 Wheel-Axle Block 

The wheel-axle block in Level 2 is also the same as in Level 1. This was considered to be 

sufficient because the wheel-axle losses are usually small relative to the rest of a powertrain’s 

losses [52]. Additionally, there was little evidence that the wheel-axle losses varied 

significantly based on the way in which the vehicle was driven [12] [40]. Just as in Level 1, 

the Level 2 wheel-axle block accepts the force and speed inputs from the vehicle block, 

converts the force and linear speed requests to torque and angular speed requests, accounts 

for the losses in the wheel and axle, and then outputs the updated torque and angular speed 

requests to the gearbox block. 

3.3 Gearbox Block 

The Level 2 gearbox block takes the torque (Tin GB) and speed (ωin GB) requests from the 

wheel-axle block as inputs, calculates the efficiency of the gearbox over a time step, accounts 
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for the effects of the gear ratio, and outputs an updated torque and speed request, typically to 

the motor block.  

A survey of the literature revealed that most vehicle modeling programs simply treat a 

given gear ratio as having a fixed efficiency [26] [53] [54]. Additionally, literature on the 

topic of gear design and analysis either does not discuss gear efficiency or assume that it can 

be modeled as a constant value for a given ratio [55] [56]. However, it was gathered from 

consultations with practitioners in the field that the efficiency of gearboxes does in fact vary 

based on the driving patterns of the vehicle. So a means for modeling that varying efficiency 

in a physically-meaningful yet product-independent manner, consistent with the goals of 

Level 2, was sought. Given the lack of availability of a varying efficiency gearbox model in 

the literature that could be applied to Level 2, it was decided that Level 2 would employ a 

version of the general gearbox efficiency model in Equation 4.40 (discussed in Section 4.3) to 

calculate the gearbox efficiency. This equation is based on empirical observations that were 

obtained via work done by Hewland [44] [57]. The key point to bear in mind when adapting 

Equation 4.40 for use in Level 2 is that the maximum torque rating of the drive motor is not 

known in Level 2, whereas it is known in Level 3. This is due to the fact that Level 2 is a 

backwards simulation and the maximum limits of its components are not known in advance 

due to the backwards model’s objective of outputting sizing estimates. In order to adapt 

Equation 4.40 for use in Level 2, the assumption was made that 

 𝑇max 𝐺𝐵 𝑖𝑛

𝑁
= 𝑇max 𝑚𝑜𝑡𝑜𝑟 3.1 

where Tmax motor is the rated torque of the motor, N is the gear ratio, and Tmax GB in  is the highest 

single torque request received by the gearbox block over the course of the entire drive cycle. 

This assumption is akin to assuming that the motor is exactly sized to meet the maximum 

torque demands placed on the vehicle. It is a simplifying assumption, but one that still 

enables the Level 2 model to be used effectively for component sizing purposes. It also 
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requires that the simulation proceeds entirely though the gearbox block before any torque and 

speed demands are passed to the motor block. 

   Equation 4.40 assumes that the losses in the gearbox are due to friction in the 

meshing between the gear teeth and in the seals and bearings where km, kseal, and kb represent 

the coefficients of those loss terms respectively [44]. Note at this point (Equation 3.2) that the 

losses due to the seals have been assumed to scale with the torque rating of the gearbox as a 

result of the assumption in Equation 3.1. While this is a simplifying assumption in order to 

enable Equation 4.40 to function in the Level 2 model, it is one that was deemed reasonable 

based on literature and data from and consultations with gearbox manufacturers [44] [52] 

[57].  

The assumption implicit in Equation 3.1 is that the small (but non-negligible) gearbox 

losses do not impact the motor sizing, at least insofar as the assumption is applied towards 

approximating Equation 3.1 so that Equation 3.2 can be used in Level 2. This was deemed 

reasonable given the minor impact that this assumption has on calculating gearbox efficiency 

and given the generally high degree of uncertainty that is embedded in the Level 2 model.      

In addition to the seal losses, the meshing and bearing losses scale with the power 

transmitted by the gearbox – all of which is based on empirical observations [44] [52] [57]. 

By substituting the assumption in Equation 3.1 into Equation 4.40, the equation that 

expresses the efficiency of the Level 2 gearbox is  

 𝜂 =
𝑇𝑖𝑛 𝐺𝐵𝜔𝑖𝑛 𝐺𝐵

𝑇𝑖𝑛 𝐺𝐵𝜔𝑖𝑛 𝐺𝐵 + 𝑘𝑠𝑒𝑎𝑙𝑇max 𝐺𝐵 𝑖𝑛𝜔𝑖𝑛 𝐺𝐵 + (𝑘𝑚 + 𝑘𝑏)𝑇𝑖𝑛 𝐺𝐵𝜔𝑖𝑛 𝐺𝐵
  

3.2 

 

where Tin and ωin are the torque and speed inputs, respectively, to the gearbox block from the 

wheel-axle block. Note from this equation that the speed terms cancel out, showing that the 

efficiency only varies with torque. The speed terms were included in this presentation of 

Equation 3.2 in order to more clearly show how the losses varied with power.  
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The coefficients of the loss terms can assume a range of values, but kseal and kb are 

generally set to 0.00103 and 0.005, respectively [57]. The coefficient due to meshing losses is 

difficult to know precisely, but it is generally held to be between 0.015 and 0.02 [52] [57]. 

This holds true for a gearbox of most any size or ratio that would reasonably be found in a 

light-duty automobile [52] [57]. This also meets the OVEM objective of using models that 

can rapidly compare a range of technologies and topologies. 

An efficiency map for a gearbox generated from a vehicle based on the Nissan LEAF, 

a commercially available electric vehicle, (parameters in Table 3.1) is shown in Figure 3.1.  

Table 3.1: Parameters for the modeled Nissan LEAF 

CD Af (m
2) m (kg) r (cm) fo fs 

0.29 2.3 1678 31 .01 .002 

 

Figure 3.2 contains an efficiency map from an actual one-speed gearbox [44]. In Figure 3.1 

and Figure 3.2, the torque and speed axes have been scaled by the maximum torque and 

speed values of the simulated and actual gearboxes, respectively. While the model does not 

completely represent the losses in the actual gearbox, and the two maps are for different types 

of vehicles, there is a qualitative similarity between the Level 2 model and the actual gearbox 

and a quantitative similarity in that the model approximates the average efficiency of the 

gearbox over its speed range. Both figures show that the efficiency is primarily dependent 

upon torque, and that the efficiency increases as torque increases. The Level 2 model does 

not fully account for an increasing speed-dependence seen in the actual efficiency data at 

higher efficiencies. Nevertheless, it was deemed to be an acceptable model for the Level 2 

simulation given the physically-meaningful and product-independent fidelity objectives and 

uncertainty characteristics of Level 2, as set forth in Chapter 1. 
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Figure 3.1: Efficiency map generated using the Level 2 gearbox model for the Nissan LEAF over the LA-4 drive 

cycle; km=0.015, kseal=0.00103, and kb=0.005 

 

Figure 3.2: Efficiency map from an actual single speed gearbox [44] 

 

Once the gearbox efficiency for a given time step is calculated, it is applied, along 

with the gear ratio, according to Equations 2.17 and 2.18, towards calculating the updated 

torque request that will be the gearbox block’s output. The updated speed request is 

calculated just as in Level 1 according to Equation 2.19. The gearbox block outputs these 

updated torque and speed requests, typically to the motor block. 

3.4 Motor Block 

The electric motor model takes the torque (Tin motor) and speed (ωin motor) requests from the 

gearbox as inputs, calculates the efficiency of the motor, and then applies that efficiency 

towards providing a power request sent as an output, typically to the power electronics block. 

In a real electric motor, the efficiency varies depending on the torque and speed at which the 

motor is operating. The Level 2 motor model seeks to simulate that. The motor model makes 
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the assumption that a motor’s losses stem solely from two sources: copper and iron losses. 

This assumption is true for nearly all types of electric motors [24].  

Copper losses are the losses due to the resistance of the conducting wires within the 

motor. Since they are a resistive loss, the power loss, P, due to copper losses is modeled as 

 𝑃 = 𝐼2𝑅  . 3.3 

where I is the current and R is the resistance. In an electric motor, the torque is generally 

proportional to the current so the copper losses, Pcopper, in an electric motor can be assumed to 

be proportional to the square of the torque as made equivalent by the proportionality constant, 

kc [46], 

 𝑃𝑐𝑜𝑝𝑝𝑒𝑟 = 𝑘𝑐𝑇2  . 3.4 

Iron losses encompass two types of losses: hysteresis and eddy current losses.  

Hysteresis losses stem from the additional amount of energy required to continuously 

magnetize and demagnetize the metal in the motor [24]. Eddy currents are currents generated 

in the motor’s ferromagnetic material by the rotating magnetic field [58]. Eddy currents are 

subject to the same resistive losses modeled by Equation 3.3. The eddy current and hysteresis 

losses both arise from the fluctuating magnetic field which varies with the speed of the motor. 

Therefore, the iron losses, Piron, are proportional to the speed of the motor as made equivalent 

by the proportionality constant, ki, 

 𝑃𝑖𝑟𝑜𝑛 = 𝑘𝑖𝜔  . 3.5 

The overall efficiency of the motor can then be modeled as  

 
𝜂𝑚𝑜𝑡𝑜𝑟 =

𝑇𝑖𝑛 𝑚𝑜𝑡𝑜𝑟𝜔𝑖𝑛 𝑚𝑜𝑡𝑜𝑟

𝑇𝑖𝑛 𝑚𝑜𝑡𝑜𝑟𝜔𝑖𝑛 𝑚𝑜𝑡𝑜𝑟 + 𝑘𝑐𝑇𝑖𝑛 𝑚𝑜𝑡𝑜𝑟
2 + 𝑘𝑖𝜔𝑖𝑛 𝑚𝑜𝑡𝑜𝑟

  . 3.6  

Once the motor efficiency over a given time step is determined, the power requested by the 

motor is calculated according to Equations 2.20 and 2.21. For more information on how the 

coefficients for the copper and iron losses are calculated, refer to Section 3.4.1 below. The 

motor block’s power request is then passed along as an output, typically to the power 
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electronics block. It should also be noted that the Level 2 motor block can account for 

multiple tractive and in-wheel motors. 

3.4.1 Determining the Coefficients in the Level 2 Motor Model 

When the simulation begins, the coefficients for the loss terms are unknown, and to generate 

a simulated efficiency map for the motor that depends on torque and speed they must either 

be calculated or entered in manually. If they are entered in manually, then the simulation does 

not need to calculate them. However, if the user does not enter the coefficients directly, in 

order to calculate the loss coefficients the user must still enter an approximation for the 

maximum efficiency of the motor. This maximum efficiency is usually guided by the range 

of component efficiencies contained in Table 2.1. It was assumed that the motor operates 

most efficiently when the copper losses equal the iron losses [59]. The gearbox block runs 

through the entire drive cycle, and the root mean square of the torque and the average speed 

requested of the motor by the gearbox block are determined. It was then assumed that the 

maximum efficiency of the motor occurs at the root mean square of the torque and the 

average speed requested of the motor by the gearbox block – which serves as an 

approximation for assuming that the motor is ideally sized for the road load requested of it. 

With these assumptions, Equation 3.6 now appears as 

 
𝜂𝑚𝑎𝑥 𝑚𝑜𝑡𝑜𝑟 =

𝑇𝑟𝑚𝑠𝜔𝑎𝑣𝑔

𝑇𝑟𝑚𝑠𝜔𝑎𝑣𝑔 + 𝑘𝑐𝑇𝑟𝑚𝑠
2 + 𝑘𝑖𝜔𝑎𝑣𝑔

   3.7  

where ηmax motor is the user-specified maximum motor efficiency, and Trms and ωavg  are the 

root mean square torque and average angular velocity, respectively, requested of the motor 

block over the entire drive cycle. Since the iron and copper loss terms are equal and Trms and 

ωavg are known, then kc and ki can be obtained. Once all of the loss coefficients have been 

determined, then Equation 3.6 can be used to generate an efficiency map for the vehicle to 

use throughout the simulated drive cycle. Figure 3.3 shows an efficiency map obtained from 
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using the Level 2 simulation to model the motor of the Nissan LEAF. The map in Figure 3.3 

combines the efficiency of the motor and power electronics since this is a common way to 

present electric motor efficiency maps.  

3.5 Power Electronics Block 

The power electronics block receives the torque (Tin PE) and speed (ωin PE) requests from the 

motor as an input, calculates the efficiency of the power electronics, applies that efficiency to 

an updated power request, and outputs that power request, typically to the energy storage 

system block. The power electronics block creates an efficiency map to determine the 

efficiency of the power electronics based on the way the vehicle is being driven.  

In power electronics, the two primary losses are conduction and switching losses [60]. 

Conduction losses are due to the resistivity of the wires, electronic switching components, 

and connections [46]. The aim of Level 2 was to model the losses from each of its 

components in a manner that is physically meaningful in the way it accounts for losses but 

also general enough to account for an array of technologies. With that in mind, it is known 

that the conduction losses (Pconduction) in power electronics switches can in the most simple 

case be modeled as purely Ohmic where 

 
𝑃𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛 ∝ 𝐼2  . 3.8 

However, the conduction losses are not always purely Ohmic for all power electronic switch 

technologies [60]. Thus, given the design criteria for Level 2, which was to be able to scope 

across an array of technologies in a general yet physically meaningful and product-

independent way, it was determined that building in the capacity to model switches where the 

losses were not purely Ohmic was a necessary function. For such switches where the 

conduction losses are not purely Ohmic, the conduction losses are proportional to the current 

raised to an exponent (β), where the exponent varies between 1.8-2.2 [60]. As current is 

proportional to torque, torque (T) was substituted in for current in the relationship in Equation 
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3.8 thus making torque proportional to the conduction losses. In order to account for unit 

dimensionality issues when factoring in these non-Ohmic loss characteristics, the following 

equation was used where the normalizing value (T0
β) was used as a factor in the coefficient 

equating the conduction losses to the torque  

 
𝑃𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛 =

𝑘𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛

𝑇0
𝛽

𝑇𝛽  . 3.9 

This normalizing factor eliminates the dimensionality issue posed by the exponent β. 

Switching losses, Pswitching, are approximately linearly proportional to torque [44]. They can 

be made equivalent by the proportionality constant, kswitching, 

 𝑃𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔 = 𝑘𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔𝑇  . 3.10 

The overall expression for the efficiency of the power electronics is modeled as 

 
𝜂𝑃𝐸 =

𝑇𝑖𝑛 𝑃𝐸𝜔𝑖𝑛 𝑃𝐸

𝑇𝑖𝑛 𝑃𝐸𝜔𝑖𝑛 𝑃𝐸 +
𝑘𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑖𝑜𝑛

𝑇0
𝛽 𝑇𝑖𝑛 𝑃𝐸

𝛽 + 𝑘𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔𝑇𝑖𝑛 𝑃𝐸

 
3.11 

The power electronics block assumes that the loss mechanisms are the same during motoring 

and regenerative braking.  

3.5.1 Determining the Coefficients in the Level 2 Power Electronics 

Model 

Just as with the motors, the assumption was made that the peak efficiency is obtained when 

the two loss terms – switching and conduction losses – are equal. The user must set the 

maximum efficiency, and it was assumed that the maximum efficiency occurs at the root 

mean square of the torque and the average speed of the vehicle as outputted by the gearbox 

block over the entire drive cycle. This enables the power electronics block to calculate the 

kconduction /T0
β and kswitching coefficients (which can also be inputted manually by the user). 

Once the coefficients are obtained, Equation 3.11 can be used to produce an efficiency map 

for the power electronics. The efficiency map of the power electronics is applied to the power 

request outputted by the block according to Equations 2.22 and 2.23. Figure 3.3 shows the 

combined efficiency map for the motor and power electronics produced by the Level 2 model 
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based on the Nissan LEAF. Figure 3.4 presents an efficiency map for an actual motor and 

power electronics system [61]. The Level 2 motor and power electronics models simplify the 

loss mechanisms actually experienced by real motors and power electronics. Nevertheless, 

the agreement between Figure 3.3 and Figure 3.4 show that the Level 2 motor and power 

electronics blocks are sufficiently representative (for the purposes of Level 2) in simulating 

the efficiency of the components they attempt to model. 

 

Figure 3.3: Combined efficiency map from the motor and power electronics in the Level 2 model, note that the 

Level 2 map does not impose any torque or speed limits 

 

 

Figure 3.4: Combined efficiency map for an actual motor and power electronics system [61] 

3.6 Energy Storage System Block 

The energy storage system block is the last block in the Level 2 EV simulation. It accepts the 

power request from the power electronics block, calculates the efficiency of the energy 

storage system over a given time step, applies that efficiency to the power request of the 

energy storage system, and outputs the energy storage system’s power request. Energy 

storage systems such as batteries and ultracapacitors can both be modeled as voltage sources 
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in series with an internal resistance [62]. The internal resistance dissipates power as a pure 

resistor would, as seen in Equation 3.3. Since current is proportional to torque, the energy 

storage system efficiency can be modeled as 

 
𝜂𝐸𝑆𝑆 =

𝑇𝑖𝑛 𝐸𝑆𝑆𝜔𝑖𝑛 𝐸𝑆𝑆

𝑇𝑖𝑛 𝐸𝑆𝑆𝜔𝑖𝑛 𝐸𝑆𝑆 + 𝑘𝐸𝑆𝑆 𝑐𝑜𝑛𝑑𝑇2
  . 3.12 

This is a simplification of the actual loss mechanisms in energy storage systems of different 

technologies. Yet, this simplification is in line with the methods and aims of the Level 2 

model.  

3.6.1 Determining the Coefficients in the Level 2 ESS Model 

The user must set the peak efficiency of the energy storage system in order to proceed. The 

peak efficiency is assumed to occur at the root mean square of the torque and the average 

speed of the vehicle as requested by the gearbox over the entire drive cycle. With this 

assumption, kESS cond can be calculated. Then the energy storage system block proceeds to 

apply the efficiency to the energy storage system’s power request according to Equations 

2.24 and 2.25. Once the efficiency has been applied, the power request is sent as an output. 

These power requests can be plotted over time and integrated to yield the estimated energy 

consumption of the vehicle. 

3.7 Level 2 Case Study: Milk Float Modeling 

The following is a case study that builds on the Level 1 case study of the milk floats (Section 

2.8). It provides an illustration of how the Level 2 model can be used to produce more refined 

estimates for range and energy consumption for a number of technologies and capabilities in 

an analysis environment with high uncertainty. 



90 

 

3.7.1 Introduction 

The case study with the milk floats was continued with the Level 2 simulation. The goal in 

this study was to refine the initial estimates concerning the prospects for extending the range 

of the milk floats to 105 km (65 mi) by utilizing regenerative braking.  

3.7.2 Methods 

This study first had to establish that the Level 2 model was closely characterizing the actual 

performance of the floats. This study used the same vehicle parameters (seen in Table 2.2) 

and drive cycle (seen in Figure 2.12) as the Level 1 study. This study also followed the same 

methodology as in Level 1 where the cargo mass of the float was linearly reduced as the float 

was run through 22 iterations of the drive cycle for the DC motor and 28 iterations for the AC 

motor.   

The Level 2 simulation requires that the maximum efficiencies for the gearbox, motor, 

power electronics, and energy storage system models be set by the user. The estimate for the 

efficiency of the wheel-axle is fixed throughout the simulation. The estimated maximum 

efficiencies were based on values reported in the literature [9] [12] [21]. At the end of the 

simulation, the average efficiencies for the components over the course of the drive cycle 

were obtained.  

It should be noted that the loss coefficients for the motor, power electronics, and energy 

storage system models are not recalculated each time the cargo mass is reduced. They are 

fixed based on what they were determined to be for the first iteration when the float was fully 

laden. This is a necessary condition because the characteristics of the motor, power 

electronics, and energy storage system will not change as a float sheds its cargo. Table 3.2 

and Table 3.3 show the average efficiencies and where applicable the maximum efficiencies 

for each of the components in the DC and AC motors respectively.   
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Table 3.2: Estimated maximum component efficiencies for a powertrain with a DC motor 

 Wheel-Axle Gearbox Motor PE ESS 

Maximum  99% 98% 80% 95% 94% 

 

Table 3.3: Estimated maximum component efficiencies for a powertrain with an AC motor 

 Wheel-Axle Gearbox Motor PE ESS 

Maximum  99% 98% 95% 95% 94% 

3.7.3 Results and Discussion 

Table 3.4 and Table 3.5 show the average efficiency of the components over the course of an 

entire delivery run for a milk float with a DC and AC motor, respectively. 

Table 3.4: Average efficiency of each component over a delivery run in a float with a DC powertrain 

 Wheel-Axle Gearbox Motor PE ESS 

Average 99% 97% 68% 94% 90% 

 

Table 3.5: Average efficiency of each component over a delivery run in a float with an AC powertrain 

 Wheel-Axle Gearbox Motor PE ESS 

Average 99% 97% 87% 94% 90% 

 

Table 3.6 shows the predicted range of the floats if they were able to recapture 0%, 50% and 

100% of the energy available to their energy storage systems when braking (note that this is 

the energy available to the energy storage system, therefore, it reflects the losses from the 

components that the energy passed through prior to reaching the energy storage system). 

Table 3.6: Range of the floats with no regenerative braking and the predicted range given two different 

regenerative braking scenarios 

 Range with no 

regenerative braking 

(km) 

Estimated range with ESS 

capturing 50% of energy 

available to it (km) 

Estimated range with ESS 

capturing 100% of energy 

available to it (km) 

DC   56 66 79 

AC  72 92 127 

 

Most notably for this study, the Level 2 simulation showed that if a milk float with an 

AC motor was able to use regenerative braking, it could have the potential to exceed the 

target range of 105 km. While it is impossible for a milk float’s energy storage system to 

capture 100% of the energy available to it, for reasons discussed in Section 2.8.3, it is likely 

that a milk float’s energy storage system could capture a significant portion of the energy 

available to it. Though the exact amount of energy it could recapture is still unknown at this 
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point. It is also interesting to note that, even with regenerative braking, floats with the less 

efficient DC motors would likely be unable to achieve the target range of 105 km. The Level 

2 simulation showed results similar to those from the Level 1 simulation. All of the respective 

range predictions were within 4% of each other (refer to Table 2.7).  

To gain a better understanding of how the chosen parameters affected the range of the 

simulated milk floats, a sensitivity analysis was performed (Figure 3.5). Just as in Section 

2.8.3, each of the vehicle parameters that could reasonably be varied were varied by ±5% and 

the corresponding change in the float’s range was recorded. A sensitivity analysis was done 

for both floats using both the DC and AC motors. The data presented in Figure 3.5 is the 

average of the absolute values of the percent changes in range caused by either the 5% 

increase or decrease in the vehicle input parameters. In this analysis, it was assumed that the 

energy storage systems recaptured 50% of the energy available to them. This condition was 

selected in order to provide a conservative and representative snapshot of the floats by 

avoiding modeling them at the upper or lower limits of their regenerative braking 

possibilities. Also note that the results in this sensitivity analysis were done for these specific 

floats over a specific drive cycle, and any conclusions drawn from this analysis regarding the 

sensitivity of the model to the input parameters cannot be uncritically applied to any vehicle 

in any context. 
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Figure 3.5: Level 2 sensitivity analysis for the milk floats with DC and AC motors 

 

 The Level 2 sensitivity analysis shows many similarities to the analysis done for the 

milk floats in Level 1. As in Level 1, the parameters affecting aerodynamic drag have little 

impact on the floats’ range due to the fact that the floats do not travel at high enough speeds 

for drag to have a significant effect. The floats’ low speed also leads the rolling resistance 

coefficient (fs) that is scaled by speed to have little effect on the floats’ range while the rolling 

resistance coefficient that is not influenced by speed (fo) has a comparatively greater effect on 

vehicle load than those parameters affecting the resistive forces that are dependent on speed. 

Once again, the model is highly sensitive to the mass of the floats, which is expected given 

that the floats are heavy vehicles undergoing frequent accelerations and decelerations along 

their delivery routes. The fact that the model is so sensitive to mass means two things for the 

model. On the one hand, mass is a parameter that is actually known with a high degree of 

certainty for the floats which appears to add credibility to the results. On the other hand, the 

manner in which the cargo mass is offloaded from the floats requires a number of 

assumptions that may not be entirely accurate. It is possible that the lack of knowledge about 

the exact cargo offloading patterns of the floats could be a significant contributor to any 

disagreement between the modeled and actual results. 
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The tire radius and gear ratio both have little effect on the floats’ range. This is likely 

because the tire radius and gear ratio both primarily affect how the required power from the 

vehicle will be disaggregated into torque and speed. Yet this has less significance in affecting 

vehicle range in the Level 2 model since the motor (the component whose efficiency is 

ordinarily most sensitive to the torque and speed combinations produced by a given driving 

pattern) is optimally sized for a particular vehicle given the nature of the Level 2 model 

(Section 3.4).  

 The component efficiencies – wheel, gearbox, motor, and energy storage system – 

demonstrate an effect on the floats similar to the one seen in Level 1. The range of the floats 

appears to be most sensitive to those components that have the lowest maximum efficiency 

(refer to Table 3.2 and Table 3.3). Just as in Level 1, this has two implications. The first is 

that it is more imperative to have a high degree of confidence regarding the maximum 

efficiencies inputted for those components with the lowest maximum efficiencies. The second 

is that small gains in efficiency for the least efficient components can lead to proportionally 

higher gains in tank to wheel powertrain efficiency than can gains in the efficiency of the 

more efficient components. 

3.8 Summary of Level 2 Contributions 

This section provides a synthesis of the novel contributions made in the Level 2 program and 

how these contributions were developed, i.e. what new knowledge was required to implement 

them into a working vehicle modeling program. The contributions range from the broad – the 

fundamental nature of the Level 2 program – to the detailed – specific innovations made in 

individual component blocks.  

The fundamental structure of the Level 2 program as a functioning backwards vehicle 

model where the component efficiencies vary in a product-independent yet physically-

meaningful way constitutes a novel contribution to knowledge. As was the case with the 
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Level 1 program, the theory of backwards energy flow vehicle modeling programs existed, 

but that theory had not been translated to an actual computer model. Novel thinking outlined 

throughout Chapter 1 identified that a backwards energy flow vehicle model where the 

component efficiencies varied in a product-independent but physically meaningful manner 

would constitute a novel contribution. Once this opportunity was identified, novel work was 

then conducted to turn the theory of backwards energy flow vehicle modeling into an actual 

computer model. Translating the theory into a reality required novel work from the author to 

develop and build the framework for the entire model as well as the intricacies of its 

constituent parts. In the case of the Level 2 model, it is most effective to explain the novel 

contribution of the entire program by looking at the novel contributions of each of its parts 

(gearbox, motor, power electronics, and energy storage system) and how those novel 

contributions were developed.  

Gearbox models could be found in existing energy flow vehicle models. However, 

these models had made the simplifying assumption that the efficiency of the gearboxes could 

be treated as constant [26] [40]. This assumption is overly simplified as it disregards 

empirical data from the literature which shows that gearbox efficiency varies based on its 

design (gear ratio and seal, bearing, and meshing losses) and upon the load it is transmitting. 

In order to build a gearbox model where the efficiency would vary in a product-independent 

yet physically meaningful way, existing empirical work was leveraged by the author [44] 

[57]. The novel work came in creating Equation 3.2 and then turning it into a programmable 

algorithm (described in detail in Section 3.3) based on this existing empirical work.  

The motor, power electronics, and energy storage system models in the Level 2 

program also constitute a novel contribution to knowledge. While each component’s model 

represents a unique contribution, the manner in which each model was developed is similar 

enough such that it makes sense to combine the discussion on how each component model 
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was developed. The body of knowledge on the primary loss mechanisms for electric motors, 

power electronics, and energy storage systems is well-established. The novel work came in 

adapting this existing knowledge on the primary loss mechanisms for each component given 

the unique focus of Level 2 on providing product-independent yet physically meaningful 

simulations. This required deriving the efficiency equations (Equations 3.6, 3.11, and 3.12) 

for each of these components – where both the derivations and the resulting efficiency 

equations were novel. Novel work was also required to develop the modeling principles that 

enable the coefficients of the efficiency equations to be calculated in a product-independent 

manner. These principles are explained in detail in Sections 3.4.1, 3.5.1, and 3.6.1. For more 

information on the novel work behind these component models, refer to Section 3.4 for the 

motor, Section 3.5 for the power electronics, and Section 3.6 for the energy storage systems. 
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4 Level 3 Simulation 

OVEM’s Level 3 model addresses the problem of rapidly simulating existing and emerging 

technologies, arranged and managed in many different ways, with a sufficient degree of 

accuracy (approximately within 2-5% of real-world values). Level 3 uses a backwards-

forwards simulation technique, which builds on Levels 1 and 2 by capitalizing on reduced 

uncertainty and high-fidelity models to make more accurate predictions regarding figures 

such as range, emissions, energy consumption, and component sizing.  

 Level 3 was constructed such that it aligned with the criteria set forth for OVEM in 

Section 1.5. Level 3 was intended to rapidly simulate emerging and existing technologies and 

capabilities, and that intent is reflected throughout Level 3. As was discussed in Chapter 1, 

the rapid simulation of existing and emerging technologies and capabilities is enabled by the 

fact that the component models in Level 3 are based on readily-available data from specific 

products. As such, the Level 3 component models were built so that they could allow for the 

incorporation of readily-available information on existing and emerging products without 

requiring extensive experimental or computational resources to obtain and process that 

simulation’s data. This chapter will explain in detail the types of readily available data for the 

different powertrain components and how this data was incorporated into models built to 

handle data for an array of technological variations. The fact that the Level 3 component 

models employ readily-available data also means that they do not incorporate data that is 
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generally not readily available. This means that certain physical effects and characteristics are 

not accounted for – as was outlined in the non-criteria enumerated in Section 1.8. 

 The Level 3 models were built around the timescales and conditions of interest to 

OVEM. The timescales of interest are approximately from 1 s to 104 s, and the remainder of 

this chapter will demonstrate how the component models reflect that. The condition of 

OVEM’s interest in straight-line travel is also reflected in Level 3, and Level 3 has the 

capacity to incorporate slopes alongside of the drive cycles.  

 In addition to meeting all of the other criteria set out above and in Chapter 1, Level 3 

was designed to meet an accuracy objective of being within approximately 2-5% of real-

world figures. This chapter and a validation in Section 6.3 provide illustrations to 

demonstrate that Level 3 ultimately meets this accuracy objective. 

For each powertrain topology, the Level 3 simulation begins with a backwards-

looking information flow. During the backwards phase of the simulation, the torque, speed, 

and power requested of each component is calculated with each component factoring in its 

own losses and performance limits before passing its torque, speed, and power requests along 

to the upstream components. Once the simulation can proceed no further in the backwards 

direction, and the simulation records how much power it was able to produce/accept, the 

forwards phase of the simulation begins. During the forwards phase of the simulation, the 

torque, speed, and power that each component can produce is calculated based on the amount 

of power the vehicle was actually able to produce in response to the request calculated during 

the backwards phase.  

Below is a discussion of the four powertrain topologies currently implemented in 

Level 3: EV, series HEV, parallel HEV, and series-parallel HEV. Figure 4.1 outlines the 

high-level information flows in the Level 3 electric vehicle simulation. The electric vehicle 

model is the foundation of the Level 3 simulation. Many of the component blocks and 
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modeling principles used in the electric vehicle model serve as the basis for the models in the 

other topologies. The electric vehicle model begins by proceeding in the backwards direction 

with each component factoring in its losses and performance limits. Once, the simulation 

reaches the energy storage system blocks, the energy storage system blocks calculate how 

much power they are able to accept or produce in response to the backwards power request. 

With the information on how much power the energy storage system can accept or produce, 

the simulation then proceeds in the forward direction with each component making use of the 

vehicle’s available power and/or torque and speed to try to meet the initial power, torque, and 

speed requests of the backwards run. The Level 3 electric vehicle model has unique 

capabilities that will be highlighted in the following sections, chief among them is the ability 

to rapidly and accurately incorporate data from new technologies into its component models 

and to arrange these models in innovative ways, such as in a hybridized energy storage 

system.  

 

The primary difference between the Level 3 series hybrid model and the Level 3 

electric vehicle model is that the series hybrid model contains an alternative power unit that 

connects to the electric bus. As was noted in Chapter 1, the alternative power unit usually 

takes the form of an internal combustion engine or a fuel cell. Figure 4.5 provides a 

representation of the information flows within the series HEV model. The alternative power 
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unit’s function can be envisioned as a third energy storage system that is capable of 

delivering power via the consumption of a fuel. Though unlike an energy storage system, an 

alternative power unit is not capable of accepting power and storing energy. The exact role 

the alternative power unit plays in the vehicle depends on the nature of the alternative power 

unit and the vehicle’s energy management strategy. 

 

As was explained in Sections 1.2.3 and 1.2.4, parallel and series-parallel hybrids have an 

internal combustion engine that shares the road load with an electric motor. In both a parallel 

and series-parallel hybrid, the power supplied by the motor and internal combustion engine is 

blended together by a transmission that typically takes the form of an epicyclic gear train 

(EGT). In a parallel hybrid, the internal combustion engine does not produce extra power to 

recharge the energy storage system; whereas in a series-parallel HEV, the internal 

combustion engine can produce extra power to recharge the energy storage system [12]. 

Since this small difference is primarily what distinguishes a parallel from a series-parallel 

HEV, the models are similar. The series-parallel HEV just has the ability to request extra 

power from the internal combustion engine, and then it is able to pass that power through the 

epicyclic gear train and the motor/generator to recharge the energy storage system. Figure 4.3 
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and Figure 4.4 illustrate the information flows within the parallel and series-parallel hybrid 

models, respectively. 

 

 

For more insight into how Level 3 can be used, refer to the case study in Section 4.10 and to 

the author’s original journal-published articles in Chapters 5 and 6. 

4.1 Vehicle Blocks 

The vehicle blocks serve as the interface between the vehicle and its environment. The 

purpose of the backwards vehicle block is to model the external forces acting on the vehicle 

in order to provide the rest of the simulation with the force and speed targets that the vehicle 
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must strive to meet. The purpose of the forwards vehicle block is to take the force and speed 

that the vehicle is able to produce at its wheels and then determine what the final speed of the 

vehicle will be at the end of every time step as it moves along the road. The vehicle blocks 

account for the forces resulting from drag, rolling resistance, slope, and acceleration. These 

are the primary longitudinal forces acting on a vehicle when it travels in a straight line, which 

is why they were included in this study. No lateral forces were included as it was assumed 

that the vehicle only travels in a straight line. The vehicle model also assumes that the 

resistive forces it does account for can be accurately modeled by the equations and approach 

outlined in Section 2.1. 

4.1.1.1 Backwards Vehicle Block  

The backwards vehicle block operates similarly to the vehicle blocks in Levels 1 (Sections 

2.1) and 2 (Section 3.1). The main difference stems from the fact that Level 3 is a backwards-

forwards simulation where the real-world performance limits of the component models mean 

that a vehicle may not be able to completely meet the requested drive cycle. In order to 

account for this, the Level 3 vehicle block substitutes the value vach,i which represents the 

velocity achieved at the end of the previous time step, for vreq,i, the velocity requested at the 

end of the previous time step. In Level 3, the term vach,i is calculated as the output of the 

forwards vehicle block during the previous time step and reflects the vehicle’s best attempt to 

meet the requested drive cycle given the limitations of its components. For the first time step 

in a Level 3 simulation (that is when vach,i has not been calculated yet) vreq,i is still used, and 

the speed and force outputted by the backwards vehicle block are calculated just as in 

Equations 2.1 through 2.13 in Section 2.1. However for all time steps after the first time step 

(that is once vach,i has been calculated by the forwards vehicle block), vach,i is substituted for 

vreq,i in Equations 2.1 through 2.13 producing 
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 𝑣𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔 =
𝑣𝑎𝑐ℎ,𝑖 + 𝑣𝑟𝑒𝑞,𝑖+1

2
 4.1 

 𝐹𝐷 =
1

2
𝜌𝐶𝐷𝐴𝑓(𝑣𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔)

2
 4.2 

 𝐹𝑔 = 𝑚𝑔 sin(𝜃) 4.3 

 𝐹𝑟𝑟 = 𝜇𝑟𝑟𝑚𝑔 cos(𝜃) 4.4 

 𝐹𝑖𝑛𝑒𝑟𝑡𝑖𝑎 =
𝐽𝑤

𝑟2
𝑎 4.5 

 𝐹𝑎𝑐𝑐𝑒𝑙 = 𝑚𝑎 = 𝑚
𝑣𝑟𝑒𝑞,𝑖+1 − 𝑣𝑎𝑐ℎ,𝑖

𝑡𝑖+1 − 𝑡𝑖
 . 4.6 

where μrr is calculated according to Equation 2.11. The total force the vehicle must produce is 

still calculated based on 

 𝐹𝑣𝑒ℎ 𝑟𝑒𝑞𝑑 𝑎𝑣𝑔 = 𝐹𝐷 + 𝐹𝑔 + 𝐹𝑟𝑟 + 𝐹𝑖𝑛𝑒𝑟𝑡𝑖𝑎 + 𝐹𝑎𝑐𝑐𝑒𝑙  . 4.7 

Just as was explained in Section 2.1, the velocity and force requested by the backwards 

vehicle block are calculated in this manner in order to negotiate a reasonable balance between 

computational runtimes and accuracy.  

It is important to emphasize that the vach,i term implies that it is possible for the 

vehicle to not fully meet the requested drive cycle due to realistic performance limits in the 

other component models in the powertrain. If during a given time step the vehicle is not able 

to meet the drive cycle, then at the beginning of the next time step the vehicle will be 

traveling at a speed less than the speed that is being requested of it. In this case, the vehicle 

will be called upon to try to make up for its deficient velocity output in an effort to close the 

gap between the speed it has obtained and the speed requested of it. Figure 4.5 provides an 

illustration of the relationship between the velocity requested and velocity achieved by a 

vehicle in a case when the vehicle is not able to exactly meet the drive cycle. As shown in 
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Figure 4.5, the most common instances when the velocity achieved will deviate from the 

velocity requested will come when the vehicle is requested to undergo high accelerations, 

attain high speeds, or ascend steep hills. Generally such extreme driving conditions fall 

outside of the scope of OVEM. Yet, the simulation keeps a record of how much the achieved 

velocity deviates from the requested velocity. Powertrains that have significant discrepancies 

between the requested and achieved velocities are deemed failures, and only powertrains that 

actually meet the drive cycle are considered to be viable. 

 

The force request (Fveh reqd avg) and the speed request (vveh reqd avg) are the outputs of the vehicle 

block, and they are passed to the backwards wheel-axle block.   

4.1.1.2 Forwards Vehicle Block 

The vehicle speed achieved at the end of each time step is limited by either the amount of 

torque or the amount of speed the powertrain could produce [26]. Therefore, the forwards 

vehicle block takes the linear force and speed outputted from the forwards wheel-axle block 

to determine which one will determine the final speed the vehicle achieves at the end of each 

time step. 

To calculate the speed-limited case, the forwards vehicle block begins with the speed 

it received as an input from the wheel-axle block, vveh in, which represents the speed that the 

vehicle can produce in its best attempt to meet the drive cycle. That speed is taken to be the 
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average of the speed achieved at the end of the previous time step, vach,i, and the speed that 

will be achieved at the end of the current time step, vach,i+1 

 𝑣𝑣𝑒ℎ 𝑖𝑛 =
𝑣𝑎𝑐ℎ,𝑖+1 + 𝑣𝑎𝑐ℎ,𝑖

2
 . 4.8 

This can be rearranged to yield an expression for the speed attained at the end of the current 

time step  

 𝑣𝑎𝑐ℎ,𝑖+1 = 2𝑣𝑣𝑒ℎ 𝑖𝑛 − 𝑣𝑎𝑐ℎ,𝑖  . 4.9 

The torque limited case is derived from Newton’s equations of motion (Equations 2.5 

through 2.13) except that now the speed achieved at the end of the current time step (vach,i+1) 

has been substituted into the place of the speed requested at the end of the current time step 

(vreq,i+1) 

𝐹𝑎𝑐ℎ =
1

2
𝜌𝐶𝐷𝐴𝑓 (

𝑣𝑎𝑐ℎ,𝑖+1 + 𝑣𝑎𝑐ℎ,𝑖

2
)

2

+ 𝜇𝑟𝑟𝑚𝑔 cos(𝜃) + 𝑚𝑔 sin(𝜃) +
(𝑣𝑎𝑐ℎ,𝑖+1 − 𝑣𝑎𝑐ℎ,𝑖)

Δt
(𝑚 +

𝐽𝑤ℎ𝑒𝑒𝑙

𝑟2
)  4.10 

All of the vehicle’s shape, mass, and rolling resistance parameters are known, as is the 

velocity already achieved by the vehicle at the end of the previous time step (vach,i). So 

Equation 4.10 can be turned into a quadratic equation that can be solved to yield the road 

speed of the vehicle at the end of the current time step 

 𝐴𝑣𝑎𝑐ℎ,𝑖+1
2 + 𝐵𝑣𝑎𝑐ℎ,𝑖+1 + 𝐶 = 0 

4.11 

where  

 
𝐴 =

1

8
𝜌𝐶𝐷𝐴𝑓 4.12 

 

𝐵 =
1

4
𝜌𝐶𝐷𝐴𝑓𝑣𝑎𝑐ℎ,𝑖 +

(𝑚 +
𝐽𝑤

𝑟2)

Δ𝑡
 

4.13 

 

 

𝐶 =
1

8
𝜌𝐶𝐷𝐴𝑓𝑣𝑎𝑐ℎ,𝑖

2 −
(𝑚 +

𝐽𝑤

𝑟2) 𝑣𝑎𝑐ℎ,𝑖

Δ𝑡
− 𝐹𝑎𝑐ℎ + 𝜇𝑟𝑟𝑚𝑔 cos(𝜃) + 𝑚𝑔 sin(𝜃) 

4.14 

 

An analysis of Equation 4.11 is warranted. The first step is to apply the quadratic formula to 

Equation 4.11  
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𝑣𝑎𝑐ℎ,𝑖+1 =

−𝐵 ± √𝐵2 − 4𝐴𝐶

2𝐴
 4.15 

In order for Equation 4.15 to not have any complex roots, 

 
𝐵2 > 4𝐴𝐶 4.16 

must be true. Substituting Equations 4.12 through 4.14 into Equation 4.16 produces 

 
(𝑚 +

𝐽𝑤ℎ𝑒𝑒𝑙

𝑟2 )
2

∆𝑡2
> 𝜌𝐶𝐷𝐴𝑓 [

𝑚𝑔

2
(𝜇𝑟𝑟 cos 𝜃 + sin 𝜃) −

𝐹𝑎𝑐ℎ

2
−

(𝑚 +
𝐽𝑤

𝑟2) 𝑣𝑎𝑐ℎ,𝑖

Δ𝑡
] 4.17 

where in practice, the term on the left hand side of the inequality ensures that for any realistic 

values the inequality will be true and there will be no complex roots. The only way that the 

inequality would not be true is if the Fach term were to be sufficiently negative and/or the 

mass of the vehicle and wheel inertia were sufficiently small. However, if realistic values for 

these terms are used, this never occurs. For instance, using the Nissan Leaf specifications 

shown in Table 3.1, Figure 4.6 plots the values for right hand side of the inequality (denoted 

as RHS) subtracted from the left hand side of the inequality (denoted as LHS) as a function of 

Fach for five different values of vach,i. The inequality of Equation 4.15 has no complex roots 

when the LHS-RHS in Figure 4.6 is positive – which as can be seen in Figure 4.6 is true for 

these, and all other, realistic vehicle parameters.  

 

Figure 4.6: Difference between the left hand side and right hand side of the inequality in 4.17 as a function of 

the force achieved by the vehicle at different speeds. The inequality of Equation 4.15 has no complex roots 

when LHS-RHS is positive 
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Since in practice Equation 4.15 produces no complex solutions, it follows that it produces one 

negative solution and then either an additional negative solution or a positive or zero solution 

depending on the value of the discriminant relative to B. It will be shown that while it is 

theoretically possible to arrive at two negative solutions or a negative and zero solution, in 

practice this never happens given realistic values in Equations 4.12 through 4.14.  

In order to arrive at a positive and negative solution to Equation 4.15, the following 

inequality must be true since B is always positive 

 𝐵 < √𝐵2 − 4𝐴𝐶 4.18 

If both sides of this inequality are squared, it can be simplified to show that in order to arrive 

at a positive and negative solution to Equation 4.15, the following inequality must be true 

 4𝐴𝐶 < 0 4.19 

Since A is always positive (refer to Equation 4.12) then the only way for the term 4AC to be 

negative is for the term C to be negative. In order for C to be negative, this inequality would 

have to be true 

 
1

8
𝜌𝐶𝐷𝐴𝑓𝑣𝑎𝑐ℎ,𝑖

2 + 𝜇𝑟𝑟𝑚𝑔 cos(𝜃) + 𝑚𝑔 sin(𝜃) <
(𝑚 +

𝐽𝑤

𝑟2) 𝑣𝑎𝑐ℎ,𝑖

Δ𝑡
+ 𝐹𝑎𝑐ℎ 4.20 

For realistic vehicle parameters (for the types of vehicles of interest to OVEM), the sum of 

the terms on the right hand side of Equation 4.20 is much larger than the sum of the terms on 

the left hand side of the expression and the inequality does holds true. The inequality in 

Equation 4.20 will only be violated if the force achieved is impractically negative (especially 

given that such a high negative braking force would also have to accompany a low speed) 

and/or the vehicle mass and wheel inertia is unrealistically low. Thus Equation 4.11 in 

practice produces one positive and one negative solution and has done so for every realistic 

vehicle type ever simulated over any drive cycle in OVEM. Figure 4.7 plots C from Equation 

4.14 as a function of Fach for various values of vach,i for the LEAF. Note that for all realistic 

parameters C is negative and hence Equation 4.15 produces one positive and one negative 
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solution. The only condition where C is positive is when a braking force is applied to the 

vehicle once it has already stopped. This is clearly impossible. Thus for all realistic vehicle 

parameters C is negative and Equation 4.15 produces one positive and one negative solution. 

 

Figure 4.7: C from Equation 4.14 as a function of Fach at various vach,i 

 

The negative solution is rejected since a velocity in OVEM cannot be negative, as 

OVEM is not concerned with modeling a vehicle traveling in reverse, and the positive 

solution is retained as the final speed achieved at the end of the time step, vach,i+1, through the 

torque limited case. This approach is more accurate than the method used in ADVISOR [40]. 

ADVISOR makes the assumption that the speed achieved at the end of the previous drive 

cycle is equal to the speed achieved at the end of the current drive cycle 

 𝑣𝑎𝑐ℎ,𝑖+1
2 = 𝑣𝑎𝑐ℎ,𝑖 × 𝑣𝑎𝑐ℎ,𝑖+1 

4.21 

in order to avoid dealing with the quadratic in Equation 4.11. This oversimplification 

introduces the likelihood of errors being made in calculating the final speed achieved by the 

vehicle.  

In OVEM, the values for the final speed achieved from both the speed and torque 

limited cases are compared, and the lowest value for the final speed achieved is taken as the 

limiting case. Therefore, it is outputted as the speed the vehicle attained at the end of that 

time step. By knowing the speed achieved at the end of every time step, the user can track 

how well the modeled powertrain was able to meet the drive cycle.  
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4.1.1.3 Vehicle Load Transfer  

The vehicle block can also account for load transfer in a vehicle. Load transfer is typically an 

issue that is handled more by programs concerned with vehicle dynamics, which is not 

OVEM’s primary focus. However, load transfer can be of interest in analyzing the effect of 

how different vehicle constructions affect the ability of an electric or hybrid electric vehicle 

to capture energy through regenerative braking. Since regenerative braking is a key factor 

influencing electric and hybrid electric vehicle tank to wheel energy consumption, it was 

determined that incorporating the ability to model load transfer insofar as it affects 

regenerative braking capacity was a useful addition for OVEM that was aligned with 

OVEM’s design criteria. Modeling the effect of load transfer on regenerative braking is also a 

novel contribution made by OVEM to the vehicle modeling landscape.   

Load transfer is the physical shift in the amount of load supported by the front and 

rear axles as the vehicle accelerates and experiences changes in slope [47]. During positive 

acceleration and hill climb, the rear axle supports an increasing proportion of the vehicle’s 

load. During deceleration and hill descent, the front axle supports a greater proportion of the 

load. The default setting for the Level 3 vehicle block does not account for the load transfer 

that takes place within the vehicle when the acceleration and slope are nonzero. This suffices 

when the user either does not have knowledge of the vehicle’s mass distribution or is not 

concerned with load transfer within the vehicle; however, the Level 3 simulation allows for 

this more complex consideration of the forces acting on the vehicle.  

By accounting for the load transfer taking place in the vehicle, the simulation can 

determine the maximum tractive forces capable of being applied at the wheels. This has two 

implications. First, it means that the torque produced by the tires, responsible for accelerating 

and decelerating the vehicle, will be limited to the maximum force that the tire-road contact 

surface can handle. Second, since the load transfer within the vehicle is known then the 
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amount of energy capable of being captured through regenerative braking given the drive 

type (front wheel drive, rear wheel drive, or four wheel drive) can be determined. 

 Figure 4.8 shows the free body diagram used in modeling the load transfer effects on 

the vehicle. FD is the drag force and is modeled according to Equation 2.5. The mass of the 

vehicle is represented as m and the acceleration of the vehicle is denoted by a, which is 

calculated according to Equation 4.6. FRR and FRF are the forces due to rolling resistance 

acting on the rear and front wheels respectively. FTR and FTF are the forces acting on the rear 

and front wheels respectively from the vehicle’s internally generated torque which is positive 

in the case of acceleration and constant, nonzero speed and negative in the case of 

deceleration. Points A and B are the location of contact between the front and rear tires, 

respectively, and the road. L is the wheelbase of the vehicle. L1 and L2 are the distances from 

A and B respectively to the center of gravity along the vehicle’s longitudinal axis. The height 

of the center of gravity is denoted by h. The normal forces acting on the front and rear axles 

are represented by WF and WR, respectively. The inertia of the front and rear wheels is 

represented by JFα and JRα, respectively, where α is the angular acceleration of the wheels, 

and α=a/r, where r is the radius of the wheels. 
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Figure 4.8: Diagram showing the forces acting on the vehicle in the Level 3 load transfer model 
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In order to analyze the load transfer taking place in a vehicle, WR and WF must be 

determined. WR and WF are derived by considering the moments acting in equilibrium around 

point A [12] [48] 

 
∑ 𝑀𝐴 = 𝑊𝑅𝐿 − 𝑚𝑔ℎ sin 𝜃 − 𝑚𝑔𝐿1 cos 𝜃 − 𝑚𝑎ℎ − 𝐹𝐷ℎ + 𝐽𝐹𝛼 + 𝐽𝑅𝛼 = 0 4.22 

 and by considering the forces acting in equilibrium along the y-axis 

 
∑ 𝐹𝑦 = 𝑊𝐹 + 𝑊𝑅 − 𝑚𝑔 cos 𝜃 = 0 . 4.23 

Note that in this derivation the drag force was assumed to act at height h [47]. This is the 

default setting in the Level 3 simulation, though the user can change this. Also, all transverse 

load transfers were not included as per the criteria set forth in Section 1.5 regarding straight-

line travel [48]. Solving Equations 4.22 and 4.23 for WF and WR, 

 

𝑊𝐹 =
𝑚𝑔𝐿2 cos 𝜃 − 𝑚𝑔ℎ sin 𝜃 − 𝑚𝑎ℎ − 𝐹𝐷ℎ + 𝐽𝐹𝛼 + 𝐽𝑅𝛼

𝐿
 4.24 

 

𝑊𝑅 =
𝑚𝑔𝐿1 cos 𝜃 + 𝑚𝑔ℎ sin 𝜃 + 𝑚𝑎ℎ + 𝐹𝐷ℎ − 𝐽𝐹𝛼 − 𝐽𝑅𝛼

𝐿
 4.25 

In order to calculate the amount of braking energy that can be recaptured from each axle, the 

forces acting in equilibrium along the x-axis must also be considered 

 ∑ 𝐹𝑥 = 𝐹𝑇𝐹 + 𝐹𝑇𝑅 − 𝐹𝑅𝐹 − 𝐹𝑅𝑅 − 𝑚𝑎 − 𝑚𝑔 sin 𝜃 − 𝐹𝐷 = 0. 4.26 

Substituting Equation 4.26 into Equations 4.24 and 4.25, yields the following expressions for 

the normal forces acting on each axle 

 
𝑊𝐹 =

𝑚𝑔𝐿2 cos 𝜃 − ℎ(𝐹𝑇𝐹 + 𝐹𝑇𝑅 − 𝐹𝑅𝐹 − 𝐹𝑅𝑅) + 𝐽𝐹𝛼 + 𝐽𝑅𝛼

𝐿
 4.27 

 
𝑊𝑅 =

𝑚𝑔𝐿1 cos 𝜃 + ℎ(𝐹𝑇𝐹 + 𝐹𝑇𝑅 − 𝐹𝑅𝐹 − 𝐹𝑅𝑅) − 𝐽𝐹𝛼 − 𝐽𝑅𝛼

𝐿
 4.28 

where the rolling resistance force acting on the tires at each axle is 

where μrr varies as explained in Section 2.1 [47] [48]. 

 𝐹𝑅𝐹 = 𝜇𝑟𝑟𝑊𝐹 4.29 

 
𝐹𝑅𝑅 = 𝜇𝑟𝑟𝑊𝑅 4.30 



112 

 

 With expressions for the normal force acting on each axle, the issues of the maximum 

force capable of being sustained by the tire-road contact and the maximum amount of braking 

energy capable of being recovered from either axle can be calculated. First the issue of 

determining the maximum force capable of being sustained by the tire-road contact patch will 

be addressed.  

Many techniques exist that attempt to model the complex relationship between the 

speed of the tire, the surface the tire is traveling over, and the force the tire is capable of 

applying (either in braking, acceleration, and/or cornering) [63] [64] [65] [66] [67] [68]. The 

spectrum of dynamic tire models can generally be thought of as spanning from experimental 

to theoretical – i.e. from a basis in full scale tire experiments on one end to a basis in the 

theory of the behavior of the physical structure of the tire [69]. The more theoretical models 

are used to aid in tire design. However, tire design is beyond the scope of OVEM and thus 

these models were not considered further for implementation into OVEM. The 

experimentally-based models are based on parameters that are obtained through extensive 

experimental measurements, and are generally used to model tire performance under a range 

of vehicle driving conditions and maneuvers. Perhaps the most well-known of these 

experimentally-based models is “The Magic Formula” tire model [63]. This model consists of 

a series of parameters and a set of equations that relate slip, load, slip angle, and camber 

angle to longitudinal force, lateral force, and aligning moment [63]. This model has a proven 

track record of delivering accurate results, and it was thus considered for implementation into 

OVEM.  

However, The Magic Formula tire model and other experimentally-based models 

have traits that clash with several of the design criteria set forth for OVEM. One of the 

primary drawbacks of The Magic Formula tire model is that it requires extensive 

experimental resources in order to characterize a tire for use in the formula [70]. 
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Additionally, data on existing and emerging tires that can be used by The Magic Formula is 

not readily available [70]. This leads The Magic Formula tire model to clash with the first of 

OVEM’s criteria - which was that any component model implemented in OVEM should 

facilitate the rapid simulation of existing and emerging technologies and should be able to be 

based on readily available data for a range of products. The Magic Formula tire model and 

other complex experimentally-based tire models are also primarily concerned with 

representing properties of vehicle dynamics such as those experienced during aggressive 

braking, acceleration and cornering. In order to fully capture these aggressive driving events, 

advanced models such as these are needed; however, as was set forth in OVEM’s third design 

criteria, OVEM is only interested in straight-line travel and the less aggressive driving 

conditions typically experienced during ordinary urban, suburban, and highway driving. 

Since, OVEM is only interested in straight-line travel and does not consider lateral movement 

or lateral forces, it has no need for much of The Magic Formula’s capability – that is its 

ability to model the effect of lateral motion and forces on tires [63]. Due to the conflict of the 

Magic Formula tire model and other experimentally-based tire models with two of OVEM’s 

key design criteria, they were ultimately not implemented in OVEM. 

Instead, an alternative model that borrowed from elements of the Magic Formula 

model was used in order for the model to better align with OVEM’s objectives. Given the 

more ordinary driving conditions with which OVEM was concerned, it was determined that 

the following assumptions could be made. OVEM was only concerned with longitudinal 

travel; hence laterally-acting forces, and slip angles were not included. As part of OVEM’s 

interest in “industry-standard” testing conditions, it was also only concerned with travel over 

dry asphalt and could thus disregard any variations in tire-road interaction caused by different 

road surfaces (ice, loose gravel, etc.).  
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The maximum force capable of being sustained at the tire-road contact patch can be 

modeled as [49] [67]  

 

 

where µb is the coefficient of road adhesion and FF tire-road max and FR tire-road max are the 

maximum forces capable of being sustained by the tire-road contact patch for a given time 

step at the front and rear tires, respectively. The coefficient of road adhesion is a function of 

the slip (λ) between the wheel and ground at the tire contact patch [47] [49]  [69], where slip 

in the context of OVEM is defined as 

 
𝜆 =

𝑣𝑟𝑒𝑞,𝑖+1 − 𝑣𝑎𝑐ℎ,𝑖

𝑚𝑎𝑥{𝑣𝑟𝑒𝑞,𝑖+1, 𝑣𝑎𝑐ℎ,𝑖}
 4.33 

The coefficient of road adhesion varies nonlinearly as a function of slip for various road 

conditions – for example, icy, wet, and dry asphalt roads. Since OVEM is concerned only 

with travel over dry asphalt roads, that was the only condition over which the slip dependence 

of the coefficient of road adhesion was assessed. Figure 4.9 presents a curve that shows how 

the coefficient of road adhesion varies with longitudinal slip. This curve is representative of 

the curve experienced by an array of light-duty vehicles and tire types [47] [48] [67] [71]. 

Note that this curve is a generic curve, and that the user can adjust this curve to suit specific 

modeling needs.   

 

Figure 4.9: Representation of dependence of the coefficient of road adhesion on wheel slip 
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 𝐹𝐹 𝑡𝑖𝑟𝑒−𝑟𝑜𝑎𝑑 𝑚𝑎𝑥 = 𝜇𝑏𝑊𝐹 4.31 

 
𝐹𝑅 𝑡𝑖𝑟𝑒−𝑟𝑜𝑎𝑑 𝑚𝑎𝑥 = 𝜇𝑏𝑊𝑅 4.32 
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This approach met OVEM’s criteria in several ways. First, it facilitates the rapid 

simulation of new and existing technologies. More complex tire-road interface models 

require extensive experimental resources to obtain complex model parameters as these 

parameters are rarely readily available [70]. OVEM’s model can apply to a range of tire and 

vehicle types thus avoiding the burden of needing extensive experimental resources to obtain 

the parameters for many different possible vehicle and tire combinations. This approach also 

accounts for the longitudinal effects taking place on the vehicle. Thus, this was the approach 

implemented in OVEM to determine the maximum force capable of being applied at the tire-

road contact patch. 

The next issue that the load transfer model was built to address was determining the 

amount of energy that could be recovered given regenerative braking taking place at either 

the front or rear axle. The following demonstrates how this was derived. By substituting 

Equations 4.23, 4.29, and 4.30, into Equations 4.27 and 4.28 where the tractive force is made 

equal to the maximum braking force that can be applied, and by summing the inertia of the 

front and rear tires into a single term, Jw, rearranging yields 

 

 

 

For a constant road surface (such as dry asphalt), the ideal proportion of braking force applied 

between the front and rear axles can be assumed to be equal to the maximum braking force 

capable of being applied at each axle (Equations 4.31 and 4.32) divided by the total braking 

force that is capable of being applied [47] [48] 

 
𝐾𝐵𝐹 =

𝑊𝐹

(𝑊𝐹 + 𝑊𝑅)
 4.36 

 

𝐾𝐵𝑅 =
𝑊𝑅

(𝑊𝐹 + 𝑊𝑅)
 4.37 

 
𝑊𝐹 =

𝑚𝑔 cos 𝜃 [𝐿2 + ℎ(𝜇𝑏 + 𝜇𝑟𝑟)] + 𝐽𝑤𝛼

𝐿
 4.34 

 
𝑊𝑅 =

𝑚𝑔 cos 𝜃[𝐿1 − ℎ(𝜇𝑏 + 𝜇𝑟𝑟)] − 𝐽𝑤𝛼

𝐿
 4.35 
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where KBF and KBR are the ideal proportion of braking force applied at each axle [47] [48]. 

The ideal braking proportions are important because braking applied in this measure ensures 

the maximum braking forces on the front and rear axles are generated at the same time which 

prevents the wheels from locking, thereby allowing the vehicle to retain directional stability 

[48]. Substituting Equations 4.34 and 4.35 into 4.36 and 4.37 yields the expressions for the 

ideal braking proportions for the front and rear axle which in turn determine the upper limit 

for the amount of braking energy that can be recovered given regenerative braking at either 

axle 

 
𝐾𝐵𝐹 =

𝐿2 + ℎ(𝜇𝑏 + 𝜇𝑟𝑟) + 𝐽𝑤𝛼

𝐿
 4.38 

 

𝐾𝐵𝑅 =
𝐿1 − ℎ(𝜇𝑏 + 𝜇𝑟𝑟) − 𝐽𝑤𝛼

𝐿
 4.39 

Note that KBF and KBR are only the proportion of the total braking energy that is 

capable of flowing back into the powertrain given regenerative braking at the front and rear 

axles, respectively. The backwards vehicle block outputs these braking proportions as limits 

to the amount of energy that will be allowed to pass to the upstream blocks in the powertrain 

in the event of regenerative braking on the wheels of a particular axle. The subsequent losses 

from the gearbox, motor, energy storage system, and other components handling energy in 

the powertrain will further reduce the amount of energy that will ultimately go on to be 

recaptured and stored in the energy storage system.  

4.2 Wheel-Axle Blocks 

The purpose of the wheel-axle blocks is to account for the losses in the wheel and axle and to 

account for the effect of the radius of the tires by converting between the linear force and 

velocity requests handled by the vehicle blocks and the torque and angular velocity requests 

handled by the rest of the components in the powertrain. The default setting for the wheel-

axle model is to treat the wheels and axles as having a fixed efficiency. This is obviously a 
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simplification, but one that is reasonably accurate since wheel-axle losses are generally 

relatively low compared to the losses experienced by other components in the powertrain and 

are generally proportional to the power passing through the wheels and axles [72]. The 

default setting on the wheel-axle blocks is to impose no power, torque, or speed limits; 

however, such limits for the wheel and axle can be specified.  

4.2.1 Backwards Wheel-Axle Block 

The backwards wheel-axle block accepts the force and speed requests coming from the 

backwards vehicle block as inputs. The backwards wheel-axle block in the Level 3 model 

operates identically to the wheel-axle blocks in Levels 1 (Section 2.2) and 2 (Section 3.2). 

The backwards wheel-axle block outputs torque and speed requests, typically to the 

backwards gearbox block. 

4.2.2 Forwards Wheel-Axle Block   

The forwards wheel-axle block takes the torque and speed supplied by the forwards gearbox 

block as inputs and converts them to linear force and speed. It also accounts for the efficiency 

of the wheel and axles during both motoring and braking cases. If the amount of negative 

torque produced by the motor in regenerative braking is insufficient to decelerate the vehicle 

enough for a particular braking event, the forwards wheel-axle block will apply mechanical 

brakes to provide the remaining negative torque. The forwards wheel-axle block outputs the 

linear force and speed produced by the vehicle to the forwards vehicle block. 

4.3 Gearbox Blocks 

The purpose of the gearbox block is to account for the losses in the gears and to apply the 

effect of the gear ratio. The Level 3 gearbox model in OVEM is based on an empirical model 

where the losses are a function of the torque rating of the gearbox and the power flowing 

through the gearbox. This gearbox model was selected because it aligns with OVEM’s goals 
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for the Level 3 model in that it has the appropriate combination of being flexible enough to 

apply to an array of fixed gearbox sizes while still providing accurate predictions for the 

efficiency of the gearbox. More advanced gearbox modeling tools exist that enable the user to 

discern the effect that measures such as changing the gears’ geometry, lubrication, 

orientation, materials, and thermal environment has on their efficiency [73] [74]. But any 

gains in accuracy achieved by these types of models were outweighed by the models’ 

complexity (both experimentally and computationally) which would have been too high for 

implementation in OVEM, as OVEM was intended to be a platform based on models derived 

from readily available data in order to facilitate rapid simulation of existing and emerging 

technologies. Nevertheless, OVEM could quickly incorporate an efficiency map or analytical 

equation for gearbox efficiency derived from a more complex gearbox modeling tool.  

4.3.1 Backwards Gearbox Block 

The backwards gearbox block receives the torque (TGB,in,B) and speed (ωGB,in,B) requests from 

the backwards wheel-axle block as inputs. The gearbox model assumes that its losses come 

from the following sources: meshing between the gear teeth and friction between the seals 

and bearings [75]. These assumptions and the efficiency equation that they yield are based on 

empirical observations from a range of gearboxes [52] [57]. The losses due to friction in the 

seals are proportional to the product of the square of the gear ratio, the maximum rated torque 

of the motor, Tmax motor, and the speed from the wheel-axle block, ωin. This loss term has the 

coefficient kseal [44]. The losses due to the bearings and meshing are approximately 

proportional to the power currently handled by the gearbox, and they have the coefficients of 

kbearing and kmesh respectively [57]. The coefficients kseal and kb are generally set to 0.00103 

and 0.005, respectively [57]. The coefficient due to meshing losses is difficult to know 

precisely, but it is generally held to be between 0.015 and 0.02 [52] [57]. This holds true for a 

gearbox of most any size or ratio that would reasonably be found in a light-duty automobile 
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[52] [57]. This helps meet the OVEM objective of using models that can rapidly compare a 

range of technologies and topologies. The efficiency of the gearbox can then be expressed as  

𝜂 =
𝑇𝐺𝐵,𝑖𝑛,𝐵𝜔𝐺𝐵,𝑖𝑛,𝐵

𝑇𝐺𝐵,𝑖𝑛,𝐵𝜔𝐺𝐵,𝑖𝑛,𝐵 + 𝑘𝑠𝑒𝑎𝑙𝑁𝑇max 𝑚𝑜𝑡𝑜𝑟𝜔𝐺𝐵,𝑖𝑛,𝐵 + (𝑘𝑚𝑒𝑠ℎ + 𝑘𝑏𝑒𝑎𝑟𝑖𝑛𝑔)𝑇𝐺𝐵,𝑖𝑛,𝐵𝜔𝐺𝐵,𝑖𝑛,𝐵

  . 4.40 

The backwards gearbox applies this efficiency to the torque request and reduces the torque 

and multiplies the speed as shown in Equations 2.17 and 2.19 before the speed and torque 

requests get passed to the backwards motor block. 

4.3.2 Forwards Gearbox Block 

The forwards gearbox block takes the torque (TGB,in,F) and speed (ωGB,in,F) that the forwards 

motor block supplies as inputs. It uses a rearranged form of Equation 4.40 so that the 

efficiency is based on the torque and speed inputs coming from the motor during the forward 

phase of the simulation. 

 𝜂𝐺𝐵 =
𝑇𝐺𝐵,𝑖𝑛,𝐹𝜔𝐺𝐵,𝑖𝑛,𝐹 − 𝑘𝑠𝑒𝑎𝑙𝑇max 𝑚𝑜𝑡𝑜𝑟𝑁𝜔𝐺𝐵,𝑖𝑛,𝐹

(1 + 𝑘𝑚𝑒𝑠ℎ + 𝑘𝑏𝑒𝑎𝑟𝑖𝑛𝑔)𝑇𝐺𝐵,𝑖𝑛,𝐹𝜔𝐺𝐵,𝑖𝑛,𝐹

  . 4.41 

For the motoring case, the forward gearbox block applies the gear ratio and the efficiency 

according to 

 𝑇𝐺𝐵,𝑜𝑢𝑡,𝐹 = 𝜂𝐺𝐵𝑇𝐺𝐵,𝑖𝑛,𝐹𝑁 
4.42 

and for the braking case 

 
𝑇𝐺𝐵,𝑜𝑢𝑡,𝐹 =

1

𝜂𝐺𝐵
𝑇𝐺𝐵,𝑖𝑛,𝐹𝑁 . 4.43 

The speed outputted by the gearbox is calculated according to  

 𝜔𝐺𝐵,𝑜𝑢𝑡,𝐹 =
𝜔𝐺𝐵,𝑖𝑛,𝐹

𝑁
 . 4.44 

since the efficiency has already been accounted for in the torque calculation. The forwards 

gearbox block outputs the torque (TGB,out,F) and speed (ωGB,out,F) produced by the gearbox, 

typically to the forwards wheel-axle block.   
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4.4 Motor-Power Electronics Blocks 

The primary purpose of the motor-power electronics block is to model the losses and 

performance limits of the motor and its power electronics. It imposes performance limits 

based on the maximum torque and speed curves of the motor and power electronics, and it 

calculates the efficiency of the motor and power electronics based on an efficiency map. The 

torque and speed curves along with the efficiency map are usually contained in the literature 

for a commercially available motor-power electronics package. Thus, the Level 3 motor 

model meets the OVEM criteria for being able to be rapidly implemented using data that is 

typically readily available while still providing accurate results. Computational tools exist 

that are capable of modeling motor and power electronics behavior in much more detail. 

Typically, these packages involve finite element analysis and are used to determine the 

performance and efficiency of different motor and power electronics designs [76]. Since 

OVEM is not concerned with such detailed questions of design, these modeling techniques 

were not implemented in OVEM. However, OVEM could easily incorporate an efficiency 

map generated by such a program. 

In the Level 3 simulation, the motor and power electronics are combined into one 

block because manufacturers commonly report their efficiency as one system, or if the 

efficiency maps for a motor and power electronics module are reported separately, they can 

usually be combined to produce an efficiency map for the motor and power electronics as one 

system. 

The Level 3 motor block also has the ability to model multiple tractive motors (direct-

drive or with a gearbox). This is something that, to the best of the author’s knowledge, is 

unique to OVEM. 
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4.4.1 Backwards Motor-Power Electronics Block 

The backwards motor-power electronics block takes the torque and speed requests from the 

gearbox as inputs. The motor-power electronics model enforces the motor’s torque and speed 

limits. The motor-power electronics block determines its efficiency based on an efficiency 

map where the efficiency of the motor and power electronics varies with torque and speed. 

Figure 4.10 shows one such efficiency map [61]. The efficiency is then used to calculate the 

power that the motor will produce as an output. The power request is computed according to 

Equations 2.20 and 2.21. This power request is then typically outputted to the energy storage 

system via the electric bus.  

 

Figure 4.10: Efficiency map for a commercially available 100 kW permanent magnet electric motor and power 

electronics system [61] 

 

The maximum torque curve in Figure 4.10 warrants a brief discussion as it 

demonstrates principles that are common across a range of motors used in OVEM. The 

maximum torque of the motor is generally set by the current limit imposed by the power 

electronics. This results in the constant torque seen until approximately 1500 rpm. For further 

speed increases beyond the base speed (1500 rpm, for this motor), the output voltage from the 

power electronics becomes limited, and field weakening is required. This causes the 

maximum torque of the motor to decrease, though at this stage (between 1500-2000 rpm, for 

this motor) the torque decreases in such a way relative to the speed increases that the power 

still increases. Eventually the motor reaches its maximum power limit where power is held 
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constant (at approximately 2000 rpm, for this motor) and the torque continues to decrease 

proportionally as speed increases. The maximum power limit is commonly imposed by the 

power electronics, and a constant power region (seen at speeds greater than 2000 rpm, for this 

motor) produces a hyperbolic relationship between maximum torque and speed. 

4.4.2 Forwards Motor-Power Electronics Block 

The electric bus block passes the amount of power it can supply to the forwards motor-power 

electronics block. The backwards motor-power electronics block calculated the ratio between 

the amount of torque requested from it by the backwards gearbox block and the amount of 

power it requested from the bus. The forwards motor-power electronics model multiplies this 

ratio by the amount of power it receives from the electric bus to determine the amount of 

torque it can generate. It is assumed that the speed of the motor is the same as was calculated 

during the backwards phase of the simulation. The updated torque and speed values are used 

to determine the new efficiency of the motor on its efficiency map. The incoming power from 

the electric bus (Pmotor,in,F) is scaled by this efficiency (ηmotor) and divided by the speed input 

from the backwards motor-power electronics block (ωmotor,in,F) to produce the torque of the 

motor. During the motoring case, the torque (Tmotor,out,F) is calculated according to 

 
𝑇𝑚𝑜𝑡𝑜𝑟,𝑜𝑢𝑡,𝐹 =

𝑃𝑚𝑜𝑡𝑜𝑟,𝑖𝑛,𝐹

𝜔𝑚𝑜𝑡𝑜𝑟,𝑖𝑛,𝐹
𝜂𝑚𝑜𝑡𝑜𝑟 

4.45 

where Pmotor,in,F is the power input coming from the electric bus and ωmotor,in,F is the speed 

input coming from the backwards motor-power electronics block. Note that during the 

forwards part of the simulation for the motoring case, the upstream power is multiplied by the 

efficiency because the components downstream from the motor block will have less power 

available to them due to the motor’s internal losses. During the braking case, the torque 

output is divided by the efficiency to reflect that the downstream components will actually 
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have more power passing through them than the upstream components due to the internal 

losses of each component 

 
𝑇𝑚𝑜𝑡𝑜𝑟,𝑜𝑢𝑡,𝐹 =

𝑃𝑚𝑜𝑡𝑜𝑟,𝑖𝑛,𝐹

𝜔𝑚𝑜𝑡𝑜𝑟,𝑖𝑛,𝐹

1

𝜂𝑚𝑜𝑡𝑜𝑟
 . 

4.46 

The amount of torque and speed the motor can actually produce or accept is then outputted to 

the forwards gearbox block. 

4.5 Electric Bus Block 

The electric bus serves as the interface between the motor-power electronics blocks and the 

energy storage system and alternative power unit blocks. The electric bus block manages this 

interaction by controlling the vehicle’s energy management strategy (EMS), which is 

discussed in Section 4.9. Level 3 has the ability to simulate two different types of energy 

storage systems simultaneously being used to power the vehicle – which is a feature unique 

to OVEM in the vehicle modeling landscape. OVEM can be a valuable tool to analyze how 

hybridizing the energy storage system, such as with batteries, ultracapacitors, or an 

alternative power unit, such as an ICE or fuel cell, can affect the vehicle’s performance. The 

models governing the behavior of the energy storage system are complex, and a discussion of 

the component models and their energy management strategies appears below. The electric 

bus block receives the power capable of being produced or accepted by the energy storage 

system which it turns into an output that gets passed to the forwards motor-power electronics 

block. 

4.6 Energy Storage System Block   

The energy storage system block is comprised of three different technologies – 

ultracapacitors, batteries, and high-speed flywheels – with each technology having multiple 

products comprising its library thus far in OVEM. The technologies can be arranged to 

function alone or in combination with another technology. OVEM’s capacity to hybridize 
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energy storage systems is something that is not available in other vehicle modeling packages 

[40]. This is a significant contribution to the field as the ability to hybridize energy storage 

systems, particularly of different technologies in order to capitalize on their unique strengths, 

has the potential to be a key advancement for electric and hybrid electric vehicles.  

The size and technology of the energy storage system(s) are set by the user and the 

power flows between the energy storage system(s) and the rest of the vehicle are managed by 

the electric bus’s implementation of an energy management strategy. Below is a description 

of the different models that make up the energy storage system block.   

4.6.1 Ultracapacitor Model 

Ultracapacitors are a promising technology for storing electrical energy aboard electric and 

hybrid electric vehicles [77]. Their high specific power (on the order of 8 kW/kg) and high 

cycle life (on the order of 106 cycles) make them well-suited for the type of frequent and 

intense charging and discharging commonly demanded from the energy storage systems in 

electric and hybrid electric vehicles [78] [79] [80] [81] [82]. For these reasons, an 

ultracapacitor model was essential for OVEM. Section 4.6.1.1 presents the review of the 

ultracapacitor modeling landscape that was conducted. And as Section 4.6.1.2 explains, an 

ultracapacitor model that met OVEM’s criteria was derived and ultimately implemented. 

4.6.1.1 Overview of Existing Ultracapacitor Models 

Ultracapacitors store charge on the electric double-layer that forms between an electrode 

typically made of highly porous activated carbon and an electrolyte [83] [84]. The high 

surface area of the porous carbon electrode allows for a great deal of charge to be stored 

along the electric double layer. Figure 4.11 provides a diagram illustrating the principle 

behind how charge is distributed throughout the electrode-electrolyte interface and how that 

charge must travel through the porous structure of the electrode in order to reach the 

ultracapacitor’s terminals [85]. The unique structure of ultracapacitors gives them two 
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characteristics that must be accounted for in their modeling. The first of these characteristics 

is that their voltage and capacitance vary as a nonlinear function of the state of charge. The 

second of these characteristics is that their impedance and charge storage dynamics are a 

function of frequency. Ultracapacitor modeling programs must account for these factors in a 

manner that is appropriate given the objectives of the modeling effort. 

 

Existing ultracapacitor models can generally be lumped into two categories: physics-

based and circuit-based. Physics-based models are typically concerned with the internal 

dynamics of the ultracapacitor that generally happen over small timescales [78] [86] [87] – 

timescales that are smaller than those of interest to OVEM. Additionally, physics–based 

models tend to require extensive experimental and computational resources to generate and 

process their necessary parameters. Given the inability of these models to facilitate rapid 

simulation of existing and emerging technologies by being able to be based on readily 

available product data and since they were concerned with timescales outside of OVEM’s 

range of interest, they were not considered further for implementation into OVEM.  

However, circuit-based models are an established technique that is more suited to the 

timescales and conditions of interest to OVEM [88]. Thus, they were investigated further as a 

potential basis for OVEM’s ultracapacitor model. A common approach in modeling 

ultracapacitor behavior is to construct an equivalent circuit that represents the physical 
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Figure 4.11: Schematic of the electrode and electrolyte inside an ultracapacitor 
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processes taking place within the device. This typically leads to an equivalent circuit model 

consisting of repeating resistor and capacitor (RC) branches that simulate the distributed 

nature of the resistance and capacitance within an ultracapacitor [89]. Each of the RC 

branches contributes a time constant to the overall RC network. These time constants 

combine to represent the series of charge storage effects created by the electrode’s porosity. 

Figure 4.12 demonstrates a branched RC circuit [85]. In principle, any number of RC 

branches could be used to describe the distributed nature of charge storage in ultracapacitors 

– with more branches theoretically enabling a better representation of the distributed nature 

of the charge storage. However, the interdependence between the equivalent circuit 

parameters means that calculating the parameters for more than four or five branches can 

rarely be done efficiently [90]. Equivalent circuit models in the literature generally only 

consist of four to five branches [85] [89] [90] [89]. For that reason the ultracapacitor model 

initially examined in OVEM (Figure 4.14) has four RC branches. 

 

Ultracapacitors have only been designed with automotive applications in mind for 

roughly the past ten years, and ultracapacitors have yet to find their way into a mainstream 

commercially available automobile [91]. The technology is constantly evolving, and while 

this model has successfully modeled ultracapacitor behavior in the past, ultracapacitor 

behavior is highly sensitive to the electrode’s pore structure and materials [89]. This study 

wanted to verify that it was valid for the newest ultracapacitor releases by testing it against 

experimental results. 

Electrode 

Electrolyte 

C1 C2 C3 Cn 

R1 R2 R3 Rn 

Figure 4.12: Ultracapacitor equivalent circuit model  
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Ultracapacitor behavior is a function of frequency [89]. So in order to find the values 

of the elements in the equivalent circuit in Figure 4.12, a technique known as impedance 

spectroscopy was employed. Impedance spectroscopy is a well-established technique that is 

frequently used to characterize electric devices [92]. It uses the fact that the impedance of a 

device, Z, is defined as 

 
𝑍(𝑗𝜔) =

𝑉(𝑗𝜔)

𝐼(𝑗𝜔)
  4.47 

where V is the voltage and I is the current and V, I, and Z are dependent on frequency, ω. To 

determine the impedance from Equation 4.47, either the voltage or current across the device 

must be varied (usually sinusoidally) at a known frequency while the change in the other 

parameter is observed. In practice, it is simpler to control the current for ultracapacitors [93], 

so in this study the discharge current was varied sinusoidally with a controlled frequency and 

amplitude, and the resulting alternating voltage across the ultracapacitor was measured. A 

schematic of the experimental apparatus that was built to carry out this test is shown in Figure 

4.13. 

 

A 2600 F (Maxwell) ultracapacitor was first charged by the voltage source to a DC 

bias of 2.5 V which was the upper limit of its operating range. The switch was then opened so 

that the ultracapacitor was no longer connected to the DC voltage source. The current sink 

began to slowly discharge the ultracapacitor by withdrawing a current of a known amplitude 

and frequency. The discharging current produced a small oscillating voltage signal across the 

ultracapacitor. This signal was measured by a lock-in amplifier (Stanford Research Systems, 

SR830). Lock-in amplifiers are able to extract small signals (on the order of 10-9 V) from 

↓ 

Alternating 

Current Sink 
DC Voltage Source 

Ultracapacitor 
Lock-in 

Amplifier 

Switch 

Figure 4.13: Schematic of the impedance spectroscopy experimental apparatus 
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noisy environments where the noise may be thousands of times larger than the signal of 

interest. By using a technique called phase-sensitive detection, the lock-in amplifier is able to 

identify a signal at a specified frequency and determine its magnitude and phase relative to a 

reference signal [94]. In this case, the reference signal was the signal driving the current sink 

and the measured signal was the voltage across the ultracapacitor. The root-mean-square of 

the AC voltage and current were inserted into Equation 4.47 and the impedance of the 

ultracapacitor at that particular frequency was obtained. This process was repeated for a range 

of frequencies from 10 mHz – 100 Hz. 

Once the experimental data was obtained, it appeared that the measured impedance of 

the ultracapacitor was affected by the inductance of the connections between the 

ultracapacitor and the rest of the experimental apparatus as indicated by the tendency of the 

impedance’s phase to move towards 90° at high frequencies. In order to account for this, a 

serial inductor, L, was added to the model in Figure 4.12, and this revised equivalent circuit 

appears in Figure 4.14 [93]. 

 

The impedance (Z) of the revised four branch model seen in Figure 4.14 is expressed by the 

Laplace transform (assuming the inductor and capacitors had no initial current or voltage, 

respectively) [93]. 

C1 C2 C3 C4 

R1 R2 R3 R4 L 

Figure 4.14: Revised four branch model 
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𝑍 = 𝐿𝑠 + 𝑅1 +

1

𝐶1𝑠 +
1

𝑅2 +
1

𝐶2𝑠 +
1

𝑅3 +
1

𝐶3𝑠 +
1

𝑅4 +
1

𝐶4𝑠

 

4.48 

This expression for the impedance is substituted into the transfer function in Equation 4.47, 

and just as in the experimental impedance spectroscopy procedure, the model varies the input 

current sinusoidally and its effect on the voltage across the modeled ultracapacitor is 

observed.  

The parameters in the four branch model were arrived at through an analysis of the 

break points in the experimental data. Table 4.1 shows the values used for the parameters in 

the revised four branch model seen in Figure 4.14.  

Table 4.1: Values of the parameters in the four branch model 

R1 210 µΩ C1 90 F L 44 nH 

R2 50 µΩ C2 1600 F   

R3 190 µΩ C3 110 F   

R4 30 µΩ C4 700 F   

Figure 4.15 shows the agreement between the experimental data and the predictions of the 

four branch model from Figure 4.14.   

 

 

Figure 4.15: Comparison between the four branch model’s prediction and the experimental measurement of 

ultracapacitor impedance 
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The four branch model shows an agreement to within 3µΩ of the experimental results 

on the impedance modulus. The agreement on the impedance modulus for most of the 

frequency range is actually closer than 5% with the largest disagreement occurring toward the 

low end of the frequency range, near 10 mHz (corresponding to a time constant of 100 s). 

The largest disagreement between the experimental and simulated results on the phase was 

3°, and it occurred around 60 Hz (corresponding to a time constant of 16 ms). Due to the 

small disagreement between the model and the experimental results, it was apparent that the 

four branch model accurately modeled ultracapacitor behavior.  

However, the drawback of the four branch model was that while it was accurate, it 

was experimentally and computationally intensive. Deriving the model parameters through 

impedance spectroscopy requires a great deal of time and experimental resources. The 

computational runtimes for this model were also long enough to impinge upon OVEM’s goal 

of being able to rapidly compare many different powertrains. The time step of the rest of the 

vehicle simulation is set to 1 second. The four branch model accurately predicts 

ultracapacitor behavior up to 100 Hz. Therefore, it accounts for transient processes with time 

constants on the order of 10 ms (100 Hz-1). This made it a less than ideal choice for 

implementation into OVEM. Such a degree of resolution is not necessary given the longer 

time step (1 s) used throughout the rest of the Level 3 simulation. In order to rectify these 

issues, an alternative model was sought that was more experimentally and computationally 

efficient and appropriate given OVEM’s objectives.   

It was observed that the RC time constants from Table 4.1 for R1C1, R3C3, and R4C4 

were all similar: 52 s, 48 s, and 48 s, respectively. Thus, it was concluded that they might be 

redundant and could be combined into a single branch. A two branch model was constructed 

as shown in Figure 4.16. 
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Figure 4.16: Revised two branch ultracapacitor model 

 

The parameters for the two branch model were set as shown in Table 4.2. 

Table 4.2: Parameters for two branch ultracapacitor model 

R1 280 µΩ C1 1100 F L 65 nH 

R2 50 µΩ C2 1500 F   

 

The comparison between the measured experimental results and the results from the two 

branch model are shown in Figure 4.17. 

 

 

Figure 4.17: Comparison between the two branch model’s prediction and experimental measurement of 

ultracapacitor impedance 
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extensive computational and experimental resources as impedance spectroscopy still had to 

be employed to derive its parameters.  

4.6.1.2  Ultracapacitor Model Used in OVEM 

R.A. Dougal et al. identified that a multi-branch model could be truncated based on the 

simulation’s accuracy requirements [89]. Thus, the effect of removing all but one of the RC 

branches from the four branch model was examined. The serial inductor was also removed as 

its time constant was outside the range of interest for the Level 3 simulation. Figure 4.18 

shows the simplified model.  

 

The impedance of the simplified model can be expressed by a Laplace transform 

which was substituted into the transfer function in Equation 4.47 

 𝑉(𝑠)

𝐼(𝑠)
= 𝑍(𝑠) = 𝑅1 +

1

𝐶1𝑠
  . 4.49 

The simplified model was then compared to the experimental data for a 2600 F 

ultracapacitor. R1 was set to 330 µΩ which was the manufacturer’s rated equivalent series 

resistance and C1 was set to the rated capacitance of 2600 F [95]. Figure 4.19 shows the 

simplified model’s ability to predict the experimental data based on the rated internal 

resistance and capacitance. 

R1 

C1 

Figure 4.18: Simplified equivalent circuit with one RC branch 
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Figure 4.19: Comparison between the simplified model’s (one RC branch) prediction and the experimental 

measurement of ultracapacitor impedance 

 

The simplified model predicts the impedance modulus of the ultracapacitor to within 

80 µΩ with the largest difference between the experimental data and modeled results 

occurring at 100 Hz (corresponding to a timescale of 10 ms). The fact that the first-order 

model deviates the most from the data at 100 Hz is understandable given that as a first order 

model with one RC branch and no inductor it has a more limited ability to accurately account 

for a wide frequency range. Yet, timescales on the order to 10 ms are outside of the timescale 

range of interest to OVEM. For the timescales relevant to OVEM (approximately 1-104 s), 

the simplified, first-order model is within OVEM’s accuracy range. So while the four and two 

branch models are more accurate across a wider frequency range, the simplified model is 

sufficiently accurate for OVEM. The marginal gain in accuracy obtained through the four and 

two branch models was, in the estimation of the author, overshadowed by the reduced need 

for experimental resources and computational runtimes made possible via the one branch 

model, as the one branch model was able to utilize readily available data which aligned with 

OVEM’s goal of enabling rapid simulation of existing and emerging technologies.  
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With the one RC branch model characterizing the ultracapacitor across its frequency 

range, the ultracapacitor then need to account for the nonlinearity of its voltage and 

capacitance as a function of the ultracapacitor’s state of charge. One of the fundamental 

equations describing ultracapacitor behavior is 

 

𝐸𝑂𝐶 =
𝑄

𝐶
    4.50 

where EOC is the open-circuit voltage of the ultracapacitor, C is its capacitance, and Q is the 

amount of charge the ultracapacitor contains. Note that Q is proportional to the state of 

charge (SOC varies from 1 to 0 with 1 being fully charged and 0 being fully discharged) of 

the ultracapacitor. In an ideal capacitor, the capacitance remains constant regardless of the 

state of charge. However, in actuality the capacitance of an ultracapacitor varies as a function 

of its stage of charge, which has been overlooked by existing vehicle modeling packages – 

notably, ADVISOR [40]. Figure 4.20 shows an example of how the capacitance varies as a 

function of the state of charge for a 350 F ultracapacitor [96]. 

 

Figure 4.20: Variation in capacitance as a function of SOC for a 350 F ultracapacitor 

 

This means that according to Equation 4.50, the open-circuit voltage of an ultracapacitor does 

not vary linearly with the stage of charge. Figure 4.21 shows the relationship between EOC 

and stage of charge for a Maxwell 350 F ultracapacitor [96]. Note that this relationship is 

typical for a range of ultracapacitor sizes, and this data is usually available as part of the 

literature on an ultracapacitor. Thus, all of the parameters necessary to construct this 
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ultracapacitor model can be obtained from readily available sources – a key criteria for 

implementation into OVEM.  

 

Figure 4.21: Relationship between the open-circuit voltage and SOC of a 2600 F ultracapacitor 

 

4.6.1.3 Integration into OVEM 

The one RC branch model was modified once again based on the knowledge of the 

relationship between the capacitance, open-circuit voltage, and state of charge of an 

ultracapacitor so that it could be integrated into OVEM. The ultracapacitor could now be 

modeled as an open-circuit voltage source, EOC, and take the place of the capacitor in the one 

branch RC equivalent circuit.  The open-circuit voltage source was then placed in series with 

the resistor, R. This was ultimately the model that was integrated into OVEM. A schematic of 

this model is shown in Figure 4.22, and a derivation of how it integrates with the rest of the 

vehicle model is shown below. 

 

 

The model works by first taking a power request (which it receives from the electric 

bus block) as an input (note that this based in part on derivations from [24] [46]). The power, 

P, which the ultracapacitor can deliver (positive value) or receive (negative value) is given by 
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Figure 4.22: Equivalent circuit model for an ultracapacitor implemented in the Level 3 simulation 
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 𝑃 = 𝐼𝑉 4.51 

where I is the current entering or exiting the ultracapacitor and V is the voltage across the 

terminals of the ultracapacitor. R is the series internal resistance and EOC is the open-circuit 

voltage of the ultracapacitor. For the case when the ultracapacitor is discharging, the open-

circuit voltage is expressed as, 

 𝐸𝑂𝐶 = 𝑉 + 𝐼𝑅  4.52  

and for the case when the ultracapacitor is charging, it is expressed as 

 𝐸𝑂𝐶 = 𝑉 − 𝐼𝑅.  4.53 

By substituting Equation 4.51 into Equations 4.52 and 4.53 the quadratic expressions are 

obtained for discharging 

 𝑅𝐼2 − 𝐸𝑂𝐶𝐼 + 𝑃 = 0 4.54 

and charging 

 𝑅𝐼2 + 𝐸𝑂𝐶𝐼 − 𝑃 = 0 4.55 

the ultracapacitor. By applying the quadratic equation to Equations 4.54 and 4.55, the 

following expressions can be obtained for the current leaving (during discharging) 

 
𝐼 =

𝐸𝑂𝐶 ± √𝐸𝑂𝐶
2 − 4𝑅𝑃

2𝑅
 

 4.56 

and entering (during charging) 

 
𝐼 =

−𝐸𝑂𝐶 ± √𝐸𝑂𝐶
2 + 4𝑅𝑃

2𝑅
  . 

 4.57  

the energy storage system. In order to ensure that there are no complex roots in Equations 

4.56 and 4.57, a maximum power limit is set on the power request such that 

 
|𝑃| <

𝐸𝑂𝐶
2

4𝑅
 4.58 

Any power request passed to the energy storage system that violates this inequality is limited 

by the model so that the inequality holds true.  
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Given that the discriminant in both equations is positive, as ensured by the limitation 

imposed in Equation 4.58, in the discharging case (where the power requests are labeled as 

positive) and charging case (where the power requests are labeled as negative) the following 

inequality is true 

 
𝐸𝑂𝐶 > √𝐸𝑂𝐶

2 − 4𝑅𝑃 . 
4.59 

This means that the discharging case (Equation 4.56) has two positive solutions, and the 

charging case (Equation 4.57) has two negative solutions.  

 For the discharging case, this means that one of the positive solutions has a higher 

numeric value than the other positive solution – meaning that one solution requires a higher 

current to meet the power request than the other solution. For the charging case, one solution 

has a lesser negative value than the other negative solution – meaning that one solution 

requires more current than the other solution in order to deliver the specified power charge to 

the energy storage system.  

Figure 4.23 provides a visual example of this concept. Figure 4.23 plots the two 

positive solutions (high current and low current) for the discharge case for a range of power 

requests for a representative energy storage system: a 2600 F ultracapacitor array (consisting 

of 2000 cells each with an internal resistance of 300 µΩ) at a state of charge such that its EOC 

is currently 2.5 V/cell.  

 

Figure 4.23: Plot of high and low positive currents in the discharge case for a 2600 F ultracapacitor 
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The question of which solution to use is answered by using the solution in both the 

charging and discharging cases where the absolute value of the current is closest to zero. This 

is done for two reasons: to reduce the strain on the energy storage system posed by high 

current charges and discharges and to prevent the energy storage system’s state of charge 

from draining needlessly by meeting power demands with a higher than necessary current. 

Therefore for both the discharging and charging cases, the only solution that is used is the 

solution where the absolute value of the current is closest to zero: so for discharging 

 
𝐼 =

𝐸𝑂𝐶 − √𝐸𝑂𝐶
2 − 4𝑅𝑃

2𝑅
 

4.60 

and charging 

 
𝐼 =

−𝐸𝑂𝐶 + √𝐸𝑂𝐶
2 + 4𝑅𝑃

2𝑅
  . 

4.61 

If the amount of current entering or exiting the ultracapacitor is greater than the maximum 

amount it can handle as specified by the manufacturer’s datasheet, then the model limits the 

current to the maximum allowable limit. Once the model knows the amount of current 

entering or exiting the ultracapacitor, it can multiply that value by the length of the time step 

to determine the amount of charge removed during that time step. The amount of charge 

added to and removed from the ultracapacitor is tracked, and at the end of each time step the 

cumulative amount of charge removed is compared to the charge capacity of the 

ultracapacitor to determine its state of charge (SOC)  

 

𝑆𝑂𝐶 = 1 −
𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝐶ℎ𝑎𝑟𝑔𝑒 𝑅𝑒𝑚𝑜𝑣𝑒𝑑 

𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦
 . 4.62 

The terminal voltage is then computed from  

 𝑉 = 𝐸𝑂𝐶 − 𝐼𝑅 4.63 

since the current is computed to be negative during charging and positive during discharging. 

Once the terminal voltage is known it can be multiplied by the current to determine the power 
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supplied or accepted by the energy storage system, and this power is ultimately the output 

from the ultracapacitor model. 

4.6.2 Battery Model 

Batteries are currently the most common means for storing electricity onboard commercially 

available electric and hybrid electric vehicles [11] [97]. Therefore, any effort to simulate EVs 

and HEVs must incorporate a way to model battery behavior. The battery model used in 

OVEM aligns with OVEM’s goals of incorporating component models that are sufficiently 

experimentally and computationally efficient and able to be based on readily available data. 

Sections 4.6.2.1 through 4.6.2.3 present the process that went into formulating the battery 

model that was ultimately integrated into OVEM.  

4.6.2.1 Existing Battery Models 

Modeling battery behavior is a difficult task, as batteries behave as a function of many 

complex electrochemical processes. To compound the challenge of modeling battery 

behavior, there are an array of battery chemistries, each with its own distinct processes and 

traits that can require detailed models to fully capture their nuances. Different types of battery 

models have been devised to try to model battery behavior, and these models generally fall 

into two main categories: physics-based and circuit-based.  

 Physics-based models are typically concerned with the internal electrochemical 

processes taking place inside a battery [98] [99] [100] [101] [102] [103] [104]. They attempt 

to model these processes in great detail, usually with the aim of better understanding existing 

batteries or creating better batteries in the future. These types of models are require a measure 

of experimental resources to obtain their necessary parameters that make them poorly suited 

for the more systems-level modeling endeavor of Level 3 [88]. Therefore, they were not 

considered further for implementation into OVEM. 
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  Circuit-based models, similar to what was investigated for the ultracapacitors, are also 

widely used. With circuit-based models, there is a strong relationship between complexity 

and accuracy. Simple circuit-based models often do not account for the effect that discharge 

rate and state of charge have on the capacity and voltage of the battery. More complex 

circuit-based models attempt to account these effects by incorporating nonlinear circuit 

elements to model the complex electrochemical processes taking place within a battery. 

These nonlinear elements have the potential to improve the accuracy of the model; however, 

they dramatically increase the experimental and computational demands of the model. 

Figure 4.24 shows the equivalent circuit of one such circuit-based model for a lead-

acid battery derived by Mauracher and Karden [105]. In this model, EOC is an open-circuit 

voltage source that depends on the state of charge of the battery. R0 is a constant resistance 

representing all the conductive elements of the battery. RD is a charge-transfer resistance, and 

ZWI and ZWL are Warburg impedances that model diffusion in the electrolyte. CD accounts for 

the double-layer capacitance. V is the terminal voltage of the battery, and I is the current 

entering or exiting the battery.  

 

This model was shown to produce accurate results – within 1% agreement with 

experimental data. However, it has a host of disadvantages that clash with OVEM’s selection 

criteria for a battery model. CD, RD, ZWI, and ZWL are all nonlinear elements which are derived 

through impedance spectroscopy. As was learned during the formulation of the ultracapacitor 

R0 
VD 

RD (VD) 

VKI 

ZWI (VKI) 

VKL 

ZWL (VKL) 

CD(VD) 

I 

V EOC 

Figure 4.24: Complex equivalent circuit model for a lead-acid battery 
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model, impedance spectroscopy is an experimentally demanding process that would impede 

the model’s ability to rapidly incorporate the parameters from new battery products. For 

instance, it would take weeks to obtain the parameters necessary to model a new battery in 

order to observe the effect that it might have on a vehicle’s energy consumption. In an 

environment where new battery technologies are constantly emerging, this time penalty is 

prohibitively costly. Additionally, models using these complex parameters require long 

computational runtimes which also hurts OVEM’s ability to rapidly assess different 

powertrain topologies. These circuit elements also primarily model processes that occur 

outside of the timescales of interest to OVEM [105]. And this particular model is only 

applicable to a lead-acid battery chemistry, and thus is not well-suited to meeting OVEM’s 

goal of having a battery model that could serve as a flexible tool capable of rapidly 

simulating many different battery chemistries. 

 Figure 4.25 shows an equivalent circuit model for a lithium-ion battery [106]. In this 

model, L is an inductor, Ri is an Ohmic resistance, ZZARC consists of an arbitrary number of 

branched resistor-capacitor circuits (similar to the branched RC circuit in the complex 

ultracapacitor model), and ZW is a Warburg impedance.  

 

Figure 4.25: Complex equivalent circuit model for a lithium-ion battery 

  

Just as with the equivalent circuit model for the lead-acid battery, this model requires 

impedance spectroscopy to characterize the nonlinear circuit elements, ZZARC and ZW. These 

nonlinear elements add significantly to the model’s computational runtime. The complexity 

of this lithium-ion model further shows that conducting impedance spectroscopy for every 
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battery across all of the different chemistries of interest to OVEM would consume a 

prohibitive amount of resources and time.  

4.6.2.2 Battery Model Used in OVEM 

Given the challenges presented by the aforementioned battery modeling techniques, an 

alternative was sought that would be able to provide sufficient accuracy across a range of 

chemistries and products while minimizing the need for experimental and computation 

resources by being based on readily available data. Based on the success of formulating a 

simplified ultracapacitor model, this study ventured to develop an accurate battery model in 

order to meet the design criteria of Level 3.  

Treating batteries as an open-circuit voltage with a series resistance, as seen in Figure 

4.26, is a commonly used method to model battery behavior [62]. 

 

In this model, EOC represents an open-circuit voltage source, R is a series resistance that 

represents the internal resistance of the battery, I is the current exiting or entering the battery, 

and V is the terminal voltage of the battery.  Ordinarily, this model would be too simple to 

capture many of the effects necessary to ensure a satisfactory level of accuracy for the 

OVEM battery model. However, based on the work of Tremblay et al. [107] and Shepherd 

[108], which derived an algorithm that expresses EOC as a function of the state of charge of 

the battery, this model can be used to provide accurate results using data that can be readily 

obtained. 

This algorithm uses the constant current discharge curves typically provided by 

battery manufacturers on their datasheets to ascertain EOC and R [107]. In this approach, E 

EOC 
R 

V 

I 

Figure 4.26: Simplified battery model 
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varies with the state of charge of the battery, and R is constant. This is a simplification of real 

battery behavior as EOC is not solely dependent on state of charge and the internal resistance 

of batteries can vary based on the state of charge and the discharge rate. However, it has been 

shown that for most battery chemistries generally the state of charge dependence of the 

internal resistance only has a significant effect when the battery is less than 10% discharged 

or more than 90% discharged [105]. During typical real world operation, vehicular battery 

states of charge of more than 90% and less than 10% are avoided to help prolong battery life 

[97].  So for most batteries, over the bulk of their operating range, it is reasonable to assume 

that R is constant. Note that this model also does not account for any leakage current or self-

discharge losses in the battery since those effects generally happen over time scales that are 

significantly longer than those considered in OVEM. 

A generic constant current discharge curve for a battery is shown in Figure 4.27. The 

curve in Figure 4.27 is from a sealed nickel-zinc battery which was chosen because it is 

qualitatively similar to the constant current discharge curves for a range of battery 

chemistries [109]. In a constant current discharge, the terminal voltage of the battery initially 

experiences an exponential decline, denoted in Figure 4.27 as the exponential zone. As 

charge is withdrawn, the terminal voltage of the battery enters a period where the voltage 

remains relatively flat. This interval is known as the nominal zone and the terminal voltage in 

this range is usually reported as the battery’s rated voltage. Finally, once the charge removed 

from the battery passes a certain point the voltage begins to drop off rapidly.   
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Figure 4.27: A generic constant current discharge curve obtained from a sealed nickel-zinc battery [109] 

 

Figure 4.27 is also labeled with several key parameters which will play a role in 

deriving the expressions for EOC and R. Efull is the terminal voltage of the battery when it is 

fully charged. Eexp is the terminal voltage of the battery when enough charge has been 

withdrawn that it is at the end of its initial exponential voltage drop. Qexp is the amount of 

charge withdrawn from the battery when the voltage reaches Eexp. Enom is the voltage at the 

end of the nominal zone, just before the voltage drops off sharply. Qnom is the amount of 

charge withdrawn at the end of the nominal zone. Qcap is the battery’s capacity. The 

derivation to follow is based on the work of Tremblay et al. [107] and Shepherd [108], and it 

encompasses Equations 4.64 to 4.69. In this derivation, it will be seen how the values 

described above interact to predict the discharge behavior of a battery. The exponential zone 

of the discharge curve is modeled by the expression 

 𝐴𝑒(−𝐵∙𝑄𝑟𝑒𝑚𝑜𝑣𝑒𝑑) 4.64 

where Qremoved is the cumulative charge removed from the battery during a discharge and 

 𝐴 = 𝐸𝐹𝑢𝑙𝑙 − 𝐸𝐸𝑥𝑝 4.65 

and 

 
𝐵 =

3

𝑄𝐸𝑥𝑝
  .  4.66 
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The polarization at the anode and cathode of the battery as current flows into or out of it can 

be accounted for by  

 
𝐾 =

(𝐸𝑓𝑢𝑙𝑙 − 𝐸𝑛𝑜𝑚 + 𝐴(𝑒−𝐵𝑄𝑛𝑜𝑚 − 1))(𝑄𝑐𝑎𝑝 − 𝑄𝑛𝑜𝑚)

𝑄𝑛𝑜𝑚
 4.67 

where K is the polarization voltage. It is assumed that the battery has a constant potential E0  

 𝐸0 = 𝐸𝑓𝑢𝑙𝑙 + 𝐾 + 𝑅𝑖𝑛𝑜𝑚 − 𝐴 4.68 

where inom is a value for the current that can be changed to yield an improved fit. Ultimately 

the open-circuit voltage is obtained from  

 

𝐸𝑂𝐶 = 𝐸0 − 𝐾
𝑄𝑐𝑎𝑝

𝑄𝑐𝑎𝑝 − 𝑄𝑟𝑒𝑚𝑜𝑣𝑒𝑑
+ 𝐴𝑒(−𝐵∙𝑄𝑟𝑒𝑚𝑜𝑣𝑒𝑑)  . 4.69 

It should be noted that the expression for E in Equation 4.69, while based on values meant to 

represent physical parameters, is a quasi-empirical formula where the values influencing the 

determination of EOC are often tuned over multiple iterations in order to yield an expression 

for EOC that produces the best fit with the data [108]. Through the iterative curve-fitting 

process these parameters may lose elements of their physical significance, in an attempt to 

obtain a better fit, and obtaining the better fit is ultimately the higher priority [108].   

Figure 4.28 and Figure 4.29 show the result of implementing the expression obtained 

for EOC and the value determined for R into Equation 4.52 for the discharge curves of 

batteries of different chemistries. The experimental curve (points labeled “exp”) represent 

values that were taken from the batteries’ datasheets. Figure 4.28 and Figure 4.29 show that 

this model (curve labeled “sim”) predicts the discharge behavior to within 3%. Table 4.3 

contains the key parameters in the battery model that were used to obtain the model’s curves. 

The modeled curves were fit so as to minimize the disagreement between their predictions 

and the experimental data across the entire curve. Thus, the location on the curves where the 

greatest discrepancy occurs is not necessarily consistent for every type of battery simulated. 

For instance, in Figure 4.28 the greatest difference between the modeled and experimental 

curves occurs in the region where the battery has a low state of charge. And in Figure 4.29 
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the greatest difference occurs on the 10 A curve. If the user is particularly interested in 

having the model align with a particular segment of the experimental data, the model can be 

adjusted to do that. However, the default approach (as pictured in Figure 4.28 and Figure 

4.29) is to have the model minimize the difference between itself and the experimental data 

across the entire length of all the discharge curves.  

 

Figure 4.28: Experimental [110] and Level 3 simulated discharge curves for a lithium-ion battery  

 

 

Figure 4.29: Experimental [111] and Level 3 simulated discharge curves for a nickel-metal hydride battery  
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Table 4.3: Parameters for the modeled nickel-metal hydride and lithium-ion batteries 

 Lithium-Ion Battery Modeled in 

Figure 4.28 

Nickel-Metal Hydride Battery 

Modeled in Figure 4.29 

E0 (V) 3.3583 1.325 

R (Ω) 0.016 0.013 

K (V) 0.0241 0.02628 

A (V) 0.2604 0.14 

B (Ah-1) 11.195 1.363 

 

This was the battery model implemented in OVEM due to its sufficient level of accuracy, low 

computational and experimental demands, and the fact that it is based on data that is 

generally readily available. 

4.6.2.3 Integration into OVEM 

The battery model was integrated into OVEM in a manner identical to the way in which the 

ultracapacitor model was integrated – refer to Section 4.6.1.3, particularly Equations 4.51 

through 4.63. Just as with the ultracapacitor model, the battery model receives a power 

request from the energy storage system block, determines the amount of power it can accept 

or reject based on its state of charge, and then outputs the power it accepted or rejected back 

to the energy storage system block. 

4.6.3 High-Speed Flywheel Model  

Flywheels are a mature technology that, due to advances in high-strength and low density 

materials, have now found an application as high-speed flywheels as a potential means for 

storing energy onboard electric and hybrid electric vehicles [13] [35] [112]. The specific 

power and cycle life traits of high-speed flywheels make them well-suited for automobile 

energy storage system applications where frequent charging and discharging is common – 

such as in electric and hybrid electric vehicles. Thus, any attempt to model electric and 

hybrid electric vehicles should incorporate a high-speed flywheel model. OVEM is, to the 

best of the author’s knowledge, the only vehicle simulation package to incorporate a high-

speed flywheel model.  
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4.6.3.1 Existing High-Speed Flywheel Models 

Prior vehicle simulation packages have largely not included high-speed flywheels and where 

they have been incorporated, the models often assume that flywheels only experience friction 

losses that are a fixed percentage of the power entering or exiting the flywheel [13]. This 

oversimplified approach does not account for many of the loss mechanisms taking place in a 

high-speed flywheel. Other studies that have modeled flywheels have generally been 

confined to buses, rail, or even stationary applications [113] [114] [115]. Since those types of 

applications generally use more massive flywheels, their models have generally failed to 

model the high speeds and the subsequent loss behaviors that are seen in high-speed 

flywheels. Therefore, a new high-speed flywheel model was developed that aligned with 

OVEM’s objectives.  

4.6.3.2 High-Speed Flywheel Model Used in OVEM 

Energy, E, is stored in a flywheel according to 

 𝐸 =
1

2
𝐽𝜔2 4.70 

 where J is the moment of inertia and ω is the angular velocity. The spin-down loss curve 

seen in Figure 4.30 shows that high-speed flywheels experience losses proportional to the 

square of their speed [116]. A spin-down loss curve plots the power losses experienced by a 

flywheel throughout its operating speed range. Such a curve is generated by letting a flywheel 

spin freely down from its maximum speed. The speed of the flywheel is sampled in small 

time intervals, and at each of these intervals the amount of energy stored in the flywheel can 

be determined from Equation 4.70. The power losses taking place at each of these speeds can 

then be computed by dividing the difference in stored energy from one step to the next by the 

length of the time interval in between samples. Experimentally-derived spin-down loss curves 

are generally part of the literature accompanying a commercially produced high-speed 

flywheel (the caveat here is that few high-speed flywheels are commercially available as they 
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are a cutting-edge technology). OVEM can accept any spin-down loss curve for a flywheel, 

and incorporate it into the model. As was stated previously, a primary concern in building 

component models in OVEM was to develop models based on reliable and accurate data that 

is relatively easy to obtain to facilitate rapid implementation and simulation. Since the spin-

down loss curve meets those criteria, it was chosen to serve as the basis for OVEM’s high-

speed flywheel model. Note that the crosses in Figure 4.30 are the experimental data and the 

black line is the best-fit curve to that data. 

 

Figure 4.30: High-speed flywheel spin-down loss curve with best-fit curve [116] 

 

 Just as with the other energy storage system models, the high-speed flywheel model 

begins by receiving a power request to either charge or discharge. If the power request is 

above the maximum power rating of the flywheel, then the model limits that request to the 

maximum level that the flywheel can handle. The model then converts that power request to 

an energy request by multiplying the power request by the time step of the simulation. Given 

the current state of charge, the model calculates how much energy is currently stored in the 

flywheel, and the model determines how it will respond based on the energy request it just 

received. In the case of a discharge request, the flywheel model ensures that more energy will 

not be delivered than is currently being stored in the device. In the case of a charge request, 

the model ensures that more energy will not be taken in than can be stored in the flywheel. 

 A flywheel experiences losses as long as it is spinning regardless of whether or not it 

is receiving charge or discharge requests, and the model accounts for these losses. The model 
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assumes that the time step used in the simulation is sufficiently small such that the losses can 

be computed based on the average of the speed of the flywheel at the beginning and end of 

each time step. Once the losses are computed, they are deducted from the amount of energy 

currently stored in the flywheel and the state of charge of the flywheel is updated to reflect 

the amount of energy it is currently storing. 

4.6.3.3 Integration into OVEM 

A high-speed flywheel can be integrated into a vehicle as an energy storage system in one of 

two ways: electrically or mechanically [13]. Both integrations have advantages and 

disadvantages. Simulating a high-speed flywheel’s performance in both types of integrations 

can be a useful step in determining which integration is the most effective for a particular 

application.      

In an electrical integration, the flywheel is connected to the electric bus through a 

motor/generator. A fixed ratio gearbox or an alternative type of transmission can be used to 

bring the flywheel’s operating speed down to a range the motor/generator can handle. Figure 

4.31 illustrates how an electrically integrated high-speed flywheel would appear in a series 

HEV. 

 

Electrically integrating flywheels offers several advantages. The first is that by 

connecting the flywheel directly to the electric bus it interfaces with the rest of the vehicle as 

if it were a more traditional energy storage system such as a battery or ultracapacitor. While 
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Figure 4.31: Schematic of an electrically integrated high-speed flywheel in a series HEV 
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electrically integrating a flywheel still requires additional control efforts, it does not require 

extensively reengineering the powertrain [13]. Also, since the flywheel-motor/generator-

gearbox unit is connected to the electric bus via wires, it has more flexibility with its 

packaging in the powertrain. The primary disadvantage of electrically integrating a flywheel 

is that it can be a relatively inefficient way to transmit and store power since the losses of the 

wheel-axle, tractive gearbox, and tractive motor along with those losses from the 

motor/generator, gearbox, and flywheel all detract from the overall efficiency [13].  

The electrically integrated flywheel model adheres to the backwards-forwards nature 

of the Level 3 simulation. Figure 4.32 illustrates the information flows of an electrically 

integrated flywheel. The backwards power request originates at the electric bus just as it does 

for a battery or ultracapacitor. That power request gets passed to the backwards 

motor/generator block (which works in the same way as the motor block described in Section 

4.4) that determines the torque-speed combination with which to handle that power request 

given the current speed of the flywheel. The efficiency of the motor/generator at that torque 

and speed is applied to the power request (with the request being multiplied by the efficiency 

in the case of charging, and divided by the efficiency in the case of discharging). The torque 

and speed request is then passed along to the backwards gearbox block (identical to the 

gearbox block described in Section 4.3.1) which accounts for its own efficiency and converts 

its torque and speed requests to a power request before passing it along to the high-speed 

flywheel block. The flywheel block then outputs the power it was able to accept or produce to 

the forwards gearbox. The forwards gearbox block (Section 4.3.2) uses the current speed of 

the flywheel and the power accepted or produced by the flywheel to compute the torque at 

which it must operate. The forwards gearbox block accounts for its losses and then passes the 

torque and speed to the forwards motor/generator block. The forwards motor/generator block 

(which works identically to the block described in Section 4.4.2) takes the outputs from the 
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forwards gearbox and computes the efficiency corresponding to those torque and speed 

conditions based on its efficiency map. The forwards motor/generator block applies that 

efficiency to the torque and speed passing through it and then multiplies those torque and 

speed figures to obtain the power. The power is then ultimately outputted to the electric bus. 

 

In a mechanical integration, the flywheel is connected directly to the drivetrain 

through a clutch and transmission which usually takes the form of a continuously variable 

transmission (CVT). Figure 4.33 shows how a flywheel could be mechanically integrated into 

a series HEV. 

 

Mechanically integrating the flywheel tends to be more efficient than electrically integrating 

it since there are fewer components involved to contribute to the overall losses. Yet, a 

mechanical integration allows for less flexibility in the packaging since the flywheel has to be 

mechanically connected to the drivetrain. 

The mechanically integrated flywheel model also proceeds according to the 

backwards-forwards simulation method. Figure 4.34 shows the information flows in the 

model. The backwards continuously variable transmission block receives the torque and 

speed request calculated by the backwards wheel-axle block. It applies its efficiency, which 
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by default is assumed to be constant [117]. The backwards continuously variable 

transmission block then converts its torque and speed request to a power request that gets 

passed to the high-speed flywheel block. The high-speed flywheel block calculates the 

amount of power it can accept or produce given the power request and its current state of 

charge. It passes its power output onto the forwards continuously variable transmission block 

which accounts for its efficiency before passing its torque and speed outputs along to the 

backwards gearbox block. Since, the backwards gearbox block is connected to the drivetrain, 

the speed input it receives is identical to the speed output from the backwards wheel-axle 

block. During a motoring event, the torque input that the backwards gearbox block receives 

will be less than the torque output from the backwards wheel-axle block if the high-speed 

flywheel was able to supply power, thereby reducing the load on the drive motor. During a 

braking event, if the high-speed flywheel was able to accept power, then the regenerative 

braking load on the drive motor or friction brakes will be reduced. 

 

4.7 Alternative Power Unit Block 

In the series hybrid model, the alternative power unit interfaces with the electric bus in a 

manner similar to the energy storage system blocks. The alternative power unit block receives 

a power request (only discharge, since an alternative power unit cannot recharge) from the 

electric bus and then seeks to meet that request to the best of its ability. Its primary outputs 

include the amount of power it was able to produce and the amount of fuel it consumed to 

produce that power. The alternative power unit is governed by the same energy management 
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strategies (Section 4.9) as the energy storage system. Below is a more detailed explanation of 

the two alternative power unit technologies for which Level 3 models have been developed.  

4.7.1 Internal Combustion Engine Model 

In 2011, internal combustion engines are the most commonly used power converter in 

automobiles. It is likely that internal combustion engines will continue to be installed in more 

than 90% of all new vehicles sold in developed economies through 2015, and they will 

continue to play a dominant role through 2030 even as EVs and HEVs likely become more 

prevalent [118]. Therefore, modeling internal combustion engines is an essential part of any 

hybrid vehicle simulation effort.  

4.7.1.1 Existing Internal Combustion Engine Models 

Many branches of internal combustion engine modeling exist, each with their own objectives. 

Most of these models take a detailed look at ICEs, often taking a physics-based approach by 

focusing on particular components and processes within engines, typically with the aim of 

either being able to better understand current engine designs or of designing better engines in 

the future [119] [120] [121] [122]. These types of modeling packages are concerned with 

physical processes with timescales outside of OVEM’s range of interest. They also require a 

measure of physical parameters that need extensive experimental and computational 

resources that impinge on the simulation’s ability to deliver rapid results for existing and 

emerging technologies. The Level 3 simulation is more concerned with rapidly implementing 

and simulating the efficiency of a range of existing and emerging internal combustion engine 

technologies. Therefore, this class of ICE simulators was not included in developing OVEM. 

4.7.1.2 Internal Combustion Engine Model Used in OVEM 

Given the objectives of OVEM, and the larger Level 3 modeling structure, the established 

method of using an internal combustion engine’s efficiency map was deemed appropriate to 
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use as the basis for the ICE model [123]. Efficiency maps are generally available as part of 

the literature on many different engine types. And having a model based around these 

efficiency maps ensures that OVEM will be able to rapidly assimilate data for existing and 

emerging engine technologies. Such a model will also be able to effectively simulate the 

efficiency of the engine which is ultimately the output most relevant for OVEM’s objectives 

of determining values such as emissions, range, component sizing, and energy consumption. 

Similar to an electric motor, an internal combustion engine’s efficiency map plots its 

efficiency as a function of its torque and speed. Figure 4.35 shows an efficiency map for a 

1.9L Volkswagen TDI engine [124].  

 

Figure 4.35: An example of an efficiency map for a 1.9L Volkswagen TDI diesel engine [124]  

 

An important benefit of using an internal combustion engine in a series hybrid is that 

the engine does not have to provide traction for the road wheels and hence doesn’t have to 

provide the power for the transient demands of realistic road driving [12]. Since the internal 

combustion engine is only being used to recharge the energy storage system, it can be 

operated more efficiently by running at torques and speeds that produce the highest possible 

efficiency [15]. This concept is fundamental to the way in which the internal combustion 

engine model proceeds.   

The internal combustion engine also produces mechanical power that must be 

converted to electrical power before it can interface with the electric bus to recharge the 

energy storage system. This is accomplished by passing the torque and speed produced by the 
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internal combustion engine through a generator, usually with a gearbox as an intermediate 

step to bring the output from the internal combustion engine into a more optimal range for the 

generator. The Level 3 model includes the generator for the internal combustion engine along 

with an optional gearbox.   

 

The information flows between the generator, gearbox, and ICE are structured in a 

backwards-forwards fashion in keeping with the larger Level 3 architecture. The internal 

combustion engine alternative power unit model begins by receiving a power request from 

the electric bus block. If the power request is higher than either the generator or internal 

combustion engine can tolerate, then the request is limited to whichever maximum power 

rating is lower between the generator and internal combustion engine. The model then creates 

a list of the possible torque and speed combinations (in user specified increments) for the 

generator that would be able to meet the power request, making sure to disregard any torque 

and speed combinations, that fall outside of the generator’s operating region. The efficiency 

of each of these torque and speed combinations in the generator is recorded and stored. Each 

of the generator’s torque and speed combinations is passed through the gearbox model 

(identical to the backwards and forwards gearbox models described in Sections 4.3.1 and 

4.3.2, respectively). The gearbox applies its gear ratio to the torque and speed requests and 

then applies its own efficiency calculations to each one of the different requests. The 

efficiency of each of these combinations in the gearbox is also stored. The list of torque and 
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speed requests is then passed along to the internal combustion engine model which records 

the efficiency achieved by each of the physically permissible combinations. The alternative 

power unit model then determines its overall system efficiency by multiplying the 

efficiencies from the generator, gearbox, and engine together for each torque and speed 

combination. Whichever torque and speed combination produces the highest overall 

efficiency is the combination that is used. This achieves the effect of enabling the internal 

combustion engine and the alternative power unit to operate in its most efficient region, as it 

would strive to do in an actual series hybrid. It should also be noted that the internal 

combustion engine’s alternative power unit model includes a parameter that can be set by the 

user so that the torque and speed of the generator and internal combustion engine do not vary 

too much from one time step to the next. For instance, it is unrealistic for the internal 

combustion engine serving as an alternative power unit to go from 0 to 100 kW in a single 

1 second time step. So the user can set parameters that will limit the amount the speed and 

torque of the system can change in a single time step. If this constraint is utilized, then only 

torque and speed combinations that satisfy it will be allowed. 

Once the torque and speed used by the ICE is known, the fuel consumption of the 

engine can be calculated 

 𝐹𝑢𝑒𝑙 𝑢𝑠𝑒𝑑 =
𝑃𝑟𝑒𝑞

𝐿𝐻𝑉𝑓𝑢𝑒𝑙𝜂𝐼𝐶𝐸
Δ𝑡 

4.71 

 

where Preq is the product of the torque and speed produced by the ICE, LHVfuel is the lower 

heating value of the fuel, ηICE is the efficiency of the engine during a given time step, and Δt 

is the length of the time step. The lower heating value of the fuel was used because that is the 

most common practice in both the ICE and fuel cell modeling literature [125] [126] [127] 

[128].     
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4.7.2 Fuel Cell Model 

Fuel cells have characteristics that make them desirable as onboard power generation systems 

for hybrid electric vehicle applications [129]: their efficiency is typically higher than that of 

internal combustion engines [130], and they can utilize an array of fuels such as pure 

hydrogen, diesel, gasoline, methanol, and carbon monoxide [131]. Depending on the fuel and 

the manner in which it is processed, fuel cells may emit zero or significantly fewer emissions 

than comparably sized internal combustion engines [125]. Though fuel cells are not currently 

widely used in commercial vehicles, they have the potential to play an increasingly important 

role in the future, and thus they merit inclusion in OVEM’s simulation effort.  

4.7.2.1 Existing Fuel Cell Models 

Fuel cell models can generally be grouped into one of two categories: physics-based or 

systems-level. Physics-based models are concerned with the detailed modeling of small-

timescale processes of the fuel cell as a system, usually with the aim of better understanding 

existing fuel cell designs or with the aim of improving these designs in the future [132] [133] 

[134] [135] [136]. These models need detailed parameters which require extensive 

experimental and computational resources to obtain and process. This leads these types of 

models to conflict with OVEM’s goal of being able to use models based on readily available 

data to facilitate rapid simulations across different technology categories. Therefore, a 

different modeling approach was sought. 

4.7.2.2 Fuel Cell Model Used in OVEM 

The Level 3 fuel cell model ultimately implemented in OVEM utilized the fact that fuel cell 

performance is primarily characterized by two curves [137]. This is particularly true for 

proton exchange membrane fuel cells (PEMFCs) which are the type most commonly used in 

vehicle applications [23] [131]. The first curve is known as a current-power (I-P) curve. This 

curve plots the relationship between the current and power produced by a fuel cell. Figure 
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4.37 shows an example of an I-P curve for a PEMFC [138]. The second curve is known as an 

efficiency curve, and it plots the efficiency of a fuel cell as a function of the amount of 

current the fuel cell is producing. This approach was used because it met OVEM’s criteria of 

using readily-available data that would facilitate rapid implementation and simulation of 

existing and emerging technologies. It also met the condition of being relevant to the 

timescales of interest to OVEM.   

Figure 4.38 shows the efficiency curve for the same fuel cell whose I-P curve was 

shown in Figure 4.37 [138]. In addition to being accurate characterizations of fuel cell 

performance, the efficiency and I-P curves are relatively simple to obtain as they are 

generally included in the literature on most commercially available fuel cells. Chapter 5 

(Section 5.2.2 in particular) contains an in depth example for how the fuel cell model can be 

used in an actual series HEV.   

 

Figure 4.37: I-P curve for a PEMFC [138] 

 

Figure 4.38: Efficiency curve for a PEMFC [138] 

4.7.2.3 Integration into OVEM 

The rest of the fuel cell model was built around the I-P and efficiency curves in a manner 

similar to the other energy storage system and alternative power unit models.  The fuel cell 
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model receives a power request. It then limits the power request to the maximum amount the 

fuel cell can handle. This power request is used to find the corresponding current on the I-P 

curve. This current is used to locate the efficiency (ηFC) of the fuel cell from the efficiency 

curve. The amount of hydrogen used by the fuel cell (H2 used) to meet the power request (Preq) 

is calculated by 

 𝐻2 𝑢𝑠𝑒𝑑 =
𝑃𝑟𝑒𝑞

𝐿𝐻𝑉𝐻2
𝜂𝐹𝐶

Δ𝑡 
4.72 

 

where LHVH2 is the lower heating value of hydrogen fuel and Δt is the time step of the 

simulation.     

4.8 Epicyclic Gear Train Block 

In parallel and series-parallel HEVs, the electric motor and internal combustion engine are 

frequently coupled together by an epicyclic gear train (EGT), sometimes also referred to as a 

planetary gear train [12] [139]. The EGT enables the ICE, the motor, or both to provide 

tractive power to the vehicle. EGTs can be configured to allow power to flow from the ICE to 

the motor/generator and then to the energy storage system in order to recharge it as is the case 

in series-parallel hybrids [139].   

4.8.1.1 Existing Epicyclic Gear Train Models 

In surveying the literature on EGTs, it was found that many of the existing models made 

assumptions that were either overly simple or based on weak or impractical experimental 

evidence. For instance, ADVISOR assumes the epicyclic gear train is 100% efficient [26]. 

Several other models assume that the efficiency of the EGT does not depend on the load it is 

bearing [53] or assume that the efficiencies for each interaction between all of the different 

elements in the gear train are constant and are known in advance without being based on real-

world data [53] [140] [54].   



161 

 

Experimental results showed that these assumptions were largely invalid, and that 

EGTs do in fact experience load-dependent losses [45]. Formulating assumptions about the 

efficiency of each individual interaction between the different gear elements based on no 

experimental results required incorporating a degree of uncertainty into the model that was 

not commensurate with the level of fidelity being sought in the Level 3 models. Therefore, a 

new type of EGT modeling approach was developed for the Level 3 simulation. 

4.8.1.2 Epicyclic Gear Train Model Used in OVEM 

The EGT model used in the Level 3 parallel and series-parallel HEV models is based on 

empirical work conducted on several different EGTs tested over a range of loads [45].  

Bearing, meshing, churning, and windage losses that vary with the load handled by the EGT 

were accounted for by using these empirical results; whereas they were not accounted for by 

many analytical and numerical models in the literature. It was also shown in the literature that 

the efficiency can be assumed to vary with the ratio between the backwards input torque and 

the maximum torque of the tractive devices attached to the gear (T/Tmax) [45]. This approach 

is especially suited to the purpose of backwards-forwards modeling because the efficiency 

can be assumed to vary only as a function of the backwards input torque (the torque 

transferred between the wheel-axle and the EGT during the backwards phase of the 

simulation) [45]. Figure 4.39 shows the results from this experimental study conducted for 

EGTs of two different sizes tested over an array of loads. Since the trend in efficiency for two 

different EGTs over a range of loads followed the same qualitative pattern and were both 

within 3% of each other, the average efficiency curve of the two different EGT sizes was 

ultimately used as the basis for determining the efficiency of the Level 3 EGT model. Note 

that TEGT is the output torque of the gear train, and Tmax is the higher value between the 

maximum torque of the ICE and motor. This approach is based on an empirical approach that 

cannot necessarily be assumed to apply to all potential EGT sizes and scenarios; however, 
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this data clearly shows that assuming a constant efficiency EGT is insufficient. This approach 

provides an accurate means for accounting for EGT efficiency based on readily available data 

over the timescales of interest to OVEM. 

 

Figure 4.39: Empirical results from a range of EGTs tested over different loads and the average result used in 

the Level 3 parallel and series-parallel HEV simulation 

4.8.1.3 Integration into OVEM 

Initially, the EGT model proceeds identically in both the parallel and series-parallel HEV 

models. The torque and speed requests calculated by the backwards wheel-axle block are fed 

into the backwards EGT block. The EGT model uses the average curve in Figure 4.39 to 

calculate its efficiency based on the torque request it receives from the backwards wheel-axle 

block relative to the maximum torque capable of being provided by whichever device has the 

highest torque rating between the ICE and electric motor (TEGT/Tmax). The model assumes that 

the EGT retains that efficiency throughout the time step. In cases when the vehicle is 

accelerating or traveling at a constant speed, the EGT model accounts for its losses and gear 

ratio (specified by the user) and then sends the torque and speed requests to the ICE. The ICE 

determines how much torque and speed it will produce in response to the requests it receives 

(for more information see Section 4.9.3.1) and outputs the torque and speed it supplies to the 

second phase of the EGT model.   

 The second phase of the EGT model takes the torque and speed supplied by the ICE 

and compares it to the requests that the first phase of the EGT model sent to the ICE. If the 

ICE produced less power than was requested of it, then the second phase of the EGT model 

asks the motor to make up the difference. If the ICE produced more power than was 
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requested of it, then the second phase of the EGT model sends the excess power to the 

motor/generator where it will be used to recharge the ESS (note that the ICE will only 

generate excess power if it is a series-parallel HEV). For any excess power going from the 

ICE to recharge the ESS, the second phase of the EGT factors in its own internal losses.   

 The third phase of the EGT model is purely forward-looking. It receives as its input 

the torque and speed supplied from the forwards motor and ICE blocks. It synthesizes the 

power supplied by the ICE and motor, accounts for its losses (retaining the same previously 

calculated efficiency), and outputs the torque and speed it could supply to the wheel-axle 

block. 

 In instances when the vehicle is braking, the energy flows from the ICE are not 

involved since it cannot receive power. The torque and speed requests pass back from the 

wheel-axle block to the EGT block. The EGT block applies its efficiency to the torque signal 

and then passes the updated torque and speed signals to the motor/generator where they go on 

to recharge the energy storage system.   

4.9 Energy Management Strategies 

The interactions between the energy storage system(s), the alternative power unit (in the case 

of HEVs), and the rest of the vehicle are governed by an energy management strategy (EMS). 

Energy management strategies balance the technologies, topologies, and operating conditions 

of the application usually in an effort to achieve a result such as minimized energy 

consumption or emissions [141]. For instance, a series HEV delivery van with an ICE-based 

APU and batteries traveling in suburban areas will likely have a different optimal EMS than 

the same vehicle traveling in an urban area. And its optimal EMS will almost certainly be 

different than the EMS best suited for an EV or HEV sports car. OVEM handles the 

complexity of EMSs by grouping them into two categories: thermostat and speed-based. Each 
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of these broad categories contain different parameters that can be tuned in order to enable the 

vehicle to best meet its goals. 

4.9.1 Thermostat 

The objective of the thermostat EMS is to maintain the state of charge of the ESS in a set 

region. In the thermostat EMS, when the state of charge of the ESS drops below a certain 

threshold, either the other ESS (in the case of a hybridized ESS) and/or the APU is called 

upon to recharge it. This threshold is known in the Level 3 simulation as the charge on level. 

Once the ESS’s SOC has dropped below the charge on level, the ESS will continue to be 

recharged until it reaches its upper threshold at which point the ESS and/or APU are no 

longer needed to supply power to the ESS, and they are switched off. This upper SOC limit is 

known in the Level 3 simulation as the charge off level.  

Figure 4.40 shows how the SOC of the ESS varies in a plug-in hybrid electric vehicle 

(PHEV) when it is run with a thermostat EMS. This PHEV is a series HEV with an ICE 

serving as the APU. The vehicle was run over multiple iterations of the NEDC, and the ICE 

was programmed to turn on when the ESS’s SOC reached 20% and turn off when the SOC 

had returned to 80%. 

 

Figure 4.40: Illustration of the thermostat EMS in a PHEV over the NEDC 

  

 The thermostat approach also incorporates a contingency known as a power-follower. 
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the capacity of the first ESS and additional power must be drawn from other ESSs and/or the 

APU [142]. 

 The charge on level and charge off level parameters tell the other ESS and the APU 

when to produce extra power, but the ESS and APU must also be told how much power to 

produce. The Level 3 simulation provides the user with two different ways to control the 

charging rate. The first works by specifying a fixed charge rate that is independent of the size 

of the ESS or APU. The second approach makes the charging rate proportional to the power 

rating of the ESS or APU.  

4.9.2 Speed-Based  

Speed-based energy management strategies seek to keep the state of charge of the energy 

storage system inversely proportional to the kinetic energy of the vehicle. The speed-based 

EMS used in the Level 3 simulation is based on the concepts established by S. Barsali et al. 

[141]. This EMS is based on the premise that at low speeds it is likely that the vehicle will 

accelerate in the near future, and the ESS should have a high SOC so that it can power that 

acceleration. At high speeds, it is likely that the vehicle will be braking soon so the ESS 

should have a low SOC which will allow it to accept as much of the regenerative braking 

energy as possible.   

Whenever the inequality below is true, the APU or secondary ESS is called upon to 

provide extra power to recharge the primary ESS 

 (1 − 𝑆𝑂𝐶) >
𝑣𝑐𝑢𝑟𝑟𝑒𝑛𝑡

𝑣𝑚𝑎𝑥
 4.73 

where vcurrent refers to the current speed of the vehicle and vmax refers to the vehicle speed at 

or above which the APU or secondary ESS no longer needs to produce power to recharge the 

primary ESS. Figure 4.41 shows how the state of charge of the energy storage system in a 

PHEV varies when governed by the speed-based EMS. In this simulation vmax was set to 
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100 km/h. Notice that when the speed of the vehicle increases the SOC is allowed to drop, 

and when the vehicle speed decreases, the SOC is brought back up by switching on the APU. 

 

Figure 4.41. Illustration of the speed-based EMS for a PHEV over the NEDC 

 

The speed-based EMS also allows for a power-follow contingency. In cases where the 

power requests exceed the maximum power rating of the first ESS, the other ESS and/or APU 

can be called upon to deliver extra power to satisfy the request. 

4.9.3 Parallel and Series-Parallel Hybrid Electric Vehicle Energy 

Management Strategies  

The parallel and series-parallel HEV models employ the same energy management strategies 

as the series HEV model: thermostat and speed-based. The logic and rationale for these 

EMSs remains the same in the parallel and series-parallel case with the ICE functioning in 

the role of the APU. Yet, the parallel and series-parallel models do have an additional level of 

complexity that controls the operating range of their ICEs. This is done so as to make sure 

that their ICEs utilize their hybridized electric motors in order to operate as efficiently as 

possible. In the parallel and series-parallel HEV models when the ESS requires power for 

recharging, the ESS sends a signal to the ICE model telling it to produce additional power. If 

the ICE is capable of producing extra power, it does so under the framework and constraints 

explained in Section 4.9.3.1. The power then flows out from the ICE, through the EGT 

model, through the motor/generator model, and then finally to the ESS.  
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4.9.3.1 Parallel and Series Parallel Internal Combustion Engine EMS 

In a parallel and series-parallel HEV, the ICE is coupled to the wheels.  This means that the 

ICE cannot always operate at its most efficient point as it would if it were in a series HEV. 

When a series-parallel HEV is using the ICE solely to recharge the ESS and not to provide a 

tractive motoring force, then the ICE can operate in its most efficient region. However, in 

instances where the ICE is called upon to provide a tractive force to the wheels, it has to 

respond to changes in the road load.   

The ICE model begins the same for both the parallel and series-parallel HEV models. 

The model receives torque and speed requests from the EGT model. First the speed is 

checked, to make sure that the request does not exceed the limits of the ICE. If the request is 

greater than the maximum speed the ICE can handle, then the request is reduced so that it 

falls within the ICE’s operating range. Then the model examines the torque request. The 

maximum amount of torque that an ICE is capable of producing is a function of speed. So at 

the requested speed, the model determines whether the torque request exceeds the maximum 

allowable limit. If so, then the torque request is reduced to the maximum amount the ICE can 

handle at the selected speed.   

 The efficiency map for an ICE reveals that there are regions over which its operation 

is relatively inefficient as seen in Figure 4.35. One of the objectives of operating the ICE in 

parallel and series-parallel HEVs is to confine the ICE’s operation to torque and speed 

regions where it will operate more efficiently. For example, it is often inefficient to have 

ICEs operating at low speeds and torques [12]. So in the ICE model, the user can set 

minimum torque and speed thresholds below which the engine will not operate in order to 

help ensure that the efficiency of the ICE is maximized. Figure 4.42 shows how these regions 

can be constructed on a generic ICE efficiency map. In the parallel HEV model, whenever 

the torque and/or speed requests received by the ICE are below these minimum thresholds 
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then the ICE model produces no power and the rest of the power is left to be supplied by the 

motor. If the torque and/or speed requests are above the minimum thresholds then the ICE 

model meets them.   

The series-parallel HEV model works identically to the parallel HEV model except 

for situations when the ICE needs to produce extra power to recharge the ESS. In the case 

when the ESS needs recharging and the speed request to the ICE model is below the 

minimum threshold, a fixed percentage (set by the user) of the difference between the 

minimum and maximum speed of the ICE is added to the speed request such that the updated 

speed request is below the maximum speed and above the minimum threshold value. In 

instances when the speed request is above the minimum threshold, then no alterations are 

made to the speed request. Once the speed is determined, the ICE must determine the amount 

of torque it will produce to cover both the tractive road load and the additional power needed 

to recharge the ESS. If the tractive torque request is above the minimum torque threshold, 

then the ICE model increases the torque request by a fixed percentage (set by the user) of the 

difference between the maximum speed of the ICE and the torque request. If the torque 

request is below the minimum torque threshold, then the ICE model increases the torque 

request by a fixed percentage (specified by the user) of the difference between the maximum 

and minimum torque values for the ICE at that speed. 
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Once the torque and speed that the ICE will produce has been determined, the model 

interpolates the efficiency map to determine the efficiency of the ICE at that point. When the 

efficiency is known, then the fuel consumption of the engine can be determined from 

Equation 4.71.          

4.10 Level 3 Case Study: Milk Float Modeling 

The following is a continuation of the milk float case study that builds on the Level 1 and 2 

case studies of the milk floats. It provides an illustration of how the Level 3 models can be 

used to provide credible results based on product data even in an environment where 

uncertainty regarding component specifications and vehicle driving characteristics is high.  

4.10.1 Introduction 

The case study concerning the potential of the milk floats to extend their range by 

incorporating regenerative braking was continued with the Level 3 EV model. The Level 3 

models are based on actual data from real components and the simulation imposes realistic 

physical limits on the performance of the vehicle. This should theoretically lead to more 

accurate results than those obtained from the studies done using the Level 1 and Level 2 

models. 

Prohibited Region:  

Below the minimum 

speed threshold 

Prohibited Region:  

Below the minimum 

torque threshold 

Minimum 

ICE speed Maximum 

ICE speed 

Maximum 

ICE torque 

Minimum 

ICE torque 

Figure 4.42: Efficiency map of an ICE with minimum torque and speed thresholds as 

used in the Level 3 parallel and series-parallel HEV models 
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4.10.2 Methods  

The mass and external shape parameters for the milk float had already been obtained in the 

Level 1 (Section 2.8) and 2 (Section 3.7) case studies. So for the Level 3 milk float study, the 

primary challenge was finding reliable data for the powertrain’s components, particularly for 

the motor and battery. The floats’ delivery run was simulated in a manner similar to what was 

done in the Level 1 and 2 case studies, but with some slight differences to take advantage of 

the capabilities of the Level 3 simulation.  

4.10.2.1 Component Selection 

The first step in simulating the milk floats using the Level 3 model was to characterize the 

components in the powertrain. All of the floats, regardless of their motor type, had the same 

battery pack. The floats contained 36 Exide 95EPzB585 lead-acid batteries each with a rated 

capacity of 585 Ah [143]. The discharge data from these batteries was obtained from the 

manufacturer. Figure 4.43 shows the ability of the Level 3 battery model to predict the 

discharge curves of the float’s battery. The battery model shows agreement to within 2% with 

the experimental data.  

 

Figure 4.43: Comparison between the experimental data [143] and the Level 3 battery model’s predictions for 

the Exide 95EPzB585 lead-acid battery 

 

The efficiency maps for the DC and AC motors used in the floats could not be 

located. As a substitute, the motor models were based on 45 kW DC and AC motors with 

known efficiency maps [61] [144]. Figure 4.44 and Figure 4.45 show the efficiency maps of 

the DC and AC motors used in this study, respectively. Since these maps are only an 
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approximation of the actual motors’ efficiency maps, it is worth reiterating that this study 

should not be taken as an exact prediction of the floats’ performance but rather a reasonable 

estimate given the available information. 

 

Figure 4.44: Efficiency map for the milk float’s modeled DC motor [24] 

 

Figure 4.45: Efficiency map for the milk float’s modeled AC motor [61] 

4.10.2.2 Vehicle Simulation 

With the components in the powertrain characterized, the study validated the simulated 

floats’ range against the real floats’ range, assuming that the floats’ used no regenerative 

braking. The two types of floats, one with a DC and one with an AC motor, were put through 

22 and 28 iterations of the drive cycle, respectively, just as in the case studies for Level 1 and 

2. In both of the simulations, a fixed amount of cargo weight was removed from the float 

during each iteration of the drive cycle as it traveled through its range so that it was fully 

loaded at the beginning of its delivery run and empty at the end. This study used the same 

drive cycle and vehicle parameters as had been used in the Level 1 and 2 milk float studies. 
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 Once the range of the floats while operating without regenerative braking had been 

validated, the next step was to simulate the float’s range with regenerative braking in order to 

see how much of an improvement could be expected from regenerative braking. The principle 

that a float should linearly offload its cargo over the course of its delivery run was still 

adhered to; however since the range of the floats was not known in advance, an iterative 

approach was devised to determine how much cargo to offload during each repetition of the 

drive cycle. By running multiple iterations of the floats’ entire delivery run, the simulation 

was able to converge at a value for the mass of cargo offloaded before each new iteration of 

an individual drive cycle within the larger delivery run so that regardless of the ultimate 

range of the float, it began its run fully loaded with cargo and ended with no cargo.  

It should be noted that this assumption concerning the offloading of cargo weight may 

not be entirely accurate, especially if regenerative braking is introduced, since significant 

regenerative braking has the potential to change the delivery patterns for the floats. For 

instance, if a float is able to significantly increase its range by using regenerative braking, 

then the limiting factor in the amount of milk it can deliver per day may now be the amount 

of cargo it can hold rather than the distance it can travel in between charges. It is conceivable 

with an extended range, a float could deplete its cargo and have to return to the depot to pick 

up another load without having to recharge. If the range of the floats were to increase, the 

logistics of charging them would have to be determined by the milk distributor. Therefore, 

that concern is beyond the scope of this study. But it is important to be aware, that the 

predictions contained in this study are in part a result of several simplifying assumptions that 

have attempted to account for the important factors affecting the range of the floats, and that 

the presence of these simplifying assumptions means that the results should not be taken as 

precise forecasts but rather as reasonable estimations. 
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4.10.3 Results and Discussion 

This study began by attempting to have the Level 3 model characterize the floats as they 

currently exist. Assuming no regenerative braking, a float with a DC motor was simulated to 

have a range of 58 km (36 mi) which was within 4% of the reported range of the real DC 

floats, 56 km. This close level of agreement with the floats appears to be a positive result. 

However, it is also important to bear in mind that the actual range of the floats is an average 

value from across the entire fleet. This study, in attempting to model a representative float, 

may have not actually modeled any one particular float with a high degree of accuracy. So it 

is important to remember that this study was only concerned with making an approximation 

regarding the average range of the floats. For it is probable that the range of actual individual 

floats could vary around this average value given the exact nature of their driving and cargo 

offloading patterns.  

When the DC float was simulated with regenerative braking, its range was estimated 

to be 90 km (56 mi). This prediction is approximately 16% higher than the projections made 

by Levels 1 and 2 for the floats with a DC motor. An analysis of the causes of this 

discrepancy was conducted. The energy flows through each of the component blocks was 

examined for the Level 1, 2, and 3 models.  The Level 1, 2, and 3 models all used the same 

drive cycle, aerodynamic drag, rolling resistance, mass, tire radius, and gear ratio data so 

those did not contribute significantly to the discrepancy. It was ultimately determined that the 

different motor models and motor data between the three levels was the largest factor 

contributing to the discrepancy. In the Level 1 case study, the fixed DC motor efficiency was 

set to 76%. In the Level 2 case study, the maximum DC motor efficiency was set to 80%. The 

efficiency map employed in the Level 3 simulation from an actual DC motor had a maximum 

efficiency of approximately 90%. Figure 4.46 plots this efficiency map, and overlaid on the 

map are the torque and speed requests made of the motor as it traversed the drive cycle under 
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three different cargo levels: 5000 kg (full cargo), 3850 kg (half cargo), and 2700 kg (no 

cargo).  

 

Figure 4.46: Efficiency map of the DC motor used in the milk float study, overlaid with the torque and speed 

requests from the drive cycle for three different cargo levels 

 

From Figure 4.46 it can be seen that a significant number of the torque and speed 

combinations requested of the motor lie at an efficiency above 80%. This shows that by using 

this particular efficiency map, the overall vehicle became more efficient and thus achieved a 

longer range than was predicted by Levels 1 and 2. The sensitivity analysis presented in 

Figure 4.47 also shows that the range of the floats is particularly sensitive to the motor 

because relative to the other components and parameters of the vehicle it is proportionally a 

source of a high amount of losses. So any change in motor efficiency can produce 

proportionally high changes in the vehicle’s range. Unfortunately, the necessary data could 

not be found for the exact type of DC motors used in the floats so this map is only an 

approximation, and the motor models in Levels 1 and 2 are also only approximations. 

However, what is certain is that between Levels 1, 2, and 3 a range of efficiency values for a 

DC motor have been examined, and the results across all three levels agree on the larger point 

that, even when equipped with regenerative braking, a float powered by a DC motor would 

not achieve the target range of 105 km. 

 For a float with an AC motor with no regenerative braking, the Level 3 model 

estimated that the float would have a range of 66 km (41 mi). This was within 9% of the 
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actual range reportedly achieved by the floats with AC motors. This discrepancy can be 

explained by the uncertainty inherent in this study. The sensitivity analysis presented later in 

this section shows that the motor efficiency maps and the drive cycle and cargo offloading 

schedule are the most obvious areas where best estimates are approximating for actual data. If 

this study had access to the actual efficiency maps for the motors onboard the floats and if the 

drive cycle and cargo offloading pattern of the floats were more accurately known, the 

credibility of these results would be improved.  

For a float with an AC motor with regenerative braking, the Level 3 model predicted 

that the range would be 106 km (66 mi) which is above the target of 105 km set forth by the 

milk distributor. Based on the previous validation of the floats, it is reasonable to assume that 

this prediction is only accurate to within roughly ±10%. Due to this uncertainty, the 

prediction that a float with an AC motor and regenerative braking will achieve a range of 105 

km should not be taken as an absolute guarantee.  

To gain a better understanding of how the chosen parameters affected the range of the 

simulated milk floats, a sensitivity analysis was performed (Figure 4.47). A sensitivity 

analysis was done for both floats using both the DC and AC motors. Each of the vehicle 

parameters that could be varied was varied by ±5% and the corresponding change in the 

float’s range was recorded.   

In the Level 3 model, the motor and battery models do not lend themselves to be 

simply scaled by ±5%. In these instances a slightly different technique had to be employed in 

order to create a 5% change in the underlying data. There is no single optimal way to do this 

as these models are more than just scalar values, so the approaches used were compromises 

deemed to be reasonable by the author based on the objectives of this sensitivity analysis. In 

the case of the motor efficiency map, the torque and speed axes were each scaled by ±5%. In 

effect this changes the sizing of the motor and it also affects where the torque and speed 
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points from the drive cycle will fall on the efficiency map. In the case of the battery model, 

the parameters describing the discharge curves were tuned such that the curves demonstrated 

an approximately ±5% change from their original positions. Again, these approaches were 

deemed reasonable in the interest of conducting a sensitivity analysis that could provide a 

measure of insight into the importance of the parameters affecting vehicle range. 

The sensitivities presented in Figure 4.47 are the average of the absolute values of the 

percent changes in range caused by either the 5% increase or decrease in the vehicle input 

parameters. In this analysis, it was assumed that the energy storage systems recaptured 50% 

of the energy available to them. This condition was selected in order to provide a 

conservative and representative snapshot of the floats by avoiding modeling them at the 

upper or lower limits of their regenerative braking possibilities. Also note that the results in 

this sensitivity analysis were done for these specific floats over a specific drive cycle, and any 

conclusions drawn from this analysis regarding the sensitivity of the model to the input 

parameters cannot be uncritically applied to any vehicle in any context. 

 

Figure 4.47: Level 3 sensitivity analysis for a milk float with a DC and AC motor 

 

 The parameters determining the resistive forces acting on the vehicle affect the range 

of the floats in a manner similar to what was seen in Levels 1 and 2. The parameters 

0

1

2

3

4

5

6

C
h

an
g
e 

in
 f

lo
at

 r
an

g
e

in
 r

es
p

o
n

se
 t

o
 a

 ±
5

%
 c

h
an

g
e 

in
 

a 
v
eh

ic
le

 p
ar

am
et

er
 (

%
)

DC motor

AC motor



177 

 

determining aerodynamic drag and the speed component of rolling resistance (fs) have little 

effect due to the low speeds at which the floats travel. The constant rolling resistance 

coefficient (fo) has a higher effect relative to the other resistive force parameters due to the 

low speeds experienced by the floats. Just as in Levels 1 and 2, the range of the floats is most 

sensitive to mass. The beginning and ending values of the floats’ mass are known precisely. 

However, the manner in which the floats offload their cargo is not known precisely, and it is 

possible that this could be a strong contributor to any disagreement between the modeled and 

actual figures. The effect of wheel efficiency is low, as wheel efficiency represents a small 

portion of the collective powertrain losses. 

 Vehicle range is more sensitive to tire radius and gear ratio in the Level 3 model than 

it was in the Level 1 and 2 models. The tire radius and gear ratio determine how the power 

requests are disaggregated into torque and speed requests. This can have significant impacts 

on range since in the Level 3 model these torque and speed requests are ultimately passed to 

the motor block where they are subjected to an efficiency map that may not be optimally 

constructed for them. It is possible that these torque and speed requests may be clustered in 

areas of higher or lower efficiency on the efficiency maps of the motors which could produce 

substantive changes in vehicle range. The gearbox coefficients also affect where the torque 

and speed points will lie on a motor’s efficiency map so their effect cannot be discounted; 

however their effect on the range of the floats was not as great as the gear ratio. 

The range of the floats’ is also sensitive to the efficiency map of the motor and the 

battery model. The contours of a motor’s efficiency map have significant leverage in 

determining a powertrain’s losses as torque and speed combinations clustered in areas of high 

or low efficiency can greatly affect the overall vehicle’s energy consumption. The battery 

model also can have a great deal of influence over the range. Though note that in this study, 

the battery model was based on data from the actual batteries used in the floats and the 
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battery model agreed with the actual data to within 2%, thus its results can be assumed to 

reflect a high degree of accuracy. 

This study showed that a float with an AC motor and regenerative braking will come 

close to achieving the target range of 105 km. It would therefore be advisable for the milk 

distributor to convert their floats to AC motors with regenerative braking, if the cost of this 

conversion across their entire fleet makes sense from an economic standpoint. 

4.11 Summary of Level 3 Contributions 

This section will enumerate each of eight novel component and capability modeling 

techniques of the Level 3 model, and provide a discussion as to how the technique was 

developed, i.e. what new knowledge was required to implement it into a working vehicle 

modeling program.  

 The first novel contribution made by the Level 3 model was that of the load transfer 

model. The dynamics governing load transfer in vehicles are well-understood, and a body of 

knowledge, replete with equations, exists to describe the phenomenon (refer to the derivation 

of Equations 4.22 to 4.30). However, existing energy flow vehicle modeling programs have 

not included the functionality to be able to account for load transfer [31]. Thus, integrating 

the existing knowledge on load transfer into a working energy flow vehicle model was a 

novel achievement. Novel work was also done to combine this existing derivation with 

Equations 4.36 and 4.37 to yield Equations 4.38 and 4.39 (which are also novel in that they 

account for inertia and indicate how much braking energy can be recaptured from each axle). 

Programming Equations 4.38 and 4.39 into an algorithm capable of functioning within 

OVEM was also a novel achievement as it had never been done before in an energy flow 

vehicle modeling program [26] [40].   

 The second novel contribution was an improvement upon an oversimplified modeling 

technique used previously in backwards-forwards vehicle models when calculating the final 
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speed achieved by the vehicle at the end of each time step [26] [40]. Calculating the final 

speed achieved by the vehicle requires solving a complex quadratic based on the classical 

dynamics describing the vehicle’s motion (refer to Section 2.1 to see the original derivation 

of the classical mechanics determining the vehicle’s motion). Existing programs avoided this 

complex quadratic by making the simplifying assumption that the difference between the 

speed at the end of the current time step and the previous time step was effectively negligible. 

To better align OVEM with its accuracy criteria, the author instead performed a novel 

derivation that solved the complex quadratic – refer to Equations 4.10 and 4.20 to see this 

novel derivation. Novel work was also performed in developing the computational algorithms 

required to program this derivation into OVEM. 

 The third novel contribution made by the Level 3 model concerns its gearbox model 

(Sections 4.3.1 and 4.3.2). Existing backwards-forwards vehicle modeling programs included 

gearbox models; however, these models assumed that the efficiency of a gearbox at a given 

gear ratio was constant [31]. This assumption disregards the fact that the empirical evidence 

shows that the efficiency of gearboxes actually varies as a function of its design (gear ratio 

and seal, bearing, and meshing properties) and the load it is transmitting. OVEM accounted 

for this varying efficiency by leveraging existing empirical work in the area of gearbox 

efficiency [44] [57]. The novel work in OVEM’s case came in creating Equations 4.40 and 

4.41 based on an understanding of the factors affecting gearbox efficiency as expressed in the 

existing empirical work.  

 The fourth novel contribution made by the Level 3 model concerns its epicyclic gear 

train model. Existing backwards vehicle modeling programs included gearbox models; 

however these models assumed that the efficiency of the gear train was constant. This 

assumption disregards the empirical work on the topic which shows that the efficiency of 

epicyclic gear trains actually varies as a function of its design, the sizing of the components 
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attached to it, and the load it is transmitting. Based on a survey of the empirical work done on 

the efficiency of epicyclic gear trains, it was determined that their efficiency could be 

expressed as a function of the ratio between the torque demanded of the EGT by the drive 

axle relative to the torque rating of either the ICE or electric motor (whichever is higher) 

attached to the epicyclic gear train. The author performed novel derivations (refer to Figure 

4.39) based on this existing empirical work to build an epicyclic gear train efficiency model 

that could be programmed into OVEM (for more information on the EGT model refer to 

Section 4.8).  

 The fifth novel contribution came from the Level 3 ultracapacitor model. Existing 

empirical and theoretical work on ultracapacitor modeling served as the foundation for the 

ultracapacitor model in OVEM. For example, the models in Figure 4.12 and Figure 4.14 were 

used to initially frame the structure of the ultracapacitor model. A truncated version of these 

existing models were integrated into OVEM (refer to Figure 4.18), such that the model would 

meet OVEM’s computational and experimental complexity criteria [47]. The novel work 

came in combining this truncated model with the relationship described in Figure 4.20 and 

Figure 4.21, which models how the capacitance of an ultracapacitor varies with its state of 

charge. This is a phenomenon which had heretofore not been included in existing 

ultracapacitor models in energy flow vehicle modeling, so developing the equations to merge 

the model in Figure 4.18 with the relationships in Figure 4.20 and Figure 4.21, and then 

translating those equations into a programmable code for an energy flow vehicle modeling 

program was novel. Refer to Section 4.6.1 for more information on the ultracapacitor model. 

The sixth novel contribution of the Level 3 program comes from the battery model.  

With the battery model, an existing modeling technique (shown in the derivation of Equations 

4.64 through 4.69) served as the foundation for the model integrated into OVEM. The novel 

work consisted firstly of converting these equations into programmable code capable of 
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functioning within OVEM. The novel work also consisted of characterizing an array of 

battery technologies for use in this model (e.g. the characterized battery chemistries of Figure 

4.28 and Figure 4.29). Refer to Section 4.6.2 for more information on the battery model. 

 The seventh novel contribution of the Level 3 model comes from its high-speed 

flywheel model. High-speed flywheels are a nascent technology that have not been included 

in any existing energy flow vehicle models [26] [40]. Flywheel models that do exist are often 

characterized by simplifying assumptions regarding their loss mechanisms. They either 

assume that the losses are a fixed percentage of the power transmitted by the flywheel or they 

have not accounted for the unique loss mechanisms faced by high-speed flywheels. The 

author determined the data that would be necessary to model the losses from a high-speed 

flywheel, and then collaborated with a high-speed flywheel manufacturer to collect this data. 

Using this data as the basis for the model, the author then performed the novel work of 

building a high-speed flywheel efficiency model in OVEM. There was no existing basis for 

creating a high-speed flywheel model, so all of the author’s work in this area (deriving the 

necessary equations and modeling principles and then programming the model) was novel. 

The author also ascertained from the literature that flywheels could be integrated into a 

powertrain either mechanically or electrically. Yet, there were no practical examples of 

computer models dealing with high-speed flywheel vehicle integration to leverage, so the 

author undertook the novel task of deriving the algorithms to model both mechanical and 

electrical integration of high-speed flywheel. For more information on how this was done for 

the high-speed flywheel model, refer to Section 4.6.3.  

The eighth novel achievement of the Level 3 model comes from work done on to fuel 

cell sizing and efficiency curves (refer to Sections 4.7.2 and 5.2.2 for more information). A 

survey conducted by the author of a broad array of commercially available fuel cells enabled 

the author to derive an empirical equation describing the relationship between fuel cell power 
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rating and mass (Figure 5.4). It also allowed the author to make the observation that the 

power-current and efficiency-current curves describing fuel cell behavior had similar shapes 

and values across a range of fuel cell sizes when these curves were normalized by the 

maximum power and current ratings of the fuel cell (Figure 5.2 and Figure 5.3). Both of these 

observations were novel, and they enabled the fuel cell model in OVEM to be constructed in 

such a way as to allow for the continuous scaling of fuel cell sizing (within realistically 

defined bounds) rather than relying on the discrete sizes of a few limited products [40]. This 

made OVEM a more useful component sizing tool - the effects of which can be seen in the 

case study of Chapter 5.       
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5 Case Study 1: A Comparison of 

High-Speed Flywheels, Batteries, 

and Ultracapacitors as the Energy 

Storage System in a Fuel Cell Series 

Hybrid Electric Vehicle 

Batteries are currently the most common form of energy storage aboard commercially 

available EVs and HEVs [145]. However, they have limitations, such as cost, cycle life, and 

low energy and power density. High-speed flywheels are an emerging technology that has the 

potential to address several of the shortcomings of the more traditional forms of energy 

storage – batteries, and to an extent, ultracapacitors. This chapter presents a study that looked 

at high-speed flywheels as a potential energy storage system onboard a fuel cell based series 

HEV, and compared their performance to batteries and ultracapacitors on the bases of cost 

and fuel economy. 

This chapter and the next chapter are based on original journal-published articles by 

the author that have been included in this dissertation because they illustrate just some of the 

types of issues OVEM can be used to address. This particular chapter especially highlights 

two of the unique capabilities of OVEM’s Level 3 models. First, it demonstrates OVEM’s 

ability to conduct component-level studies by rapidly comparing cutting-edge energy storage 

system technologies on the metrics of fuel economy and cost. Second, it shows how OVEM 

can use flexible and scalable models (particularly for the ESSs and fuel cell) based on readily 
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available data that can produce accurate results without extensive experimental and 

computational resources. This chapter is based on an article originally published by the 

author in the Journal of Power Sources [35].  

5.1 Introduction 

Amidst growing concerns over energy security, climate change, air pollution, and fossil fuel 

reserves, alternatives to conventional automobile powertrains based on internal combustion 

engines (ICEs) are being investigated [12] [146]. Powertrains based on fuel cells are one such 

alternative that have the potential to overcome many of the problems endemic to ICEs [12]. 

Fuel cells typically have a higher tank-to-wheel efficiency than ICEs, and depending on how 

the hydrogen fuel is generated they have the potential to emit significantly fewer pollutants 

[146]. However, it should be noted that issues related to fuel cell operation, cost, 

manufacturing, and refueling infrastructure are all responsible for their current lack of 

widespread adoption (though a thorough examination of these issues is beyond the scope of 

this study) [23].   

Hybridizing a fuel cell with an ESS can have several positive impacts [141]. The ESS 

can be designed to meet the transient power demands of normal driving conditions. With the 

ESS handling the transient loads, the fuel cell only has to provide the average power demands 

[16]. This enables the fuel cell to be downsized which reduces costs and typically improves 

efficiency [147]. The ESS provides the additional benefit of being able to store energy 

captured through regenerative braking [16].  

Most of the work done in designing and optimizing series HEVs has only considered 

batteries and/or ultracapacitors as the ESS [16] [80] [81] [82] [137]. While previous research 

has produced a great deal of information about optimal ESS technologies and configurations, 

it has largely neglected high-speed flywheels as an ESS technology that could compete with 

ultracapacitors and batteries. 
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Flywheels are a mature energy storage technology, but in the past, weight and volume 

considerations have limited their application as vehicular ESSs [113]. The energy, E, stored 

in a flywheel is expressed by Equation 4.70 where it can be seen that the energy stored in a 

flywheel can be increased either by increasing its inertia or speed. In stationary applications, 

where the mass and size of a flywheel is typically not a primary concern, the energy storage 

capacity of a flywheel is usually increased by simply adding to its inertia. However, in 

mobile applications, where the mass and size of a flywheel is of critical importance, 

increasing the speed of a flywheel is the most effective method for improving its energy 

storage capacity. Improvements in low friction bearings and high tensile strength and low 

density materials have now made high speeds attainable hence making lightweight high-

speed flywheels a reality [148]. For instance, the high-speed flywheel used in this study 

weighs 15 kg, has a maximum speed of 60,000 rpm, and is capable of storing 540 kJ. The 

Ragone plot in Figure 5.1 shows that the specific energy and power properties of high-speed 

flywheels should make them competitive with existing ESS technologies [96] [149] [150].   

High-speed flywheels also have several unique charging properties. Flywheels, as 

well as ultracapacitors, have the benefit over batteries of a high cycle life over which they 

experience little degradation in their efficiency [151]. Due to their high specific power, 

flywheels, along with ultracapacitors, can recharge much quicker than batteries. The most 

crucial performance drawback of high-speed flywheels is that they experience relatively high 

internal losses which cause them to self-discharge rapidly compared to batteries and 

ultracapacitors [152] [153]. For instance, the high-speed flywheel used in this study will go 

from fully charged to fully discharged in around fifteen minutes with no external power 

draws. The two primary sources of losses in high-speed flywheels are bearing and windage 

losses [113] [154]. Windage losses can be significant given the high rotating speeds of these 

flywheels. High-speed flywheels can avoid windage losses by operating in an evacuated 
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environment. The high-speed flywheel in this study operates in a near vacuum to reduce the 

windage losses. This also helps preserve the structural integrity of flywheel due to heating of 

the rotor from the windage forces [117]. The bearing losses can be addressed through the use 

of more efficient bearings – magnetic or ceramic bearings depending on the speed range 

[113]. Advanced magnetic and ceramic bearings cost significantly more than more 

conventional bearings [154]. Since the high-speed flywheel in this study was designed for 

mainstream adoption, it uses more conventional rolling-element bearings in order to lower its 

cost which has the consequence of increasing its internal losses.  

 

Figure 5.1: Ragone plot of the different ESS technologies considered in this study 

 

Prior studies have examined the modeling and implementation of flywheel systems in 

vehicles [113] [114] [115]. However, previous research has not provided a direct comparison 

between high-speed flywheels, ultracapacitors, and batteries functioning as the ESS in an 

HEV. This study aims to make that comparison by using OVEM’s Level 3 model (Chapter 

4). Simulations were run over a range of different ESS configurations utilizing different 

control strategies over two drive cycles. The performance of the three different technologies 

was then evaluated for their effect on fuel economy and cost. The reader should also note that 

though the HEV in this study uses a fuel cell, a fuel cell and an ICE function in largely the 

same way in producing power for a series HEV (when only high-level power flows are 

considered), so the results in this study could be expected to be largely applicable to a series 

HEV based on an ICE as well.   
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5.2 Vehicle and Component Models 

This study used OVEM’s Level 3 series HEV model [35] [36] [37] to model the fuel cell 

HEV with the three different types of ESSs. 

5.2.1 Vehicle Simulator 

Below is a brief discussion of the assumptions and parameters used in this study’s series 

HEV simulations. For more information on the inner workings of OVEM’s Level 3 series 

HEV model refer to Chapter 4.  

Vehicle Blocks: The vehicle blocks require that the drag coefficient, frontal area, rolling 

resistance coefficient, tire radius, glider mass (curb weight excluding the mass of the ESS, 

fuel cell, and motor) be specified. In order to obtain these parameters, the author conducted a 

survey of popular mid-size sedans in the United States for which this data was provided by 

the manufacturers: 2008 Toyota Camry Solara, 2009 BMW 525, 2008 Mercedes C-Class, 

2007 Nissan Altima, 2008 Mazda 6, and 2009 Volkswagen Passat. The average of each of the 

specifications was ultimately used in this investigation which resulted in the simulated 

vehicle having a drag coefficient of 0.29, a frontal area of 2.2 m2, a tire radius of 25 cm, and a 

glider mass of 1250 kg. The coefficient of rolling resistance was set to 0.01, and the density 

of the ambient air was set to 1.2 kg/m3 [12]. For more information on the vehicle blocks, refer 

to Section 4.1. 

Wheel-Axle Blocks: The wheel-axle bearing losses were assumed to be fixed at 1% of the 

transmitted power, and that was held constant for all the ESS types [52]. For more 

information on the wheel-axle blocks, refer to Section 4.2.  

Gearbox Blocks: The gear ratio in the gearbox block was set to 2. The dimensionless 

gearbox coefficients (refer to Equations 4.40 and 4.41) kseal, kmesh, and kbearing were set to 

0.00103, 0.02, and 0.005, respectively [44]. For more information on the gearbox blocks, 

refer to Section 4.3.  
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Motor-Power Electronics Block: The motor-power electronics data used in this study was 

based on a commercially available permanent magnet topology [61]. For more information 

on the motor-power electronics blocks, refer to Section 4.4. 

ESS Blocks: For information on the modeling behind the three different types of ESSs used 

in this study, refer to Section 4.6. For more specific information on the ESSs (high-speed 

flywheel, ultracapacitor, and battery) related to this particular study, refer ahead to Sections 

5.2.3, 5.2.4, 5.2.5, respectively.   

APU Block: For information on the fuel cell model specific to this study, refer ahead to 

Section 5.2.2. For more information on the general inner workings of the fuel cell model used 

in this study, refer to Section 4.7, particularly Section 4.7.2.  

5.2.2 Fuel Cell Model 

Since this study was only concerned with the overall electrical characteristics and fuel 

consumption of the fuel cell, the fuel cell model utilized the current-power (I-P) and 

efficiency curves published for fuel cells of different power ratings. A survey of published 

data for PEM fuel cells agreed with Bauman and Kazerani [137] which showed that it was 

reasonable to assume that the shape of the I-P and efficiency curves for cells of a range of 

power ratings were similar when the current and power axes were normalized by their 

maximum values, Imax and Pmax. The I-P and efficiency curves used by the model were the 

average of the scaled curves from an array of commercially available fuel cells with different 

power ratings [138] [141] [155] [156] [157]. Figure 5.2 and Figure 5.3 show the data 

obtained from the fuel cells and the average curves used in the model for the I-P and 

efficiency curves, respectively. 
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Figure 5.2: Normalized I-P curves for an array of commercially available fuel cells [141] [155] [138] [156] 

[157]  

 

 

Figure 5.3: Normalized efficiency curves for an array of commercially available fuel cells [141] [138] [156] 

[157] [155] 

 

The survey of commercially available fuel cells also revealed that the relationship between 

the mass and the power rating of a fuel cell could be reasonably represented by a power law 

relationship as seen in Figure 5.4. Thus, the fuel cell model only requires that the maximum 

power of the fuel cell be specified, and from that the fuel cell mass, I-P curve, and efficiency 

curve can all be determined. When the fuel cell model receives a power request, it determines 

the mass of the hydrogen that must be consumed in order for it to meet that power request 

based on the lower heating value of hydrogen, 120 MJ/kg. Fuel cell cost estimates are wide-

ranging, as they involve approximations about the cost reductions that fuel cell 

manufacturing will experience with increased production. With high-volume production, 

[155], [158], and [159] estimate that PEM fuel cells will cost between $200-$400 per 
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kilowatt. This was the cost range used in this study, making fuel cells the most expensive 

power source in the vehicle.  

 

Figure 5.4: Relationship between the mass and maximum power of commercially available PEM fuel cells [138] 

[141] [155] [156] [157] 

5.2.3 High-Speed Flywheel Model 

The high-speed flywheel in this study was based on data for a 120 kW flywheel from Flybrid 

Systems [116]. For more information on the high-speed flywheel model refer to Section 

4.6.3. 

In this study, the high-speed flywheel was mechanically integrated instead of 

electrically integrated in order to take advantage of the higher system efficiency characteristic 

of a mechanical integration. Prior research has shown the efficiency of a continuously 

variable transmission (CVT) connected to a high-speed flywheel is approximately 85% 

regardless of the power passing through it [117]. Therefore in this study the CVT model was 
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important so that the device is contained in the event of a rupture. In this study, the 

containment packaging was set at 15 kg [117].  

Since this study was comparing ultracapacitor and battery arrays of varying sizes, it 

also wanted to examine the effect of the three different flywheel sizes. Though the standard 

high-speed flywheel used in this study weighs 15 kg and stores 540 kJ, the flywheel size can 

be varied. Through personal correspondence with a Flybrid representative, it was determined 

that the mass of the flywheel can be decreased by 20%, however the mass of the flywheel 

cannot be increased because the 15 kg version is the largest that the bearings in this study 

could handle. If more energy storage is required from the flywheel, then multiple flywheels 

must be used. If multiple flywheels are used together, the mass, energy storage, cost, and 

losses are increased by a factor equal to how many flywheels are connected together and 

added to the fixed cost and mass of the ancillary flywheel equipment. If the mass of the 

flywheel is reduced by 20%, the cost and mass scale linearly yet the power losses remain the 

same because the same bearings are used as in the standard flywheel [117]. 

5.2.4 Ultracapacitor Model 

The ultracapacitor model in this study is based on a 350 F ultracapacitor [96]. For more 

information on the ultracapacitor model refer to Section 4.6.1. The literature quotes 

ultracapacitors as costing between $0.01-$0.015 per Farad in high-volume production [160]. 

This puts the cost between $3.50-$14 per cell and between $13-$51 per kilowatt. 

5.2.5 Battery Model 

The battery model in this study is based on a commercially available lithium-ion cell 

marketed for use in vehicles [110]. Lithium-ion batteries were used in this study because their 

specific energy and power ratings are amongst the highest of all battery technologies [161]. 

For more information on the battery model refer to Section 4.6.2. The battery manufacturer 

has published a cost of $110 per 6 cells. It has also been reported that through higher volume 
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production the cost could be reduced to $100 per 6 cells [137]. Using this cost range, each 

cell costs between $17-$18. With a continuous current limit of 70 A, the 3.3 V cells cost 

between $72 -$79 per kilowatt. 

5.2.6 Drive Cycles 

The fuel economy of a vehicle is affected to a large degree by the drive cycle over which it is 

tested. So in order to more completely characterize a given powertrain, it must be examined 

over different drive cycles. In this study, the vehicle was tested over 12 iterations (82.1 miles) 

of the New European Drive Cycle (NEDC), seen in Figure 2.6, and 4 iterations (83.5 miles) 

of the Artemis Combined Drive Cycle (ACDC), seen in Figure 2.8. The NEDC was chosen 

because it is the basis for emissions testing in Europe. The ACDC was chosen because it is a 

more aggressive drive cycle with both a demanding urban and highway component that is 

more representative of real world driving [162]. The ACDC was constructed by placing the 

motorway Artemis drive cycle immediately following the urban Artemis drive cycle.  

5.3 Energy Management Strategies 

The energy management strategy selected for an HEV can have a dramatic impact on its 

performance [141]. Previous studies have examined optimal strategies for fuel cell series 

HEVs that do not know the drive cycle in advance [15] [141]. Those studies form the basis 

for the energy management strategy used for the battery and ultracapacitor. However due to 

the lack of literature on energy management strategies for mechanically integrated high-speed 

flywheels, one was devised by the author for this study. For more information on energy 

management strategies in OVEM refer to Section 4.7. 

5.3.1 High-Speed Flywheel 

The purpose of the high-speed flywheel acting as an ESS is to store energy captured through 

regenerative braking and release that energy during acceleration. In this study, the high-speed 
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flywheel only charges through regenerative braking. It would be possible for the high-speed 

flywheel to receive excess power generated by the fuel cell so that it could recharge in the 

absence of a braking event to prepare for a future acceleration. However, this pathway is 

inefficient, and charging the high-speed flywheel exclusively through braking was shown in 

the initial work of this investigation to be a more efficient control strategy. Thus, it was the 

strategy employed in this study. 

During a motoring event (acceleration or constant speed driving), the controller first 

requests the power from the high-speed flywheel and the high-speed flywheel supplies as 

much power as it can in an effort to meet that request. If the high-speed flywheel is unable to 

fully meet that request on its own, then the controller turns to the fuel cell to provide the 

remaining power. Once the high-speed flywheel is fully discharged, the fuel cell must meet 

all of the power requests until the flywheel’s SOC increases via energy captured through 

regenerative braking. 

5.3.2 Ultracapacitor and Battery 

Like the high-speed flywheel, the ultracapacitor and battery modules receive energy from 

regenerative braking and provide energy during acceleration and constant speed motoring. 

Yet unlike the high-speed flywheel, they are able to receive power from the fuel cell with 

lower losses. Hence the efficiency of the powertrain can be improved by recharging the 

ultracapacitors and batteries with excess power generated by the fuel cell.   

In this study, the batteries and ultracapacitors used a speed-based energy management 

strategy. For more information on this type of strategy refer to Section 4.9.2. In this study, the 

highest fuel economy was consistently achieved when vmax in Equation 4.73 was set to 80 

km/h. Therefore, 80 km/h was the vmax used throughout the simulations. When the fuel cell 

was called upon to recharge the ESS, it did so at its point of optimal efficiency which was at 

31% of the rated power as seen in Figure 5.3. 
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5.4 Simulation Results and Discussion 

The results of this study can be classified into two areas. The primary focus was to compare 

the high-speed flywheel, ultracapacitor, and battery functioning as the ESS in a fuel cell 

HEV, and that comparison is presented in Section 5.4.2. Another ancillary, but important 

result that affects the overall performance, fuel consumption, and cost of the powertrain was 

the sizing of the fuel cell required in order for the vehicle to meet the drive cycle given its 

ESS, and those results are presented in Section 5.4.1. 

5.4.1 Fuel Cell Sizing 

As the most expensive power source in the powertrain, the power rating of the fuel cell was 

kept as low as possible to minimize overall powertrain costs. In this study, the goal was to 

keep the agreement between the velocity requested by the drive cycle and the velocity 

achieved by the vehicle to be within 2% and to never exceed 3 km/h. Given that constraint, 

the fuel cell size varied between 29-45 kW for the range of ESS technologies and sizes.      

5.4.2 Flywheel, Ultracapacitor, Battery Comparison 

The cost of the batteries and ultracapacitors is directly proportional to their number and mass. 

As an additional cell is added to the array, the cost and mass of the array both increase by the 

amount of that one cell. The flywheel was examined at its standard specifications (15 kg and 

540 kJ), with a 20% reduction in energy storage and mass, and with two and three standard 

flywheels connected together.   

Figure 5.5 and Figure 5.6 plot the fuel economy of the vehicle (measured in 

kilometers per kilogram of hydrogen gas consumed) against the cost of the ESS (in US 

Dollars) for the three different ESS technologies. Figure 5.7 and Figure 5.8 plot the fuel 

economy of the vehicle against the total power source cost (ESS and fuel cell). The ideal ESS 
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would be as close to the top left corner of Figure 5.5 through Figure 5.8 as possible as this 

would represent an ESS that minimizes costs and maximizes fuel economy.  

On the NEDC, the fuel economy of the most fuel efficient high-speed flywheel 

(standard size) was 4% and 6% lower than the most fuel efficient ultracapacitor and battery 

arrays respectively. Yet, the most fuel efficient high-speed flywheel costs between 14% to 

57% less than the most fuel efficient battery array, and is potentially 2.8 times less expensive 

than the most fuel efficient ultracapacitor array. Battery arrays costing approximately the 

same as the most efficient flywheel achieve around 3-4% higher fuel economy. 

Ultracapacitor arrays costing approximately the same as the most fuel efficient flywheel 

achieve between 3% higher to 7% lower fuel economy. These results show that though high-

speed flywheels may not produce the best fuel economy of the technologies simulated, their 

fuel economy is within a few percentage points of the best performers, and the flywheels 

have the potential to be less expensive. 

Recall that the error bars in Figure 5.5 through Figure 5.8 come from the cost ranges 

that were explained for the high-speed flywheels, ultracapacitors, and batteries in Sections 

5.2.3, 5.2.4, and 5.2.5, respectively. Recall also that the multiple data points in Figure 5.5 

through Figure 5.8 come from differently sized energy storage systems for each of the three 

technologies as was explained for the high-speed flywheels, ultracapacitors, and batteries in 

Sections 5.2.3, 5.2.4, and 5.2.5, respectively.  

 

Figure 5.5: Fuel economy as a function of ESS cost on the NEDC  
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On the ACDC, the most fuel efficient flywheel configuration occurs when two 

flywheels are used. The most fuel efficient battery array achieves 3% higher fuel economy 

than the most fuel efficient flywheel and roughly 4% higher fuel economy than the standard 

flywheel. Yet the two flywheel configuration costs between 1.4 to 3.4 times less, and the 

standard flywheel costs between 2.4 to 4.7 times less than the most fuel efficient battery 

array. The most fuel efficient flywheel costs approximately the same as similarly fuel 

efficient battery arrays. Every flywheel configuration achieved a higher fuel economy than 

the most fuel efficient ultracapacitor array on the ACDC, and the most efficient flywheel 

costs approximately the same as the most efficient ultracapacitor array. The results from the 

simulation run over the more aggressive ACDC show, even more than those from the NEDC, 

that high-speed flywheels can achieve a fuel economy within a few percentage points of the 

best performing battery and ultracapacitor arrays with the potential to be cheaper. This shows 

that high-speed flywheels deserve to be considered as viable options for ESSs aboard HEVs. 

 

Figure 5.6: Fuel economy as a function of ESS cost on the ACDC  
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become overshadowed by the fuel cell costs. This is due to the high cost of the fuel cells (and 

the large uncertainty in their cost) relative to the cost of the ESS.  

 

Figure 5.7: Fuel economy as a function of total power source (fuel cell + ESS) cost on the NEDC 

 

Figure 5.8: Fuel economy as a function of total power source (fuel cell + ESS) cost on the ACDC 
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Yet on the New European Drive Cycle, the fuel economy of the high-speed flywheel was 

only 4-6% lower than the most fuel efficient ultracapacitor and battery arrays respectively, 

and the high-speed flywheel had the potential to offer substantial cost savings. On the 

Artemis Combined Drive Cycle, the flywheel achieved a higher fuel economy than any of the 

ultracapacitor arrays simulated and achieved approximately the same fuel economy as 

similarly priced battery arrays. These results provide the novel insight that in future studies 

high-speed flywheels merit consideration as alternatives to ultracapacitors and batteries in 

series HEVs.   

Future work could benefit from reducing the uncertainty in the costs of the fuel cells 

and energy storage system components. In this study, it was shown that once the cost of the 

fuel cells was accounted for along with the ESS cost, many of the comparatively small 

differences in ESS costs were eclipsed by the relatively large fuel cell costs. It should be 

mentioned that these costs do not reflect the lifetime costs of any of these ESS components. It 

is likely that ESS technologies with higher cycle lives (such as flywheels and ultracapacitors) 

will be less expensive over the course of the vehicle’s lifetime. Future research efforts should 

seek to better understand those life cycle costs.  
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6 Case Study 2: Modeling the 

Prospects of Plug-In Hybrid 

Electric Vehicles to Reduce CO2 

Emissions  

PHEVs are commonly considered to be a temporary solution that can enable transport to 

move away from emissions intensive conventional ICE-based vehicles (CVs) until battery 

technology improves and costs decrease to such an extent that widespread EV adoption is 

possible. However, this chapter shows that plug-in hybrid electric vehicles – primarily 

because they don’t require as heavy a battery pack as typical EVs and because they can 

decouple their APU from the road load – have the potential to enable greater tank-to-wheel 

CO2 emissions reductions than both EVs and conventional ICE-based vehicles, depending on 

the nature of the vehicle and the processes used to produce its electrical energy. 

This chapter illustrates how the Level 3 models can be used to provide accurate 

energy consumption comparisons across a range of powertrain topologies and technologies in 

order to examine the high-level impacts of PHEVs and EVs. These impacts can have 

important implications for policy decisions regarding the role PHEVs and EVs can play in the 

future of transport. This study makes use of OVEM’s rapidity of implementation in 

comparing the energy consumption and CO2 emissions from a range of technologies and 

topologies. It is based on an original article published by the author in the journal, Applied 

Energy [36]. Another original journal-published article (Energy Policy) by the author uses 
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OVEM to address a similar issue regarding the effective tank to wheel emissions from a 

range of electric vehicle of varying types relative to conventional ICE-based vehicles. It was 

not included in this dissertation due to page limit constraints, but can be viewed for further 

reference on the matter [36].  

6.1 Introduction 

Plug-in hybrid electric vehicles (PHEVs) have the potential to reduce petroleum use and CO2 

emissions in automobile transport by utilizing more efficient powertrains that obtain at least 

part of their energy from grid electricity [163]. The ability of PHEVs to attain CO2 emissions 

reductions over conventional vehicles based on ICEs while overcoming the range limitations 

of many EVs has been well documented [164] [165]. However, PHEVs are not just simply a 

compromise between the low CO2 emissions of EVs and the long range of conventional 

vehicles, confined to produce CO2 emissions somewhere in between those of EVs and 

conventional vehicles. PHEVs have the potential to be lighter than EVs and operate their 

ICEs more efficiently than conventional vehicles. A PHEV with these traits has the potential 

to operate with fewer CO2 emissions than both an EV and a conventional vehicle. This study 

models the CO2 emissions from PHEVs and EVs, and compares them to those from 

conventional vehicles to gain a better understanding of the ability of PHEVs to lower CO2 

emissions in transport.  

Approximately more than 94% of vehicles on the road in 2010 are conventional 

vehicles based on ICEs [166]. One of the greatest strengths of conventional vehicles is that 

their oil-based fuels enable them to achieve high performance over a long range [167]. Yet, 

the greenhouse emissions stemming from their low efficiency and reliance on oil has led to 

increasing concern over their negative environmental and economic impacts [2]. With the 

number of cars in the world projected to grow more than fourfold by 2050 to 3 billion, more 
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efficient and less oil-dependent means of transportation are being increasingly investigated 

[4].  

EV and HEVs represent one way to reduce automobile transport’s CO2 emissions and 

oil dependency [168] [169]. The powertrains of pure EVs are completely electric. EVs 

generally receive their power from the electric grid, and store that power in an energy storage 

system (ESS) onboard the vehicle. The energy storage system onboard EVs can take many 

forms, the most common of which is currently batteries [145]. EVs typically have a higher 

tank-to-wheel efficiency than conventional vehicles, and they produce no tailpipe emissions 

[145]. Yet their energy must still be generated in some way, which means that their CO2 

emissions are directly related to the CO2 emissions of the power generation mix from which 

they derive their energy. The CO2 emissions characteristics of a power generation mix can be 

expressed in a figure known as CO2 intensity. CO2 intensity is the average amount of CO2 

emitted per unit of electrical energy generated by all of the power production processes in a 

mix weighted by the amount of power obtained from each of those processes. Therefore, the 

CO2 emissions from EVs and PHEVs can vary considerably depending on the CO2 intensity 

of their grid-supplied electricity. 

Hybrid electric vehicles come in many forms. They typically combine elements of 

both EVs and conventional vehicles, as they can be powered by energy stored onboard in a 

variety of forms such as chemically, electrically, and mechanically [12]. PHEVs are a 

specific type of HEV that use power obtained from the electric grid in conjunction with 

power obtained from an onboard alternative power unit (APU). The APU can take on many 

forms such as a fuel cell or an ICE combined with a generator. Since ICE technology and 

infrastructure are more developed, ICE-based alternative power units are more likely to find 

wider adoption than fuel cells in the near future, and in order to allow for a more direct 
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comparison between conventional vehicles and PHEVs, the PHEVs in this study were 

simulated with an alternative power unit consisting of an ICE with a generator. 

In series PHEVs (the type used in this study), an electric motor provides all of the 

tractive force, and they generally have two modes of operation: one when its ICE-based APU 

is on and another when it is off. When a PHEV’s ICE is off, a PHEV operates in an electric-

only mode, identical to an EV. In electric-only mode, the ESS is used exclusively to power 

the vehicle, and as the PHEV drives, its state of charge of its energy storage system declines. 

A common naming convention for PHEVs is based on how much distance they can cover in 

their electric-only mode. For instance, a PHEV-20 will be able to travel 20 km in its electric-

only mode. Typically once the SOC of the ESS is drained to a certain level, the APU is called 

upon to provide power and the PHEV is now in charge sustaining mode. In charge sustaining 

mode, PHEVs operate more like a conventional hybrid electric vehicle, using a blend of 

power derived from both the APU and ESS. It is possible for the APU on a PHEV to be 

running and to still have the state of charge of the energy storage system decline, though this 

is more common of parallel HEV powertrains and is rarely seen in series PHEVs, such as 

those examined in this study. Since PHEVs obtain their power from two different pathways, 

their overall efficiency depends on the interplay between the ESS and APU and the vehicle’s 

operating characteristics in electric-only and charge sustaining modes.   

While battery technology is constantly improving, the batteries used in EV 

applications are generally the heaviest single component in the powertrain [12]. For example 

in the case of the Tesla Roadster, the battery pack accounts for over a third of the weight of 

the vehicle [170]. A PHEV can have a significantly lower battery mass than an EV since its 

battery only needs to provide energy for the electric-only mode which is usually only a 

fraction of the vehicle’s total range. Once the vehicle has exceeded its electric-only range, 

charge sustaining mode takes over, and the alternative power unit handles the energy 
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requirements of the vehicle. Since PHEVs can have a lower battery mass than EVs, the curb 

mass of PHEVs can also be lower, which can enable them to operate more efficiently in 

electric-only mode than a similar EV.   

Once a PHEV’s APU has switched on in charge sustaining mode, PHEVs can 

generally operate more efficiently than conventional vehicles especially during urban driving. 

This is made possible by the fact that PHEVs’ electric motors are typically more efficient at 

providing tractive power and enable the vehicle to recapture energy through braking. Also, in 

a PHEV when the ICE functions as an APU, it generally does not have to be directly coupled 

to the road load [12]. Without having to respond to the transients of normal driving, the ICE 

in a PHEV can be run continuously in its most efficient operating range to achieve a lower 

fuel consumption than could be achieved in a conventional vehicle [12]. However, there may 

be circumstances when the fuel economy of conventional vehicles could approach or exceed 

that of PHEVs such as during highway driving when a vehicle’s speed is relatively constant. 

Depending on a vehicle’s topology and energy management strategy, the power generated by 

the ICE onboard a PHEV may experience additional losses as it moves through the other 

components providing the tractive force, such as the electric motor, power electronics, and 

ESS. Therefore, though PHEVs generally have a higher tank-to-wheel efficiency in charge 

sustaining mode than conventional vehicles – that may not be true in all cases.  

PHEVs have at least a theoretical justification for why they should be able to achieve 

lower CO2 emissions than both EVs and conventional vehicles. The actual CO2 emissions 

performance of a PHEV depends on many factors: its range in electric-only mode, its 

efficiency in electric-only and charge sustaining modes, and the CO2 intensity of the power 

generation mix used to power the PHEV from the grid. This study uses OVEM’s Level 3 

models to simulate EV and PHEV operation to better understand the CO2 emissions from 

PHEVs in order to examine the conditions under which PHEVs may achieve lower CO2 
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emissions than EVs and conventional vehicles. It should also be made clear that the aim of 

this study is only to make reasonably accurate predictions (to within approximately 2-5%) 

about the relationship between CO2 emissions stemming from conventional vehicles, EVs, 

and PHEVs given different power generation mixes. There are inherently many uncertainties 

in such a study, and as such its results are not meant to be interpreted as precise predictions 

about the relationship between every conventional vehicle, EV, and PHEV. Rather, this study 

provides an illustration of how that relationship could reasonably be expected to unfold.   

6.2 Methods 

The goal of this study is to compare the CO2 emissions from vehicles with three different 

types of powertrains (conventional vehicles, EVs, and PHEVs) as the CO2 intensity of their 

power generation mix varies. In order to do this, a standard vehicle platform was needed to 

ensure an equitable comparison between the different powertrains. It was decided that the 

vehicle serving as the platform in this study should be representative of a widely used 

automobile. The 2010 Ford Focus was selected to be the platform for the three different 

powertrain types because it is a high-selling midsize car in many markets around the world 

[171]. The conventional, ICE-based version of the Focus comes with manufacturer published 

figures for its CO2 emissions. Since EV and PHEV versions of the Focus do not currently 

exist, the shape and mass specifications for EV and PHEV versions of the Focus were either 

approximated or obtained from the conventional version. This process is explained further in 

Section 6.2.2. The emissions performance of the EV and PHEVs was estimated by OVEM as 

explained in Section 6.2.1.     

6.2.1 Vehicle Modeling 

In order to arrive at the energy consumption and CO2 emissions estimates for the EV and 

PHEVs, OVEM’s Level 3 models were used [35] [36] [37]. OVEM was first used on both the 
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simulated EV and PHEVs to determine the size of the battery pack required for them to 

achieve the target range. In the case of the EV, the only other figure required from the 

simulation was an estimate of the energy consumption of the vehicle expressed as the amount 

of energy consumed per unit distance traveled. In order to obtain CO2 emissions estimates for 

the PHEVs, OVEM needed to provide figures for the energy consumption of the PHEV in 

both electric-only and charge sustaining modes. For more information on OVEM’s Level 3 

simulations refer to Chapter 4.   

6.2.1.1 EV and PHEV Model 

Below is an account of the assumptions and parameters used in the study for the electric and 

plug-in hybrid electric vehicle models.  

Vehicle Blocks: For more information on the vehicle blocks, refer to Section 4.1. Section 

6.2.2 contains more information on the parameters used by the vehicle block in this specific 

study.  

Wheel-Axle Blocks: The wheel-axle losses were assumed to be fixed at 1% for all the 

simulated EVs and PHEVs [52]. For more information on the wheel-axle block refer to 

Section 4.2.  

Gearbox Blocks: For both the EV and PHEVs, the gear ratio was set to 2 because that was 

the lowest, and hence lightest, fixed gearing that allowed the powertrain to achieve the 

requested drive cycle. The dimensionless gearbox coefficients kseal, kmesh, and kbearing were set 

to 0.00103, 0.02, and 0.005, respectively [44]. For more information on the Level 3 gearbox 

block, refer to Section 4.3.  

Motor-Power Electronics Blocks: The motor used in this study was based on a 

commercially-available permanent magnet topology [61]. For more information on the 

motor-power electronics block, refer to Section 4.4. Section 6.2.2 contains more information 

on the motor parameters that were specific to this study.  
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Battery Block: The battery model in this study is based on a commercially available lithium-

based cell marketed for use in vehicles [110] [172]. Lithium-based batteries were used in this 

study because their specific energy and power ratings are the highest of all battery 

technologies [161] [173]. The cells in this study have a specific energy of 390 kJ/kg and a 

specific power of 3.3 kW/kg. The simulation accounted for the energy losses incurred when 

charging the battery from the grid. The simulations showed that recharging the battery pack 

of the EV and PHEVs at a constant rate of 6 kW (such that the EV’s pack would fully charge 

in approximately 6 hours) yielded a median efficiency of 94%. This efficiency figure agreed 

with published estimates on the typical efficiency of lithium-based batteries at low charge 

rates [12], and it was factored into the energy use calculations for the EVs. For more 

information on the inner workings of OVEM’s battery model refer to 4.6.2. 

ICE Block: In this study, the APU consisted of an ICE combined with a generator. When the 

SOC of the battery went below its lower limit (20% SOC), the ICE was called upon to 

provide extra power to recharge the battery. Once the battery recharged to a certain point 

(80% SOC), the ICE switched off and was no longer called upon to produce extra power to 

recharge the battery until the battery once again went below its lower limit. The lower and 

upper limits of the battery’s SOC were set to 20% and 80% respectively because that is the 

range over which many batteries in HEV and EV applications are operated to prolong their 

cycle life [174].  

A spark ignition ICE running on gasoline was used in the APU in this study because 

the PHEVs that are slated to be mass produced within the next several years have been 

announced to be spark ignition [31]. The advantage of having an ICE serve as an APU, rather 

than being coupled to the road load as in a conventional vehicle, is that the ICE can be 

downsized and operated more efficiently. Since it does not have to track transient spikes in 

the road load, it can have a lower power rating and spend more time operating in its most 
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efficient range. For more information on the APU in a PHEV refer to Section 4.9.3 and refer 

to Section 4.7.1 in particular for more information on the ICE-based APU model.  

Below is an account of the assumptions and parameters implemented to the ICE-based 

APU model for this study. In the case when the APU was called upon to recharge the battery, 

it was requested to produce power at its most efficient operating point which occurred at 

about 60% of its maximum power. The APU model steps through the possible torque and 

speed combinations whose product would meet the power request in increments of 10 rad/s. 

The efficiency of the generator and ICE when operating at each of those torque and speed 

combinations was determined from the efficiency maps seen in Figure 6.1 and Figure 6.2, 

respectively. In this study, it was assumed that the APU responded instantaneously to a power 

request, which is of course not entirely physically accurate. However, as the validation in 

Section 6.3 shows it was a reasonable approximation, which in the absence of concrete data 

on the APU’s response time, produced results that were sufficiently accurate for this study.   

The power rating and mass of both the ICE and generator were linearly scaled down 

as far as possible while still enabling the vehicle to successfully complete the drive cycle, 

such that the velocity achieved was within 0.2% of the velocity requested. This was done to 

minimize the mass of the APU. Note too that the power rating of the APU for each PHEV 

was always high enough so that the APU could sustain the vehicle traveling indefinitely at 

the maximum speed of the NEDC with no assistance from power stored in the ESS. The 

power rating of the APU was adjusted by scaling the torque and speed axes on the ICE’s and 

generator’s efficiency maps along with the mass of the ICE and generator by a scalar 

percentage – chosen through an iterative approach such that the resized map allowed the 

vehicle to achieve the highest efficiency. The validation in Section 6.3 showed that this 

approach produced reasonably accurate results (within 5%) for the purposes of this study. 
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Figure 6.1: Efficiency map of the generator in the APU, note that the torque and speed axes are normalized by 

their maximum values so they can be rescaled to suit the specifications of the simulation 

 

 

Figure 6.2: Efficiency map of the ICE in the APU, note that the torque and speed axes are normalized by their 

maximum values so they can be rescaled to suit the specifications of the simulation 

6.2.2 Converting the Conventional Vehicle to an EV and PHEV 

The 2010 Ford Focus is manufactured as a conventional, ICE-based vehicle. There are 13 

different versions of the 2010 3-door Focus in the UK market each with their own engine, 

transmission, curb mass, and CO2 emissions. Of all the versions of the Focus in its model 

line, the version with the lowest emissions was the 2010 Focus 3-door 1.6 TDCi ECOnetic, 

producing 114 gCO2/km [31]. Though this vehicle uses diesel fuel, since this study wanted to 

look at the best performers for each powertrain, this was the emissions value used for the 

conventional vehicle. It should be noted that the CO2 emissions figures published by the 

manufacturer are derived from running the vehicle over the New European Drive Cycle 

(NEDC).  
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In order to convert a conventional Focus to an EV or PHEV, it first had to be stripped 

down to its glider mass. The glider mass is the curb mass of the conventional vehicle minus 

the mass of any components that are not needed for the conventional vehicle to function as an 

EV or PHEV. The ICE was the first component removed from each of the 13 conventional 

vehicles in the Focus model line. The mass of the ICE was approximated by assuming its 

specific power was 400 W/kg which was based on the median value from a range reported in 

[26]. The mass of the multi-gear transmission of each ICE was estimated based on the 

empirical equation from Lechner and Naunheimer [175]  

 𝑚𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 = 0.49(𝑖𝐺𝑇𝑟𝑎𝑡𝑒𝑑)0.58𝑧0.29 6.1 

where mtransmission is the mass of the transmission in kilograms, iG is the gear ratio of the 

highest gear, Trated is the rated torque of the ICE, and z is the number of speeds in the 

transmission. Note that Equation 6.1 is a best-fit regression based on empirical observations. 

It is not derived from first principles. Thus, the dimensionality of the equation is handled by 

the units embedded in the coefficient of 0.49. The term iG is dimensionless as it is the gear 

ratio of the highest gear. The term z is dimensionless as it is the number of speeds in the 

transmission. The term Trated has units of Nm; however that term is raised to a power of 0.58. 

The units of the term mtransmission are kg. Thus the units of the coefficient, 0.49, are kg/Nm0.58. 

Note that this relationship was needed because information on the mass of a commercially 

available vehicle’s transmission is rarely readily available whereas the parameters on the 

right hand side of Equation 6.1 generally are readily available. Also note that an additional 20 

kg was removed to account for the mass of any ancillary components in the conventional 

versions that were not required in the electric of plug-in hybrid electric vehicles. 

 Since this study compares the best performers across conventional, EV, and PHEV 

powertrains, the glider mass that was used as the basis for the EV and PHEVs came from the 

vehicle in the 2010 3-door Focus model line with the lightest glider mass, the 2.5 Duratec ST 
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with a glider mass of 913 kg. For both the EV and PHEVs, the traction motor that was added 

had a mass of 102 kg (including the mass of its power electronics) [61]. A battery pack was 

added to the EV, and the pack was sized such that the EV would be able to achieve a range of 

300 km on the NEDC. The fixed ratio gearbox added back to the EV and PHEV had a mass 

of 19 kg.   

Four different PHEV powertrains were examined in this study, each with a different 

electric-only range. The battery packs of the four different PHEVs were sized so as to allow 

for different electric-only ranges of 20, 40, 60, and 80 km. The PHEVs also had the 

additional mass of their alternative power unit, consisting of a generator and an ICE. The ICE 

used in the APU was based on a 1 L 41 kW GM engine with a mass of 100 kg, and the 

generator was based on a permanent magnet topology [31] [61]. The mass and rated power of 

the APU was scaled down by the same constant factor, so that the power rating was as low as 

possible while still enabling the vehicle to successfully complete its drive cycles. The power 

rating was also always made high enough to enable the PHEVs to cruise indefinitely at a 

constant speed equal to the maximum speed of the NEDC (120 km/h). Table 6.1 shows the 

mass parameters for the conventional vehicle, EV, and PHEVs used in this study. Note that 

the mass of the battery pack in the PHEVs increases in order to extend the range achievable 

in electric-only mode. The mass of the APU also increases as the electric-only range 

increases though not as much as the mass of the battery pack. This illustrates that since the 

APU is not directly coupled to the road, it does not have to increase in size as much to power 

the heavier cars. 

Table 6.1: Specifications for the vehicles used in this study 

Powertrain Type Battery Pack Mass (kg) APU Mass (kg) Curb Mass (kg) 

CV -- -- 1340 

EV 340 -- 1380 

PHEV-20 30 104 1168 

PHEV-40 50 107 1191 

PHEV-60 80 110 1224 

PHEV-80 110 113 1257 
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It was assumed that the exterior body shape and tire characteristics would not change 

in converting the conventional Focus to an EV and PHEV. Therefore, the specifications from 

the conventional Focus that were used on the EV and PHEVs were the drag coefficient 

(0.32), frontal area (2.2 m2), tire radius (33 cm), and rolling resistance coefficient (0.01). 

These specifications were taken either from the manufacturer [31] or from independent 

sources [12] [176]. The air density was set to 1.2 kg/m3 for all of the vehicles simulated in 

this study [12].     

6.2.3 EV and PHEV Modeling Techniques  

In order to ensure an equitable comparison with the conventional vehicle, the EV and PHEVs 

were also simulated on the NEDC. The energy consumption of the EV and PHEVs in 

electric-only mode was taken from one iteration over the NEDC assuming that the SOC 

began at 100%. The energy consumption of the PHEVs in charge sustaining mode was taken 

from the average of multiple full charge-discharge cycles.   

A charge-discharge cycle begins at the point when the ICE switches on to begin 

recharging the ESS, continues through to when the ICE has brought the energy storage 

system’s state of charge back to its upper limit (80% in this study), carries on through the 

phase when the ICE has turned off and the state of charge is declining back towards its lower 

limit (20% in this study), and ends in the time step just prior to the ICE turning on once again 

to start a new charge-discharge cycle. The charge-discharge cycles are generally longer than 

the length of a single run through the NEDC, and that was true in this study as well. Their 

exact length depended primarily on the size of the ESS. As a result, charge-discharge cycles 

do not always begin and end at the same point on successive iterations of the NEDC. This 

leads each charge-discharge cycle to encompass a slightly different pool of driving conditions 

over the NEDC – each charge-discharge cycle will have presided over a different collection 

of acceleration, deceleration, high-speed, and low-speed events. To compensate for this, the 
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simulated PHEVs were run over 30 iterations of the NEDC so that each simulation included 

multiple charge-discharge cycles. The energy consumption and thus CO2 emissions over each 

of these charge-discharge cycles was calculated. The uncertainty in the energy consumption 

and CO2 emissions across the different charge-discharge cycles for each PHEV never 

exceeded 2% of the mean, indicating that this approach was reasonably precise.  

6.2.4 CO2 Emissions Modeling  

The tank-to-wheel CO2 emissions for the conventional vehicle, EV, and PHEVs were all 

derived in different ways. The operating emissions from conventional vehicles can be 

measured by what comes out of their tailpipe. In Europe, automobile manufacturers publish 

the grams of CO2 per kilometer (gCO2/km) emitted by conventional, ICE-based automobiles. 

Therefore in this study, that manufacturer reported value was used as the constant CO2 

emissions from the conventional vehicle over its entire range.   

The emissions from EVs depend on their own energy consumption and on the CO2 

intensity of the power generation mix from which the EV’s energy was obtained. The energy 

consumption is the amount of energy used per unit distance traveled. The CO2 intensity of a 

power generation mix is the average amount of CO2 emitted per unit of electrical energy 

generated by all of the power production processes in a mix weighted by the amount of power 

obtained from each of those processes. By combining the energy consumption of the EV 

(EEV) with the CO2 intensity of its power generation mix (ICO2), its emissions in gCO2/km 

(eEV) could be obtained 

 𝑒𝐸𝑉 = 𝐼𝐶𝑂2
𝐸𝐸𝑉. 6.2 

It should also be noted that the CO2 intensity figures used in this study only account for the 

CO2 emissions involved in the actual process of power production. 

The CO2 emissions from PHEVs depend on the CO2 intensity of the power generation 

mix, the efficiency of the vehicle in charge sustaining and electric-only modes, and the 
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distance traveled in both modes. The equation used in this study to calculate the average 

gCO2/km for a PHEV, ePHEV, was 

 𝑒𝑃𝐻𝐸𝑉 =
𝑒𝐶𝑆𝑑𝐶𝑆 + 𝐼𝐶𝑂2

𝐸𝐸𝑂𝑑𝐸𝑂

𝑑𝐶𝑆 + 𝑑𝐸𝑂
 6.3 

where dEO and dCS are the distances traveled in electric-only and charge sustaining mode 

respectively, EEO is the energy consumption in electric-only mode, and eCS (expressed as the 

gCO2/km) is the CO2 emissions produced per unit distance by the PHEV in charge sustaining 

mode. Equation 6.3 calculates the cumulative CO2 emissions for a PHEV from the time its 

journey began to its current point and then averages those CO2 emissions over the distance 

traveled up to that point. Yet it should be noted that once a PHEV switches to charge 

sustaining mode, its instantaneous CO2 emissions undergo a step up to the PHEV’s charge 

sustaining mode CO2 emissions rate. 

6.3 Model Validation 

In order to improve the confidence in the results from the model, the vehicle models were 

validated by successfully predicting the performance of a conventional vehicle, an EV, and a 

PHEV. No single vehicle currently exists with a conventional, EV, and PHEV platform 

which is why this study relies on computer models and why the models had to be validated 

against the three different vehicle types. The model’s estimates were validated against 

lumped parameters for fuel, energy consumption, and CO2 emissions as reported by the 

vehicle manufacturers or the EPA. 

There is currently not an EV version of the Ford Focus available, so the EV model 

was validated against a Tesla Roadster. The Tesla Roadster has a curb mass of 1235 kg, a 

drag coefficient of 0.35, a frontal area of approximately 1.8 m2, a rolling resistance 

coefficient of 0.01, a tire radius of 32 cm, and a battery pack with an energy capacity of 202 

MJ [12] [11]. The manufacturer reports this vehicle to have an energy consumption of 459 
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kJ/km over the EPA combined drive cycle [11]. OVEM simulated this vehicle running over 

this drive cycle and arrived at an energy consumption figure of 450 kJ/km. This value was 

within 2% of the published data from the manufacturer.   

The PHEV model was validated against the only PHEV currently in commercial 

production, the Chevrolet Volt. The Volt has a drag coefficient of 0.29, a frontal area of 

approximately 2.4 m2, a tire radius of 33 cm, a curb mass of 1715 kg, a rolling resistance 

coefficient of 0.008, and a 16 kWh lithium-ion battery pack [17] [177]. The traction motor on 

the Volt has a rated torque of 369 Nm and a rated power of 112 kW [17]. The generator has a 

rated power of 55 kW, and the ICE it is attached to has a rated power of 63 kW [17]. The 

efficiency maps for the Volt’s motor, generator, and ICE could not be attained, so their 

performance was simulated by rescaling the torque and speed axes of the generator and ICE 

efficiency maps described in Section 6.2 to match the specifications of the motors, 

generators, and ICE used in the Volt [31] [61]. The EPA reports that the Volt achieves an 

energy consumption of 770 kJ/km in electric-only mode and consumes 6.4 L/100 km of 

petrol in its petrol-only mode over the EPA’s combined city/highway drive cycle (the EPA 

used the lower heating value of gasoline and assumed 1 US gallon of gasoline is equivalent to 

33.7 kWh of energy) [17]. Over this same drive cycle, OVEM simulated the Volt consuming 

800 kJ/km in electric-only mode and 6.7 L/100km in charge sustaining mode. In both modes, 

the OVEM Level 3 simulation was within 5% of the actual performance of the Volt. These 

validations showed that OVEM, along with its assumptions about the powertrain’s 

components and their scaling and efficiency, had a level of accuracy that was sufficient for 

this study. 

6.4 Results and Discussion 

In order to characterize the CO2 emissions from the conventional Focus, only the 

manufacturer’s published figures were needed. The lowest emitting conventional Focus 
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produced 114 gCO2/km. The simulations showed that the modeled Focus EV had an energy 

consumption of 455 kJ/km. Table 6.2 shows the necessary information to characterize the 

emissions of the PHEVs in this study. It is interesting to note that the CO2 emissions from the 

PHEVs in charge sustaining mode increased as the mass of the PHEV increased, yet only 

slightly, as the CO2 emissions remained within 1% of each other. This illustrated that the 

energy consumption of the PHEVs’ APU increased slightly as the mass of the PHEV 

increased; however, since the APU was decoupled from the road load and could operate in its 

most efficient range, it achieved similar performance even as the mass of the vehicle 

increased. Also note that all of the PHEVs in electric-only mode were more energy efficient 

than the EV. This is primarily because the PHEVs were lighter due to their smaller battery 

packs. With the relevant parameters for the vehicles determined, the only parameter that 

could be varied was the CO2 intensity of the power generation mix, ICO2, as seen in Equations 

6.2 and 6.3.   

Table 6.2: Energy use and CO2 emissions specifications for the vehicle in this study 
 

PHEV-20 PHEV-40 PHEV-60 PHEV-80 EV 
ICE-Based 

Vehicle 

Range in electric-only mode (km) 20 40 60 80 300 -- 

Energy consumption in electric-

only mode, EEO, (kJ/km) 
424 427 431 437 455 -- 

CO2 Emissions in CS mode, eCS, 

(gCO2/km) 
108 109 109 109 -- 114 

 

Note that Figure 6.3 through Figure 6.6 show the cumulative amount of CO2 emitted 

by each of the vehicles averaged over the distance traveled (according to Equation 6.3), and 

they assume that the EV and PHEVs began with a fully charged battery. Figure 6.3 plots the 

tank-to-wheel CO2 emissions averaged over the distance traveled for the PHEV-60 for power 

generation mixes of varying CO2 intensities. This range of CO2 intensities extends to about as 

high as currently exists in any country [178]. Figure 6.3 supplements Figure 6.4, Figure 6.5, 

and Figure 6.6 in showing how the emissions from a PHEV depend on the CO2 intensity of 

the power generation mix from which it is charging. Note that the CO2 emissions from the 
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PHEVs in electric-only mode depend directly on the CO2 intensity of the power generation 

mix. Once the PHEV enters its charge sustaining mode, the CO2 emissions averaged over the 

distance traveled pick up at the level they were at during electric-only mode before 

asymptotically approaching the APU’s CO2 emissions value. 

 

Figure 6.3: Cumulative CO2 emissions averaged over the distance traveled for the PHEV-60 with power 

generation mixes of varying CO2 intensity 

 

Figure 6.4 shows how the average emissions profiles compare for the CV, EV, and 

PHEVs when the EV and PHEVs charge in France, a country with a power generation mix 

with a low CO2 intensity (24 gCO2/MJ) [178]. While, the PHEVs consumed less energy in 

their electric-only mode than the EV, which led to them having lower emissions than the EV 

in their electric-only range, the difference was almost negligible. Figure 6.4 shows that given 

France’s low CO2 intensity, there was less than a 1 gCO2/km difference between the CO2 

emissions from the most efficient PHEV and EV. What was only a small difference in CO2 

emissions in electric-only mode became much larger once the PHEVs entered charge 

sustaining mode. As the average CO2 emissions from the PHEVs asymptotically approached 

their ICE-based APU’s emissions value over the course of their range, they moved farther 

away from the low, constant CO2 emissions of the EV. Since the PHEVs operated more 

efficiently in charge sustaining mode than the conventional vehicle and since their CO2 

emissions in electric-only mode began at a point below those from the conventional vehicle, 

their average emissions were lower at all points in their range. From these results, the 
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generalization could be made that if the CO2 intensity of the power generation mix is low, 

then EVs provide a more consistent option than PHEVs or conventional vehicles for lowering 

CO2 emissions in automobile transport.   

 

Figure 6.4: Cumulative CO2 emissions averaged over the distance traveled for a conventional vehicle, EV, and 

PHEVs in France, a country with a power generation mix with a low CO2 intensity 

  

Figure 6.5 shows the average emissions for the conventional vehicle, EV, and PHEVs, 

over the course of their range as if they were charging in the USA which has a CO2 intensity 

of 169 gCO2/MJ [178]. A power generation mix with this level of CO2 intensity is near the 

middle of the range for countries worldwide. Given this CO2 intensity, the PHEVs emitted 

between 3 to 6 gCO2/km less than the EV during their electric-only mode which was 

expected because of the lighter curb mass and higher efficiency of the PHEVs. The PHEVs 

even continued to emit less than the EV into their charge sustaining mode. For instance, the 

PHEV-80 continued to have lower emissions than the EV for several kilometers into its 

charge sustaining mode. There is clearly a range of distances over which the PHEVs emitted 

less than the EV. Thus, in a country with a mid-range CO2 intensity, such as the USA, 

PHEVs offer the possibility of reducing CO2 emissions relative to EVs when they begin with 

a full charge and are not driven too extensively in their charge sustaining mode. Yet, once the 

PHEVs extended further into their charge sustaining modes, they began to emit significantly 

more gCO2/km than the EV. Both the EV and PHEVs emitted less CO2 at all points in their 

range than the conventional vehicle. Thus, with power generation mixes of mid-range CO2 
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intensity, PHEVs may provide for lower CO2 emissions if the driving distances between 

charges are short relative to the maximum range of the vehicle. This is generally the case in 

the USA, as the national average commute distance is approximately 25 km [179] [180]. 

However, the CO2 emissions reductions from PHEVs in electric-only mode compared to 

those from EVs were not too significant. The EV produced low CO2 emissions over its entire 

range, and it achieved over 90% lower CO2 emissions than the CV. EVs appear to be a better 

option than PHEVs for lowering CO2 emissions in automotive transport given a power 

generation mix similar to the average one found in the USA.  

 

Figure 6.5: Cumulative CO2 emissions averaged over the distance traveled for a conventional vehicle, EV, and 

PHEVs in the USA, a country with a power generation mix with a mid-range CO2 intensity 

 

 When the CO2 intensity of the power generation mix is high, a different picture began 

to emerge. It has been projected that by the year 2050, China alone will have nearly 600 

million cars on its roads – more than existed worldwide in 2005 [4]. China has a power 

generation mix that is highly CO2 intensive – 241 gCO2/MJ [178]. This significantly impacts 

the emissions profiles for PHEVs and EVs. Figure 10 shows these profiles for China. Given 

China’s power generation mix, the simulated PHEVs achieved lower emissions at all points 

over their range than the EV and conventional vehicle. This fact has not been reported on in 

the literature, and it demonstrates that PHEVs provide a stronger alternative than previously 

thought to lower the CO2 emissions from transport in countries with a highly CO2 intensive 

power generation mix. In a country like China, PHEVs have the potential to be more than a 
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mere stopgap compensating for the current range deficiencies of EVs. Depending on how the 

CO2 intensity of China’s power generation mix evolves, PHEVs may be able to play a more 

prominent role in a long-term solution to lower CO2 emissions in automobile transport. 

However, the reality of China’s power generation mix also shows that even EVs and PHEVs 

will not be able to significantly lower China’s CO2 emissions from automobile transport in 

the short term. The EV and PHEV-20 in electric-only mode achieved less than a 5% and 11% 

CO2 emissions reduction respectively compared to the conventional vehicle. This 

demonstrates that countries with highly CO2 intensive power generation mixes clearly have 

an extra incentive to reduce their CO2 intensity in order to maximize the potential of EVs and 

PHEVs to reduce CO2 emissions in automotive transport.  

 

Figure 6.6: Cumulative CO2 emissions averaged over the distance traveled for a conventional vehicle, EV, and 

PHEVs in China, a country with a power generation mix with a high CO2 intensity 

 

Granted, these results are derived from the assumptions and modeling techniques 

outlined earlier in this study. As such, these predictions should not necessarily be expected to 

be true for all possible EVs and PHEVs. Nevertheless, these results illustrate the central point 

that was hypothesized at the outset of this study: as the CO2 intensity of the power generation 

mix increases, PHEVs can actually reach a point where they produce roughly as many or 

even fewer tank-to-wheel CO2 emissions than EVs across their entire driving range. 
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6.5 Conclusion for Case Study 2 

This study modeled the CO2 emissions from EVs and PHEVs and compared the results to 

published values for the CO2 emissions from a conventional vehicle based on an ICE. It was 

theorized that given certain power generation mixes with varying CO2 intensities PHEVs may 

be able to emit less CO2 than both conventional vehicles and EVs. Given a low CO2 intensity, 

as is found in a country like France, EVs emerge as the best option for reducing CO2 

emissions from automobile transport. Given a mid-range CO2 intensity, as is found in the 

USA, PHEVs were able to emit between 3 to 6 gCO2/km less than the EV during their 

electric-only mode. However, the EVs still appeared to be the most reliable option for 

reducing automotive CO2 emissions across their entire driving range. Yet, when a highly CO2 

intensive power generation mix was considered, such as in China, PHEVs were found to emit 

less over their entire range than both a similar EV and conventional vehicle. This shows that 

PHEVs are not only a stopgap making up for the current range shortcomings of EVs. This 

novel result could affect how countries with highly CO2 intensive power generation think 

about lowering their automotive CO2 emissions. Also, unless highly CO2 intensive countries 

pursue a major decarbonization of their power generation, they will not be able to fully take 

advantage of the ability of EVs and PHEVs to reduce the CO2 emissions of automotive 

transport. 

 This study also illustrates how OVEM’s flexible structure and rapidity of 

implementation and simulation can be used to accurately compare a range of different 

powertrain topologies and technologies. OVEM’s results can also be combined with outside 

data sets (in the case of the power generation mix CO2 intensity data) to arrive at results that 

can provide a solid technical footing to discussions with policy implications on the impact of 

advanced powertrains.  
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7 Conclusions and Future Work 

This dissertation addresses the problem of modeling the energy flows in new and rapidly 

evolving classes of automotive vehicles. It introduces a system of computer models, known 

collectively as the Oxford Vehicle Model (OVEM), which allows for the novel simulation of 

the powertrains of electric and hybrid electric vehicles.  

 The number of vehicles on the world’s roads is expected to triple to 3 billion by 2050 

[4]. Road transport is currently almost entirely dependent on fossil fuels, which leads to a 

host of environmental and economic problems [2]. Electric and hybrid electric vehicles have 

the potential to mitigate the negative impacts posed by the fossil fuel dependence of the 

current road transport fleet [8]. Electric and hybrid electric vehicles are complex systems that 

have the capacity to integrate many different technologies into a host of powertrain 

topologies. Building and testing each possible powertrain configuration would be 

prohibitively time, labor, and resource intensive. Yet, modeling these powertrains with 

computer simulations can provide accurate and useful information about their characteristics 

at a fraction of the cost, labor, and time. 

In any modeling effort, it is imperative to determine what the model’s objectives are 

in order to establish how to build the model in order to best meet those objectives. This study 

began by identifying a number of criteria for a novel vehicle modeling program that would 

make the program valuable to entities in industry, academia, and government. That list of 

criteria is repeated here for convenience: 
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1. The program should be able to rapidly simulate and incorporate existing and emerging 

technologies and capabilities.  

2. The program should be able to facilitate scoping exercises across a spectrum of 

component technologies and sizes in order to understand the relationship between a 

range of technological options (including those that currently exist and have the 

potential to exist in the future) and key electric and hybrid electric vehicle 

characteristics, such as cost, emissions, energy consumption, and range. 

3. The program should be concerned with timescales and conditions that align with 

widely used vehicle testing protocols for ascertaining values such as emissions, 

energy consumption, and range. The relevant timescales are approximately on the 

order of 1 to 104 s. The conditions are straight-line travel, typically over widely-used 

drive cycles representing urban, highway, or suburban driving (in order to enable 

comparison with other studies and reported vehicle characteristics). This excludes 

racing applications or other similarly extreme off-road or hill climb applications. The 

simulation should also have the ability to account for changes in elevation. 

4. The program should be capable of obtaining a degree of accuracy that warrants 

reasonable justification to begin with experimental testing. This was concluded to be 

approximately between 2-5% of real world figures.  

A survey of the current vehicle modeling landscape showed that while programs 

existed that could address some of these issues, they had significant deficiencies and no one 

program comprehensively addressed all of these criteria. It was thus concluded that there was 

room for a novel vehicle modeling program that could deliver across all of these criteria. This 

novel vehicle modeling program came to be OVEM.  

In striving to meet the outlined criteria, OVEM was built around three levels that each 

incorporated a distinct modeling approach in order to facilitate vehicle modeling through 
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varying stages of uncertainty, fidelity, and accuracy. Below is an overview of the three levels 

of modeling in OVEM, as well a description of how each level contributes towards OVEM 

meeting its design criteria. 

Level 1 utilizes a backwards modeling approach where the component models are 

based on a fixed efficiency which is set by the user based on the user’s particular component 

sizing and scoping ambitions. The fixed efficiency approach enables the component models 

to rapidly assess an array of technologies (Criteria #1) especially at a stage in the analysis 

process when uncertainty is likely to be high. The fixed efficiency approach enables the 

calculation of energy flows affecting values such as vehicle energy consumption, emissions, 

range, and component sizing and cost (Criteria #2). The fixed efficiency approach of the 

component models is in line with the timescales and conditions of interest (Criteria #3). The 

primary downside to the Level 1 model is that its accuracy can be low (Criteria #4) since it 

employs models with such low fidelity. But as was noted above, scoping a wide array of 

components is the focus of the Level 1 model, not obtaining highly accurate results via high-

fidelity models. Thus, the accuracy criterion for Level 1 was not of critical importance. 

Level 2 uses a backwards modeling approach where the component models use a 

varying efficiency which is based on an application of well-understood physical principles 

regarding broad technology types. The fact that the models are based on well-understood 

physical principles governing an array of technologies enables the rapid simulation of 

different technologies (Criteria #1). As a backwards model, it is suited towards performing 

component scoping to help determine parameters such as energy consumption, range, 

emissions, cost, and sizing (Criteria #2). The models are built so as to reflect the timescales 

and conditions of interest (Criteria #3). As a backwards simulation, accuracy is not a priority; 

therefore, the program is not concerned with meeting the Criteria #4 accuracy objective. 

However the models still seek to model the efficiency of the components in a physically 
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meaningful yet product-independent way that should have a higher fidelity and accuracy and 

lower uncertainty than Level 1. 

Level 3 is a backwards-forwards model, and as such it is the modeling approach in 

OVEM with the lowest uncertainty and highest accuracy. Level 3 enables the rapid 

simulation of existing and emerging technologies by basing its component models on readily 

available data from actual products (Criteria #1). In meeting this criterion, Level 3 seeks to 

reduce computational and experimental complexity to facilitate the rapid simulation of these 

powertrains. Level 3 is constructed in such a way that it allows for a library of components 

and capabilities so that scoping across many different dimensions can be performed to deliver 

figures for energy consumption, emissions, range, cost, and sizing (Criteria #2). The Level 3 

component models are based around the timescales and conditions of interest (Criteria #3). 

Accuracy is an important criterion for Level 3, so it was developed in such a way as to meet 

the accuracy objective of Criteria #4.  

 Chapters 2, 3, and 4, contain detailed descriptions  on the nature and inner workings 

of the Level 1, 2, and 3 programs. Refer to those chapters for further information on why and 

how each level was created. Each of these chapters also includes a case study and a 

sensitivity analysis for its particular level in order to help illustrate the functionality and 

important considerations of each level. 

Following the account of why and how each level (along with each level’s constituent 

models) was created. Chapters 5 and 6 present detailed case studies based articles published 

by the author in academic journals that demonstrate how OVEM can be used to address novel 

and pressing questions surrounding the development and impact of electric and hybrid 

electric vehicles.  

The study in Chapter 5 exemplifies OVEM’s ability to rapidly assess a range of 

existing and emerging components. In this study, the cutting-edge technologies of high-speed 
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flywheels, advanced lithium-based batteries, and ultracapacitors functioning as the energy 

storage system onboard a series hybrid were compared on the bases of cost and fuel 

consumption. The study showed the novel result that series hybrid powertrains using high-

speed flywheels can be competitive in price and fuel consumption to powertrains using 

batteries and ultracapacitors.  

Chapter 6 further demonstrates OVEM’s ability to compare emerging technologies 

and topologies on the bases of energy consumption, range and emissions. Currently, no single 

vehicle platform exists with electric, hybrid, and conventional variants. So for this study, 

OVEM created one. By using a conventional vehicle platform as the base, electric and hybrid 

electric versions were created so as to allow for an equitable comparison across the range of 

technologies and topologies used. The study ultimately used OVEM to model the tank-to-

wheel CO2 emissions from plug-in hybrid and electric vehicles recharging from power 

generation mixes of varying CO2 intensities. The tank-to-wheel CO2 emissions from the 

modeled plug-in hybrid and electric vehicles were compared to the reported emissions from a 

similar internal combustion engine-based vehicle. The results showed that in areas with a 

CO2 intensive power generation mix, plug-in hybrids have the potential to emit less CO2 

across their entire range than both comparable electric and conventional vehicles. This study 

also demonstrates how OVEM can be used to inform high-level decisions regarding matters 

of transport policy. 

7.1 Specific Contributions of this Dissertation 

The novel contributions of this dissertation span the breadth of OVEM. This section provides 

a recount of these novel contributions, with reference to where a more detailed discussion of 

them can be found in the body of the text. 

This section will first discuss the novel contributions made by the constituent 

component and capability models of OVEM and how these contributions were developed. 
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Then this section will discuss how these individual contributions combine into the broader 

contribution of OVEM – providing a view on the novel contribution of OVEM as a whole 

program. This section will then conclude with a discussion of the contributions made via the 

application of OVEM to real-world questions. 

Level 1 makes four unique contributions with its capability and component modeling 

techniques. All four of these contributions appear in Levels 2 and 3 as well (with a degree of 

fidelity commensurate with the rest of that level’s vehicle model). However, since the first 

incarnation of these techniques appear in the Level 1 program, they will be discussed as part 

of Level 1. 

 The first two novel capabilities of the Level 1 program are the ability to model 

multiple tractive electric motors (Sections 2.4, 3.4, and 4.4) and hybridized energy storage 

systems (Sections 2.6, 3.6, 4.6, and 4.9). Both of these capabilities are concepts that are 

emerging alongside the rise in electric and hybrid electric vehicles – as they were largely 

unexplored to a field dominated by the internal combustion engine. Though both of these 

capabilities have been discussed in the literature as concepts, no energy flow vehicle 

modeling programs have been built with these functionalities [40]. Thus, the novel work in 

this study came in turning these new concepts into a series of algorithms and modeling 

techniques that could be used in OVEM. For instance, the author did novel work to develop 

Equation 4.73, which was used to control the energy flow between hybridized energy storage 

systems in a speed-based energy management system.  

 The other two novel capabilities introduced in the Level 1 program came with the 

rolling resistance model and the ability to account for slope in the drive cycle (refer to 

Section 2.1 for a more detailed discussion on these topics). With both of these functionalities, 

an existing knowledge base was leveraged to turn the concepts into practical realities in 

OVEM. In the case of modeling rolling resistance, existing energy flow vehicle models had 
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incorporated some means of accounting for rolling resistance; however, their approach was 

overly simplified and did not account for the effect that vehicle speed has on rolling 

resistance [40]. A survey of the literature was conducted, and empirical work on measuring 

rolling resistance was found. The results of this existing empirical work (Equation 2.11 and 

Figure 2.4) had never been adapted for use in an energy flow vehicle model [26] [40], so the 

author’s novel contribution came in deriving this work into form capable of functioning 

within the structure of OVEM. This required novel programming to create the interpolation 

techniques and coding loops in the model to enable these empirical findings to actually work 

towards more accurately modeling rolling resistance. 

Existing energy flow vehicle modeling programs did not include the ability to account 

for slope [26]. This is an important omission as electric and hybrid electric vehicles have the 

ability to benefit from modeling slope since they can recapture energy during descents. To 

incorporate slope into OVEM, standard Newtonian equations of motions were derived 

(Equations 2.5, 2.6, 2.8, 2.10, 2.12, and 2.13) and then adapted for use within OVEM. The 

novel work came in adapting these derivations for use within OVEM – programming the 

necessary loops and interpolation techniques with their unique dependence on distance 

traveled by the vehicle rather than time elapsed, which runs counter to the structure of the rest 

of OVEM and other existing energy flow vehicle modeling programs [40]. 

 Level 2 has its own set of novel component modeling contributions. The first of these 

was the gearbox model. Existing energy flow vehicle modeling programs had gearbox 

models; however, they made the simplifying assumption that the efficiency of the gearbox 

was constant [26] [40]. Empirical evidence shows that this is not the case. So OVEM 

leveraged this empirical evidence to devise the backwards gearbox modeling technique 

explained in Section 3.3. The novel work in this regard came in creating Equation 3.2 based 
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on the existing empirical work and in developing the programming algorithms required to 

enable Equation 3.2 to function with OVEM. 

 The rest of the novel component modeling techniques in the Level 2 program came 

from the motor, power electronics, and energy storage system models (Sections 3.4, 3.5, and 

3.6, respectively). The existing body of knowledge on each of these components was 

leveraged to understand how their primary loss mechanisms could be modeled in a manner 

that was physically meaningful yet general enough to be product-independent (in accordance 

with the objectives of Level 2). However, understanding the primary loss mechanisms was 

only the first step in devising the models. Novel work was conducted by the author to create 

the equations to actually model these components’ efficiency (Equations 3.6, 3.11, and 3.12). 

Novel work was also done to create the methodology, in its entirety, that enables the 

coefficients for Equations 3.6, 3.11, and 3.12 to be calculated which is essential to enable the 

models to function within OVEM (refer to Sections 3.4.1, 3.5.1, and 3.6.1 for more 

information).  

 The Level 3 model features eight novel contributions from its component and 

capability models. The first of these capabilities is the load transfer model (for more 

information refer to Section 4.1.1.3). Load transfer in vehicles is a well-understood 

phenomenon with an existing body of knowledge. However, it is a phenomenon that has been 

overlooked by energy flow vehicle models. Load transfer can significantly impact electric 

and hybrid electric vehicles – namely via the amount of energy capable of being captured 

through regenerative braking. For this reason, the Level 3 model in OVEM was designed 

with the capability to model load transfer. In building this capability into OVEM, the existing 

body of knowledge on load transfer was leveraged – the derivation of Equations 4.22 to 4.30 

existed in the literature (though the author did perform the novel task of accounting for inertia 

in this derivation). The author also performed the novel task of combining the derivations 
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from Equations 4.22-4.35 with Equations 4.36 and 4.37 to yield Equations 4.38 and 4.39 

(which are novel in that they also account for inertia). Programming Equations 4.38 and 4.39 

into an algorithm capable of functioning within OVEM was also a novel achievement as it 

had never been done before in an energy flow vehicle modeling program [26] [40].   

 The second novel contribution of the Level 3 program was concerned with improving 

the accuracy of calculating the final speed achieved by the vehicle at the end of each time 

step. Existing energy flow vehicle models made a simplifying assumption on this topic to 

avoid dealing with the complex quadratic that results from the Newtonian dynamics 

describing the final speed achieved by the vehicle [26] [40]. OVEM did not want to use this 

assumption in its attempt to achieve greater accuracy. To go beyond this simplifying 

assumption, the author performed a novel derivation, based on first principles from the 

standard Newtonian equations of motion (first described in Section 2.1), in order to improve 

the accuracy of the calculation to determine the final speed achieved by the vehicle at the end 

of each time step. This novel derivation required solving the complex quadratic referenced 

above and is reflected in Equations 4.8 through 4.20. To the best of the author’s knowledge, 

this derivation has not been performed before, thus making it a novel contribution to the field 

of vehicle modeling. For more information on this novel derivation, refer to Section 4.1.1.2.  

 The third and fourth novel contributions of the Level 3 model have to do with the 

gearbox and epicyclic gear train models. Existing energy flow vehicle models included 

models for a gearbox and epicyclic gear train. However these models, made the simplifying 

assumption that the efficiency of these components was constant. Empirical evidence shows 

that the efficiency of these components is not constant and instead depends on their design 

(e.g. gear ratio and seal, bearing and meshing properties in the case of the gearbox) and the 

load they are transmitting [44] [57]. Thus, novel work was done to adapt this existing 

empirical work into equations and modeling principles that could be integrated into OVEM. 
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For the gearbox model, the efficiency equations (Equations 4.40 and 4.41) were novel 

contributions derived by the author based on the existing empirical findings (Section 4.3). For 

the epicyclic gear train (Section 4.8), the efficiency relationship shown in Figure 4.39 was a 

novel contribution derived by the author also based on empirical findings. Turning these 

equations in programmable algorithms also required novel work, since these relationships had 

not previously been reflected in energy flow vehicle models [26] [40]. 

 The fifth novel contribution came from the Level 3 ultracapacitor model. Existing 

empirical and theoretical work on ultracapacitor modeling served as the foundation for the 

ultracapacitor model in OVEM. For example, the models in Figure 4.12 and Figure 4.14 were 

used to initially frame the structure of the ultracapacitor model. This required integrating a 

truncated version of these existing models into OVEM (refer to Figure 4.18), such that the 

model would meet OVEM’s computational and experimental complexity criteria [47]. The 

novel work came in combining this truncated model with the relationship described in Figure 

4.20 and Figure 4.21, which models how the capacitance of an ultracapacitor varies with its 

state of charge. This is a phenomenon which had heretofore not been included in existing 

ultracapacitor models in energy flow vehicle modeling, so developing the equations to merge 

the model in Figure 4.18 with the relationships in Figure 4.20 and Figure 4.21, and then 

translating those equations into a programmable code for an energy flow vehicle modeling 

program was novel. Refer to Section 4.6.1 for more information on the ultracapacitor model. 

The sixth novel contribution of the Level 3 program comes from the battery model.  

With the battery model, an existing modeling technique (shown in the derivation of Equations 

4.64 through 4.69) served as the foundation for the model integrated into OVEM. The novel 

work consisted firstly of converting these equations into programmable code capable of 

functioning within OVEM. The novel work also consisted of characterizing an array of 
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battery technologies for use in this model (e.g. the characterized battery chemistries of Figure 

4.28 and Figure 4.29). Refer to Section 4.6.2 for more information on the battery model. 

    The seventh novel contribution came with the high-speed flywheel model. Though 

non-high-speed flywheel models exist, high-speed flywheel models have not been seen 

before [31], likely due to the fact that high-speed flywheels are themselves a novel 

technology. Existing flywheel models were not suitable for describing the losses of high-

speed flywheels because they make simplifying assumptions regarding the speed-dependent 

nature of high-speed flywheel efficiency. Since there were no existing templates on high-

speed flywheel models which could be leveraged, OVEM built one from scratch. The author 

obtained empirical data on high-speed flywheel efficiency through collaborations with a 

high-speed flywheel manufacturer (Figure 4.30). All of the work to then translate the nature 

of high-speed flywheel efficiency (described in Figure 4.30) into an OVEM model was novel. 

This consisted firstly of deriving the algorithms that: input the power request to the high-

speed flywheel, assess the operating efficiency of the high-speed flywheel based on its 

operating conditions, and then output the power the high-speed flywheel was capable of 

delivering. Then the novel work also consisted of deriving the algorithms to allow the high-

speed flywheel to be either mechanically or electrically integrated into the powertrain. Refer 

to Section 4.6.3 for a more detailed explanation on the novel work required to create the high-

speed flywheel model. 

 The eighth novel contribution of the Level 3 model came as a result of work done to 

support the fuel cell model (refer to Sections 4.7.2 and 5.2.2 for more information). The 

author conducted a survey of an array of commercially available fuel cells. From this survey, 

the author was able to derive two things. The first was a description of the relationship 

between fuel cell power rating and mass (Figure 5.4). The second was the observation that 

the power-current and efficiency-current curves describing fuel cell behavior had similar 
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shapes and values across a range of fuel cell sizes when these curves were normalized by the 

maximum power and current ratings of the fuel cell (Figure 5.2 and Figure 5.3). Both of these 

observations were novel, and they enabled the fuel cell model in OVEM to be constructed in 

such a way as to allow for the continuous scaling of fuel cell size (within realistically defined 

bounds) rather than relying on the discrete sizes of a few products [40]. This capability made 

OVEM a more useful component sizing tool - the effects of which can be seen in the case 

study of Chapter 5.       

 The above enumeration of the novel constituent parts of OVEM should indicate the 

degree of novelty underpinning OVEM’s development. But OVEM’s novelty is more than 

just the sum of its parts. Each level in OVEM represents a novel modeling approach that was 

developed to address a current shortcoming of the vehicle modeling landscape. Levels 1 and 

2 were the only backwards energy flow vehicle models available at the time of the 

development of OVEM. With no pre-existing template to follow, novel work was required to 

develop the modeling philosophies and overarching structures for both Levels 1 and 2. Novel 

work was also required to define the overall architecture for Level 3 given the extent of new 

components and capabilities that it introduced (e.g. high-speed flywheel and hybridized 

energy storage systems). OVEM as a whole also represents a novel achievement for vehicle 

modeling, as it is capable of addressing a broad array of questions by incorporating models of 

varying degrees of fidelity and accuracy capable of producing results given inputs of varying 

certainty into a single package.  

 Applications of OVEM’s models also produced several new and important 

contributions. These contributions were presented in three journal-published articles, two of 

which were presented in this dissertation, as Chapters 5 and 6. The first of these journal-

published studies (Chapter 5) made the first published comparison between high-speed 

flywheels, batteries, and ultracapacitors functioning as the energy storage system in a light-
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duty hybrid electric vehicle [35]. This study showed that high-speed flywheels could be 

competitive with batteries and ultracapacitors on the bases of cost and fuel economy.  

The second study (the one not presented in this dissertation due to page limit 

constraints) made the novel contribution of quantitatively comparing the tank to wheel CO2 

emissions for a range of electric vehicles (with varying battery array sizes) to the CO2 

emissions from comparable ICE-based vehicles. This study demonstrated quantitatively that 

EVs have the potential to have higher tank to wheel emissions relative to similar ICE-based 

vehicles in regions where the CO2 intensity of grid-generated electricity is high.  

The third study (Chapter 6) used OVEM to predict the CO2 intensity of electric and 

hybrid electric vehicles relative to conventional vehicles given the CO2 intensity of the 

electric grid in four key countries around the world [37]. OVEM’s novel contribution in this 

regard came in that it was able to make a comparison using a standard vehicle platform across 

conventional, electric, and hybrid electric vehicles by virtue of its simulation capabilities, 

even though no single vehicle platform that has conventional, electric, and hybrid variants 

exists. In this study, OVEM also demonstrated, in a quantitative way, the novel observation 

that in regions where the CO2 intensity of grid electricity is high, plug-in hybrids can have 

lower CO2 emissions across their entire range than electric and conventional ICE-based 

vehicles. 

7.2 Future Work 

The most direct next step for future work that could be done on OVEM involves continuing 

to develop its modeling capabilities. Overcoming the non-criteria outlined in Section 1.8 

could be a significant achievement for OVEM. For instance, thermal modeling has been 

excluded from OVEM thus far because of a lack of readily available data on the thermal 

properties of many powertrain components. However, thermal issues can be significant, as 

evidenced by a recent publicized debate between electric vehicle manufacturers regarding 
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questions of optimal battery thermal regulation methods and performance under different 

thermal conditions [181]. OVEM has also refrained from modeling sub-components of its 

individual components (such as individual battery cells within the battery module). This was 

done because of the lack of available data on the individual cell traits. In the case of batteries, 

this depends both on the manufacturer’s ability to deliver a consistent product (something 

that can be difficult for manufacturers of advanced batteries) and for the vehicle’s energy 

management strategy to properly monitor and load the individual cells in an array. Yet, this is 

also an important issue in electric and hybrid electric vehicle development. A tool like 

OVEM could serve as an independent means for evaluating issues such as these.  

OVEM could also expand to include models for even more exotic technologies such 

as turbochargers for ICEs and on-board reformers for fuel cells. Part of this effort would also 

include expanding OVEM’s scope of interest so that it encompassed a broader swath of 

vehicles, such as buses and heavy-duty trucks (lorries). 

 OVEM’s modeling capabilities could further advance to a stage where OVEM begins 

to merge with the experimental world. Greater experimental resources would enable OVEM 

to thoroughly validate its own models which could then progress to be able to assess 

manufacturer’s claims regarding their product data. OVEM would also be able to devise more 

advanced models based on parameters gleaned from experimental testing. OVEM could also 

incorporate hardware-in-the-loop simulations which would improve the accuracy of OVEM’s 

results and enable it to test advanced technologies, topologies, energy management strategies, 

and other capabilities on real components.   

 OVEM could also use experimental means to gather data on how its components 

perform subject to conditions such as aging and adverse ambient environments. For instance, 

it would be a useful contribution if OVEM could accurately describe the degradation 
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experienced by components due to an array of operating conditions and then predict how that 

would affect vehicle performance over time. 

 It could also be beneficial to advance its Level 2 modeling capabilities. A 

comprehensive modeling approach based on the first principles behind these powertrain 

technologies may be able to reveal further interesting insights into how these technologies 

may progress and where their upper performance limits may lay. 

 Another area of future work for OVEM involves publicizing and distributing OVEM 

to groups that are interested in its functionality in academia, industry, and government. There 

has been demand for OVEM from research groups in the UK and worldwide, and the author 

has collaborated with these research groups to aid in their vehicle simulation efforts. As 

OVEM becomes more widely-used, other research groups would likely enhance its 

functionality, perhaps in ways not envisioned by the author. If OVEM were to become more 

widely adopted, its opportunities for validation and improvement would increase, leading to a 

virtuous cycle where more groups seek to use OVEM because of its increasing validation and 

functionality.   
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