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ABSTRACT

I nfluence of Driving Patter ns and Optimal Robust Powertrain
Combined Design and Control on Plug-in Vehicle Cost, Life Cycle
Emissions, Component Sizing, and Battery Stress

by

Orkun Karabasoglu

Chair: Jeremy J. Michalek

Plug-in Hybrid Electric Vehicle (PHEV) powertrairesign and control is a challenging
task for a few reasons: (1) their efficient powartrarchitectures with multiple energy sources
and regenerative braking capabilities introduce tiplel degrees of freedom for design and
energy management (control) decisions, which arglea. Vehicle design includes multiple
coupled decisions in itself, such as battery, motmd engine sizing, while controllers are
developed to achieve efficiency. Design and congralsually done sequentially which lead to
suboptimal results. (2) Powertrain components iaexlso follow driving patterns which dictates
the road demand however they vary significantlyrfrdriver and driver, day to day and trip to
trip. Still the vehicle should be designed robuddy the market. (3) Each design and control
decision introduces a cost component which is dimeer function of the vehicle life so all
design and control decisions should be evaluatedh flife cycle perspective (For example,
energy storage systems are expensive but allovikdarse of potentially cheap electricity).

The first goal of this thesis is to determine tfimpact of driving patterns on the life cycle
benefits of plug-in hybrid electric vehicles. Fs purpose, | design different powertrains

similar to the ones in the vehicle market and sateuthem under different driving patterns. Then
3



| build a quantitative framework to model life cgctost and emissions of vehicles. Using the
proposed framework, | compare conventional, hybpidig-in hybrid vehicles with different
battery sizes, and battery electric vehicles undeious scenarios. This goal aims to answer the
guestions:How much do driving patterns affect the life cytlenefits of PHEVs? Which
powertrain does perform better under which drivpattern? How much does the vehicles all-
electric range change due to driving patterf®&sults indicate that under the urban NYC driving
cycle, hybrid and plug-in vehicles can cut life leyemissions by 60% and reduce costs up to
20% relative to conventional vehicles (CVs). In wast, under highway test conditions
(HWFET) electrified vehicles offer only marginal msions reductions at higher costs. NYC
conditions with frequent stops triple life cycle issions and increase costs of conventional
vehicles by 30%, while aggressive driving (USO&Juees the all-electric range of plug-in
vehicles by up to 45% compared to milder test cytilee HWFET. Hybrid vehicles are more
robust to the variation in driving patterns. | diss policy implications.

The second goal of this thesis is to create atimfiimmework for the optimal design and
control of energy systems, accounting for the adgons between design and control, and
making each design and control decision to achteeemaximum benefits for the entire life
cycle of the system. Having determined the imp#&ariving patterns for PHEVs from the first
goal, the aforementioned framework is applied t® tb-design of PHEV powertrains for the
minimum life cycle cost for a real world driving dg. Firstly, a quasi-static backward looking
parallel PHEV model is developed with its dynamiodal counterpart for the performance
computing which is the acceleration time from 0+8ph. We account for design and control
interactions by performing a parametric study otrex vehicle design space, optimizing the

controller for each design. The vehicle design spaconsisting of engine, motor and battery



size variables - is discretized and searched exkalys using an iteratively refined grid
resolution to minimize lifetime cost. Ultimatelyhd system is optimized to determine the
optimal vehicle designs that minimize life cyclestolntelligent system level control of the
powertrain has the potential to downsize the expensowertrain components such as battery,
motor and engine. This goal aims to answer thetouess How to account for the design and
control interactions during vehicle powertrain dgs? What is the life cycle cost-minimizing
PHEV parallel powertrain design? How important igseem level control? What are the
implications of intelligent control on powertrairesign and costResults indicate that using
optimal control with perfect information (dynamicogramming) provides a 5% smaller battery
pack than using a simultaneously optimized ruleedlasontroller for a particular 22-mile real-

world driving cycle, creating an upper bound fag ffotential benefits of predictive controllers.

The third goal of this thesis is to study the eleof intelligent system level combined
with supercapacitors to reduce battery stress ateheé battery life thus reducing lifetime cost.
For this purpose | integrate energy-dense battevids power-dense supercapacitors in battery
electric vehicles(BEVs) to reduce battery stress$ ianrease battery life for the variation of real
world driving patterns and elevation profiles | badiscussed in the first research question. We
globally optimize the energy management strategyupkercapacitor-battery systems in EVs for
real world driving conditions. We minimize batteryrrent squared as a degradation factor as
peak-leveling and Joule heating accelerate battegyadation in EVs. This goal aims to answer
the questions: Can | reduce battery stress to extend its life vatipercapacitors and smart
control for real world driving conditions? Can | dece battery peak power requirement which

might lead to smaller batterieResults indicate that by integrating a 50 Wh scgyeacitor and



an optimal controller, we achieve over 60% redurctio battery current-squared losses using
dynamic programming. Improved efficiency and redlibattery size can help to make plug-in
vehicles more competitive, while reduced batterg gan improve battery life, reducing life

cycle cost and environmental issues associatedbaitiery production.

This research develops a robust co-design framework energy systems with
applications on PHEV powertrains by integrating igkh design, control and economics,
identifies optimal vehicle powertrain designs undettistribution of driving patterns, examines
the potential component downsizing due to intelligeystem level control, compares different
powertrain technologies over various driving paisefor life cycle cost and emissions, and
models the integration of supercapacitors withdsegs to extend battery life and reduce battery

stress, battery size, and lifetime cost.
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1 INTRODUCTION

Equipped with a motor, battery, and gasoline engmpleg-in hybrid electric vehicles
(PHEVSs) offer a viable solution to reduce gasotinasumption and potentially reduce emissions
and ownership costs since they operate partly erp@ensive electricity that can be obtained

from local, renewable, and less emissions-intensnargy sources than gasoline [1] [2] [3].

The fuel economy and emissions of vehicles depenthe way they are driven, including
daily driving distance [4] and driving condition®fficial fuel economy ratings are based on
standard test driving conditions — called a driveygle -- but real-world driving patterns can
vary substantially from standard test cycles [5][@jding real-world costs and emissions to
deviate from those estimated on window stickers dife cycle studies. In the literature, vehicle
life cycle assessment and design optimization studre typically conducted using efficiency
estimates from federal test cycles, resulting itinoigtic results that favor certain powertrains
over others. In Chapter 2, | investigate variatiotife cycle cost and emission benefits of hybrid
and plug-in vehicles under a range of driving ctods with a sensitivity analysis to critical
factors such as gasoline prices, vehicle costsedadricity grid mix. Specifically, | compare
conventional vehicle (CV), hybrid electric vehicl¢iEV), PHEV, and BEV powertrain
technologies and identify changes in all-electaiege (AER), vehicle efficiency, and battery life,
under a variety of driving patterns to determine thost cost effective and lowest GHG-
intensive powertrains. Then | discuss the enerdigyanplications of our findings considering

multiple scenarios related to market, vehicle tedbgy, and electricity grid mixture.
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Efficient powertrain architectures of PHEVs with Itijple energy sources and regenerative
braking capabilities introduce multiple degreesreedom for design and energy management
(control) decisions. Vehicle design includes mudtipoupled decisions, such as battery, motor,
and engine sizing, while controllers are develope@chieve efficiency. Vehicle system level
control is responsible for the control of energwflof components and depends on component
capabilities, such as battery capacity and enginé @otor efficiency maps and torque
capabilities. Yet vehicle performance criteria, fswas fuel economy, all electric range, and
acceleration depend on the controller [7]. Thusdsign and control problems are coupled, and
treating them separately can produce suboptimaltsef8]. Furthermore, life cycle benefits of
PHEVs depend on the driving conditions, including/idg style [3] and distance [2] Real
world driving conditions vary among drivers and otiee, so vehicles optimized for a single
test cycle or average driving distance can perfpoorly over a range of real driving conditions

[9] [10].

The distance that PHEVs can travel using only gt@tt depends on the size of the battery
pack. Large battery packs can extend electric ramgelower fuel consumption; however, they
are associated with high investment costs, additipnoduction emissions, and extra vehicle
mass, which can decrease efficiency [2] [11]. Bettaergy management and control can
improve efficiency and range by determining thetligse to draw power from the electrical
system vs. the gasoline engine, thus reducing ryategjuirements and lowering costs. This
creates a chance to reduce size of batteries tier lmentrol. In Chapter 3, | develop a robust co-

design framework and find the impact of intelligenhtrol on downsizing the batteries.

Battery of the electric powertrain is usually siZed energy and the distance needs to be

covered with single charge under certain drivingditons and battery cell design is selected to

12



provide adequate power. During acceleration ancldeation (regenerative braking), current
peaks heats up the battery cells which accelerdesbattery degradation In Chapter 4, |
integrate high power dense supercapacitors withiggndense batteries to reduce the battery

stress, increase efficiency, and extend battesy lif

Each chapter cites relevant work and referencededaund at the end of each chapter.
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2 INFLUENCE OF DRIVING PATTERNSON LIFETIME COST AND
LIFE CYCLE BENEFITSOF HYBRID AND PLUG-IN ELECTRIC
VEHICLE POWERTRAINS

This chapter focuses on the comparison of the pateof hybrid, extended-range plug-in
hybrid, and battery electric vehicles to reducetilhe cost and life cycle greenhouse gas
emissions under various scenarios and simulatedndriconditions. We find that driving
conditions affect economic and environmental bésedif electrified vehicles substantially:
Under the urban NYC driving cycle, hybrid and piagvehicles can cut life cycle emissions by
60% and reduce costs up to 20% relative to conmealivehicles (CVs). In contrast, under
highway test conditions (HWFET) electrified veheleffer lower emissions reductions at higher
costs. NYC conditions with frequent stops triplée Icycle emissions and increase costs of
conventional vehicles by 30%, while aggressiveidgUSO06) reduces the all-electric range of
plug-in vehicles by up to 45% compared to mildest &®ycles (like HWFET). Vehicle window
stickers, fuel economy standards, and life cyaleliss using average lab-test vehicle efficiency
estimates are therefore incomplete: (1) driver fogneity matters, and efforts to encourage
adoption of hybrid and plug-in vehicles will haveegter impact if targeted to urban drivers vs.
highway drivers; and (2) electrified vehicles penfidoetter on some drive cycles than others, so
non-representative tests can bias consumer pevoegtid regulation of alternative technologies.
We discuss policy implications. Prof. Jeremy Mi@hkatontributed to this work. A version of the
work discussed in this chapter has been acceptéthbygy Policy Journal and it is currently in

presq*]. NHTS data is provided by Elizabeth Traut.

[*] O. Karabasoglu and J. Michalek, “Influence afwihg patterns on lifetime cost and life cycle béts of
hybrid and plug-in electric vehicle powertraingy’Press, Energy Policy, 2013.
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2.1 Introduction

The Obama Administration’s New Energy for Americgerada set a target of achieving 1
million plug-in vehicles on U.S. roads by 2015 [PJug-in vehicles, including plug-in hybrid
electric vehicles (PHEVs) and battery electric ¢ids (BEVS), may play a key role in cutting
national gasoline consumption, addressing globaimiey, and reducing dependency on foreign
oil in the transportation sector. Plug-in vehiclegerate partly or entirely on inexpensive
electricity that can be potentially obtained frootdl, renewable, and less carbon-intensive
energy sources than gasoline [2,3]. Based on tl® 2@ational Household Travel Survey
(NHTS) [4], approximately 60% of U.S. passengerislels that drove on the day surveyed
traveled less than 30 miles, a distance that cbelgowered entirely by electricity using plug-in
vehicles. Thus, plug-in vehicles have the potertiabffset a substantial amount of gasoline

consumption even when charged only once per day.

The fuel economy and emissions of vehicles depenthe way they are driven, including
daily driving distance [5, 46-50, 55] and drivingndlitions. Official fuel economy ratings are
based on standard test driving conditions — ca#ledriving cycle -- but real-world driving
patterns can vary substantially from standard t¢gstes [6,7], leading real-world costs and
emissions to deviate from those estimated on windtiekers or in life cycle studies. In the
literature, vehicle life cycle assessment and daesjgfimization studies are typically conducted
using efficiency estimates from federal test cyclegh results that favor certain powertrains
over others. In this work, we investigate variatianlife cycle cost and emission benefits of
hybrid and plug-in vehicles under a range of dgvoonditions with a sensitivity analysis to

critical factors such as gasoline prices, vehiasts and electricity grid mix. Specifically, |
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compare conventional vehicle (CV), hybrid electréhicle (HEV), PHEV, and BEV powertrain
technologies and identify changes in all-electaicge (AER), vehicle efficiency, and battery life,
under a variety of driving patterns to determine thost cost effective and lowest GHG-
intensive powertrains. Then we discuss the energlcyp implications of our findings

considering multiple scenarios related to markehisle technology, and electricity grid mix.

2.1.1 Electrified Vehicle Powertrain Alternatives

Electrified powertrains include HEVsS, which usemadl battery to improve gasoline fuel
efficiency but don't plug in; PHEVS, which use bagghsoline and electricity; and BEVs, which
use only electricity and not gasoline. All threaveotrains share an advantage over conventional
vehicles: each is capable of regenerative brakiigen a conventional car brakes, the vehicle's
kinetic energy dissipates mostly as heat. In cehtran electrified vehicle with regenerative
braking capability can capture and store someisfahergy in its battery. In addition, HEVs and
PHEVs are able to manage engine operating conditmmmprove efficiency, turn off the engine

at idle, and make use of higher efficiency, lowmgtie thermodynamic cycles.

Figure 2-1 demonstrates the relationship betweenbthitery and the different operation
modes of plug-in vehicles. For safety, reliabilignhd longevity reasons, electrified vehicle
powertrains use only a certain portion of the &rlergy capacity of its battery, limited by the
specified maximum and minimum battery state of gad60C) values. Operation of PHEVs can
be categorized into two modes as seen in Figureckdrge-depleting (CD) mode refers to the
phase where the SOC is above the target SOC andethele receives some or all of its net

propulsion energy from the battery pack. Once th#eby is depleted to a target SOC, the
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vehicle switches to charge-sustaining (CS) modeyhich gasoline is used to provide all net
propulsion energy and the electrical system is usdy as momentary storage to improve fuel
economy, similar to a grid-independent HEV. SomeEWNBI operate CD-mode using only
electrical energy. Such a configuration, referredas an all-electric control strategy or an
extended-range electric vehicle (EREV), enablestdhips to be driven without any gasoline
consumption but requires motor and battery desthas can deliver the vehicle’s maximum
power demands. Other PHEV designs operate CD-maileg ta mixture of gasoline and
electrical energy. Such a configuration, referredas a blended control strategy, does not
eliminate gasoline consumption even for short fripsit power demands on electrical
components are lower, allowing smaller, cheaperpmrants to be used. We focus on EREV
PHEVs, since the performance of blended-operatidiEWs varies substantially with control
strategy parameters [8-11]. Operation of a BEMnslar to that of a EREV PHEV in CD mode,

and operation of an HEV is similar to that of a RHE CS mode.
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Figure 2-1 Operation modes of a PHHEMuUre adapted from Shiau et al [5])
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Hybridization can be based on 3 specific powertaithitectures: (1) series, where the
engine turns the generator which generates elggtticbe used by the electric motor to turn the
wheels; (2) parallel, which is capable of transimitftpower to the wheels from two different
energy sources; and (3) split, which can operati o series and parallel. For greatest
flexibility, we adopt the split powertrain for HE&d PHEV designs, as shown in Figure 2-2,

which is currently used in the Toyota Prius HEV &HEV.

Current gasoline spark-ignition engine technology typically provide 20% efficiency
under urban driving with a maximum of 35% underitinest optimal conditions [12]. These low
efficiencies suffer even more under real world ithgvconditions, where closer to 10% of the
chemical energy of each gallon of gasoline actsiio the wheels. The rest of the energy is lost
in the form of heat and sound. With the help oflanetary gear-based power-split device,
hybridization allows the engine to operate neamtst efficient torque and speed values while
providing excess power to recharge the batteryrawithg remaining power needs from the
motor. In this way large amounts of fuel might laved, depending on the drive cycle. The
motor is supplied with the electric energy from thadtery, which is partially recharged during
regenerative braking in HEV, PHEV and BEV powerisaand can be charged from an electrical

outlet for PHEVs and BEVs.
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Figure 2-2 Schematic of a split hybrid powertrain

HEV and PHEV vehicle models in this study are dam® the Toyota Prius model year 2004
power split configuration (Fig 2). This model haplanetary gear box (PGB), which splits road
power demand between the internal combustion er{tfite) and two electric motor / generators
(EM1 and EM2). The EM2 is connected to the whee&ksr dhe ring gear, the outer gear of the
PGB, and the final drive gear set. The ICE is diyeconnected to the carrier gear, while the
EM1 is connected to the sun gear. The links betvgeenand ring is the pinion gear, which is set
on the carrier gear. The chemical power sourcefubktank, is attached to the ICE to create
chemical and eventually mechanical power to prtipehehicle. The electrical power source, the
battery pack, is connected to the electrical mgtarérators to propel the vehicle or to be
charged. All mechanical and electrical links arespnted in Figure 2-2. with thick and thin
arrows, respectively. The planetary gear providesftective continuously variable transmission
and allows the power-split PHEV to run both in esrand parallel, taking advantage of both

configurations. We have used this HEV model todoilir PHEV models by increasing the size
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of components (battery, engine, and traction masripecessary and adopting an EREV control

strategy.

2.1.2 Vehicle Comparison Based on Fuel Economy and Emissions

Fuel economy labels (window stickers) tell custartasw far a vehicle is likely to travel
on a gallon of gasoline under certain conditioneese labels are required by law to give
customers the information they need to make inforwehicle purchase decisions. In the past,
customers have typically observed lower fuel econanpractice than ratings state because test
procedures are more gentle than typical drivingdd@mns. This is in part because some of the
fuel economy test procedures were developed umeéiations of test equipment capabilities.
The EPA updated its fuel economy test procedur@®@®6, switching from the prior 2-cycle test
to a 5-cycle test to more accurately reflect todadriving conditions. No single test can account
for the different driving patterns of every drivewith new vehicle technologies such as hybrid
powertrains now in the vehicle market, comparisafisthe benefits of different vehicle
technologies have become even more challenging. é@ample, the benefits of hybrid
powertrains over conventional powertrains is mar@npunced in aggressive driving and city

driving with frequent stops, as we will show in easults.

The EPA working with the Department of Energy (DAt&s recently announced new
fuel economy labels for a new generation of vekiéte 2013 and beyond [13]. These labels will
inform consumers about the vehicle's all-electaicge (AER), fuel economy, estimated annual
fuel cost, GHGs, smog rating, and how they compaagher vehicles. Fuel economy labels help

guide consumer purchase decisions, aiming to peogid¢ommon ground to compare different
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vehicles. Although these new labels provide mofermation than before, there is also a risk of
confusing consumers with too much information. @a bther hand, the comparison metrics
listed do not account for different representatireving patterns, effects of terrain, weather,
changes in fuel price, electricity grid mix, andwgotrain degradation, which introduces new
costs later during the life of the vehicle (e.g@duced fuel efficiency, battery replacement, etc.).
These factors have become more important for camgparehicles as hybrid and plug-in

powertrains are introduced. In this work we analjife cycle economic and environmental

implications of conventional, hybrid, and plug-iehicles under different driving patterns and

daily driving distances, and we discuss the setitsitdf our findings to several parameters.

2.2 Literature Review

Prior work has identified driving cycle as a sigraht factor in vehicle fuel efficiency,
and several studies have compared standard driyiclgs to regional data collected on vehicle
fleets using GPS data. Moawad et al. [14] used G&8 from Kansas drivers to compare the
simulated fuel consumption of PHEVs and size vehadmponents. They found that significant
fuel economy improvements are achieved with HEMs\wared to CVs; however these gains
were lower than those usually estimated using stahdrive cycles. Sharer et al. [15] compared
CVs and HEVs under a range of driving cycles anghtbthat HEVs are more sensitive to
aggressive driving. Fontaras et al. [16] analyzéflVbl with European and real world driving
cycles and found that under urban driving condgjoiuel consumption of HEVs are 40-60%
lower than conventional vehicles. This benefitusregreater for low-average-speed driving with
many stops, while at speeds over 95km/h HEV fuekamption is similar to that of CVs. Tate
et al. [17] used GPS driving data from southernf@ailia [18], which consists of 621 samples,

to study PHEV performance. The associated powerspedd values of the driving samples are
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found to be higher than those associated with tB®¥ driving cycle. The study also compares
average energy consumption per unit distance toadh&DDS and HWFET drive cycles and
finds that 94% of vehicles function at higher eryemgpnsumption under real-world driving
conditions than they do under UDDS and HWFET cycde2001 report [19] states that impact
of aggressive driving in city conditions varies ajitg depending on the type of vehicle: Powerful
vehicles are robust, but low power vehicles show @uction in efficiency compared to
standard drive cycles. However in highway condgioctharacterized by high speeds, impact of
aggressive driving was much higher: 33% penaltytHeraverage car, and 28% for the powerful
car. Berry and Heywood [7] analyzed the effect ¥idg patterns on the fuel economy of CVs
and found that the sensitivity of vehicle fuel egoty to aggressive driving is a function of how
wheel work and efficiency vary with driving pattern Whitefoot et al. [20] optimized HEVs
under different driving cycles for minimal fuel catmption, finding that vehicles designed for
one driving cycle show significantly lower perfornca on other drive cycles. Patil et al. [21]
optimized a series PHEV for naturalistic drive egland showed that the higher energy
demands of real world cycles require larger bageto meet AER targets. The required optimal
battery size changed nonlinearly with desired AEBIlah et al. [22] found that if batteries of
PHEVs are sized for the UDDS cycle, only 22% of 3§3s from Kansas City can be driven in
all electric mode due to power limitations.

Despite the fact that standard cycles are not septative of real driving patterns, some of
them can span a wide range. Patil et al. [6] ingattd the impact of real world driving cycles
on PHEV component sizing using GPS data from sastikeen Michigan. Simulations using the
GPS driving data indicate that about 90% of thestin the data are higher fuel-consuming per

mile than the UDDS and HWFET standard cycles, wabeut 90% of the trips are lower fuel-
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consuming per mile than the US06 cycle. Similarieraexamining the Southern California
regional travel data [18], Tate et al. [17] fouhdttthe vast majority of the energy demanded by
the drive cycles of the dataset is bounded by tlexgy levels required by US06, a reasonable
upper limit, and UDDS, a fair lower limit. Thus bastudies agree that UDDS and US06 appear
to provide reasonable bounds to characterize thectebf driving cycle variation over a
population of drivers. The authors also emphasizeneed for larger electrical components when
real world driving is considered. All of these pridriving cycle studies focus on vehicle
performance and efficiency but do not assess tihdfetime cost and life cycle implications of

different powertrain technologies.

Life cycle assessment studies have shown that leeklectrification has the potential to
reduce GHGs; however, potential benefits depenthersource of electricity used to charge the
vehicle. In 2009, the U.S. grid mix consisted of&8oal, 23% natural gas, 20% nuclear, 7%
hydroelectric, 4% other renewable, 1% petroleuntd @6% other [23]. Lipman and Delucchi
provide a recent review of studies [24]. Weber ef2®] show that determining regional grid mix
is nontrivial, and dispatch studies such as Sicghand Denholm [26] highlight that the mix
associated with marginal demand for electricityieasrwidely depending on charge timing.
Samaras and Meisterling [27] find that under a hgginbon-intensity electricity generation
scenario life cycle GHGs of PHEVs are 9-18% higthean HEVs, while GHGs are 30-47%
lower under a low-carbon scenario. The Electrizv€&oResearch Institute (EPRI) together with
the National Resources Defense Council (NRDC) [@&lyzed the GHG impacts of PHEVsS
over the 2010 to 2050 timeframe for several scesarcluding different levels of COntensity

in the electricity sector and fleet penetration RIIEVs. Some of the assumptions include
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projections of vehicle time-of-day charging, plahspatch, plant retirement and construction,
and public policy. Each of the EPRI scenarios shibgignificant GHG reductions, and PHEV
adoption reduces petroleum consumption signifigarArgonne’s well-to-wheels report [30]
states that PHEVs charging from the US averagergndproduce 20% to 25% lower GHGs
than CVs but 10% to 20% higher GHGs than gasolit®/$1 They suggest that to receive
significant reductions in emissions, PHEVs and BEWsSst recharge from a grid-mix which
consists of largely non-fossil sources. Accordingheir study, electric range decreases with real
world driving. Michalek et al. [31] estimate theoeomic value of life cycle oil consumption and
air emissions externalities from conventional, yland plug-in vehicles, finding that HEVs and
PHEVs with smaller battery packs provide the gr&tdbenefits per dollar spent. Hawkins et. al.
[51] provide a life cycle inventory of CVs and BEVs and find thBEVs decrease global
warming potential by 10-24% under a European gtikd m

A few studies have examined the role of drivinggrais on life cycle implications, primarily
assessing the importance of variation in drivingtahice. Shiau et al. [29] constructed an
optimization model to find the optimal allocatioh@Vs, HEVs, and PHEVSs to drivers based on
driving distance to minimize life cycle GHG emigs$ finding that optimal allocation based on
distance is a second order effect. Traut et. &} gktended Shiau’s study to include BEVs and
workplace charging infrastructure while accountiiog day to day driving variability. They
identify gasoline and battery prices needed foigdtuvehicles to enter the cost-minimizing
solution. Neubauer et. al. [48, 55] investigated #ensitivity of PHEV and BEV to driving
distance and charging patterns, accounting foofactuch as battery degradation and the need
for a backup vehicle for BEVs when taking long s$tif hey find that changing the drive pattern

can increase the PHEV-to-CV cost ration by a faofarp to 1.6, and the cost of backup vehicles
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for BEVs can be substantial. Kelly et al. [47] udgHITS data and examined the effects of
charging location, time, rate, and battery sizealy, Raykin et al. [49, 50] analyzed the effect
of driving patterns on tank-to-wheel energy useP&fEVS, using an estimated relationship
between driving distance and drive cycle based tnaveel demand model and vehicle driving
simulation. They find that PHEVSs result in grea® G reductions relative to CVs in city rather
than highway conditions.

With the exception of Raykin et al. [49, 50], thadadies that investigate variations in drive
cycle focus on the effects on performance or efficy without examining the larger system
(e.g.: full life cycle), and those studies thatastigate life cycle implications of electrified
vehicles either ignore variation in driving condits or confine scope to examining variation in
driving distance and charge timing. Raykin et alarmaine both drive cycle and distance in a
study of the greater Toronto area, concluding thath matter in estimating life cycle
implications. We build on this finding by examiniagrange of drive cycles and distribution of
driving distances for the United States and estigag¢ffects on life cycle emissions, gasoline
consumption, lifetime ownership cost, battery ddgten, and AER for CVs, HEVs, BEVs, and

PHEVs of varying battery capacity.

2.3 Proposed M ethodology

We use the Powertrain Systems Analysis Toolkit (PS2P1 Version 6.2, developed by
Argonne National Laboratory [32], to model convenal, hybrid, plug-in hybrid, and battery
electric vehicles with identical body charactedsti comparable control strategies, and
comparable performance characteristics, and we laien@ach vehicle over a range of drive
cycles to compare vehicle efficiency and life cyeiglications (Fig 3). We account for battery

degradation, different daily driving distances addferent scenarios for costs, vehicle
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technology and electricity grid. In this section weplain each model and their interactions in
detail. First, we discuss the choice and charatiesi of driving cycles and travel patterns. Then

we describe engineering, battery degradation, eost,environmental models.
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2.3.1 Driving Cycles

Efforts to assess and improve the fuel economyam@sions of vehicles are typically not
conducted under real-world driving, since multiptgse factors such as various driving patterns,
traffic conditions, weather, and terrain might afféhe results. Instead, tests are done in a
laboratory under controlled and repeatable conastico that even small fuel economy
improvements are not lost due to the noise in therenment. This enables designers, analysts
and regulators to compare different vehicle destgnsach other on a common basis. A chassis
dynamometer is the device used to simulate driwndaboratory conditions: the wheels are
placed on rollers that simulate the road load bychag the inertia of the car so that the
propulsion system of the vehicle needs to worlotate the wheels at a certain reference speeds.
The speed reference used in this test is taken &rgiaen drive cycle (test cycle) in the form of a
series of target vehicle speed values over timeainQuthe test a driver tries to match the
vehicle's speed to the reference speed at each mdméime using a visual feedback by a
computer screen. An emission analyzer is connectede exhaust pipe of the vehicle to track
emissions and estimate fuel consumption. Diffedsiving cycles used during this test result in
different performance demands and thus differergl foonsumption and emissions. The
performance of some powertrain designs may be sensitive to driving cycle than others. EPA
has been using standard driving cycles (FTP and HYYRo report the fuel consumption and
emissions of vehicles. When these test cycles wesggned, chassis dynamometer technology
was not capable of simulating high acceleration é@&ckleration [33], and the test cycles were
constrained to conditions less aggressive thanrebden practice. Also because traffic patterns
have changed since the 1960s and 1970s, when thekd@ HWFET drive cycles were created,

they may fail to represent typical driving condm#otoday. In 2006, EPA announced a new
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method to measure fuel economy based on a fiveagdting method in an effort to better
reflect real world performance. According to thigtirod, vehicles are tested on aggressive
(US06), air conditioning on (SCO03) and cold weatl@&wld FTP) drive cycles in addition to city
(FTP) and highway (HWFET). Characteristics of thdsge cycles are given in Table 2-1 [7].
Weighted combinations of these test results ard tsealculate the city and the highway fuel
economy values [34]. Alternatively, automakers douke unadjusted FTP and HWFET test
results in some regression equations to approxintla¢e 5-cycle city and highway fuel

economies, with some restrictions during 2008-20d:0od. [34]:

Five-cycle city fuel economy= 1 11805 (2-1)
0.00325%9+ '
FTP fuel econom
: . 1
Five-cycle highway fuel economy= 13466 (2-2)
0.001376+ '
HWFET fuel economy
. 1
1= -
EPA combined MPG[2008+] 043 . 057 (2-3)

5-cycle city MPG  5-cycle highway MP

For MY2011 and beyond, the 5-cycle fuel economyhwoétis required to be used; however,
if the five-cycle city and highway fuel economy uéts of a test vehicle group are within 4% and
5% of theregression line, respectively, then the automakeguermitted to continue using the
regression estimates. These regression equatiopdenaptimistic or pessimistic estimates of

measured 5-cycle fuel economy, depending on velasinkk powertrain design. The equations
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were developed for gasoline vehicles; however, i8e apply them to estimate reductions in

electrical efficiency of plug-in vehicles for thec§cle fuel economy estimates.

DRIVE CYCLE FTP HWET US06 SC03 C-FTP
Description Urban/City Free-Flow Aggressive AC on, Hot City, Cold
Traffic on Driving on Ambient Temp. Ambient Temp.
Highway Highway
Regulatory Use  CAFE & Label  CAFE & Label Label Label Label
(2010)
Data Collection Instrumented Chase-Car / Instrumented Instrumented Instrumented
M ethod Vehicles / Naturalistic Vehicles / Vehicles / Vehicles /
Specific Route Driving Naturalistic Naturalistic Specific Route
Year of Data 1969 Early 1970s 1992 1992 1969
Collection
Top Speed 90 kph 97 kph 129 kph 88 kph 90 kph
(56 mph) (60 mph) (80 mph) (54 mph) (56 mph)
Avg. Velocity 32 kph 77 kph 77 kph 35 kph 32 kph
(20 mph) (48 mph) (48 mph) (22 mph) (20 mph)
Max. Accel. 1.48 m/$ 1.43 m/$ 3.78 m/$ 2.28 m/$ 1.48 m/$
Distance 17 miles 16 miles 13 miles 5.8 miles 18 miles
(11 km) (10 km) (8 km) (3.6 km) (11 km)
Time (min) 31 min 12.5 min 10 min 9.9 min 31 min
Stops 23 None 4 5 23
Idling Time 18 % None 7% 19 % 18 %
Engine Start Cold Warm Warm Warm Cold
Lab. Temp. 68-86 °F 68-86 °F 68-86 °F 95 °F 20 °F
Air Conditioning Off Off Off On Off

Table 2-1 Characteristics of U.S. certificatiorvdrcycles [7]

While the new standards offer an improvement imregtng real-world fuel economy, test
estimates can still differ from real-world drivingavoring certain vehicle designs and
powertrains over others and representing some rdnabits and driving conditions better than
others. We can understand the effects of diffed#iing styles by considering approximate
upper and lower bounds on those styles. To evah@tethe relative benefits of different vehicle
technologies change with respect to driving cyoles examine five different driving cycles plus
the EPA combined estimate: (1) the Urban Dynamornietering Schedule (UDDS) represents
city driving conditions for light duty vehicles wdh are characterized by relatively slow speed.

UDDS is also called LA4, FTP72 and FUDS and isteglao the FTP cycle; (2) the Highway
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Fuel Economy Test (HWFET) which represents highwaying conditions under 60 mph; (3)

the USO06 cycle is an aggressive driving cycle wvaidih acceleration and high engine loads; (4)

the NYC cycle represents low speed urban drivingp fwequent stops; (5) the LA92 cycle is an

aggressive driving cycle in city conditions; andl {fte combined MPG computed by the EPA by

weighting city and highway efficiency. We use resgien equations Eq(1-3) to adjust fuel and

electrical efficiency values of FTP, HWFET, and doned fuel economy. Table 2-1 and

Statistics Units UDDS HWFET US06 NYC LA92
Distance mi 7.45 10.27 8.01 1.17 9.82

M ax. speed mi/h 56.70 59.90 80.29 2753 67.20
Avg. speed mi/h 19.58 48.28 4796 7.05 24.61
Avg. acceleration m/s’ 0.50 0.19 0.67 0.62 0.67
Avg. deceleration m/s’ -0.58 -0.22 -0.73 -0.60 -0.75
Time stopped (%) % 18.92 0.65 7.5 35.12 16.31
Stop freq. (#/mi) 1/mi 2.28 0.10 0.62 15.38 1.63

Table 2-2summarize the characteristics of these drivindesytor comparison, and Figure 2-4

shows the statistics normalized to unadjusted UDMIS¢h is adopted by several life cycle and

optimization studies in the literature.

efficiencies of vehicles in Table 5.

We will nsonarize the adjusted and unadjusted

Statistics Units UDDS HWFET US06 NYC LA92
Distance mi 7.45 10.27 8.01 1.17 9.82

M ax. speed mi/h 56.70 59.90 80.29 2753 67.20
Avg. speed mi/h 19.58 48.28 4796 7.05 24.61
Avg. acceleration m/s’ 0.50 0.19 0.67 0.62 0.67
Avg. deceleration m/s’ -0.58 -0.22 -0.73 -0.60 -0.75
Time stopped (%) % 18.92 0.65 7.5 35.12 16.31
Stop freq. (#/mi) 1/mi 2.28 0.10 0.62 15.38 1.63

Table 2-2 Driving Cycle Characteristics [32]
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Patil et al. [6] find that the US06 is more fuelksoming than 90% of real-world GPS cycles
collected in southeast Michigan. The NYC cycleow Ispeed with frequent stops and relatively
high acceleration and deceleration, serving asasore@ble bound on urban driving conditions.
LA92 represents somewhat more aggressive and hégieexd driving in city conditions. A recent
study by Rousseau et al. [35] claims that this eyisl closer to real-world driving than the
standard test cycles, partially due to the fact thwas designed using data collected in 1992,

after dynamometer technology had improved.
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2.3.2 Distribution of daily distancedriven

Daily driving distance is an important factor intiesting the real benefits of electrified
vehicles since EREV PHEVs have the potential togroghaily trips entirely on electricity if the
distance between charge points is shorter thaBEfe of the PHEV. If daily distance driven is

longer than the AER, there will be additional gasmlconsumption.

The second implication of daily driving distancethst vehicle life depends on use. Typical
vehicle life is assumed to be approximately 150,000es [36]. Daily driving distance
determines the life of the vehicle and the amodininoe over which the purchase cost is spread,

which is important for computing net present vadiéfetime vehicle ownership.

The average daily distance driven by US driver@smated using data from the 2009
National Household Travel Survey (NHTS) [4]. Dasacbllected on daily trips taken in a 24-
hour period by over 150,000 interviewed househalus 300,000 people. The dataset provides
information about the characteristics of the trjpgh as length, duration, and the type of the

vehicles used. Figure 2-5 shows the weighted ahilyng distance distribution for automobiles.
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These data were obtained from the post-processed SNE009 dataset of 294,407
automobiles which only include cars, vans, SUVsl pickup trucks, where 14 data points were
removed since the daily distance reported was laoisgle. Considering only the vehicles which
drive that day, average daily distance driven intbto be 37.1 miles, implying an average
annual distance of 13,500 miles per vehicle. Whennglude the vehicles that did not drive, the
average distance driven that day is found to b8 &gles, implying an average annual distance

of 8,050 miles, lower than EPA estimates.
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2.3.3 Engineering M odel

Vehicle designs and performance analysis takeseplacthe engineering model of the
proposed framework (Fig. 3). PHEVs have severalontgmt performance characteristics that
affect their economic and environmental benefitse ©f them is the distance the vehicle can be
driven using only electricitysaer. Change in driving patterns results in changesgk. We

calculatesagr as:

Saer = ZK)cp (miles)

k = CoarVear Kear. (KWh) (2-4)
1000

whereZ is the battery swing window (%) shown in Figurd 2k is the total battery energy
capacity (kWh)/7pis the vehicle fuel efficiency in CD mode (mi/kWIQgar is the number of

cells in the battery packgar is the nominal cell voltage amar is the battery capacity (Ah).

For this study, we designed several vehicles inolyd CV, an HEV, three PHEVs and a
BEV. The primary design variables for plug-in vdagare engine size, motor size, and battery
size. Vehicle mass is accounted by adding the mmhgmch component to the vehicle glider
based on their energy and power densities. We asdukg of additional structural weight for
each kg of battery cells added to the battery faicklug-in vehicles [45]. Vehicles are designed
for the EPA 5-cycle to meet certain criteria: (1¢ desiredaeris satisfied within 1% and (2) the
0-60 mph acceleration time is less than 10.3 sexc@iie reference set by the HEV model) in
both CS and CD modes. The CV in our study is designsing the PSAT Honda Accord
configuration with an altered vehicle body and titesnmatch Prius MY12 specifications; the
HEV is the MY12 Toyota Prius configuration; the P¥Euse the MY12 PHEV configuration
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with a switch to a Li-ion battery and increasedidrgtsize; and the BEV uses a modified mid-
size electric powertrain in PSAT with a Prius bahd tires. F/R weight ratio is 06/04, drag
coefficient is 0.26, frontal area is 2.25.rConstant power loss due to electric load is tfault
value of 0.3kW for all vehicles. HEV initial SOCciarget SOC are set to 60%. For PHEVs and
BEVs, in CD mode the initial SOC is set to 90% #adiet SOC is set to 30%, and for CS mode
the initial and target SOC are set to 30%. Comaniables are adjusted from the default to
enable regenerative braking when SOC is less thetimum allowable SOC value. Following
PSAT defaults, the braking control strategy isteetapture 90% of the braking energy when
vehicle deceleration is less than 2 fr{fs practice more or less braking energy may Is, lo
depending on the brake system design). ArgonneigAckd Powertrain Research Facility has
validated the conventional and mild-hybrid vehidle®SAT within 2% and full hybrid vehicles
within 5% for both fuel economy and battery statefvarge on several driving cycles [37].
Vehicle component sizes are summarized in TableaeB efficiencies are given in Table 2-4.
More detail on component specifications and vehpeldormance can be found in Appendix and

PSAT [32].

Final vehicle designs used in our study, includan@V, an HEV, PHEVs sized for 20, 40, and 60
mile AER, and a BEV sized for 100 mile AER, are suanized in Table 2-3, and fuel economy
results are given imable 2-4 By convention the AER of a plug-in vehicle is icated with a
number x shown as PHE\Or BEV,. For example, PHE) indicates a PHEV with a 20 mile
AER under the EPA combined test procedure. Heghjcle efficiency is a function of drive
cycle and will change depending on the vehiclessantéhus matching the AER of electrified

vehicles to the specifications is an iterative pssc Also we have sized the components to
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satisfy performance constraints both in CD and @8enSizing components for blended control

would result in smaller components but an inability operate as an EREV and greater

sensitivity to control strategy parameters. We éeawestigation of blended operation PHEVsS

for future work. Efficiency estimates for each wa&itype could vary for different vehicle and

component designs as well as for on-road testsivailation.

Vehicle Type Engine | Motor | Battery | Mass
(kw) (kw) | (kwh) | (kg)

CV (Corolla engine) 110 1371

HEV (2013 Prius) 73 60 1.3 1424

PHEV20 73 78 9.9 1569

PHEV40 73 88 19.9 1793

PHEV60 73 98 30.2 2027

BEV100 120 54.0 2265

Table 2-3 Vehicle configurations
. EPA EPA
. EPAcity . .
Vehicle Type UDDS  HWFET USso06 NYC LA92 FTP (2008+) highway Combined
(2008+) MPG(2008+)

cv mi/gal 32.1 52.8 29.8 16.4 28.9 32.8 25.4 37.2 31.0
HEV mile/gallon 69.5 59.7 43.9 48.0 54.1 67.8 48.4 41.8 44.4
CD eff mile/kWh 6.2 5.7 3.2 4.2 4.2 6.0 3.3 3.6 3.4
PHEV20 CD-mpg-eq mpg-eq 207.9 193.0 108.4 142.0 142.2 202.3 110.0 119.7 115.3
CS eff mi/gal 69.4 58.6 41.0 45.7 52.3 67.3 48.1 41.1 43.8
AER mile 36.8 34.1 19.2 25.1 25.2 35.8 19.5 21.2 20.4
CD eff mile/kWh 6.0 5.7 3.2 41 41 5.8 3.2 3.5 3.4
PHEVA0 CD-mpg-eq mpg-eq 201.2 192.1 106.9 138.2 138.1 196.2 107.8 119.3 114.0
CS eff mi/gal 68.0 58.2 40.2 43.1 50.0 66.0 47.3 40.8 43.4
AER mile 71.2 68.0 37.8 48.9 48.9 69.4 38.1 4.2 40.3
CD eff mile/kWh 5.7 5.6 3.1 3.8 3.9 5.6 3.1 3.5 33
PHEVE0 CD-mpg-eq  mile/kWh 192.2 190.0 104.0 129.6 132.2 188.0 104.8 118.1 112.0
CS eff mi/gal 65.8 57.8 39.2 40.3 48.0 64.0 46.1 40.5 4.7
AER mile 103.5 102.3 56.0 69.8 71.2 101.2 56.4 63.6 60.3
CD eff mile/kWh 438 5.2 3.4 3.1 41 438 2.8 3.3 3.1
BEV100 CD-mpg-eq  mile/kWh 162.2 176.4 113.5 103.8 136.9 160.9 94.4 111.0 103.2
AER mile 155.9 169.6 109.1 99.8 131.6 154.7 90.7 106.7 99.2

Table 2-4 Efficiency and AER of each vehicle unéach driving cycle. The label "2008+" refers
to the regression-based adjusted fuel economyledilmos used by the EPA between 2008-2011
and beyond 2011 under some specific conditions1{J)
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2.3.4 Fue Consumption

For a distances driven between charges in a vehicle with a spesiiir, the distance

driven in CD modescp and CS modecg, measured in miles, is calculated as follows:

s if s< g4
S) = ,
SE( ) {SAER If s> %ER

9= 0 if S< S¢r
, S~ Ser if s> RER

(2-5)
%

The NHTS-averaged distance driven on electri§tyand average distance driven on

gasolineS; is given by

$= [ L(3ds
= (2-6)
$=[ s t(9ds

where fg(s) is the probability distribution function (PDF) afistance driven for a randomly
selected vehicle on a random driving day in the SHID09 data, including those vehicles that

were not driven on the day surveyed. We discretigs distribution into 1-mile bins for

numerical integration.
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Average distance driven per dgyis given as:

5= T st (9 ds (2-7)

Gasoline consumptiog(s), given in gallons, and electricity consumptiels), given in

kWh, on a day witls miles of driving is calculated by

(9= max( 05— Ser)

g(s
. Mcs 2-8)
(9= mmE]s, Ser )

where/).s and/], values are fuel efficiencies in CD and CS modaspeetively, summarized

in Table 2-4.

The average gasoling and electricitye consumption in the NHTS data set given as:

9= o(9 4(4 as

e=]d91(3

(2-9)

Typical vehicle life, gre is assumed to be approximately 150,000 miles [B6]is the

number of days in the year (365). Vehicle Iiigy(s) in years is given by:
Toen(9) = e (2-10)
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and the NHTS average vehicle life is:

|
=l
m
m

(2-11)

VEH

Q
0

2.3.5 Battery Degradation Model

We follow Peterson et al [38] and Shiau et al [B]modeling battery degradation as a

function of energy processed, based on data cetleftom A123 LiFePQ® cells. Energy

processed\.,, in kWh while driving a distanceis:
Wory (9) = Hep $ + Hes S (2-12)

where fi, and l. are the energies processed per mile (kWh/mileCih and CS modes,

respectively. Energy processed, given in kWh, wlilarging is:
Wepo(S) = %(’70[{7 B)_l (2-13)

whereyg is the battery charging efficiency, assumed t@%%. The relative energy capacity fade

can be calculated as:

A pryW + W
rp(s): DRV DRVk cHG Y cHG (2-14)

where apry=3.46x10° and acnc=3.46x10° are the relative energy capacity fade coefficients
derived from the data set in [38]. We define battend of life (EOL) as the point when the

portion of the remaining energy capacity equalsehergy within the swing window under the
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original capacity. The relative energy capacityefagh, at the EOL becomes the original total

capacity minus swing §o =1-2).
The NHTS average computed battery life, given iargeis found by:

_— k(l-2)
TBAT - — _ — 1
(aDRV (luCDSE + /'ICSSG) +aCHGSE(,7 é7 () ) D (2‘15)

We assume that the functional battery life in tiedigle 8,,; is never longer than vehicle
life:

gBAT 5 min(-l_-BAT '-I_;/EH ) (2-16)

We ignore degradation effects for NiMH cells in tHEV because HEV performance is
far less sensitive to capacity fade (effectivelydR of zero); HEV economics are less sensitive
to possible battery replacement; and our Li-ionrdégtion model predicts no replacement for
the HEV configuration and use patterns. For Li-g@tis in PHEVs and BEVs we use the battery

degradation model described above.

2.3.6 Environmental Mod€

Life cycle GHG emissions(s) for a vehicle that travels miles per day and NHTS-averaged

emissionsv are computed in kg G&equivalent per year:
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V(9 = Ve (Ten(3) 7+ Var KGur (B + @)V B (%" v

V = Ven (-T;/EH )_1 * \ear k(gBAT )_l + gy D*_Gél v D (2-17)

wherewey is the life cycle emissions from producing the ebaghicle,vgar is the life cycle
emissions from producing the battery pack (Tab® 23], vo = 11.34 kg-C@-eq per gallon is
the life cycle emissions per gallon of gasolinestoned [39]ve = 0.752 kg-C@-eq per kWh is
the life cycle emissions per kWh of electricity somed [39], andc=88% for battery charging

efficiency [40].

2.3.7 Cost Modd

Equivalent annualized cost (EAC) of vehicle ownarsh the value of the recurring fixed
annual payment whose net present value (NPV) ialedquNPV of vehicle ownership over the
vehicle lifetime. This metric makes it possiblecdmmpare the ownership cost of vehicles over
different lifetimes. The net present value of véhiownership includes costs of vehicle
production, battery, and vehicle operation plus @ypon price costs, assuming that a carbon tax
would be levied equally on all GHG emissions redghsver the life cycle and that upstream
costs would be passed down to the consumer. Waadafnominal discount ratg and inflation
rater,, implying a real discount rate; = (1+i)/(1+r) — 1 [41]. The capital recovery facttyjp

for a general discount rateand time periodN in years is given by [41]:

pr(r,N){i 1)n} _ ) (2-18)

(L (2+r)" -1

the annualized cost(s) for a vehicle that travelsmi/day is:
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C(S) = Q/EH fAIP( rN’ TVEH)+ CBAT .'/:-\IP( r"\“ -IIBAT(Q)-'-

fap (rN Tyen (S)) -1
fA|P (rR'TVEH(S)) * Ruec &9l

fae (Fs Tven (9))
P,V () AP \'n ' vEH
o2 fA|P (rR’TVEH (S))

fA|P ( rN’TVEH(S)) +

pGASg (S)D fA|P( rR,TVEH(S))

(2-19)

($/year)

and the NHTS average annualized dosis:

T =Gy fy ( T

Fap (T
e (raTom)

H) T Cear A|P( N TBAT) +

—|| —||v

) +pELECg7C I:f lP( = ) +
) A|P(rR’TVEH) (2_20)

($lyear)

—|| —*l

)
ves)

wherecyey is the vehicle cost armgar is the battery cost specified in Table 2-6 andd&b7 for

|
fa (T
Peo2V for (

each vehicle and battery type, (cost estimatesaden from [37] and based on 2015 literature
review and 2030 DOE program goals to provide aedogsensitivity —battery cost for PHEV20
and 60 have been interpolatefd¢as = $2.75/gal is the average price of gasoline a@uéi608-
2010 period [42]peLec = $0.114/kWh is the average price of electricityidg 2008-2010 period
[43], andpco: is the carbon price, which we vary from $0- $1CW4e [44]. The real discount

raterg is used for future commodity purchases under #se@ption that prices follow inflation

far (FeTven)  cOmputes NPV of future payments for a commodityosen prices follow

inflation, and fAlP(r TVEH) converts NPV to EAC). In the next section, wel\aihalyze the

results and discuss their engineering and poligfioations.
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Parameters Lower Base case Upper Units
Cost of gasoline $1.59 $2.75 $4.05  pergallon
Cost of electricity $0.06 $0.114 $0.30  per kW
CO, tax SO S0 $100  t-CcO2-eq
GHGs for electricity emission 0.066 0.73 0.9 kg CO2 eq per kwh
GHGs for gasoline emission - 11.34 - kg CO2 eq per gal
Battery charging efficieny - 0.88 - %
Vehicle life - 150000 - miles
Number of driving days per year - 365 - days/year
Nominal discount rate 5 8 15 %
Inflation rate for future fuel prices - - %
Real discount rate = - %
GHGs for Li-ion battery production - 120 - kg CO2 eq
GHGs for NiMH battery production - 230 - kg CO2 eq
GHGs for vehicle production = 8500 - kg CO2 eq
Battery swing = 60 - %

Table 2-5 Parameter levels for base case and segsanalysis

Chemistry Size(kWh) 2015LR(S) 2030PG ($)
HEV NiMH 13 1310 717
PHEV20 Li-ion 6.4 549 171
PHEV40 Li-ion 11.1 500 160
PHEV60 Li-ion 20.0 490 157
BEV100 Li-ion 30.0 472 154

Table 2-6 Battery cost given in $ per kWh for 2@ and 2030 PG cases [37]
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. Battery
Vehicle . Cost Component  2015LR 2030 PG
Size(kWh)
PHEV20 6.4 Vehicle 24369 22598
Battery 5302 1654
PHEV40 13.0 Vehicle 24369 22598
Battery 9752 3121
PHEVE0 20.0 Vehicle 24369 22598
Battery 14661 4712
BEV100 30.0 Vehicle 24369 22598
Battery 21257 6954
HEV 13 Vehicle 23546 22206
Battery 1964 717
v 0 Vehicle 23340 22088

Table 2-7 Vehicle and battery cost given in $ foL2 LR and 2030 PG cases

For a new product design problem under short-rumpsiition, there are three sets of
decision variables to be determined — new prodesighh variables, new product price, and
prices of competitor products. In the following Sees, we describe the proposed product design
optimization models under Nash and Stackelberdesfi@s incorporating the FOC equation for
unconstrained prices. We then examine the specisgésc where prices are constrained and
develop a Lagrangian extension for this case (dséchconcept of the Lagrangian FOC method
is described in Appendix A). The major assumptiforshe proposed approaches are: (1) Focal
firm will design a set of differentiated producteat will enter a market with existing products
sold by competitors; (2) competitors are Nash pseters for profit maximization with fixed
products; (3) competitor product attributes andsase known; and (4) price is continuous, and

each firm’s profit function is differentiable witlespect to its corresponding price.
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24 RESULTSAND DISCUSSION

24.1 All electricrange

Our analysis shows that driving patterns affect Adigificantly. An aggressive driving
cycle (US06) can reduce AER by 45% relative to iatlgecycle (UDDS) (see Figure 2-6). For
example, a PHEV with a split powertrain designedcbieve a 70-mile AER on the FTP drive
cycle provides only a 40 mile AER under the NYCvdrcycle. Reduced range is particularly
important for BEVs, which have no gasoline backiopt reduced range also affects life cycle
cost and emissions of PHEVs and can negativelyctaffiestomer satisfaction and perception of
plug-in vehicle technology. The vehicles componaifithis study have been sized to satisfy the
target AER under the EPA combined mpg(2008+) whadjusts FTP and HWFET test results to

estimate outcomes from a 5-cycle test, which resunltower efficiency estimates and thus AER..

W uUDDS

B HWFET

B NYC

musoe6

W LA92

PHEV20  PHEVAO  PHEVEO  BEV100 W EPA Combined

MPG(2008+)
Plug-in vehicle type

Figure 2-6 All electric range under different dngicycles
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2.4.2 Lifecycle Cost

Figure 2-7 summarizes base case equivalent anedatiast for each vehicle type and
each driving cycle. 2015 battery price estimatemff37] are used for the base case. Vehicle and
battery cost of each vehicles is constant acrossngrcycles, since vehicle design is given;
however gasoline and electricity costs are funstiohdriving patterns. Under HWFET, US06
and the EPA-5 cycle, the CV is the cost minimunlofeed closely by the HEV; under the
UDDS and NYC driving cycles the HEV minimizes co8V is the most sensitive to driving
cycle, especially stop-and-go driving and traffimditions. Electrified vehicles are less sensitive
to drive cycle. In the base case, plug-in vehialesconsistently more expensive than HEVs over
the life, primarily due to the cost of larger bagtgpacks, and only in NYC conditions is the

PHEV,, lower cost than the CV.
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Figure 2-7 NHTS Averaged Annualized Cost BreakdpenVehicle (Base Case)
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The BEV powertrain cost is least sensitive to dayele because electricity consumption

is a small portion of overall cost, and regenemtivaking together with the lack of an idling

gasoline engine makes electrified powertrains kE=ssitive to stopping frequency. The cost

associated with CV is 30% higher under NYC condgithan under HWFET conditions.

24.3 Lifecycle Greenhouse Gas Emissions

Figure 2-8 shows the breakdown of average annudb @hlissions for each vehicle and

driving cycle. Increased battery size results i@atgr displacement of gasoline with electricity;

however, battery production emissions also increasel vehicle efficiency decreases with

vehicle weight. This accounts for the increased Géfdssions of longer-range PHEVs with

average U.S. electricity.
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Figure 2-8 NHTS-Averaged Annual GHG Emissions pehivle (Base Case)
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Under HWFET conditions all powertrains produce camaple life cycle emissions. In all other
conditions, electrified vehicles release signifitbatower GHGs than CVs -- in particular, HEVs
reduce emissions by 60% relative to CV in the N¥Cle. In the base case, plug-in vehicles do
not provide substantial GHG reductions relativeH#Vs except for the BEV100 in the EPA 5-
cycle, which may be optimistic due to applicatioh EPA regression equations to electric

operation.

2.4.4 Base casecost and GHG comparison

Figure 2-9 summarizes the life cycle annualized eosl GHG emissions for each vehicle and
drive cycle using our base case assumptions. Doyedes with more aggressive acceleration
demands and more stops increase both cost andiemsissmultaneously. The CV (diamond) is
much more sensitive to drive cycle, whereas thetdfied powertrains experience less variation
with drive cycle. A move from CV (diamond) to HE¥quare) reduces GHG emissions at no
cost or at modest cost, depending on the driveecy8l move from HEV to the plug-in
powertrains reduces or increases GHGs, dependitigeovehicle and drive cycle, but comes at a

substantial increase in costs.
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Figure 2-9 Annualized cost vs. annual GHG emissfonsarious vehicles and drive cycles

245 Cost and GHGs per milefor different daily driving distances and patterns

Figure 2-10 shows average life cycle GHG emissjo@islifetime mile and annualized
cost per annual mile traveled as a function ofyddiktance traveled for the two contrasting
driving conditions: HWFET and NYC, assuming onergeaper day. GHG emissions per mile
vary with daily distance traveled for PHEVs becadstance driven between charges affects the
portion of travel that can be propelled using eleity in place of gasoline. If a PHEV is driven
further than its AER, it will begin to consume glse. The resulting trends are similar to the
trends identified by Shiau et al [45]: PHEVs withall battery packs have lower emissions when
charged frequently and driven primarily in CD mdzlég may have higher emissions if charged

infrequently.
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Figure 2-10 Life cycle GHG per mile under HWFET awdC driving patterns for a variety of
daily driving distances (to show detail, y-axis sl@®t cross at zero). The CV has 0.75
kgCOeq/mi on the NYC cycle.
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Figure 2-11 The net annualized cost per mile uRtI®FET and NYC driving patterns for a
variety of daily driving distances (to show detgtaxis does not cross at zero)
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The cost curves in Figure 2-11 show a decline oluatized cost/mile with daily driving
distance, which results from capital cost of initi@hicle and battery purchase comprising a
larger portion of total cost for short daily drigirdistances, which imply long vehicle life and
discounted future fuel costs. The curves have d@eslap in this case, and dominant vehicles
align with NHTS-averaged estimates in Figure 2-ndéel HWFET conditions the ranking of
cost competitive vehicles (CV, HEV, PHEV20, PHEVAKHEV60, BEV100) follows increasing
battery capacity. Under NYC conditions, HEV and Rf2B are lower cost than CV. In both

cases, BEVs increase the costs significantly.

2.4.6 Sensitivity Analysis

Figure 2-12 summarizes sensitivity of annualizest ¢o gasoline price, electricity price,
vehicle and battery price, carbon tax price (GHGue&pn and discount rate. We focus on
comparing two contrasting cases: HWFET which cassi$ high speed and low acceleration,
and NYC which consists of low speed and stop-andigo driving. Figure 2-10a shows the
HWFET and NYC EAC breakdown from the base caseufeiq). All other cases show the base
case as faded bars and display how the resultsivabiainge under alternative assumptions using
error bars. Figure 2-10b shows that increasing lgesprices affect CV cost most dramatically
and makes plug-in technology more cost competitiveyvever, large battery pack PHEVs
remain higher cost. Figure 2-10c shows that elattrprice affects the cost of plug-in vehicles
with large battery packs most; however, a five-faidrease in electric price has a notably
smaller overall effect that does not change rankkigure 2-10d emphasizes that vehicle and
battery costs have a critical impact on the costebts of plug-in vehicles. Near term 2015

vehicle costs estimated by Plotkin and Singh of olrge National Laboratory (ANL2015)
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suggest that plug-in vehicles with large battergiigaare more expensive than HEVs regardless
of driving cycle, but Department of Energy targkds costs in 2030 (DOE2030), which ANL
calls "very optimistic” [37], would result in mommparable costs. Figure 2-10e reveals that
while high carbon prices would have non-negligibféects on life cycle costs, they would do
little to change the relative costs of the powenti@ptions except for the relatively large penalty
to CVs in NYC conditions. Figure 2-10f examines #ffect of varying consumer discount rate.
Higher discount rates are less favorable to plugehicles, whose savings are delayed to future

years.
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Figure 2-12Sensitivity analysis for life cycle equivalent amatied cosunder HWFET and
NYC drive cycles
Figure 2-13 summarizes the effect of electricibpirse on life cycle GHG emissions.

Electricity source varies substantially with locatiand charge timing [26], is difficult to know
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with certainty [25], and is typically not under thensumer's control. Electricity from coal-fired
power plants lead to increased emissions from plugehicles, whereas low-carbon electricity
sources such as nuclear, wind, hydro, and solareporesult in substantial reductions in life
cycle GHG emissions from plug-in vehicles relatiee today's U.S. average grid mix. The
marginal electricity used to charge plug-in vehsahgll typically not be nuclear, which is usually
run as base load generation, and use of renewalel\e is subject to constraints from the
intermittent and variable nature of renewable epesaurces, so the zero-emission cases (labeled

“Nuclear”) serve as lower bounds.
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Figure 2-13 Sensitivity analysis for life cycle GH@issions
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2.5 Conclusions

Customer vehicle purchasing decisions are in padegl by EPA fuel economy and AER
estimates based on standard laboratory test droyotes. However, diverse real-world driving
conditions can deviate substantially from labomat@onditions, affecting which vehicle
technologies are most cost effective at reducingcGnissions for each driver. As such, the
choice of driving cycle for testing necessarilyfprences some vehicle designs over others. This
effect has become more pronounced with the introolmoof hybrid and plug-in powertrains
because factors like regenerative braking and engihng affect the relative importance of
aggressive and stop-and-go driving conditions ostesy efficiency. Compared to cycles like
NYC, test drive cycles UDDS and HWFET, used forpooate average fuel economy (CAFE)

tests, underestimate relative cost and GHG berdfitgbrid and plug-in vehicles.

With the introduction of hybrid and plug-in vehis|ét has become more important that
the right vehicles are targeted to the right dsvérivers who travel in NYC conditions could
cut lifetime costs by up to 20% and cut GHG emissi60% by selecting hybrid vehicles instead
of conventional vehicles, while for HWFET driversnwentional vehicles provide a lower cost
option with a much smaller GHG penalty. CV ownetsaerve more variability in cost and
emissions subject to driving conditions, while HEWHer the most robust, cost effective

configuration across the driving patterns tested.

When comparing HEVs to PHEVs under the average gtif.mix, it is clear that most
of the GHG-reduction benefit of PHEVs comes frombigization, and relatively little

additional benefit can be achieved through pluggmddEVs provide an optimal or near optimal
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economic and environmental choice for any drivingle. However, given a substantially
decarbonized electricity grid plug-in vehicles auéduce life cycle GHG emissions across all
driving cycles, and lower battery costs combinethviiigh gasoline prices would make plug-in

vehicles more economically competitive.

2.6 Policy Implications

These results have several key policy implicatidfisst, the benefits of plug-in vehicles
vary dramatically from driver to driver depending drive cycle (driving style, traffic, road
networks, etc.). While hybrid and plug-in vehicleer litle GHG benefit at higher cost for
highway driving (HWFET), they can offer dramatic GHeductions and cost savings in NYC
driving with frequent stops and idling. Electriftaa will have more positive impact if targeted
to drivers who travel primarily in NYC-like condins rather than HWFET-like conditions.
Government could play a role through informatiormpaigns, driver education, as well as
modification to fuel economy labels. The new laba&i®ady contain a lot of information, but
several possibilities could help target the righivets: First, the label could report several
additional characteristic driving cycles besides tity and highway mileage reported now. The
label design would need to balance the need todaseerwhelming the consumer, and more
research on this would be needed to determine éisé mlance. Second, the smartphone QR
code available on the new labels currently takesctinsumer to a general website that describes
the label in more detail. This website could indtedfer interactive information for a wider
range of driving conditions and even potentiallg uis-vehicle or smartphone GPS to measure
the consumer’s driving style, VMT, and local gaseliprices, using this information to give
customized estimates for individual drivers. Privaoncerns would need to be addressed in

such a system. Adoption by urban drivers may bédunby lower access to dedicated off-street
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parking and a higher proportion of renters who ladkhority to install charging infrastructure
[56-58].

Second, our results suggest that the choice oidatdized test used to assess vehicle
efficiency for window labels and for CAFE standarclsn have an important effect on the
measured benefit of hybrid and plug-in vehiclestreé to conventional vehicles. While choice
of testing protocol has always had impact on thetike benefits of vehicles, the unique features
of hybrid and electric vehicle powertrains and thienportance in certain types of driving
amplify this impact and the potential for bias thatld systemically underestimate the benefits
of hybridization and electrification, influencingd@ption rates and corporate strategy for
compliance with CAFE standards. Furthermore, velidptimized to score well on EPA tests
may score less well in real-world driving. Our réswsuggest that with the presence of hybrid
and electric vehicles in the marketplace, the tgstes used to assess fuel efficiency -- while
substantially improved from the old tests that stit used for CAFE standards -- should be
reexamined to minimize bias. This could be accoshgll, for example, using a national
collection of representative GPS data to assessti@bdtion of driving conditions, followed by
simulation, testing, and optimization to identifysat of tests that produces fuel efficiency
estimates across powertrain types that most closeliches estimates using a representative
distribution of on-road GPS data. In particular, kEAstandards are still based on old UDDS and
HWFET tests that produce estimates with about 20&et fuel consumption for CV, 30% lower
for HEV, and 40% lower for plug-in vehicles tharetBPA 5-cycle regression tests. The CAFE
measurement is about 60% lower fuel consuming s &nd 30% lower for hybrid and electric
vehicles than the NYC test. The CAFE tests ar#figiinflate fuel economy estimates and do so

unevenly for different vehicle technologies. Usiagcommon test for CAFE standards and
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window labels -- one that is as representativeassiple of the resulting efficiency experienced
by US drivers across vehicle technologies -- wdwétp reduce bias against certain technologies
as well as confusion about why the high fuel e#iy standards cited by politicians fail to
match the reality of the vehicle fleet observedcbgsumers.

Third, as suggested in prior studies [5, 31, 45,5R], HEVs and small-battery PHEVsS
provide comparable GHG reductions at lower cosh tlaage-battery PHEVs or BEVs with
today'’s electricity grid. This holds true across thriving cycles we tested. In particular, in NYC
conditions HEVs show the lowest cost and GHG emissi This is because hybridization
(regenerative braking, efficient engine operatiatkinson cycle, engine off at idle, etc.) offers
most of the GHG benefit, and additional benefitsisihg electricity rather than gasoline as the
energy source are dependent on grid decarbonizafiarrent federal and state policy favors
large battery packs, but this is misaligned witbeptial for GHG reductions [31]. In fact, given
binding CAFE standards plug-in vehicle subsidiesy paoduce no net benefit unless they
succeed in stimulating a breakthrough that leadsdst competitive plug-in vehicles and
sustainable mainstream adoption that would not happened otherwise [52, 53]..

Finally, government fleet purchases should acctamthe anticipated driving conditions

of vehicles when selecting powertrain type.

59



2.7 Limitationsand Future Work

There are many factors that may affect the lifeticost and life cycle emissions of
vehicles. In this work we have addressed drive eeywid distance. Climate may also have a
substantial effect on vehicle efficiency, ranged drattery life due to climate control, battery
thermal management, and sensitivity of battery aldafion to temperature [59]. Terrain may
also affect electrified powertrain designs diffeahgnalthough all driving cycles presented here
are on flat ground.

Vehicle design choices could also influence resiite focus on EREV PHEVs because
the broad space of control parameters for defimifdended operation PHEV makes results too
dependent on assumptions (each control stratedypaiform better on some drive cycles than
others). But blended operation PHEVs could be ncorapetitive in some cases, especially for
low-range PHEVs. The battery degradation model usethis study is based on laboratory-
tested A123 LiFePQcells at room temperature. The data ignore tenwperavariation and
calendar fade, they do not account for the higheste implied by more aggressive driving
cycles, and they do not examine other chemistrigsch can have degradation characteristics
more sensitive to state of charge and other facixegradation also affects vehicle performance
[54], which can prevent the vehicle from satisfyngodrive cycles and acceleration tests later in
the vehicle’s life. In this work, batteries are wsed to have negligible residual value at the end
of their life, and they do they need to be repladedng the vehicle life. Even small batteries last
more than the life of the vehicles.

We assume a single charge per day for the PHEV latrons, and | ignore range
limitations of the BEV100, which in practice can bebstantial [48]. Multiple daily charges

would increase the benefits of PHEVs and extendath@icability of BEVs. Further, | ignore
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differences in maintenance, insurance and charngiingstructure costs across vehicle types and
focus only on the split hybrid drivetrain -- resufor series and parallel designs and for blended
control strategies may vary somewhat. We also gramy salvage value of the battery pack at
end of life as well as opportunities for energyitaalge in vehicle to grid applications, which are
expected to be small [44]. We neglect charging tmméch might change the electricity source
and thus the benefits throughout the day. We haed average grid mix and explored sensitivity
scenarios. Variation in benefits might be observenh region to region however when averaged
overall, it would converge towards the results en¢sd in this section. PHEVs with small
batteries that are charged multiple times duriregdhy might have more benefits than HEVs.
One limitation though is that we might not achidugh C-rate with small battery packs. We
account only for GHG emissions and ignore otherdijcle emissions and impacts, and | assume
that CQ tax costs are passed through the supply chainetoehicle customer. Finally, | ignore
government subsidies, which reduce costs obseryedobsumers but transfer these costs to
taxpayers rather than eliminating them. With goweent subsidies, plug-in vehicles are

somewhat more attractive purchase options for coesst
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