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ABSTRACT

IMPLICATIONS OF TEMPORALLY AND GEOGRAPHICALLY REALEED
ENERGY USE

FOR ELECTRIFIED TRANSPORTATION

Plug in electric vehicles (PEVs) are vehicles g energy from the electric grid to provide
tractive and accessory power to the vehicle. Theegigtent (electric vehicles) or reduced-sizeddplu
in hybrid vehicles) engine in these vehicles resuit high energy conversion efficiencies, lower
GHG emissions, and reduced environmental polluti@onsumer demand for these vehicles is
limited by their reduced range relative to convemdl vehicles. Range limitations in PEVs are
primarily due to the lower onboard energy storagpacity of lithium ion (720kJ/kg) relative to
gasoline (47.2MJ/kg), and the range sensitivity REVS to accessory loads, primarily cabin
conditioning loads, is higher. The factors suchHogsl ambient temperature, local solar radiation,
length of the trip and thermal soak have been ifledtto affect the cabin conditioning power
requirements and to therefore affect vehicle rafigee steady increase in consumer demand for
PEVs has resulted in research initiatives by USDtBE,automotive industry and utility industry to

overcome these range limitations.

The focus of this research is to develop a detalestiems-level approach to connect HVAC
technologies and usage conditions to social, enmiental, and consumer-centric metrics of
performance. This is accomplished through the ldgweent of a toolset that consider transient
environmental parameters, real world driver behavibiarging behavior, and regional passenger
fleet population for HVYAC system operation. Theuléag engineering toolset can be used to

determine geographical distribution of energy comsiion by HVAC systems in electric vehicles,



identify regions of US where EVs can elicit positiuser response, evaluate the sensitivity of PEV
range to the local weather conditions, identifyasof use to extract maximum performance from
PEVs, establish HVAC component specifications, amtimize vehicle energy management
strategies and technologies. A case study with alternative accessory technology such as a
combination of phase change materials to providéaéating and cooling is explored. The results of
this research show that PEV HVAC energy consumgtayeographically and temporally disparate,
that range variability may be more of a driver ohsumer dissatisfaction than actual range, and that
HVAC energy management and technologies can retheevariability in PEV range and may

thereby improve PEV consumer acceptability.
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CHAPTER 1 INTRODUCTION
The focus of this dissertation is the modeling,lysia and evaluation of heating, ventilation and
air conditioning (HVAC) system performance for efec vehicles (EVs). This chapter presents an
introduction and motivational background to thei¢spof personal transportation, electric vehickas)

HVAC systems.

1.1 Personal transportation system introduction

Personal transportation accounts for a large fsaadf global and US energy demand. Globally,
30 billion barrels of crude is produced to gene@@8 billion barrels of fuel oil per year [1], aride
United States accounts for 26% of world’s oil cangtion [2]. As shown in Figure 1-1, 70% of the tota
annual gasoline consumption is utilized by the k#®84portation sector. US Department of Transportati
reports that on average 678 gallons of gasolim®mimsumed per vehicle in the passenger vehicle, fleet
10% of which is used towards operating the vetagleonditioning systems. This is 0.46 million kedsr
of crude oil per day. With a total of 250 milliorgistered vehicles in passenger fleet in 2008tf&,
energy utilized for vehicle air conditioning is ghly equivalent to the energy consumed by 40 mmillio

US homes (9000 kW-hr per annum).

Today, the personal transportation vehicle fleetnede up of a diversity of technologies and
systems to provide tractive energy and passengefocb[4]. In a conventional vehicle, the energyr
liquid fuel powers the vehicle's tractive and acsmey loads. The accessory loads are comprised of
power steering, power brakes, radio, vehicle cdsittighting systems, heating and cooling systefing
engine powers the cooling systems by driving agefant compressor to provide air conditioning (AC)
Waste engine heat from the coolant loop is usechéating the cabin air. In the present generation o
electric vehicles (EVs), a tractive electrochemiuattery replaces the engine as the main energgeou
In EVs, only the battery is available to power tahicle and other auxiliary systems including hegti

ventilation, and air conditioning systems (HVAC).



The HVAC systems for EVs draw its energy from theimbattery, thereby reducing the range of
the vehicle by 35% to 50% during extreme weatheditns [5-10]. The decrease in range of EVs is
detrimental to the overall objective of reducing thetroleum dependency of the passenger fleetein th

transportation sector and to meet consumer’s pegoce expectations of these emerging technologies.

Figure 1-1: Consumption of gasoline in the US divied among the industrial, commercial and transportaion
sectors. The transportation sector is further diviled into energy that goes to vehicle traction andgssenger comfort
conditioning. The gasoline consumed in transportén air conditioning is larger than the gasoline cosumed in the

commercial and residential sectors combined[11].

1.2 The role of electric vehicles in reducing impactsfgersonal transportation

The amount of fuel used for climate control in wé affects the energy security of US
significantly as it lowers the fuel economy of 880 million light-duty conventional vehicles in use
the United States [12]. Advanced vehicle techn@sgiuch as EVs are increasingly regarded as a means
to allow the personal transportation sector to aoresless primary energy with less emissions thasilfo
fuel vehicles of the same weight and performangel@eing driving range)[13]. A direct comparison of
EVs against conventional vehicles is presenteerims of various efficiencies to objectively justifye

emphasis on EVs in this dissertation research.



The Tank to Wheel energy efficiency, i.e. raticeakrgy transmitted to the wheels divided by the
final energy (gasoline, diesel or electricity) impw the vehicle under standard test conditions is
represented in Figure 1-2. The Tank to Wheel eneffigiency for the best internal combustion vebsl
under normal operating conditions is less than 2@%6liesel and 18% for gasoline, while the redos
as heat [14, 15]. It is 60 to 72% for electric s power by lead acid and lithium ion batterids[16].
The electric vehicle consumes 3 times less finakgyn compared to a conventional fossil fuel vehicle
The Well to Wheel efficiency of a vehicle is thaiodbetween the final energy transmitted to the ethe
divided by the primary energy at the source. kdsial to the Tank to Wheel efficiency multiplied te
Well to Tank efficiency, which is the efficiencyofn the source of final energy to its introductiatoithe
vehicle (fuel tank or electrical plug). The Well T@nk efficiency (Figure 1-3) for fossil fuel and/E
powered vehicle is approximately 83% and 37% respy [15] by taking into consideration the facto
such as energy consumed by the production, refiamytransport of the fuel in case of fossil fushsl
type of power plant (conventional power plant, cored-cycle gas power plants), energy efficiency of
electricity distribution for EVs. The Well to Wheefficiencies are shown in Figure 1-4. The nominal
Well to Wheel efficiencies of EVs is approximatdlyb times and 1.8 times better than the diesel and

gasoline power conventional vehicles respectively.

The real world efficiencies in EVs can significgntlary based on driving conditions (rural,
urban), real traffic conditions, hard acceleratitoming the driving cycles, constant large accesporyer
draws such as HVAC systems. The power draw by tHAE systems strongly depends on the local
ambient conditions, prior activity inside the vdbiand parking scenarios [8, 17]. As the market
penetration of EVs increases (Figure 1-5), it Wilcome imperative to quantify the real world energy
consumption of EVs (including HVAC loads) in ordey understand 1) their true energetic and
environmental benefits over conventional vehicl2k,the geographic sensitivity of these costs and

benefits as a function of climate, electric griidavehicle types, and 3) the system level effeéts o



emerging alternative accessory technologies inotudiehicle preconditioning, ARPA-HEATS-type

thermal storage systems, and fuel cells.
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Figure 1-2: Tank to well energy efficiencies for caventional (gasoline, diesel) and electric (Lead-at; Li-ion)

powered vehicles.
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Figure 1-3: Well to tank energy efficiencies for coventional (gasoline, diesel) and electric (Lead-at; Li-ion)

powered vehicles.[14, 15]
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Figure 1-4: Well to wheel energy efficiencies foranventional (gasoline, diesel) and electric (Leadeal, Li-ion)

powered vehicles.
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Figure 1-5: Market penetration forecast for HEV, PHEV and EVs [3].

1.3 State of the art in vehicle HVAC

Reducing the dependence on the gasoline increhsesation’s energy security [4, 7, 16, 18].
Transportation sector is one of the biggest conssiimiegasoline resulting in (large) contributionverds
greenhouse gas (GHG) emissions in US [2, 11, 1&h ¥ignificant advances in the battery technolsgie
and higher Well to Wheel efficiency, EVs are in&iegly being considered as a future of passenget fl
[20-23]. With EVs, fossil fuels are displaced a¢ tivheels. The additional demand on the grid due to
increased fleet charging activities needs to beoracwodated by increased power generation by the
utilities [12, 24, 25]. By optimizing the energy nagement at the system level, the additional power

generation at the source can be minimized.

In an EV, the energy expended for thermal comfoabin cooling and cabin heating) is the
second largest energy load, after traction loa8s 26]. It is therefore important to consider thke of

HVAC loads in predicting EV performance. Complioat arise in that the conditions of operation, the



ambient conditions, and therefore the performarfi¢¢MAC systems vary geographically and temporally.
Researchers and regulators have not been ablengideo the transient ambient variations prevalent
across US, and have instead defined thermal comégutirements on the basis of constant average
ambient conditions [5, 7, 16, 19]. Energy for cabeating was not considered since in conventional
vehicles the waste heat rejected by the enginélized for cabin heating. This is not the caselviV's
since energy for both cabin heating and cabin ngolias to come from the onboard energy storage
device. These assumptions propagated large unuéraiin energy consumption estimations. Also,
current vehicle simulation software’s such as Adiignd Autonomie represent HVAC loads as a non-
dynamic constant. To accommodate for the fluctmation HVAC loads, the onboard battery storage
device is overdesigned resulting in successful mit necessarily an optimized functioning [22]. For
example, a 40mile range plug in electric vehiclsigieed with 16kWh battery storage (8kWh usable)

might draw 2kW peak accessory load, thereby redutia EV range by 25%.

The HVAC systems have been traditionally desigrmedrfaximum capacity, not efficiency. This
is another contributing factor for lower fuel ecamoin conventional vehicles and reduced range is.EV
The stringent corporate average fuel economy (CA&Ehdards necessitate greater optimization of
energy systems at the component level [27]. Moviwgpy from the traditional vapor compressor
refrigeration systems in EVs, a combination of salalternative accessory technologies such aser
electrics, thermal storage devices, fuel cells #od batteries may be integrated into the EV for
providing thermal comfort with minimum drain on tbaboard storage device. The immediate benefit is

the increase in the electric range of the EV afdaeguent increase in positive user experience.

The objective of the current research is to undarstthe system level impact of EV on the
nation’s electric grid to bring about a net redoctin GHG emissions. This will be achieved by
developing a generalized thermal comfort modelngkinto consideration the wide variations in US

ambient conditions geographically and temporallize Tesults from the model will be synthesized to
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answer several important questions pertaining tal tgasoline displacement by an EV fleet, identifyi
ideal geographical locations for EVs based on abascy of their performance, mechanisms to improve

their performance by means of cabin preconditioning

A phase change based thermal energy storage systeam alternative for traditional vapor
compression based refrigeration system is investigarhe Phase change system is a combination of
paraffin wax and ice block, for providing cabin tieg and cabin cooling respectively. The dynamits o
this combined system is modeled and integrated thighlocal ambient conditions, time of use of the
vehicle and driving characteristics. The simulatgindies will be used to understand the system leve

changes to be incorporated in the future vehictegies.

1.4  Organization of Thesis
This chapter provides an introduction to the rededroject and presents general background

information on the personal transportation se@lectrified transportation, and vehicle HVAC syssem

Chapter 2 presents a literature survey of the shtthe field for personal thermal comfort
modeling. The USDOE's previous work in the fieldH/AC system modeling and analysis is critically
reviewed, and HVAC system modeling in vehicle siatioin software is described. This literature revie

focuses on those fields associated with the resagps addressed in this dissertation.

Chapter 3 presents the research questions andtteslee the focus of this dissertation.

In Chapter 4, the methods that have been develapedidress the research tasks are scoped
through a gap analysis, and are described in mreledetail. The input databases are describedland
form and function of the thermal comfort conditiogi energy consumption model is defined and its

outputs evaluated.



Chapter 5 presents a series of analyses that difineemporal and geographical sensitivity of
HVAC energy consumption in EVs. These resultswamed to define the sum of EV and conventional

vehicle (CV) HVAC consumption for each US state asdx function of time of day and time of year.

Chapter 6 presents an analysis that connects timgotelly and geographically-realized HVAC
energy consumption results to vehicle-level perfomoe metrics including EV range. Summary stasistic
and performance characterizations for EVs are pteddor various US cities and as a function oktiof

day.

Chapter 7 uses the thermal comfort conditioningggneonsumption model developed for this

effort to assess the vehicle-level performance\s lBcluding various advanced HVAC technologies.

Chapter 8 provides conclusions to this study asdnamary of future work.



CHAPTER 2 LITERATURE REVIEW

2.1 Introduction

In this section, prominent research from the liigm@ associated with thermal comfort models,
their application to automobile industries, US D@é&hicle HVAC studies, vehicle simulation software’s
HVAC energy consumption predictions and alternatieeessory technologies for automobiles will be

highlighted.

The thermal comfort models are classified into tegoal based models, empirical models and

adaptive models. In the following section each ofiels will be discussed briefly.

2.2 Theoretical Models

2.2.1 PMV-PPD

PMV represents the 'predicted mean vote' (on therthl sensation scale) of a large population of
people exposed to a certain environméi¥lV establishes a thermal strain based on steady-bieat
transfer between the body and the environment asigigs a comfort vote to strain experienced. PPD is
the predicted percent of dis-satisfied people ahddMV. As PMV changes away from zero in either the

positive or negative direction, PPD increases[2B-30

The PMV equation for thermal comfort is a steadtestmodel. It is an empirical equation for
predicting the mean vote on a normalized ratindesecathermal comfort of a population of peopleeTh
equation uses a steady-state heat balance foutharhbody and postulates a link between the devisti
from the minimum load on heat balance effector madms, ex, sweating. The greater the load, the
more the comfort vote deviates from zero. The phderivative of the load function is estimated by

exposing large number of people to different coadg to fit a curve.
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The PMV equation only applies to humans exposed flang period to constant conditions at a

constant metabolic rate. Conservation of energydea the heat balance equation [29]:

Hi -Hvd -HSW-H re-H r:Q rad+Q con Eqgn (1)

Where,

H; = internal heat generation

H,q = heat loss due to water vapor diffusion throughgkin

Hsw = heat loss due to sweating

H,e = latent heat loss due to respiration

H, = dry respiration heat loss

Qrad = heat loss by radiation from the surface of tlothed body

Qqonv = heat loss by convection from the surface ofclbéhed body

All the terms in the heat balance equation are oreate quantities from basic physics with the
exception of clothing surface temperature and cotiwee heat transfer coefficients. The heat balance
equation is solved for convective heat transferffmoents iteratively by assuming an initial valud

clothing temperature.

The thermal strain or sensation, Y is defined asesanknown function of Hand metabolic rate
(met). Holding all variables constant except amperature and metabolic rate, mean votes from tdima
chamber experiments are used to write Y as funaifasir temperature for several activity levelsemh
substituting H for air temperature, determined from the heat rimdaequation above, the partial
derivative of Y with respect to tat Y=0 is evaluated. The exponential curve fitmgeveral metabolic

rates is integrated with respect tp H; is now renamed as "PMV"
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_ et
PMV =™ H Eqn (2)

Where,

H=function(pressure, ambient temperature, clothéamaperature)

PMV is "scaled" to predict thermal sensation vatesa seven-point scale (hot, warm, slightly
warm, neutral, slightly cool, cool and cold) bytuie of the fact that for each physical conditionisYthe
mean vote of all subjects exposed to that condifidwe major limitation of the PMV model is the eixfil
constraint of skin temperature and evaporative lusatto values for comfort and "neutral” sensa#iba

given activity level.

2.2.2 ET*DISC

ET*- DISC also uses a heat balance model to prélagcmal comfort, but the model evolves with
time rather than being steady-state like PMV [HT* stands for New Effective Temperature where
"effective temperature” is a temperature index #atounts for radiative and latent heat transfers:.
can be calculated using the '2-Node' model. Thed2m€model determines the heat flow between the
environment, skin and core body areas on a mingtaibute basis. Starting from an initial conditiah
time=0, the model iterates until equilibrium hasmeaeached (60 minutes is a typical time). Thelfina
mean skin temperature and skin wetness are theniatexd with an effective temperature. DISC prexict

thermal discomfort using skin temperature and sle@imess.

The 2-node model was introduced in 1970 specifidallformulate a new effective temperature
scale [32]. The purpose was to determine partictdanbinations of physical conditions producing dqua
physiological strain. Backed by extensive data fidimate chamber experiments, it was determinet] tha
while skin temperature is a good indicator of th&rroomfort sensation in cold environments, skin

wetness is a better indicator in warm environmemitere sweating occurs because skin temperature

12



changes are small by comparison. The model repiesiam human body as two concentric cylinders, a
core cylinder and a thin skin cylinder surroundihgClothing and sweat formation is assumed to be

evenly distributed over the skin surface. At timert", the cylinder is exposed to a uniform envinent,

and the model produces a minute-by-minute simutatiothe human thermoregulatory system. After the

user-specified time period is reached, the finafase temperature and surface skin wetness of the
cylinder are used to calculate ET*. ET* is the temgture of an environment at 50% relative humidity

which a person experiences the same amount ofdssaas in the actual environment.

2.2.3 SET*

SET* numerically represents the thermal strain eepeed by the cylinder relative to a
"standard" person in a "standard" environment. SE3% the advantage of allowing thermal comparisons
between environments at any combination of the iphiy$nput variables, but the disadvantage of also

requiring "standard" people [29, 32].

Based on a laboratory study with a large humbesutifects, empirical functions between two
comfort indices, and skin temperature and skin estnwere developed. These functions (both lireear)
used in the 2-Node model to produce predicted gabighe votes of populations exposed to the same

conditions as the cylinder.

2.2.4 TSENS, DISC

Thermal sensation (TSENS), first index, represtr@snodel's prediction of a vote on the seven

point thermal sensation scale. Discomfort (DISG¢, $econd index, predicts a vote on a scale ofniler

discomfort;
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DISC:

Intolerable

Very uncomfortable
Uncomfortable
Slightly uncomfortable

Comfortable

The 2-Node model has undergone many iterationgefimbments. In the most recent iteration, a
new temperature index, PMV*, that incorporates skiatness into the PMV equation using SET* or ET*

to characterize the environment [29, 32].

2.3 Empirical Models
Apart from the thermal comfort models describedvabthere are many more theoretical models,
both deterministic and empirical. Some empiricaldele with application to building design and/or

environmental engineering are outlined below.

PD or predicted percent dissatisfied due to dsafa ifit to data of persons expressing thermal
discomfort due to drafts. The inputs to PD ardexmperature, air velocity, and turbulence intend$ is
a fit to data of comfortable persons choosing aitosity levels. The inputs to PS are operative
temperature and air velocity. TS is a fit to ddtéhermal sensation as a linear function of airgerature

and partial vapor pressure.

A 'draft' is unwanted local cooling. The draft rigk PD) equation is,
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PD =3.41% 34-)( v-0.06"" +0.369y{ 34)f v-0)05~

Ean (3)
PS=113 ] -0.24] +2¥ v-0.9 Eqn (4)
TS=0.245T + 0.248P - 6.4 Ean (5)

In the above equations, Tu is the turbulence iitigrspressed as a percent. O represents laminar
flow and 100% means that the standard deviatiah@fir velocity over a certain period is of thensa
order of magnitude as the mean air velocity. vhis air velocity (m3) and T, is the air temperature in
degrees Celsius. The PD equation arises from tudiest in which 100 people were exposed to various
combinations of air temperature, air velocity, angbulence intensity. For each combination of
conditions, the people were asked if they feltaftdPD represents the percent of subjects whoovibiat

they felt a draft for the selected conditions.

The PS equation predicts the air velocity that idlchosen by a person exposed to a certain air
temperature when the person has control of thevelocity source. J, is operative temperature (in
degrees Celsius). The PS equation arises fromdy stuwhich 50 people were asked to adjust an air
velocity source as they pleased when exposed pecific air temperature. PS represents the curvelati
percent of people choosing a particular air veyoaitthe specific temperatures tested in this exprt.

TS is an equation that predicts thermal sensatd® wsing a linear function of air temperature padial
vapor pressure. ,lis the air temperature in degrees Celsius andtReigartial vapor pressure in kPa.

The TS equation arises from a study similar toRM8/-PPD study described above [30].

2.4 Adaptive Models

Adaptive models include in some way the variationsutdoor climate for determining thermal

preferences indoors.
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2.4.1 Auliciems [33]

An adaptive model developed by Auliciems fits séinsadata based on field investigations of

thermal comfort in Australia spanning several cliesa The equation is,

T =9.22+ 0.48] +0.14T_ Eqn (6)

2.4.2 Humphreys [34, 35]

Humphrey’s equation is a fit to considerable daia dlimate-controlled and non-climate controlled

buildings,
0.29 -2
T,=23.9+ i-l':‘;‘;)’z 3 0.48] +0.147
e Ean (7)

For both the Auliciems and Humphreys models,id the neutral temperature, & the air

temperature, and. . is the mean monthly outdoor temperature.

2.5 US DOE Vehicle HVAC Studies [5-9, 16, 18, 19, 3638

Efforts to understand the impact of HVAC loads tetwic and gasoline fuel economy have been
driven by stricter emission regulations, depletaigresources, need to reduce foreign oil depenglenc
higher corporate average fuel economy standardb,seeady growth of HEV, EV and PHEVs in the
market. According to US Department of Energy’s ambeal vehicle testing activity, the range reduction
due to operation of HVAC systems in hybrid and glewehicles could be as high as 35% depending on

the ambient temperature, cabin temperature anaitheolume [6]. The All Electric Range (AER) of
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PHEVs or EVs will be further affected due to theergy requirements of additional accessories such as

power steering and power brakes.

Early efforts by NREL [8], attempted to simulatetimal comfort, fuel economy, and emissions
in conventional gasoline operated vehicles. Thegirsted modeling approach composed of CAD,
computational fluid dynamics (CFD), thermal comfahd vehicle simulation tools. The process was
broken down into steps of developing models, ardtang links between the models. In associatioh wit
industry, advanced vehicle simulator (ADVISOR) te@ls developed. Specific issues including differing
analysis time scales and automation of data tramsfee addressed to a limited extent but not cotejyle
resolved. The goal was to use the integrated muglgdrocess leading to reduction in the peak soak
temperature and improve passenger comfort, ultimateproving the efficiency of vehicle climate
control systems and reduced fuel use. The examga& poak temperature reduction demonstrated that
fuel economy of a conventional vehicle could be riowed by 9.2% with 11.6°C drop in cabin air

temperature.

Johnson in 2002 [7] attempted to determine total fwonsumed by vehicle air conditioning
nationwide and state-by-state fuel use impact duertconditioning usage in light duty gasoline icéds.
The study used data from US cities, representafiveerages over the past 30 years, whose temperatu
incident radiation, and humidity varied through e¢iraf day and day of year and national surveys that
estimated when people drive their vehicles durimg day and throughout the year. A simple thermal
comfort model based on Fanger’'s [28] heat balangeatons determined the percentage of time that a
driver would use the air conditioning based on phemise that if a person were dissatisfied with the
thermal environment, they would turn on the airditaning. Vehicle simulations were performed to
determine the fuel economy reduction seen with A€ ia typical US cars and trucks. These statisiick
models were combined with vehicle and truck regigins and vehicle miles traveled resulting inadest

by-state estimate of fuel used for air conditionimgehicles.
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Rugh et.al [9] extended Johnson’s [7] work to sttity impact of vehicle air conditioning (A/C)
systems on fuel economy, tailpipe emissions of raotwles and greenhouse gas emissions from A/C
refrigerants. The study performed on light dutyiekds in US was further extended to cover Europ an
Japan. With the assistance of the automotive dlingantrol community, the analysis was updated to
include demisting, soak temperatures that vary wihicle type, simplified clothing assumptions, and
A/C compressor power definition. The study showweat the United States uses 7.0 billion gallons426.
billion liters) of fuel a year for vehicle air comidning, equivalent to 5.5% of the total natioraél use
and 9.5% of the imported crude oil. If all vehiclesd air conditioning, the EU would use 1.8 billion
gallons (6.9 billion liters) of fuel per year 01236 of total vehicle fuel consumption. Japan woidd 0.5
billion gallons (1.7 billion liters) or 3.4% of tak vehicle fuel consumption. The fuel consumpti@tad
was converted into the metric of @@missions to determine the indirect impact otainditioning on the
climate. The study also determined the magnitudbepotential reduction in fuel use due to incretak
improvements in A/C coefficient of performance (QQ@®er a baseline and the potential fuel saved per
vehicle. For example, with a 25% improvement in AZOP, a car in Arizona was found to save 15.7
gallons per year. These data highlights the patemti reduce operational costs, A/C fuel use,,CO
emissions and eventually the amount of importedpilmplementing advanced vehicle climate control

technologies.

Farrington et.al [5] studied the impact of vehid-conditioning on fuel economy, tailpipe
emissions of conventional and hybrid electric vies@nd electric vehicle range. In addition, a hévs.
emissions procedure, called the Supplemental Fedast Procedure (SFTP), was investigated for
reducing the size of vehicle air-conditioning syssein the United States. The SFTP intends to measur
tailpipe emissions with the air-conditioning systeperating. Current air-conditioning systems am@ash
to reduce the fuel economy of high fuel-economyisleb by about 50% and reduce the fuel economy of

mid-sized vehicles by more than 20% while increg$i®, by nearly 80% and CO by 70%.

18



Kaynakli et al. [17] investigated an automotive eonditioning system in detail by varying
several parameters experimentally. The temperatti@mbient, the evaporator and condenser and the
speed of the compressor were varied and the pesfurenof the system was monitored. Cooling load,
compressor power consumption, refrigerant mass feate, COP value, fluctuation of the minimum and
maximum system pressures were analyzed, the remdtpresented in graphical form and optimum
operation conditions were determined. The experiateresults concluded that the cooling capacity
increases with increasing compressor speed andenead temperature but this also lead to higher
compressor power consumption and hence lower CORBnd@es in condenser temperature and pressure
affected the system performance significantly witilat in evaporator temperature and pressure did no
play a major role. The refrigerant mass flow ratereéases substantially with increase in the corspres

speeds with little or no increase due to changevaporator, condenser and ambient temperatures.

Barnitt et.al [19] studied the effects of mitigafia hot or cold thermal soak to quickly attain a
cabin temperature comfortable to the vehicle ocotgaising vehicle climate control systems (air
conditioning or heat) on the range depletion arttebalife of PHEVs and EVs. Depleting the battéoy
immediate climate control was found to reduce chatgpleting (CD) range and enhance additional
battery wear. PHEV cabin and battery thermal prditmming using off-board power supplied by thedgri
or a building was recommended as an option to aigighe CD range reduction and battery life impacts
due to climate control. To quantify the impact, Rowrain Systems Analysis Toolkit vehicle simulatio
program was developed. The models were validatedsaca blended PHEV with a 15-mile (24-km)
electric range, a series PHEV with a 40-mile (64+katectric range, and an electric vehicle with 8-10
mile (161-km) electric range. Representative amditioning and heater load profiles were constraicte
using data from literature. Further, PHEV perforeceawith and without thermal preconditioning oves th
urban (UDDS, urban dynamometer driving schedula) highway (HWFET, high way fuel economy
test) drive cycles, and for three different ambtemiperature scenarios were tabulated. Battery waar

characterized using a semi-empirical lithium ioritdxy life model. The analysis showed that climate
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control loads can reduce CD range up to 35% whabjn thermal preconditioning increased CD range
up to 19% when compared to no thermal preconditgnin addition, this analysis also showed that
while battery capacity loss over time is drivendmbient temperature rather than climate contraldpa

concurrent battery thermal preconditioning can cedgapacity loss up to 7% by reducing pack

temperature in a high ambient temperature scenario.

2.6 Vehicle Simulation Software [39-42]

The current generation vehicle simulation softwamich as Autonomie (developed by Argonne
National Lab), Advisor (developed by NREL) were igasd primarily for simulating the conventional
vehicle performance. They regard HVAC loads as aygmamic constants. This results in over designing
the HVAC systems for maximum capacity instead dicieincy. The additional curb weight resulting
from the over design further increases the fuekaomption. The electric vehicle is limited in teris
range it can deliver on a single charge. Henceadtigoard storage system should be designed by

accounting for the transient loads on the vehicle.

2.7 Summary

From the discussions above, it is clear that tcerddhe appropriate thermal conditions,
researchers refer to standards that define temyserednges that should result in thermal satisfadibr
at least 80% of occupants in space. The standaeldased primarily on a mathematical model,
developed by Fanger [28]. In particular, the redeers developed a model of whole body thermal
comfort, known as PMV model . Using this as a hakis DOE vehicle HVAC studies [5-9, 16, 18, 19,
36-38] determined 7 billions gallons of gasoline aconsumed by the US light duty vehicle fleet for
HVAC. Although Fanger's PMV model have become andtaid for predicting thermal comfort for
occupants, some researchers [43-47] question thadidity. The following section highlights the

limitations of Fanger’s thermal comfort model.
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2.7.1 Limitations of Fanger's Model

The PMV model is designed to predict the averagenthl sensation for a large group of people.
Within such a group, optimum thermal conditions ldely to vary between individuals by up t6G on
the thermal sensation scale[35]. Therefore, evahefthermal environment in a space is maintaimed i
accordance with the PMV model, there will be sorceupants who are thermally uncomfortable. These
differences between people are acknowledged bydfd@8] and are also reflected in the PPD index.
Thus, while the PMV model can be used to deternaippropriate temperatures that will satisfy the

majority of occupants, it is unrealistic to expalttoccupants to be thermally satisfied.

It is also important to note that PMV model is lthea the measure of how warm or cool the
occupants feel. This is also defined as thermadatem felt by the occupants. Conceptually, howeiwesr
is different from the thermal satisfaction (e.goree satisfied or unsatisfied with the thermal ¢towis?),
thermal acceptability (e.g. are the prevalent tléroonditions are acceptable or not?), thermal oomf
(e.g. | feel comfortable or uncomfortable) and thalr preference (e.g. | would like it to be warmer o
colder). The PMV based thermal sensation studies dmt distinguish the differences between these

terms [33, 45].

Advanced laboratory studies have shown greaterafiancies of over and under prediction of
neutral temperatures that used PMV index [43-4J%eland and Humphrey [48] concluded that “the use
of PMV encourages unnecessary heating in cool iondiand unnecessary cooling in warm conditions”
In addition to the difference between actual aretijgted neutral temperatures, several field studées
49, 50]have suggested that occupant’s sensitivitghanges in temperature differ from those predicte
from PMV and the differences between the predicted actual thermal sensation grew larger when the

occupants were further away from neutrality.
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The predictions of PMV model are based on experimeanducted in a climate chamber. The
physical variables (air temperature, mean radiantperature, relative humidity and air velocity) are
closely monitored and controlled. The use of stasidad clothing and prior activities helps to cohtr
physiological variables accurately. However, matydies [45, 48] have shown large measurement
errors resulting from controlling all 6 variablescarately. The measurement difficulties have been
argued to contribute to the discrepancies betwddlW Rnd actual thermal sensation. Over all, the
measurement error associated with physiologicablbtes (metabolic rates and clothing) is considered

problematic to the accuracy of the PMV model.

Hence it can be concluded that the HVAC studieagi§ianger's PMV model is not always a
good predictor of actual thermal sensation. Disanepes between actual and predicted neutral
temperatures reflect the obvious difficulties irntashing acceptable measure of clothing and metaboli
rates. The US DOE studies use this as the basestonating the fuel consumed for thermal comfort i
conventional automobiles. In this dissertationneav control volume based bottom up approach is

proposed. This is discussed in greater detail iapBr 3.

22



CHAPTER 3 RESEARCH QUESTIONS AND DEFINITION OF RESEARCH SCOPE

3.1 Research Questions
The literature survey and gap analysis in the previsections allows us for the development of
the following research questions. Each questiosegdere, is discussed individually in the follogvin

sections and is further broken down into spec#&ks.

Research Question 1: How much energy (petroleum ergy, electrical energy) does an

electrified light-duty vehicle fleet consume compagd to a fleet of conventional vehicles?

To answer this research question, a compreherisiéeresolved and vehicle-resolved model of
vehicle energy consumption must be constructed ifspelo the EV/PHEV application. Energy
consumption by HVAC system has been estimated bgldging a Matlab/Simulink model of vehicle
heat transfer, and HVAC system function. The emmmental inputs from the National Solar Resource
Database (NSRDB), light-duty vehicle fleet inputsni Mobile 6 and vehicle trip details from the
National Household Transportation Survey (NHTS)Ivehable the characterization of the energy
consumption of an electrified light-duty vehicledt. The geographically realized energy consumption

maps will be utilized in subsequent research tasks.

Research Question 2: What is the geographical setisity of the accessory loads and vehicle
fueling costs for HEVs, PHEVs and BEVs? Are there @gions of the country that are most

advantageous or that should be precluded from vehie fleet electrification?

To accommodate large scale market penetration oatdgVs, PHEVs and EVs it is important to
identify regions of country where the technologwldobe most beneficial. The environmental, economic
and energetic performance of nonconventional vesiwlill depend on the climatic conditions in which
they operate. An EV or a PHEV with a certain batteapacity may show environmental benefits in

moderate climates that are not present in regibtieedJS with higher HVAC loads.
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The results from the first research question dballitilized to analyze and determine the regions
with high energy requirements. The additional bgtmapacity enhancements that may be required at
these high energy consuming regions shall be datednThe outcome of this analysis should help the
automobile industry to understand the performanic&Vs, HEVs and PHEVs as a function of the

geographical variations in climate conditions.

Research Question 3: What accessory systems or tecdiogies can improve the
environmental performance and utility of HEVs, PHEVs and BEVs? What metrics or methods can

be used to evaluate the economic, environmental amthergy life cycle of the proposed technologies?

This question is focused on investigating altem@atccessory technologies (AATS) for HEVS,
PHEVs and EVs to reduce and optimize the auxiliagds such that the vehicle can be designed to
achieve system-level design criteria including glerm displacement, GGemissions, or performance

robustness.

Some of the technologies and techniques to poweAGI\8ystems in electrified vehicles in
consideration are 1. Decoupling the transmissiah MYAC loads from the battery pack and utilizing a
reduced size engine to only accommodate for the EN#ads, 2. Thermal storage technology similar to
that defined in ARPA-E heats program by DOE to mtevonboard energy storage for cabin comfort
conditioning. 3. Vapor absorption AC system. 4. fim@-chemical storage systems such as fuel cells and

flow batteries.

A thermal systems model of each technology mentiani# be evaluated across different vehicle
platforms and geographic areas to determine thigmesetrics that can be used to characterize high
performance AATs based on overall system efficiegegenhouse gas emissions, economic performance

and more.
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3.2 Definition of Research Scope

The program of research to answer these researgdtiogus is broken down into research tasks
and subtasks, as presented in Table 1. Datesngbletion and percent completed are presented i®r th
work package. Figure 3-1 represents an overviemmits and resulting outputs to the Accessory load
model and simulation. Climate data is obtained fidational Solar Resource Database (NSRDB), driver
characteristics are extracted from National HoukefAoansportation Survey, regional vehicle type and
fleet population is obtained from Mobile 6 databaggle vehicle simulation software (Autonomie) will

be used to evaluate alternative accessory techiesloghe outputs from the Accessory load model are

classified into tasks listed in Table 3-1.

NHTS Mobile 6
- . (Vehicle
(Driving Habits) Population]
NSRDB ' Accessory Load : Vehicle
(Climate) Modelingand Simulation
Simulation
ConEsT.lerrrli\::ion High Impact Net Gasoline Geographical & Optimized HVAC
. Geographic . Seasonal Systems with
Equivalentfor . Displacement -
HVAC Locations Variability AATs
Task 1 Task 1,2 Task 2 Task 2 Task 3

Figure 3-1 Research block diagram representing I/@nd the allocation of efforts into Tasks 1 througt8
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Table 3-1 Breakdown of Research Tasks

Research Tasks

Associated

Research Questio

jn}

Task 1.1 Database generation as a function of TOD and TOY

Subtask Data mining and sorting of
environmental parameters from TMY3 datase
generated by NSRDB into relevant formats
Subtask Generate vehicle trip and regional
fleet details from the NHTS and Mobil 6
database

Task 1.z Develop a generalized dynamic HVAC system mod

Subtask Construct parametric model for
vehicle windshield surface

Subtask Construct parametric model for
vehicle roof surface

Subtask Develop control volume model for
cabin space

Subtask Interlinking data sets generated in
Task 1.1 with the control volume model

LA

Task 1.& Determine energy consumption of HVAC systems

Subtask Generate geographical distribution
maps of HVAC energy consumption based on
a. Trip length
b. Seasonal variations
C. Worst case scenarios

Task 2.1: Construct algorithms to extract ‘hotspots’ acrdss
country with high HVAC energy demand

Subtask Determine high return on investment
(ROI) zones based on frequency of trips

Subtask Determine potential zones for high

impact on net GHG reduction

Task 3.1 Define and evaluate performance metrics
alternative accessory technologies

Subtask Evaluate
a. Storage technologies (Sensible 4
Latent)
b.  Preconditioning
c. Flow batteries and fuel cells

for

\nd

d. Vapor absorption systems
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CHAPTER 4 METHODS

4.1 Introduction

General thermal comfort is defined as certain tla¢requilibrium conditions existing inside a
zone or an indoor environment that is acceptabledfspensing regular tasks in a broader view. The
thermal equilibrium is a meta-stable state andiregulynamic exchange of energy in the form of heat
mass and work transfer between environment anddhe. Any deviation from this state is perceived as
lack of thermal comfort condition inside the zondeating, ventilation and air conditioning systeans

used to restore the thermal comfort conditions.

In addition to the thermal equilibrium state, thermal comfort or the lack of it, as perceived by
an individual subject is influenced by several hamaermal regulation parameters such as the

physiological conditions, metabolic rates and pactivities inside the zone.

The earliest thermal comfort model was derived bpder [28]. According to Fanger’s theory,
the human body employs physiological processesriferoto maintain a balance between the heat
produced by metabolism and heat lost from the bédyactual comfort equation was defined based on
the investigation of body’s physiological processekhe physiological processes influencing the heat
transfer were sweat rate and mean skin temperasuasfunction of activity level. The data from #gtaedy
were used to derive a linear empirical relationdb@tween activity levels, sweat rate and mean skin
temperature. The relationships were based on hysigs of heat transfer with an empirical fit to
sensation and termed as ‘predicted mean vote’ (PNIk@ details of PMV model and its limitations were

discussed in Chapter 2 (Literature Review).

In this chapter, a gap analysis based on literaewriew is discussed along with methodological

and design criteria research challenges. Owingpeditnitations posed by PMV model, a more general
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control volume approach to modeling thermal comfmaised on transient energy exchanges between
indoor environment and outside ambient will be dewed. The ability to use this model for much
accurate estimations of HVAC energy consumptionr &@E HVAC studies for conventional vehicles

and its subsequent applicability to electric veditdVAC energy consumption will be highlighted.

4.2 Gap Analysis

The DOE/National Renewable Energy Laboratory (NREigrmal comfort studies have clearly
shown that vehicle auxiliary loads consume sigaiiicamount of energy. Based on the literatureesurv
in chapter 2, there exist some methodological gdiGations-based gaps in modeling thermal comfort
and their application for understanding of the iotpaft HVAC loads on charge depleting energy storage

device that is used in electric vehicles basedceahworld conditions.

4.2.1 Thermal comfort modeling challenges

Fanger's PMV model combines two physiological vialeas (personal metabolism rate and
clothing insulation) with four physical variablesel@gtive humidity, air velocity, average radiant
temperature and air temperature) into an indexdhatbe used to predict average thermal sensatian o
large group of people in a space. In the literatendew we discussed some major theoretical and
measurement errors giving rise to discrepanciewdmt predicted and measured thermal sensation. It
was also discussed that controlling all the 6 s together for generating PMV was a challendee T
PMV itself is based on averaged environmental patara. Hence the PMV scale does not take into
account the fluctuating weather patterns prevadenbss US. However, for estimating thermal comfort
and subsequent energy required to provide theromafart, it is very important to develop a modelttha
takes into account the transient weather conditiGirsce the PMV model was developed back in 1970,
the lack of environmental data across US may hageghas a major deterrent for incorporating tramsie

ambient conditions. However, the weather monitostations set up across several locations in US ad
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improvements in reporting hourly weather data wiihimal measurement enables us to use the recorded
database for developing a thermal comfort model ¢hasely captures the HVAC loads based on local
conditions. The transient weather data base isdarsing advanced data mining algorithm to devalop
transient thermal comfort model using a controuveé based bottom up approach. The results from the
model will be compared against a PMV based theooaifort model developed by NREL for estimating

HVAC energy consumption in conventional vehicles.

4.2.2 Methodological Research Challenges

The models of passenger vehicle occupant temperdtat are used in previous work were built
upon the premise of Fanger's [28] description afspe’s thermal sensation vote (PMV). The person’s
thermal sensation is related to the heat balancth@rbody as a whole. The metric ‘predicted percent
dissatisfaction’ (PPD) was defined as a functiord@¥iation in person’s heat balance from a theymall
neutral sensation. A positive deviation is représtare of the person likely to feel too hot. Undleese
assumptions, PPD is treated as a statistical reptason of the fraction of time the air-conditingiis
turned on. However, negative deviations indicatofecold cabin conditions were not considered.
Therefore, the model based on thermal sensatiorre leaning towards statistical estimations aresdo
not consider the time resolved temperature fluatnatin the cabin space arising due to changesah r
world environmental parameters. AC and heatingireqents need to be considered with equal weights

as both cabin cooling and cabin heating requireggnend both limit vehicle range.

The current generation of DOE vehicle simulatioftvgare does not capture the complexity of
modern HVAC operation. Popular vehicle simulatgatforms like ADVISOR and Autonomie [39-41]
built by NREL and Argonne national labs in partidgpswith automobile industries follow bottom-up
approach in predicting the total energy expendedr&ztion power requirements, while accessory doad

are represented as a constant, non-dynamic lodd.approach leads to over-designing the battery to
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accommodate for fluctuations in the HVAC loads kctric vehicles. Over-designing the batteries can
lead to reduction in electric range because ofeim®ed total curb weight. Hence a more integrated
approach towards EV design should incorporate amrate representation of dynamic HVAC power

requirements.

In previous studies, PHEV/EV grid interactions ao¢ modeled with the complexities required to
predictively model the environmental and energetgponse of the electric sector. Previous stutlies
not use time-resolved modeling of vehicle chargamgl therefore cannot capture the types of marginal
electricity generation that are powering electransportation and cabin preconditioning loads. Byfu
time-resolved driving/charging simulation would bequired to interface with conventional utility

generation modeling environments.

4.2.3 Design Criteria Research Challenges

There have been few investigations [17, 21, 2354]len integration of alternative accessory
technologies with HVAC systems for HEVs PHEVs andsESince the market for electric vehicles has
grown only in last decade, lack of sufficient restaon HVAC components exclusive for electric
vehicles has prevented any standardization of tdobres or systems. Instead, existing HVAC systems
for EV/HEVs use the same technology as HVAC systlangonventional vehicles. These systems are
slightly modified and made functional to suit tHeatric vehicle [55] resulting in either over deasigg of
the HVAC system or the development of a system ihatnly fully functional for certain weather

conditions.

To date, no studies have attempted to develop rated) design metrics for EV/HEV HVAC
systems. Alternative technologies, such as ARPgtdfage systems, flow batteries, fuel cells, small

engine powered AC compressor, vapor absorptioresystnd preconditioning for running the auxiliary
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systems in HEVs, PHEVs and BEVs have not been ateduon the basis of their system-level impacts.
Fundamentally, these HVAC technologies are develgueas to be able to improve metrics such ag CO
emissions, vehicle market penetration, and othgh-lével design criteria. As such, they must be

modeled and designed in a way that can evaluate timethese bases.

4.3 Overview of automobile thermal comfort model
In this section an overview of simulation architeetwith respect to the thermal comfort model
for an automobile will be described at a higherlewhe relations between all the data bases a#id th

interaction with the main model will be highlighted

The Figure 4-1 represents an overview of the sitimraarchitecture. The main data base inputs
to the model are obtained from National Solar ResouDatabase (NSRDB), National Highway
Transportation Survey (NHTS) and US light duty fldistribution census data. The format and contént
the above mentioned data bases are discussed isutis®quent sections. At the core of the model
architecture is the generic control volume basedadyc thermal comfort algorithm that evaluates
existence of thermal comfort conditions inside ¢batrol volume (cabin space of automobile) as désir
by the user. The algorithm is built using MATLABNSilink platform. In addition to the inputs from the
NSRDB and NHTS databases, the vehicle characteristmprising of vehicle type, vehicle physical
dimensions, front and rear wind shield configunagioand individual component material propertias fo
the glass windshield, car roof, dash board andsdacr fed into the algorithm in the form of a MATRBA
input file. The algorithm comprises of control $égy to dynamically determine the deviations frdra t
set thermal comfort limits. The comfort limits aspecified in terms of lower and upper temperatue a
humidity bounds based on user requirements. Theehindudes a standard automobile HVAC system.
Upon detecting any deviations from the user defteedperature and humidity bound, the controlstier t

HVAC system will be triggered in an effort to regdsish the thermal comfort.
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Figure 4-1 Simulation architecture for cabin comfot conditioning thermal model.

Referring to Figure 4-1, the cabin space is subgedb changing environmental conditions
(ambient temperature ., relative humidity, total solar irradiation ¢s). The fluctuations in the

ambient conditions results in transient temperathinges inside the cabin.{d,).

The transient ambient conditions are obtained fld8RDB. The NSRDB contains hourly
averaged environmental data for 365 days of the geesoss 1019 locations within US. The hourly
averages are generated based on best estimatessopear period. The locations are classified as<1
2 and 3 based on different confidence levels oflibst estimates. Class 1 location indicates 99.8%

confidence level of the data.

During an automobile trip, the use of HVAC systamay or may not be desired based on factors
such as prior activity inside the cabin and ambiemtditions. In order to quantify the net energy
consumed by an EV during real trips due to HVA® time of use of light duty fleet is approximated
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from NHTS database. The NHTS database holds pasissaryey data. The survey data comprises of trip
details of 234000 survey takers on a randomly ahalss of the year. For the purpose of approximating
the time of use of light duty fleet, trip start aedd times, length of the trip, trip location (dunarban),
driving condition (urban driving, highway drivingg synthesized. The percentage of fleet population

road at any given time of day is as shown in Figlsife(a).

The transient inputs from NSRDB and NHTS is fed itite dynamic thermal comfort model. For
this study, the thermal comfort inside the cabiacgpis defined as a specific temperature range and
relative humidity value. Accordingly cabin tempenat between 23 and 27 °C with 50% relative humidity
is set as thermal comfort. The vehicle charadtesisuch as size of the vehicle, window configors,
and material properties are used to evaluate thdumion and convection losses. The control volume

based approach, dynamically evaluates the poweireshby HVAC to maintain the set thermal comfort.

The outputs from the resulting simulations are useslynthesize net energy consumed by EVs
both at vehicle level and fleet level, geographicaiations in net HVYAC energy consumption across U
performance of EVs across US using all electrigeaas a metric and net gasoline displacement. The

following section describes the modeling methodhore detail.

4.4 Input Databases

4.4.1 National Highway Transportation Survey (NHTS) dadae [56]

The research presented here is focused on theyecmmgumed by HVAC systems in EVs as they
replace conventional passenger vehicle fleet. Eat world representation of time of use of HVAC

systems, it is important to know priori the timeusk of the vehicle, vehicle trip start and endeptype
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of vehicle used and typed of driving encounterede NWHTS data information for 2009 contained
150,147 survey takers over the designated 24 pewd on the beginning and end of the trip tintks,

trip length and the type of vehicle used for thip, ttocation of the trip and driving conditions an,
highway). The NHTS survey data are normalized uapwropriate weights to ensure equal representation

of survey data based on rural urban populatiomibigtons.

For this study, each driver is assumed to haves#éinee distribution of driving behavior as does
the NHTS, independent of geography, demographyympatential vehicle range limitations. Each light
duty vehicle trip is performed in a vehicle withractive energy consumption of 300 DC Wh mil@86

DC Wh kmi"). Each vehicle is assumed to charge before egcfidm home.

The minute-by-minute percentage of vehicles on badughout the 24 hour survey time from
NHTS survey database is parsed and presented imeFi32 (a). The percentage of trips is seen to be
increasing during the early portion of the day fees $urvey takers drive to work and other intermedia
locations. Between 10 AM and 3 PM, approximatel$o6af the survey fleet is at rest, parked either at

home, work or other intermediate locations. [57]

4.4.2 National Solar Resource Database [58]

NSRDB comprises of historical collection of hourgnvironmental data across 1019 US
locations. Based on the measuring certaintieghallNSRDB stations are classified as class 1 23and
zones. The data from the class 1 zone is regamédve minimal measurement certainties. The most
recent 15 yearly historical data from each zorrsed using standard statistical methods to prédist
day-to-day environmental conditions in that zonghimia certain confidence level. The refined datase
called as “Typical Meteorological Year 3 (TMY3)"h& zones are set up and concentrated based on prior
observed fluctuations in local weather and the ggagcal size of the state. The states of US etth@i

large variations in local weather conditions camt@iore NSRDB stations of different classes as atjain
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single location in smaller states. For ex, statd@fas has greater than 24 NSRDB locations as stgain

Delaware with only 4 stations. For this study, Evs simulated at every NSRDB station.

The important parameters required for the thernoahfort modeling are ambient temperature
(Tamy), relative humidity (RH), solar irradiation (Qia) and the local wind speed. The TMY3 dataset
contains hourly averages ofF and Q'soar (Q”solar, diffuse @”solar, dire) fOr all 365 days of the year. The RH

is calculated based on dry-bulb and dew-point teatpes

4.4.3 EV geographical distribution data

The light duty passenger vehicle distribution in &t®oss different states is dependent on several
factors such as availability of mass transportatiailities, surge in population growth, rapid
urbanization, and increases in personal and holésé@hmome, regional migration, trip distributionsr f
work and non-work purposes and state transportagiolicies. The state-wise vehicle population
distribution is extracted from the census bureawong 2009 [57] and is presented in Figure 4-2 (b).

California has approximately 14% of the 241.8 milliregistered light duty vehicles in US.
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Figure 4-2 (a) Percentage of trips occurring as aihction of time of day, (b) Passenger light dutyehicle fleet

distribution across US.

4.5 Modeling methodology

In this section, dynamic thermal comfort model pgli@d to a passenger EV is discussed in more
detail. The model is based on fundamental contbime approach to determine the dynamic state of a
closed system and is more comprehensive in tefmegalating the cabin temperature by accounting fo
the changes effected due to transient environmgata@meters [59]. As discussed in the gap analysis,
was found from the literature review that most loé previous work focused on creating a statistical

model based on thermal comfort sensation to deterthie usage of HVAC system. The current approach
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is a fundamental control volume approach to deteenthe dynamic state of the cabin space based on
factors that affect the cabin space temperaturearitbe seen that major governing factors affedtieg
cabin space of an automobile and the HVAC systeageiss the local ambient temperature, local solar
radiation, local humidity, length of the trip, typ# automobile, occupant clothing, recent occupant
activity, outdoor or indoor parking. This modehiso forward facing approach as requirements of BVA

system would be established instead of utilizinigténg design specifications of HYAC components.

The cabin space comprising of the driver and pagsecompartment of an EV is chosen as the
control volume. The control volume along with detenergy interactions with the environment across
the boundary is represented in Figure 4tBlike the PMV based physiological model, thermainfort
in this approach is defined as a scenario whercdba space temperaturegfTand relative humidity is
bound within a range of values decided by the usecordingly, the temperature and humidity values
defining thermal comfort is set as 23 °C.<P7 °C. The values were chosen based on widelyptede

limits from the ASHRAE code defining thermal contfoonditions inside a control volume [60].

Figure 4-3 represents energy interactions at thendary of control volume. The local solar
radiation G, ambient temperature and relative humidity varg &snction of time of day (TOD) and time
of year (TQY). The cabin space temperature is ohedrto be maintained within the range defined far T
Due to continuous energy interaction between thencspace boundary and the environment, the cabin
space temperature varies. The state inside tha sabice is reestablished to that of comfort cooiitiby
addition or extraction of heat energy. This is ptaiy achieved by operating heater or AC systérhe
cabin space of the EV is not completely insulatesliting in conductive and convective energy losses

across the boundaries.
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The governing equation representing transient gnexghange across the boundary of cabin
space is given by Eqn (8) whe€@,.,.., and Q,. represents the DC electric power required to dpethe
heater and AC respectively. They are coupled toctign interior temperature using energy balance

across the heater element and evaporator coil. Bneybased on average energy exchange between

ambient air passing over the heater and evapocaits as shown in Figure 4-4), ... represent the

conductive and convective heat lost through thédeﬁnteriors.leassand Q..o represent the heat gain

or loss through front and rear windshield and tékiale roof [61, 62]. The dynamics of the tempeamatu
of air leaving the surface of heater and evapormatids are not considered, since the transientdhtons
of the air temperature passing over the heaterAdhdast for a non-significant time period. Alsogth

heater and AC are assumed to operate in stea@ycstadlitions.

As mentioned earlier, since the cabin space ipadectly insulated, energy losses comprising of
conductive and convective losses occur acrossahia.cThis is represented using Egn (8) and conapute
from an equivalent conductive and convective thémasaistance for energy flow. The details can be

found in Appendix.

dT,

Qroof +2leass +Qconv,i+QAC +Qheat_ Qlosses:MCp_CI
dt Eqn (8)
QAC =my; ( Tevap_Tci) Eqn (9)
Qheater:m air( TheateFT t) Eqn (10)

Tos T
Qlosses: ( o CI) Egn (11)
Reff
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Figure 4-3 Energy balance for cabin space.
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Figure 4-4: Car HVAC system [17].
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The MATLAB SIMULINK model for thermal comfort is slwn in Figure 4-5The coupled
governing equations are solved numerically usimgy@DE86 solver with automatic time steps [63]. The
local ambient temperature is used as initial coonlt to capture thermal soaking inside the cabatesp

The DC electrical power required by the AC and &eestan output from the Simulink model.

e

Set point for heater

i

Set point for AC

Qdotlos:

Y

Qsolar

Scope2

From NSRDB Database

Figure 4-5: Snapshot of the Simulink model for calii space control volume.

4.5.1 Case A: Trip starting with pre-conditioned cabin

In this case, consider a scenario where an EV esabv@d from the class 1 NSRDB station at 29
Palms, California by using the hourly average laalironmental parameters from the TMY3 dataset.
The simulation is performed by assuming that E¥oistinuously operated from Ohr to 11 59hr on the 1s
day of January. It is also assumed that the pdathé beginning of the trip, the EV cabin is alngad
preconditioned such that the thermal comfort reguents are established inside the cabin. Due to the

continuous energy interactions across the boundfmehicle’s cabin space with the environment, the
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electrical power required to operate HVAC is natstant. The variations in ambient temperature had t
corresponding cabin space temperature fluctuatadn®9 Palms, California during the time of use is
represented in Figure 4{@). The ambient temperature is seen to increagetind TOD and is varying
between a minimum of 5 to maximum of 18 °C andpbak occurring between 1PM to 4PM in the noon.
The HVAC system maintains the cabin temperaturevden 23 and 27 °C throughout as is represented in
Figure 4-6(a). The heater and AC electrical power curves @lanith ambient solar irradiations,
conductive and convective losses due to imperfestio the cabin space insulations are represented i
Figure 4-6 (b). It can be seen that at 29 PalmifoBaa, on 1'st of January, the solar irradiatiearies
from a minimum of 0 Wo maximum of 1820 W. The peak solar irradiatiocws between 10 AM and
1PM. It is interesting to note that the time of lpé@mperature occurrence does not correspond to pea
solar irradiation. This is due to the prevailinghdiconditions at the location. The losses are rdariang

the time of peak solar irradiation as against ifme tof peak ambient temperatures. It can be s@en f
Figure 4-6(b) that the AC power curve is a strong functionsofar irradiation while the heater power
curve is a strong function of ambient temperatBseintegrating the power curves over their timeusé

(in this case from Ohr to 11 59hr), electrical gyeconsumed by the HVAC system in an EV for
providing thermal comfort is determined. The actararedictions of HVAC energy consumption
depends on time of use of the vehicle. As describdtie earlier sections, the time of use is edtiha

using NHTS data base.

45.2 Case B: Trip starting at certain time of day

In this case, consider a scenario where an EV &atipg at a class 1 NSRDB station at 29
Palms, California. The EV is parked such that thbir space is soaking under direct sunlight. It is
assumed that the EV is in thermal equilibrium wilie environment at the beginning of the simulation.
Due to the incident solar irradiation, the cabimperature inside the cabin increases steadily thi¢h

time of day. At 11 AM in the morning, the user &taa trip. Due to high soak temperature of thercabi
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the AC system is turned on. The AC control systeamtains the temperature within the thermal comfort
bounds until the end of trip at 13 hour. After thip, the EV is again parked such that it is expo&e
open ambient conditions. This variation in cabimperature for the scenario is represented in Figure
4-6a. The temperature inside the cabin is seeretslightly lower than the ambient temperature and i
steadily rising at the start of the day. The riséeimperature corresponds with the increase imtbeasity

of the incident solar irradiation. At the starttbé trip, the cabin temperature has reached a nuastiof
35C. The vehicle HVAC system is turned on as ingidan the power curve (Figure 4-6b). Due to the
thermal soaking of the cabin, the AC requires & peaver of ~7.7kW. After the initial ramp down dfet
soak temperatures, thermal comfort is establisimeldAC system operates under steady state conditions
with an average power of 1.2kW until the end of tify@ (13 h). The initial transient state lasts #@00s

(< 7 min). After the trip, the vehicle is turnedf @nd the cabin is further soaked under directrsola
irradiation. The cabin temperature subsequentlghes the thermal equilibrium conditions. The np tri
case in Figure 4-6a represents the cabin temperatofile for a scenario when the EV is parked unde
the direct sunlight all day and night. The total MY electrical energy (0.52kWhr: transient, 1.91 kWh
steady-state, inclusive of system COP) for the sartnp is computed by integrating the HVAC loads

during the length of the trip.

This process is repeated across all the 1019 NS&Btidns in US for all days of the year. The
resulting database is post processed and sevatiatisal analyses are performed to answer sehaght
level questions pertaining to the EV performandee Ppost-processing steps are described in moré deta

in the next section.
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Figure 4-6 (a) Case A: Sample temperature curvesif location, (29 Palms CA), over a period of 24 haos, (b)

Case B: Sample power curves for location, (29 PagrCA), over a period of 24 hours.
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4.6 Post processing

In the previous section a sample simulation rdsul29 Palms, California was discussed in detail
using case A and B. The process of estimating ENAB\energy consumption for real world driving
conditions was outlined. The thermal comfort sintinlais repeated for 1019 NSRDB stations across US.
The resulting electric power curves for AC and Beare integrated over the time of use of passenger

fleet from the NHTS survey data for all 365 dayshaf year and 24 hours of the day.

The output database is structured and processadviestigating the potential of EVs to replace
the conventional vehicle fleet and their impact inarease in the US energy independency through
reduced oil imports. The results will be used totkgsize annual HYAC energy consumption across US
at the vehicle and fleet level, expected loadinghengrid due to consumers charging the vehicles
peak hour travel, geographical and temporal vamatin the consumption of HVAC energy, benefits of
cabin preconditioning if any towards extending Ege, sensitivity of EV range as a function of TOD

and TOY and identifying regions of US that are wyati for EV use.

4.7 Summary

In this chapter, the methods relating to the dgymlent of thermal comfort model was described
in detail. The outputs from the sample thermal aotdimulation of an EV at 29 Palms, California for
1st day of January was presented for case A inhwitie cabin was assumed to be preconditioned at the
start of the simulation and case B where the cafisin thermal equilibrium with the environment and
trip was simulated between 11AM and 1PM to highlighe thermal soak, transient and steady state
behavior of AC system to pull down the cabin frooals temperature to comfort limits. The process to
evaluate HVAC energy consumption from the powewnesirbased on the vehicle TOU from the NHTS
survey data resulted in estimating the energy reduior transient and steady state operation of BVA
system. By repeating the simulations for 1019 NSRilfRions across US, a massive database consisting

heater and AC electric loads based on real worntdlitions was obtained. The resulting databasebeill
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further used to investigate a) Vehicle level HVAGery consumption, b) Fleet level HVAC energy
consumption, c) Potential savings by reduction agaline consumption d) EV performance in terms of
day to day variations in EV range e) geographicaiations in terms of charging characteristics f)
frequency of EV range consistency g) minimum maximand mean EV range in all of US states h) pre-

conditioning of cabin as a feasible solution ta@ase day to day EV range.
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CHAPTER 5 VEHICLE AND FLEET LEVEL HVAC ENERGY CONSUMPTION

5.1 Introduction

As highlighted in the gap analysis, previous HVAte&y consumption studies were focused on
passenger conventional vehicle fleet. In the cotweal vehicles, the waste engine heat is utilifad
winter conditions and hence the energy for hedtiegcabin space of the vehicles were not considered
the PMV based thermal comfort model. However, gcelc vehicles, in addition to the energy required
for AC, energy for heating the cabin space durinigtev conditions need to be accounted for since the
energy for both heating and AC is provided by theboard energy storage device. In this chapter, the
results from the thermal comfort model are postessed to evaluate HVAC energy consumption at the
vehicle level and fleet level. The evaluated HVAGemy is based on real world environmental
conditions. The energy consumed for both heatind) A6 is clearly determined separately and their
relative magnitudes are evaluated so as to highlighimportance of designing efficient HVAC systeem
based on their variability. The thermal comfort mlitg simulations are performed over 1019 locations
across US. Every US state has more than three aremittnitoring stations located in different regiahs
the state. For state-wise representation, averag&CHenergy consumption is determined for individual
state by grouping and averaging HVAC energy consiamgor all the monitoring stations that lie withi
a given state. In the subsequent sections ofctiagter, the state-wise annual average HVAC energy
distributions at the vehicle (section 5.2) andtflesel (section 5.3) will be presented. In additio the
vehicle and fleet level HVAC energy consumptionpafticular importance is to estimate HVAC energy

consumption for peak hour travel conditions. Thipliesented in section 5.4.

5.2 State-averaged fleet PEV HVAC energy consumption
A PEV is powered by the on board energy storagécddike Li-ion batteries. The frequency of
charging and discharging the battery varies basedhe users driving characteristics. The electrical

energy consumed by the user directly replaces @iselme there by eliminating the tail pipe emission
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However, the electrical energy drawn from the ghitling the process of charging the battery neetieto
accounted for by generating additional power atdberce. Figure 5-1 represents the average HVAC
electrical energy consumed by an PEV user in a gearss all the states in US states and for 12,100
(19,312 km) of annual driving distance. The traetanergy is not included since it will remain camst

for a given drive cycle and is independent of loeadather conditions. The total HVAC energy
consumption consists of two components, the enexggnded for heating and the energy expended for
AC. Arizona tops the list of US states in termsaphual average HVAC energy consumption per vehicle
with ~2754 kWh and 437 kWh towards AC and heat eespely, while 1329 kWh and 742 kWh is

required for similar PEV in West Virginia in accartte with the associated local conditions.

The ratio of AC load to heater load is highestAzona (6.3) and lowest in Alaska (0.48).

Figure 5-2 shows that for similar driving and diaae conditions, a PEV in Arizona requires
approximately 1000kWh (~30gallons gasoline equivgleof more electrical energy for passenger
comfort conditioning compared to a PEV in West Yfiig. This translates into the need for PEV user in
Arizona to charge ~54 times more often as comptr&EV user in West Virginia. The large differences
in frequency of charging results in unsatisfactesgr experience across US deterring large scafgtiado

of PEVs in to the passenger fleet. The currenegdions of PEVs are frequently recalled from the
market since their energy storage systems are rdssigithout accommodating for these fluctuations

[64].

Traditionally the HVAC systems in the conventionathicles are designed for maximum
capacity[6, 65, 66]. However, in case of electrthieles, optimizing the HVAC systems for maximum
efficiency will result in significant improvemenis terms of increase in electric distance travelled
reduction in the electrical energy consumed and:éeret displacement of gasoline and associated talil

pipe emissions.
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Figure 5-1 Annual average HVAC energy consumption gr light duty vehicle in individual states of US.
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Figure 5-2 States with minimum and maximum HVAC enegy consumption per light duty vehicle per year.

5.3 US light-duty vehicle fleet level HYAC energy consmption

The light-duty passenger vehicle fleet distributimeross US as represented in Figure 4-2 (b)
highlights the regions where PEVs can have maxirmipact by means of replacing a certain percentage
of conventional light-duty passenger vehicle fleger a period of time. To estimate the total annual
HVAC energy required by a hypothetical 100% PEV ligft duty vehicle fleet, the HVAC energy
consumed by a single PEV across different stategi@ 5-1) can be combined with the vehicle fleet
distribution (Figure 4-2b), as represented in Fgbr3. For this hypothetical 100% PEV fleet, we
estimate that 565 billion kwh of energy would bguieed annually for thermal comfort, as shown in

Table 5-2. AC electrical energy requirements estdeeating electrical energy requirements by ~2.75
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times. This is equivalent to 17 billion gallons gdsoline consumption (~13.7% of 2011 US annual oil

imports).

Of course, a 100% PEV light-duty fleet is not egantative of any near-term feasible
scenario, but the presentation of results in thisnht allows for the simple calculation of the HVAC
energy consumption of near-term light-duty fleéi®tigh multiplication of either national or stags¢|
energy consumption by the PEV fleet penetratioativa. For example, at present, there are 59,452 P
in the US light duty vehicle fleet, which represei®03% of the 2009 census value of 242 million
vehicles. At present, the energy allocated toihgatnd cooling PEVs in the US is approximately40.1

billion kWhpc.

The scale of the energy involved in thermal coméanditioning of PEVs justifies the
treatment of PEV HVAC systems design as meansdoieging significant transportation system energy
consumption reductions. The results presented gnrBi5-3 are averaged across entire state. Thie flee
level annual average HVAC energy consumption resdh be further resolved at the city level based o
the scale of urbanization. This will help in theidification of EV friendly hotspots within everyate.
Currently, as can be seen from the results predentthis section, the variation in the user exgere
can lead to inappropriate assessments of EV teognoBy targeting the promotion of EV technology at
the identified hot spots, a more structured pobey EV promotion strategies specific to individual
hotspots can be brought about. This shall not ordsease the awareness of the general user in t&#rms

the expectations from EV, but also, over time @sult in higher acceptance of the EV technology.

From Figure 5-4, it can be seen that with 14% déltdight duty passenger vehicle fleet
concentration, California exceeds the total US agerannual HVAC energy consumption by 88%. Thus,
with a modest 10% replacement of the conventionahicles with electric fleet in California,

approximately 2 billion gallon of gasoline can lwgntially displaced.
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While new policies and frame works are being recemuied [4] and formulated to enhance the
process of owning and operating PEVs and EVs onwidr conventional gasoline operated vehicles, a
scalable onboard energy storage capacity will h@tjpate the inconsistencies in performance ofgEhs
due to HVAC loads The displacement of gasoline sgedbe compensated by generating additional
energy by the utilities in the upstream side. Resiuhilar to Figure 5-3 at the county level canphile
regional utilities to understand, plan and estinadditional ancillary services required to accomated
large scale market penetration of PEVs. With rerdevanergy based ancillary services, and contgllin
the emissions associated with manufacturing bafpagks for EVs, a net reduction in the gasoline
consumption can be brought up, resulting in lowiéliroports and also cutting down all the tail pipe

emissions from the conventional vehicles.
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Figure 5-3 Annual total HVAC energy consumption bythe light duty vehicle fleet in individual states 6 US.
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Figure 5-4 States with minimum and maximum total H\AC energy consumption by the light duty passenger

fleet per year.

5.4 Peak hour travel HVAC energy consumption

The Figure 5-5, Figure 5-6, Figure 5-7 and Figu&rgpresents HVAC load for peak hour travel
during an average spring (March 21 to June 20)nsemfJune 21 to September 22), fall (Septembeo 22 t
December 20) and winter (December 21 to March 2a§)rdspectively. The peak hour travel is defined as
the time of day when maximum percentage of tripguogref]. Accordingly for this study the peak hour

travel is defined as all the trips occurring at 9akid 4 PM of the day indicative of commute to aadko

from work.

From Figure 5-5, Figure 5-6, Figure 5-7 and Figbi& can be seen that the peak load drawn by

the HVAC system is greater than 2 kW on an avedagyeexcept during winter. The results from the plot
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are summarized in Table 5-1. The differences inHWAC loads across the states in US are due to the
direct impact of environmental conditions on thbinaspace. This implies that, for a similar sizedAT
system, the electric miles travelled in US is carnyssignificantly. For example, a 40 mile rangectie
vehicle designed with 16kWh battery storage (8k\WWahle) can only travel a distance of 30 miles with

2kW peak accessory load.

Table 5-1 Summary statistics for geographically-relived HVAC power calculations

Seasons State (Maximum Power State (Minimum Power,
kW) kW)
Spring Arizona (2.4) Alaska (0.72)
Summer Nevada (2.9) Alaska (0.88)
Fall Arizona (2.2) Alaska (0.63)
Winter Alaska (1.6) Alaska (0.78)
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Figure 5-5 Average vehicle HVAC load for peak houtravel across US states during spring.
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Figure 5-6 Average vehicle HVAC load for peak houtravel across US states during summer.
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Figure 5-7 Average vehicle HVAC load for peak houtravel across US states during fall season.
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Figure 5-8 Average vehicle HVAC load for peak houtravel across US states during winter season.
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5.5 Summary
This section of the research effort has allowetbusddress research question 1, which is restated
here: Research Question 1. How much energy (petroleum ergy, electrical energy) does an

electrified light-duty vehicle fleet consume compagd to a fleet of conventional vehicles?

To answer this research question, this study hasedethe state-wise annual average HVAC
energy consumption at the vehicle and fleet leg@atgithe methods developed in this chageeevious
studies of the accessory loads of conventionalclkehihad considered AC loads as the only contrilioto
vehicle thermal comfort conditioning. Modern etecwehicles consume electric energy to providenbot
heating and A/C for thermal comfort conditioningble 5-2 shows that sum of all of the HVAC energy
consumed by an EV fleet is the equivalent of 13li®b gallons of gasoline, with 26.5% for providjn
heat energy. This justifies the treatment of autiveoHVAC systems design as means for achieving

transportation system energy consumption reductions

Table 5-2 Total annual energy required for operatig a hypothetical 100% PEV US light-duty fleet

Air Conditioning Energy Heating Energy Traction Energy

415 billion kWhyc 151 billion kWhyc 1012 billion kWhyc

A wide variety of studies[3, 4, 5, 6, 7, 9] of dhifted vehicles have made comparisons between
EVs and CVs on the basis of their EPA 5-cycle messduel economy, but the EPA 5-cycle fuel
economy test does not consider the effect of hgddiads on the fuel economy of EVs. Using theltesu
of this study, we can make a comparison of theggneonsumption of EVs and CVs that does consider

their real-world fuel consumption due to HVAC loadsable 5-3 shows these results and shows that
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inclusive of the energy consumption of EV HVAC &8s, the EVs exhibit 70% annual energy savings.

Previous studies [3, 9] overestimates the energynga by 23%, resulting in inaccurate estimatiohthe

EV range. This has important implications for cansus (to switch from CV), policy construction

including CAFE and overall goal of moving towardstainable passenger fleet transportation.

Table 5-3 Comparing the annual energy consumed bynventional and electric vehicles (12,000 mi/yr, rdsized

car)

Estimated energy
consumption using 5-cycle

EPA test methods [3, 9]

Estimated energy
consumption using 5-cycle
EPA test methods including

real-world heater energy

Conventional Vehicle 14.6 MWhy

14.6 MWhy

Electric Vehicle 3.6 MWhc

4.3 MWhpc
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CHAPTER 6 HVAC-INCLUSIVE PERFORMANCE EVALUATION OF ELECTRIC

VEHICLES

6.1 Introduction

In Chapter 5, energy consumed by the HVAC systdntiseavehicle level and the fleet level was
evaluated for real world conditions across US ushe control volume based thermal comfort model
discussed in Chapter 4 . In this chapter, the gl EV dynamics is translated into distance tHadeby
the EV with a specific onboard storage capacity. the purpose of this study, an EV with a 24kWh
energy storage capacity, representative of a cilyrpopular model in the market is chosen. The gper
consumed towards traction is evaluated assumingva dycle similar to that of EPA 5 cycle test for
electric vehicles with a constant discharge rat®.8kWh/mi. During the drive cycle, the energy flow
from the battery for traction and thermal comfaased on real world conditions is monitored. Theemil
travelled are computed based on available storagegg. The procedure is simulated for all the 1019
NSRDB locations. The results are post processeddoess several questions such as 1) How doe®day t
day environmental conditions at a given locatidie@fcommute using a EV? 2) How does frequency of
distance travelled using an EV change from onetimecdo another? 3) How much impact does start time
of the trip has over distance travelled using EYdder what conditions does cabin pre-conditioning
assist in increasing the EV range? 5) What pergentacrease in EV miles can be expected due tacabi
preconditioning at a given location? These questioill be quantitatively addressed in the following

sections.

In section 6.2, the average minimum, mean and maximange is evaluated for all US states.
The thermal comfort conditions are simulated acd¥E9 locations in US for travel during 365 days of
the year and 24 hours of the day. Every state ltae than one NSRDB stations. The range is averaged
across all the stations within a given state. Tlhdmum mean and maximum range for every US state is

guantified.
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The widely varying HVAC energy requirements areadle due to the variations in real world
environmental conditions prevailing across the T& recurring theme throughout this dissertaticihés
impact of the environmental conditions on the treroomfort requirements and the subsequent taxing o
the on board energy storage device. In sectiontBe3femperature contours for five cities: Ancherag
(AK), Atlanta (GA), Detroit (MI), Los Angeles (CAgnd Phoenix (AZ) is presented as a function of TOD
and TOY. The cities chosen are representative efwitde spectrum of weather conditions prevalent

across US.

In section 6.4, the EVs real world range at the fiities is discussed as a function of TOD and
TOY. Of particular interest to EV user is the catmncy with which one can travel a given distance
throughout the year. This question is answered égma of histogram plots in section 6.5. The resnlts
this section has the potential to assist the EW usecreating pre-informed travel routine without

stretching the expectations beyond the EVs capiasilthereby increasing the user satisfaction.

Amidst all the discussions regarding the limitatioof EVs range, a microscopic look at the
energy flow diagram of the onboard storage deveesals that HVAC systems consume significant
energy next only to traction requirements [51]. Bmergy consumed by the HVAC system is dispensed
towards reducing the transient loads due to thesmaking and subsequent steady state loads. Thgyene
to pull down the transient loads on a hottest ooldest day can be as much as 30% of the total HVAC
energy consumed [19, 67]. Previous studies havétaixely recommended preconditioning the cabin
prior to the trip as one of the possible solutibmsards extending the EV range. This is based en th
assumption that the user has the access to theefgadrical energy. However, none of the studies
guantify the benefits of cabin preconditioning fiewal world driving conditions. In section 6.6, a
gualitative and quantitative analysis of thermaméart results without and with preconditioning is
discussed. Specifically, the benefits if any ofgomditioning the cabin and associated conditiond an

assumptions when they apply will be discussed irerdetail.
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6.2 State-wise minimum, mean and maximum range estimase

With the increasing push towards reducing globakgrhouse gas emissions, several automakers
have taken the lead in introducing EVs into thkdef of passenger light duty vehicles. The earlypaers
of EV technologies have reported less than satmfiagperformance of their respective vehicles[68].
Several reports have tested and compared EVs blailathe market at different locations. The wydel
varying results are attributed to the driver bebgvirip characteristics (city vs. highway), bagter
chemistry and environmental conditions. In thistise¢ the impact of widely prevailing weather

conditions across US states on the EV range i€pted using Figure 6-1.

The simulation results are daily-averaged acrogsraeNSRDB stations within individual states
for 365 days of the year. The minimum, mean andimam expected range is obtained from the matrix
of stations in each US state. The minimum and marimiange for a particular state in Figure 6-1
indicates that at any given location within thetestahe range obtained from a 24kwh EV and average
speed of 60 mph is bounded by the limits. For gianpon any given day in CO, with the prevailing

weather conditions, the daily averaged expecteger@between 66.5 to 71.2 miles.

The result from Figure 6-1 assists in understandimgEV performance across all the states in
US. The states are sorted out based on the mege katues. Accordingly, an EV in Alaska has the
highest mean EV range of 75.8 miles while it is dswvin Arizona with 67.9 miles. The EV range
spectrum for individual states will assist the pglimakers in devising smart strategies that can be
targeted selectively at specific states. The aukensacan use Figure 6-1 to understand the requiresme

of storage system such that EV performance vanataeross the country can be minimized.

From the users perspective, it is important to nioté the minimum, mean and maximum values
is of less significance as compared against camsigtwith which a certain range can be obtainedayn

to day basis during the course of travel. In margnarios, due to the constraints on the energwpgtor
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capacity, it is most beneficial to operate and BM¥raa pre-determined route. Using Figure 6-2, itas/
possible to identify the states where the fluctratin EV range is lowest. It can be readily seeat th
Delaware has the lowest fluctuation of the EV raaged hence greater consistency and reliability for
travel using EV in comparison to driving a simil&V in California. California has the highest
concentration of passenger fleet vehicles with exprately 33 million registered light duty vehicles
2008. From Figure 6-2, clearly, the prevailing viresit conditions in California leads to poor user
experience as a result of large fluctuations inrakge. This highlights the need for customizedgtesi
for the EVs intended to be introduced in CA, imtsrof energy management and energy storage. The
drastic difference in fluctuations between Alabaama other states leads to questioning the veragity
the environmental data obtained from NSRDB datalzask hence Alabama is not considered in the

present discussion.
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6.3 Temperature fluctuations across US cities

The day to day weather conditions across US vadghyi In order to visualize this trend, hourly
averaged ambient temperatures are plotted as &daraf TOD and TOY. This is represented in Figure
6-3 through Figure 6-7 for 5 cities Anchorage (AK}lanta (GA), Detroit (M), Los Angeles (CA) and
Phoenix (AZ). A uniform temperature scale rangingween -20°C to 40°C captures the seasonal
changes. Clearly, Anchorage (AK) and Phoenix (A® ia the two ends of the temperature spectrum.
The average summer and winter temperatures in Aaizan be seen to be in excess of 40°C and 20°C
respectively, while in Alaska, the average tempeest during summer and winter range between 25°C
and -10°C. The thermal comfort requirement in awation is a strong function of ambient temperature

Similar variations can be seen in the solar irrdmlivlevels across 5 cities.

Time of day (h)
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Figure 6-3: Ambient temperature in Anchorage, AK asa function of TOD and TOY.
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Figure 6-5: Ambient temperature Detroit, Ml as a function of TOD and TOY.
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Figure 6-6: Ambient temperature in Los Angeles, CAas a function of TOD and TOY.
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Figure 6-7: Ambient temperature in Phoenix, AZ as dunction of TOD and TOY.
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6.4 Geographical and Temporal distribution Variations in EV Range

The energy from a fully charged on-board storagecdeof a 24kWh EV is distributed between
traction and thermal comfort requirements. Withthé need for thermal comfort, assuming a uniform
discharge rate of 0.3kWh/mi, the maximum range ttaat be travelled is 80mi. In situations when
HVAC systems are turned on to heat or cool thercalpace for comfortable driving conditions, the
distance travelled is lower than 80 mi. The deaeasrange is a strong function of prevailing local
ambient conditions such as local temperature acohmg solar irradiation and vehicle drive cycler F
EPA-5 cycle average speed of 27.6 mph, the implaitteoenvironmental parameters on the EV range is
represented in Figure 6-8 to Figure 6-12 for Anelger (AK), Atlanta (GA), Detroit (M), Los Angeles
(CA) and Phoenix (AZ). The contours are represeaged function of TOD and TOY. The figures also
highlight the temporal variations in EV range owifferent seasons of the year. The general vanatio
across TOD is such that the expected range is hfgh¢ravel in the beginning of the day. With irase
in ambient temperature and solar irradiation, thergy consumed for restoring the thermal comfort
increases thereby decreasing the EV range. Thiedse in EV range can be seen to progressively

increase with changing seasons, with summer béamgvorst.

The Table 6-1to Table 6-5 Average monthly variaiiomlectric miles through TOD in Phoenix,
AZ summarizes the variations in EV range for Anclga (AK), Atlanta (GA), Detroit (MI) and Phoenix
(AZ). For travel at 12 noon through each month, B\ range decrease by a minimum of 2% to
maximum 14% in Anchorage, AK, while in Phoenix, &# minimum to maximum variation is between

14 to 22%.

In Figure 6-8 to Figure 6-12, it can be seen thatd exists conditions such that the range is close
to the maximum value of 80miles. This is represrezof the fact that, naturally there exist coruis

when the need for thermal comfort is minimal, thegrkeveraging all the energy only towards traction.
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Table 6-1 Average monthly variation in electric mies through TOD in Anchorage, AK

EV Range without Pre-conditionin
Month

Percent Percent Percent Percent Percent

mi decrease mi decrease mi | decreasg mi |decreasé mi| decrease

Jan 76.1 5% 77.1 4% 76.9 4% 75.4 5% 78.3 6%
Feb 77.3 3% 78.0 2% 78.0 2% 77.Q 4% 74.8 5%
Mar 76.6 4% 75.7 5% 75.8 5% 77.0 4% 7711 4%
Apr 72.9 9% 71.9 10% 72.5 9% 74.6 7% 773 3%
May 72.3 10% 71.8 10% 72.1 10% 73.9 8% 76.5 4%
Jun 70.1 12% 68.9 14% 69.1 149% 71.4 119% 75.1 69
Jul 73.0 9% 71.8 10% 71.6 11% 73.1] 9% 76.1 5%
Aug 73.8 8% 72.7 9% 72.0 10% 74.1] 7% 774 3%
Sep 75.0 6% 73.6 8% 73.7 8% 75.9 5% 71.7 3%
Oct 77.4 3% 76.6 4% 77.1 4% 77.5 3% 76,0 5%
Nov 77.3 3% 77.7 3% 77.5 3% 76.4 4% 758 5%
Dec 75.6 6% 76.3 5% 76.1 5% 75.0 6% 74.8 6%

Table 6-2 Average monthly variation in electric mies through TOD in Atlanta, GA
EV Range without Pre-conditionin
Month

Percent Percent Percent Percent Percent
mi decrease mi decrease mi | decrease mi | decrease mi decrease|
Jan 74.0 7% 71.8 10% 72.9 9% 76.] 5% 77.6 3%
Feb 72.0 10% 70.8 11% 71.8 10% 74.9 6% 78.3 294
Mar 70.7 12% 68.8 14% 68.9 14% 71.9 10% 78.5 2%
Apr 68.0 15% 66.8 17% 67.8 15% 70.4 12% 77.5 3%)
May 66.9 16% 66.2 17% 67.6 16% 70.8 12% 77.9 3%
Jun 66.0 17% 65.1 19% 66.4 17% 69.3 13% 75. 59
Jul 66.8 17% 66.2 17% 66.6 17% 69.5 13%) 76.2 504
Aug 67.0 16% 65.8 18% 66.5 17% 69.7 13% 76.7 4%
Sep 69.3 13% 68.8 14% 69.4 13% 72.2 1094 78.6 29
Oct 70.1 12% 69.2 14% 69.9 13%) 74.3 7% 79.2 1%
Nov 71.8 10% 70.5 12% 71.2 11% 76.4 5% 79.0 1%
Dec 73.4 8% 72.0 10% 73.5 8% 77.4 3% 78.0 3%
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Table 6-3 Average monthly variation in electric mies through TOD in Detroit, Ml

EV Range without Pre-conditioni
Month
Jan 76.9 4% 75.6 6% 77.0 4% 77.] 4% 74.9 69
Feb 74.2 7% 74.1 7% 74.3 7% 76.9 4% 76.4 59
Mar 76.1 5% 75.2 6% 74.9 6% 76.5 4% 77.9 3%
Apr 70.6 12% 69.4 13% 70.0 12% 73.9 8% 78.1 2%
May 71.7 10% 71.2 11% 72.1 10% 74.3 7% 78.2 29
Jun 68.0 15% 67.1 16% 68.6 14% 71.1 11% 758 5%
Jul 66.5 17% 66.5 17% 66.9 16%) 69.4 14% 75.p 69
Aug 68.6 14% 68.4 15% 68.6 14% 70.9 119 77.2 49
Sep 71.4 11% 70.5 12% 70.7 12% 73.9 89 79.0 1%
Oct 74.6 7% 73.9 8% 75.4 6% 77.7 3% 78.] 2%
Nov 76.4 5% 76.2 5% 77.1 4% 78.2 2% 76.9 4%
Dec 76.9 4% 76.2 5% 77.1 4% 77.9 3% 75. 5%
Table 6-4 Average monthly variation in electric mies through TOD in Los Angeles, CA
EV Range without Pre-conditioning
Month
Jan 71.1 11% 70.4 12% 72.5) 9% 78.1 2% 78.7] 2%
Feb 70.4 12% 69.8 13% 72.4 9% 77.5 3% 79.0 1%
Mar 68.9 14% 67.8 15% 69.7 13% 75.4 6% 79.4 1%
Apr 67.4 16% 66.0 17% 67.9 15% 73.4 8% 79.3 1%
May 67.8 15% 67.1 16% 68.1 15% 72.69 9% 79.2 1%
Jun 66.5 17% 65.2 19% 65.8 189 70.4 12% 78.9 1%
Jul 64.6 19% 64.2 20% 65.8 18%) 70.6 12% 79.0] 1%
Aug 65.9 18% 65.1 19% 66.2 17% 71.4 11% 79.1 1%
Sep 66.6 17% 65.2 18% 66.7 17% 73. 9% 79.7 0%)
Oct 68.6 14% 67.1 16% 69.6 13%) 77.] 4% 79.6 0%
Nov 68.0 15% 68.0 15% 70.9 11% 78.5 2% 79.1 1%
Dec 69.7 13% 69.3 13% 72.4 10% 78.4 2% 78.7] 2%
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Table 6-5 Average monthly variation in electric mies through TOD in Phoenix, AZ

EV Range without Pre-conditioning
Month
Percent Percent Percent Percent Percent
mi decrease mi decrease mi | decrease mi | decrease mi | decrease
Jan 70.0 13% 67.8 15% 68.3 1594 72. 10% 7915 1%
Feb 68.2 15% 66.9 16% 67.9 159% 72.3 10% 78/9 1%
Mar 67.4 16% 66.6 17% 67.0 16% 69.3 139 77.8 3%
Apr 63.7 20% 63.0 21% 63.7 20% 67.0 169 75.6 6%
May 63.5 21% 62.5 22% 63.0 21% 65.8 189 73.9 8%
Jun 62.1 22% 61.1 24% 61.5 23% 64.7 20% 717 1006
Jul 63.0 21% 61.5 23% 61.9 23%) 65.2 19% 73.8 8%
Aug 63.4 21% 61.8 23% 62.7 22% 65.1 199 73.8 8%
Sep 63.5 21% 62.2 22% 62.9 21% 67.1 16% 7613 5%
Oct 64.8 19% 63.8 20% 65.2 19% 71.0 11% 78.9 1%
Nov 66.6 17% 65.5 18% 67.0 16% 74.3 7% 79.9 0%
Dec 69.1 14% 67.9 15% 68.5 14% 74.2 7% 78.9 1%

With respect to the ongoing discussions, the biggeallenge for the automakers is to mitigate
the range variations so as to normalize the ugagreence irrespective of their location. This isrently
partially achieved by over-sizing the battery. Hoem over-sizing the battery to compensate forldiss
of range will not provide for a standardized usepezience. Several other researchers [18, 19, 24, 6
have recommended pre-conditioning the cabin as asilfe solution. The benefit of cabin pre-

conditioning is investigated and the result is préad in section 6.6.
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Figure 6-9: EV miles as a function of TOD and TOYin Atlanta, GA.
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Figure 6-11: EV miles as a function of TOD and TOYn Los Angeles, CA.
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Figure 6-12: EV miles as a function of TOD and TOYin Phoenix, AZ.

6.5 Frequency distributions of EV Range

6.5.1 Frequency distribution of EV Range in Phoenix, AZ

Inability to consistently travel a predeterminedtdince using a fully charged electric vehicle is
one of the main reasons for their slower adoptaia by the consumers. The reasons behind the fack o
consistency have largely been associated with #gradation of active material in the battery and
inadequately optimized cooling systems [23]. Howgas seen in section 6.4, ambient conditions hed t
thermal comfort conditions strongly dictates thef@enance and contributes to wide fluctuationsha t
electric miles. The impact of daily local ambieonditions on the frequency of electric miles in B,
AZ is represented Figure 6-13 to Figure 6-18 fgy start times 8AM, 10AM, 12noon, 2PM, 4PM and

6PM respectively. The electric miles in the digttibn is sampled across 365 days of the year.
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As the day progresses, it can be seen that thbegagen the left most bar and the frequency axis
is decreased indicating that the energy expendedrtis thermal comfort causes a reduction in the
electric miles. This trend is reversed beginnindVi2&nd the gap widens significantly towards 6PM

signaling lower requirements of thermal comfort tedce greater electric miles for travel.

The height of the bar represents the number of déybe year one can expect to achieve a
certain electric miles. Large bar height is repntstive of consistent performance across a largeben
of days and also indicates smaller local weathestdiations during that TOD. Ideally, in conventibna
vehicles, few large bars occur very close to thtedraniles per gallon of the vehicle fleet assuming
standard driving conditions. For EVs as clearlynsédeom Figure 6-13 though Figure 6-18, the
distribution is stochastic. However, large bar hegspread across smaller range is desired evie if

magnitude of the range across which the spread®ocay be small.

In summary, it can be seen that a user can ex@atebn 60 to 65 miles consistently for 243
days of 8AM trips, 266 days for 10 AM trips, 220yddor 12 noon trips and 97 days for 2 PM tripdie T
minimum EV range for 4 PM trips is above 65 miles 124 days of the year. The correlation between
trip start time and expected electric miles disttitn can be evaluated for any location in US fettér

estimation of the EV performance.
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Figure 6-13: Frequency of miles distribution in Phenix, AZ for trips starting at 8 AM of the day.
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Figure 6-14: Frequency of miles distribution in Phenix, AZ for trips starting at 10 AM of the day.
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Figure 6-15: Frequency of miles distribution in Phenix, AZ for trips starting at 12 Noon of the day.
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Figure 6-16: Frequency of miles distribution in Phenix, AZ for trips starting at 2 PM of the day.
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Figure 6-17: Frequency of miles distribution in Phenix, AZ for trips starting at 2 PM of the day.
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Figure 6-18: Frequency of miles distribution in Phenix, AZ for trips starting at 6 PM of the day.
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6.5.2 Frequency distribution of EV Range comparison afove US cities

In this section, the expected EV mile is samplaodss 365 days of the year for peak hour travel
(8 AM and 4 PM of the day). The results presentedrigure 6-19 gives an overview of the range
consistency in Anchorage (AK), Atlanta (GA), DetrgMl), Los Angeles (CA) and Phoenix (AZ).
Comparing the histograms for Phoenix (AZ) and Amelge (AK), it can be clearly seen that for similar
sized EV, a user in Arizona experiences lowest f@iemiles for highest number of days of the ydar (
days of the year), while the user in Alaska caveiralose to the maximum range of 80 miles for 4gsd
Atlanta and Detroit exhibit bi-modal EV mile diditition spread out from 60 to 80 mile indicating idav
fluctuation in the EV range and hence poor useeggpce. For improving the user experience in terms
of the EVs ability to consistently travel a spexifange, the distribution similar to that of Arizois

preferred even though the reduction in EV milegeis/ significant.

50

—— Detroit, Ml
Los Angeles, CA
40 _:Ii ——————————— —— Atlanta, GA i
—— Phoenix, AZ
—— Anchorage, AK

Number of days of the year

Distance to consume 24kWh (miles)

Figure 6-19: Frequency comparison of electric milefor peak hour travel in five cities
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6.6 Cabin pre-conditioning

The thermal comfort load on the vehicle has two ponents, transient and steady state loads.
The transient loads account for close to 30% odltetVAC energy consumption. Energy for both
transient and steady loads is supplied by the @mebenergy storage device. This significantly resuc
the utility factor of the vehicle in terms of electrange that can be travelled on a single charge.
reduction in electric range can be mitigated bycpnglitioning the cabin space prior to the starthef

trip. In this scenario, the onboard energy stodece needs to account only for the steady-staies|.

The outputs from the resulting simulations will bsed to synthesize electric range as a
performance metric of EVs for both scenarios, withpre-conditioning and with pre-conditioning. The

modeling method is described in section 4.5.

6.6.1 Geographical and temporal variations

Figure 6-20 to Figure 6-24 represents a side bg smimparison of EV range contours as a
function of TOD and TOY for Anchorage (AK), Atlan{&A), Detroit (Ml), Los Angeles (CA) and

Phoenix (AZ) respectively.

The range varies from a minimum of 68 miles to aimam of 80 miles in the 5 cities. The
reduction is more significant across all the seasuord cities during noon portion of the day. Thel&a
6-6 compares average miles through TOD in PhoeAR).(It can be seen that a maximum of 6%

increase in the electric miles is achieved as @tre§pre-conditioning the cabin.
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Table 6-6: Average seasonal variation in electric ites without pre-conditioning and with pre-conditioning in

Anchorage, AK.

Time of Yea
Spring Summe Fall Wintet
Time of Day Without Pre- | With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre-
conditioning | conditionin¢ | conditioning | conditioning | conditioning | conditioning | conditioning | conditioning
8AM 73.9 mi 76.3 mi 72.3 mi 75.3 mi 76.6 mi 77.9 mi 76.8Bm| 77.8 mi
(118.2 km) (122.1 km (115.7 km), (120.5 km (122.6 km) 1246 km) | (122.1 km)| (124.5 km
10AM 73.1 mi 75.8 mi 71.1 mi 74.6 mi 76 mi 77.6 mi 77 mi 28
(117 km) (121.3km)|  (113.8 km) (119.4 km (121.6 knmp)  42km) | (123.2km)| (125.1 km
12Noon 73.4 mi 76 mi 70.9 mi 74.4 mi 76.1 mi 77.6 m 7®i8 75.7 mi
(117.4 km) (121.6 km (113.4 km), (119 km), (121.8knp)  42km) | (122.9km)| (121.1 km
2PM 75.2 mi 77.1 mi 72.9 mi 75.7 mi 76.6 mi 77.9 mi 75i7m|  77.4mi
(120.3 km) (123.4 km (116.6 km), (121.1 km (122.6 km) 124.6km) | (121.1km)| (123.8km
4PM 77 mi 78.2 mi 76.2 mi 77.7 mi 76.5 mi 77.9 mi 75.3m 7.2Zmi
(123.2 km) (125.1 km (121.9 km), (124.3 km (122.4 km) 1246 km) | (120.5km)| (123.5km

Table 6-7: Average seasonal variation in electric ites without pre-conditioning and with pre-conditioning in

Atlanta, GA.
Time of Yea
Spring Summe Fall Winter
Time of Day Without Pre- | With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre-
conditioning conditionin¢ [ conditioning | conditioning conditionin¢ | conditioning | conditioning¢ | conditioning
8AM 68.6 mi 73 mi 66.6 mi 71.7 mi 70.4 mi 74.1 mi 73.1 mi 5.8 mi
(109.8 km) (116.8 km (106.6 km), (114.7 k (112.6 km) 118.6 km) (117 km) (121.3 km
10AM 67.3 mi 72.2 mi 65.7 mi 71.2 mi 69.5 mi 73.5 mi 7t 74.7 mi
(107.7km) | (1155km) (1051 km)  (113.9 km (111.2 km) 1176 km) | (114.2km)| (119.5 km|
12Noon 68.1 mi 72.6 mi 66.5 mi 717 mi 70.2 mi 74 mi 75 76.6 mi
(109 km) (116.2km)  (106.4 km)|  (114.7 km (112.3km)  §#km) | (116 km) | (122.6 km
2PM 71 mi 74.5 mi 69.5 mi 73.6 mi 74.3 mi 76.5 mi 76.6 m 7.97mi
(113.6 km) (119.2 km (111.2 km), (117.8 kn (118.9 km) 122.4 km) (122.6 km)|  (124.6 km|
4PM 77.8 mi 78.7 mi 76.3 mi 77.7 mi 78.9 mi 79.4 mi 782 m[ 78.9mi
(124.5 km) (125.9 km (122.1 km), (124.3 kn (126.2 km) 1279 km) (125.1 km)[ (126.2 km

84



Table 6-8: Average seasonal variation in electric ites without pre-conditioning and with pre-conditioning in

Detroit, M.
Time of Yea
Spring Summe Fall Winter
Time of Day Without Pre- | With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre-
conditioning conditionin¢ | conditioning | conditioning conditioning | conditioning | conditioning | conditioning
8AM 72.8 mi 75.6 mi 67.7 mi 72.4 mi 74.1 mi 76.4 mi 76.v m 78 mi
10AM 72 mi 75.1 mi 67.3 mi 72.1 mi 73.5 mi 76 mi 76 mi 7106
12Noon 72.3 mi 75.3 mi 68 mi 72.6 mi 74.4 mi 76.6 m 7mil 77.6 mi
!
2PM 74.8 mi 76.8 mi 70.4 mi 74.1 mi 76.6 mi 77.9 mi 7766 m| 78.6 mi
! !
4PM 77.9 mi 78.8 mi 76 mi 77.6 mi 77.9 mi 78.8 mi 75.8 m 7.5/mi

Table 6-9: Average seasonal variation in electric ites without pre-conditioning and with pre-conditioning in

Los Angeles, CA.

Time of Yea
Spring Summe Fall Winter
Time of Day Without Pre- | With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre-
conditioning | conditionin¢ | conditioning | conditioning | conditioning | conditioning | conditioning | conditioning
8AM 68 mi 72.6 mi 65.7 mi 71.2 mi 67.8 mi 72.5 mi 69.6 mi 816
(108.8 km) (116.2 km)]  (105.1 km) (113.9 km (108.5 km) 114 km) (111.4 km) | (117.8 km
10AM 67 m 72m 64.8 m 70.6 m 66.8 m 71.8 m 69.2 m 73.4m
(107.2 km (115.2 km | (103.7 km (113 km (106.9 km (1149 km | (110.7km | (117.4 km
12Noon 68.6 m 73 m 65.9m 71.3m 69.1 m 73.3m 71.9m 78.5m
(109.8 km (116.8 km | (105.4 km (114.1 km (110.6 km (117.3 km (115 km (125.6 km
2PM 73.8 m 76.2m 70.9m 74.4m 76.2 m 77.7m 78.5m 79.1m
(118.1 km (121.9 km | (113.4 km (119 km (121.9 km (124.3km | (125.6km | (126.6 km
4PM 79.3m 79.6 m 79 m 79.4m 79.5m 79.7m 78.9m 79.3m
(126.9 km (127.4km | (126.4 km (127 km (127.2 km (127.5km | (126.2km | (126.9 km
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Table 6-10: Average seasonal variation in electrimiles without pre-conditioning and with pre-conditioning in

Phoenix, AZ.
Time of Yea
Spring Summe Fall Winter

Time of Day Without Pre- | With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre- | Without Pre-| With Pre-
conditionin¢ | conditionin¢ | conditioning | conditioning | conditioning | conditioning | conditioning¢ | conditioning

8AM 64.9 mi 70.6 mi‘ 62.8 mi 69.3 mi 65.0 mi 70.7 mi 68.6 mi 73.0 mi
(103.8 km (113 km (100.5 km (110.6 km (104.0km (113.1km | (109.8km | (116.8 km

10AM 64.0 mi 70.1 mi 61.5 mi‘ 68.5 mi 63.8 mi 70.0 mi 67.0 mi 72.0 mi
(102.4 km (112.2 km (98.4 km (109.6 km (102.1km (1120km | (107.2km | (115.2 km

12Noon 64.5 mi 70.4 mi 62.0 mi‘ 68.8 mi 65.0 mi 70.7 mi 67.9 mi 73.6 mi
(103.2 km (112.6 km (99.2 km (110.1 km (104.0km (113.1km | (108.6 km | (117.8 km

2PM 67.3 mi 72.2 mi 64.8 mi 70.6 mi 70.8 mi 74.3 mi 73.6 mi 76.1 mi
(107.7 km) | (115.5km)| (103.7 km) (113.0km) (113.3km) | (118.9km) | (117.8 km) | (121.8 km)

APM 75.8 mi 77.4 mi 73.1 mi 75.8 mi 78.4 mi 79.0 mi 79.4 mi 79.7 mi
(121.3 km (123.8km | (117.0 km (121.3 km (125.4 km (126.4 km | (127.0km | (127.5 km
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Figure 6-20: EV miles as a function of TOD and TOYin Anchorage, AK (a) Without pre-conditioning (b) With

preconditioning.
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Figure 6-21: EV miles as a function of TOD and TOYin Atlanta, GA (a) Without pre-conditioning (b) Wit h

preconditioning.
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Figure 6-22: EV miles as a function of TOD and TOYn Detroit, Ml (a) Without pre-conditioning (b) Wit h

preconditioning.
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Figure 6-23: EV miles as a function of TOD and TOYn Los Angeles, CA (a) Without pre-conditioning (b)With

preconditioning.
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Figure 6-24: EV miles as a function of TOD and TOYn Phoenix, AZ (a) Without pre-conditioning (b) With

preconditioning.

88




6.6.2 Frequency distribution of EV range without and wetdbin pre-conditioning

Similar to the results presented in Section 6.thé,frequency of EV miles distribution without
and with preconditioning is compared side by tlte $or EV use during different TOD in Phoenix, AZ.
This is represented in Figure 6-25 to Figure 6328 distributions clearly shift towards higher rail&or
ex, 8 AM trip with 75 miles bar occur for only 1@y, while it occurs for more than 35 days when the
cabin is pre-conditioned. This percentage diffeeemaries from 2.5% to approximately 10% for trips

starting at 8 AM and 12 Noon respectively.

Figure 6-25: Side by side comparison of frequencyf aniles distribution in Phoenix, AZ for trips starting at 8

AM of the day.
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Figure 6-26: Side by side comparison of frequencyf eniles distribution in Phoenix, AZ for trips starting at10

AM of the day.

Figure 6-27: Side by side comparison of frequencyf aniles distribution in Phoenix, AZ for trips starting at 12

Noon of the day.
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Figure 6-28: Side by side comparison of frequencyf aniles distribution in Phoenix, AZ for trips starting at 4 PM

of the day.

Figure 6-29: Side by side comparison of frequencyf aniles distribution in Phoenix, AZ for trips starting at 6 PM

of the day.
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6.6.3 EV Range as a function of trip start time

In order to understand the relation between timese and increase in EV range due to cabin pre-
conditioning, the yearly averaged EV range foregitrip time is evaluated and the results aregutes!

for both without and with cabin preconditioning.

6.6.3.1 Without and with preconditioning, averaged acrdds @ays of the year

The Figure 6-30 to Figure 6-34 shows the yearly averaged eleatiles travelled (with thermal
comfort) during different TODs in Anchorage (AK){lanta (GA), Detroit (MI), Los Angeles (CA) and
Phoenix (AZ). During the early and later portiontbe day, the curves with and without cabin pre-

conditioning can be seen to be overlapping oveh e#ter.

Sparsely available charging infrastructure does pemnit ubiquitous cabin pre-conditioning.
Cabin pre-conditioning may be possible only duriggtain scenarios, ex. Trips originating from home.
However, ambient conditions during the early pdrthee day may be such that the cabin is close to
thermal comfort. The electric miles available f@vel is reduced as the day progresses due taseia
the ambient temperature and solar irradiation amnhér increases towards the end of the day. Assymi
the necessary infrastructure is in place permittiagin preconditioning, the summary from Table Gd.1
Table 6-15 shows the percentage increase in thotrieleniles with cabin pre-conditioning. During the
early portion of the day, the cabin conditions @ose to required thermal comfort. As the day pesges,
the thermal soak affects the cabin space increasiagheed for using HVAC to reestablish thermal

comfort. The percentage increase in electric niddsghest during the noon across all the cities.
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Table 6-11: Percentage increase in EV range due poe-conditioning the cabin in Anchorage, AK

Month Percentage increase in EV range due to pre-coral
8:00 AM 10:00 AM | 12:00 AM 2:00 PM 4:00 PM
Jan 1.4% 1.0% 1.0% 1.5% 2.2%
Feb 1.7% 2.2% 2.2% 1.6% 1.5%
Mar 3.8% 4.4% 4.0% 2.8% 1.4%
Apr 4.1% 4.4% 4.3% 3.2% 1.8%
May 5.5% 6.2% 6.1% 4.6% 2.6%
Jun 3.7% 4.4% 4.6% 3.7% 2.0%
Jul 3.3% 3.9% 4.3% 3.1% 1.3%
Aug 2.6% 3.4% 3.3% 2.2% 1.2%
Sep 1.3% 1.7% 1.5% 1.3% 2.1%
Oct 1.4% 1.2% 1.3% 1.8% 2.2%
Nov 2.3% 1.9% 2.1% 2.7% 2.7%
Dec 2.0% 1.5% 1.6% 2.3% 2.5%

Table 6-12: Percentage increase in EV range due poe-conditioning the cabin in Atlanta, GA

Month Percentage increase in EV range due to pre-c
8:00 AM 10:00 AM 12:00 AM 2:00 PM 4:00 PM
Jan 3.1% 4.4% 3.7% 2.0% 1.2%
Feb 4.3% 5.0% 4.4% 2.7% 0.9%
Mar 5.1% 6.2% 6.2% 4.4% 0.8%
Apr 6.8% 7.6% 6.9% 5.3% 1.3%
May 7.5% 7.9% 7.0% 5.1% 1.3%
Jun 8.1% 8.7% 7.8% 5.9% 2.2%
Jul 7.6% 8.0% 7.7% 5.8% 2.0%
Aug 7.5% 8.3% 7.7% 5.7% 1.7%
Sep 6.0% 6.3% 5.9% 4.2% 0.79
Oct 5.4% 6.0% 5.5% 3.0% 0.4%
Nov 4.4% 5.2% 4.8% 1.9% 0.5%
Dec 3.5% 4.3% 3.4% 1.3% 1.0%

93



Table 6-13: Percentage increase in EV range due poe-conditioning the cabin in Detroit, Ml

Month Percentage increase in EV range due to pre-c
8:00 AM 10:00 AM 12:00 AM 2:00 PM 4:00 PM
Jan 1.6% 2.3% 1.5% 1.5% 2.7%
Feb 3.1% 3.1% 3.0% 1.8% 1.9%
Mar 2.0% 2.5% 2.6% 1.8% 1.3%
Apr 5.1% 5.8% 5.5% 3.4% 1.0%
May 4.5% 4.7% 4.3% 3.0% 0.9%
Jun 6.8% 7.4% 6.4% 4.8% 2.2%
Jul 7.8% 7.8% 7.5% 6.0% 2.6%
Aug 6.4% 6.5% 6.4% 5.0% 1.4%
Sep 4.6% 5.2% 5.1% 3.2% 0.59
Oct 2.8% 3.2% 2.4% 1.1% 1.0%
Nov 1.9% 2.0% 1.5% 0.9% 1.7%
Dec 1.6% 1.9% 1.5% 1.3% 2.2%

Table 6-14: Percentage increase in EV range due poe-conditioning the cabin in Los Angeles, CA

Month Percentage increase in EV range due to pre-c
8:00 AM 10:00 AM 12:00 AM 2:00 PM 4:00 PM
Jan 4.8% 5.3% 4.0% 1.0% 0.6%
Feb 5.3% 5.6% 4.0% 1.3% 0.5%
Mar 6.2% 6.9% 5.7% 2.4% 0.3%
Apr 7.2% 8.1% 6.8% 3.5% 0.3%
May 6.9% 7.3% 6.7% 4.0% 0.4%
Jun 7.7% 8.7% 8.2% 5.1% 0.6%
Jul 9.1% 9.4% 8.3% 5.2% 0.5%
Aug 8.2% 8.8% 8.0% 4.7% 0.5%
Sep 7.7% 8.6% 7.6% 3.7% 0.29
Oct 6.4% 7.4% 5.8% 1.5% 0.2%
Nov 6.8% 6.8% 4.9% 0.7% 0.4%
Dec 5.7% 5.9% 4.1% 0.6% 0.6%
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Table 6-15: Percentage increase in EV range due poe-conditioning the cabin in Phoenix, AZ

Month Percentage increase in EV range due to pre-c

8:00 AM 10:00 AM 12:00 AM 2:00 PM 4:00 PM
Jan 5.5% 6.9% 6.6% 4.1% 0.2%
Feb 6.6% 7.5% 6.8% 4.1% 0.5%
Mar 7.1% 7.6% 7.4% 6.0% 1.1%
Apr 9.7% 10.2% 9.7% 7.4% 2.3%
May 9.8% 10.6% 10.2% 8.2% 3.2%
Jun 10.9% 11.6% 11.3% 9.3% 4.5%
Jul 10.2% 11.3% 11.0% 8.6% 3.3%
Aug 9.9% 11.1% 10.4% 8.7% 3.3%
Sep 9.8% 10.8% 10.3% 7.4% 1.9%
Oct 8.9% 9.6% 8.6% 4.9% 0.5%
Nov 7.7% 8.4% 7.5% 3.0% 0.0%
Dec 6.1% 6.9% 6.4% 3.0% 0.6%

Figure 6-30: EV miles as a function of TOD, withoutand with cabin pre-conditioning in Anchorage, AK
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Figure 6-31: EV miles as a function of TOD, withoutand with cabin pre-conditioning in Atlanta, GA.

Figure 6-32: EV miles as a function of TOD, withouand with cabin pre-conditioning in Detroit, MI.
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Figure 6-33: EV miles as a function of TOD, withoutand with cabin pre-conditioning in Los Angeles, CA

Figure 6-34: EV miles as a function of TOD, withoutand with cabin pre-conditioning in Phoenix, AZ.
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6.6.3.2 Without and with preconditioning, averaged acroé&@ur of the day

The Figure 6-39 represents the trace of EV rangeaged across TOD and sampled for 365 days
of the year. The trace with cabin-preconditionihgady lies above that of the trace without anyicab
preconditioning. The effect of cabin preconditiania seen to be more significant during the sumener
fall seasons of the year due to higher daily avetagperature and solar irradiation. The numbelagb

when both the traces overlap is less than 4%.

Figure 6-35: EV miles as a function of TOY, withoutand with cabin pre-conditioning in Anchorage, AK.
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Figure 6-36: EV miles as a function of TOY, withoutand with cabin pre-conditioning in Atlanta, GA.

Figure 6-37: EV miles as a function of TOY, withoutand with cabin pre-conditioning in Detroit, MI.
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Figure 6-38: EV miles as a function of TOY, withoutand with cabin pre-conditioning in Los Angeles, CA

Figure 6-39: EV miles as a function of TOY, withoutand with cabin pre-conditioning in Phoenix, AZ.
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6.7 Summary
This section of the research effort has allowetbusddress research question 2, which is restated

here:

Research Question 2: What is the geographical setigity of the accessory loads and vehicle
fueling costs for HEVs, PHEVs and BEVs? Are there egions of the country that are most

advantageous or that should be precluded from vehie fleet electrification?

In this chapter, the impact of environment on tag th day range of EV was quantified across 5
cities that have widely varying weather charactiess The geographical and temporal variation anEvV
range was presented as a function of TOD and T@wher, several questions regarding the consistency
with which an EV can travel during a predetermineetof the day was evaluated for Phoenix, AZ. Iswa
clearly seen that the EV range was shortest fonriops during the hottest portion of the day. Taén
in EV range by means of pre-conditioning the cat@s discussed in detail. The maximum increasedn th
EV range via cabin preconditioning varied from 4&idg early part of the day to 12.5% after noone Th
result presented here highlights the need for asing the charging infrastructure through privaiblic
partnerships so as to enable the users to pretsmmdg the cabin. Since the thermal soaking actun
for 30% of HVAC loads, a dedicated auxiliary staatevice for HVAC systems may be considered. In
the next chapter, the possibility of using comboa of various alternative accessory technolofpes

providing cabin thermal comfort is presented.
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CHAPTER 7 ALTERNATIVE ACCESSORY TECHNOLOGY EVALUATION

7.1 Introduction

As with conventional vehicles, EVs have a numberofessory systems that require electric
power. Some systems, such as the radio/tape playfs, and horn, operate the same way as theyndo
a conventional vehicle. Other systems, such apdher steering and power brakes, require an additio
small electric motor and have very less impact o EV range. However, the air conditioning and
heating systems on EV can have a dramatic impadherrange. Federal safety standards require all

vehicles to have adequate HVAC systems.

The heater/defroster system is easily operatedconaentional gasoline-powered vehicle as the
supply of heated water from the engine coolingesysis readily available. An EV does not have tlgath
source and therefore must provide the heat withuiliary heating system. This power must come from
the main battery pack with a corresponding decreaseehicle range. Depending on the outside
temperature and the desired temperature in theleehihe range reduction can approach 25% as seen i

Chapter 6.

Air conditioning systems on EVs can also have ai@ant impact on a vehicle's range. These
are usually standard automotive AC units that nbgspowered by an auxiliary electric motor instefd o
being powered by the engine. This additional matmmsumes energy from the on-board battery pack,
which reduces the range of the EV. The amount efg@gnneeded for AC depends on the outside ambient
temperature and the desired inside temperature.ENhdnas a 12-volt auxiliary battery just as in the
conventional vehicle to operate the lights, racdmd other equipment. The 12-volt battery in a
conventional vehicle is recharged with an altemdtoven by the engine. In an EV, the auxiliarytbat
is recharged with the use of a DC-to-DC conveffdis electrical device provides power to the 12-vol

auxiliary battery from the high-voltage battery mevused to power the vehicle. Heat pumps are being

102



used on the latest electric vehicles to reduceptveer requirements for heating and cooling suchas

the GM EV1 and 2014 Nissan Leaf for climate conjédl, 70].

In section 7.2, this chapter first presents an deer of the alternative HVAC technologies
supported by ARPA-e’s High Energy Advanced Ther®@rage systems (HEATS) towards designing
and developing low cost environmentally friendlybiraclimate control systems for EVs. Further, a
sample system sizing analysis is presented in tefrtiee mass of PCM material required to meet hgati
and cooling requirements in 5 cities, Anchorage \AXtlanta (GA), Detroit (MI), Los Angeles (CA) and
Phoenix (AZ) respectively. On the basis of thesayses, we can construct a multi-objective congoauri
of the performance characteristics of these PCMathdr advanced HVAC technologies so as to assess

their effectiveness relative to conventional HVA&€hnologies.

7.2 ARPA-e HEATS

In an effort to leverage recent advances in mdsesad manufacturing science, the US DOE
launched the ARPA-e HEATS program in Fall-2011. A is aimed towards using thermal energy
storage to provide heating and cooling for EV pagse compartments so as to achieve improvements in
EV range. The HEATs research initiatives can beadiy categorized into the technologies of a)
adsorption based HVAC systems b) thermo-electreedaHVAC systems c¢) phase-change materials

based HVAC systems.

7.2.1 Adsorption based system

Traditionally, refrigerant-based vapor compressgstems have been in use for cooling smaller
spaces (including automotive applications), whikpar absorption based systems are used in large
industrial and commercial applications. In the agsBon-based system, the surface of adsorbents is
tailored to achieve an increased affinity to thatheansfer fluid. The nature of adsorption process be

exothermic or endothermic based on the combinatfbmaterial and heat transfer fluid. The heat
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transferred into and out of adsorbent surfacesbzaexchanged with the cabin air to provide thermal
comfort as desired. Over repeated cycles, the besbisurface will get saturated with the heat fiems
fluid. The system can be reused by releasing tiseradd fluid molecules. This process of discharging
requires additional grid energy. Also with thisheijue, it is assumed that the EV is pre-conditibne
prior to the trip so that the EV HVAC system canimein the thermal comfort during the course of the
trip. Due to the lack of harmful refrigerants tlae requirements of the traditional vapor compogssi
system, this technology has the potential to imerihhe EV range while being environmentally friendly
The proposed technologies are envisioned to betalileeate an adsorption-based HVAC system, weigh
less than 35kg while occupying less than 1.5ft @viging 2kWh and 4.5kWh of cooling and heating

thermal energy respectively [71].

7.2.2 Thermo-electric based system

This system is based on solid-state thermo-electnvertors. The P and N type semi-conductor
material sandwiched between 2 dissimilar metals/edrthe metal surfaces into a hot plate and a cold
plate when current is passed through them. Theaeatectrons and holes in the N and P type
semiconductors act as heat energy carriers. Irtiaddo pre-conditioning the cabin, this systemuiess
that the potential difference be maintained betwaatrand cold junctions needing the EV to be plagge
in to the grid while parked. In general, even ldegn thermo-electric systems operating at neari@mb

conditions have COPs of less than 0.5.

7.3 PCM based HVAC system

Phase change materials (PCM) such as water anflipavax have high specific energy and are
successfully used both as heat transfer fluid dad @ store energy in various applications such as
molten salt based concentrated solar power plamisce based chiller system for commercial faeiti
The main advantage of PCM is due to its abilitgtore energy in the form of latent heat. The daptet

of energy occurs under isothermal conditions. Hewewnsulating the energy storage device to mirgmiz
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the loss is a major challenge that needs to becowss. In automobile industries, specifically for £\a
PCM based storage device can provide thermal comgquirements for the passenger cabin without the
need to use conventional HVAC system. All thoughsuich technology exists in current generation
commercial EVs, several university-industrial resbhgrograms sponsored by ARPAe are underway to
successfully implement a PCM based climate costystem (at Pacific North West National Laboratory:
Metal Hydride Thermal Storage, University of Utatdvanced Metal Hydrides based Thermal Battery,

University of Texas at Austin: Thermal Batteries Edectric Vehicles).

7.4 Synthesis and Sizing of Advanced Technology HVAC Siems

The energy requirements of any HVAC system haven Ist®wn to vary geographically and
temporally. By defining the stochastic HVAC enemgguirement for these HVAC systems, study can
allow for the development of HVAC system designt tisarobust to varying climatic and geographical
conditions. Using the thermal comfort model, thexmmaim heat and AC energy requirements of a
geographical location can be determined for tripadunction of time of day and time of year. As an
example, will size and synthesize a heating andir@pélVAC system using PCMs. By choosing ice and

paraffin wax based climate control system, a samsiglag exercise is presented in the following isest

7.4.1 Cabin Heating using PCM

The widely available paraffin wax (latent heat =5&%kg) is chosen as a PCM material to
provide for cabin heating during winter conditioftss assumed that the system will be charged fiiwen
grid and stored with 85% effectiveness. From FigiH& it was seen that a peak power of 7.8 kW was
required to bring the cabin temperature from therrttal soak condition to the desired comfort level.
Steady state power helped maintain the thermal aanibue to the low power density of the PCM based
systems that are proposed in HEATs or that have beeeloped to date, the cabin is assumed to be

preconditioned prior to the beginning of the trifigure 7-1 to Figure 7-5 present the daily maximum
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PCM mass requirement for cabin heating for 5 citheschorage (AK), Atlanta (GA), Detroit (MI), Los

Angeles (CA) and Phoenix (AZ).

Figure 7-1: Calculated paraffin wax storage mass ifAnchorage, AK
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Figure 7-2: Calculated paraffin wax storage mass i\tlanta, GA
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Figure 7-3: Calculated paraffin wax storage mass ibetroit, Ml
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Figure 7-4: Calculated paraffin wax storage mass ihos Angeles, CA
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Figure 7-5: Calculated paraffin wax storage mass iPhoenix, AZ

7.4.2 Cabin Cooling using PCM

For providing required thermal comfort under sumueienatic conditions, water ice (latent heat
of fusion = 334 kJ/kg) is chosen as the PCM mdtdtiss assumed that the ice made using the energy
from the grid prior to the trip and is stored iresitie EV with an 85% effective insulation systerne@o
the poor power density of the PCM system, the ppeabker required to pull the cabin temperatures down
to the required thermal comfort levels is againexd by preconditioning the cabin using the energy

from the grid. The Figure 7-6 to Figure 7-10 présehe daily maximum mass of ice required for capl
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the cabin for 5 cities, Anchorage (AK), Atlanta (i3®etroit (MI), Los Angeles (CA) and Phoenix (AZ).

Figure 7-6: Calculated Ice storage mass in Anchorag AK
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Figure 7-7: Calculated Ice storage mass in AtlantaGA
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Figure 7-8: Calculated Ice storage mass in Detroityll
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Figure 7-9: Calculated Ice storage mass in Los Anggs, CA
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Figure 7-10: Calculated Ice storage mass in PhoeniRZ

7.4.3 Integrated PCM system

With an integrated PCM based HVAC system in EVspimviding thermal comfort, from Figure
7-1to Figure 7-10, it is clearly seen that the neuent of PCM mass varies with time of day ancktioh
year. The Table 7-1 summarizes the maximum PCM mexgsred for providing both cabin heating and
cabin cooling in 5 cities. The paraffin wax masguieed in Anchorage (AK) is 167% more than that
required in Los Angeles (CA). This difference viltther increase when all the associated heat exgeha
components are taken into consideration. AlsoPI6M based system, it is important to ensure that pr
to system discharge, a single phase exists (lieyaixl for heating and ice for cooling so as to prévba

initiation of heat transfer via conduction in ma@ématrix. This results in loss of energy due telting
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of unused wax mass during every charging proceSscommon heating system designed based on

requirements for Anchorage (AK) for all the othéres will also result in increase of vehicle cuvbight

and inefficient use of grid energy during the cliaggrocess.

Table 7-1: Maximum PCM mass requirements for cabirheating and cabin cooling in 5 cities

Cities Maximum paraffin wax mass, kgMlaximum ice mass, kg Total PCM mass, kd;
Anchorage, AK 42.6 49.5 92.1
Atlanta, GA 32.5 57.3 89.8
Detroit, Ml 40.3 54.4 94.7
Los Angeles, CA 15.9 56.5 72.4
Phoenix, AZ 18.8 64.9 83.7

7.5 Multi-objective Comparison of Technologies

Based on the results of this PCM sizing and HVAEtay synthesis exercise, we can define the
characteristics of PCM-based HVAC systems in tesfrieey metrics of interest including: EV range, AC
energy consumption, and vehicle mass. To evathat@erformance of these PCM technologies, we can
evaluate them in terms of the metrics of vehiclessnaehicle energy consumption, and vehicle range.

The technologies that can be evaluated using thiedibconstructed for this research effort include:

Vapor compression air conditioning system withistege heater. This is the default

HVAC system that has been the focus of evaluatiorthiis research.
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Vapor compression air conditioning system with sitg¢ heater and the ability to
precondition the cabin while attached to the grigfobe driving. This is the
preconditioning HVAC system that has been the fooligvaluation in the previous
sections of this dissertation.

The PCM system made up of paraffin wax undergoippase change to provide heating
energy, and water ice undergoing a phase changewide cooling energy. This option
assumes 100kg of PCM is stored on board, as woakt the HVAC needs of 100% of
vehicles in the 5 US city sample, as shown in @abll. A 50kg mass is used to
represent the system of containment and heat @atisdit allows the PCM to function.
This model assumes that the PCM is recharged wsingff board cold and hot source
whose weight is not allocated to the vehicle.

A system is composed that meets all ARPAe HEATSIsgoalts mass is
equivalent to the conventional HVAC system, andiearenough energy to meet the
steady state HVAC needs of the vehicle. BecauseHBATS program goals do not
include consideration of the energy requirementgrémsient pull-down or pull-up of the
cabin temperature, this system model assumes hbatehicle is preconditioned when

attached to the electric grid for charging

In each case, we can evaluate the stochastic pefme of vehicles equipped with these

technologies across a variety of US geographications, TOY, and TOD.

Using the metrics of comparison of AC energy congtimn, vehicle mass, and EV range we can
see that each technology addition (preconditionif@gi, and advanced HVAC technology) improves the
energy efficiency and EV range of the vehicle fleetThis improvement is not made through strict
domination, as every technology is able to achismsy low energy consumption and high EV range in

times and at locations where the HVAC accessony iséow. Instead, the advanced technologieszeali
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their benefits through reducing the variabilityeinergy consumption and EV range across geography an
time. In comparing the vehicle masses, it is dhly PCM system that adds appreciably to the vehicle
mass, although the increase in vehicle mass ddekave an appreciable impact on the vehicle energy

efficiency or range.

Figure 7-11 Graphical comparison of HVAC technologgs across the proposed multi-objective trade space

Table 7-2 Comparison of HVAC technologies across éhproposed multi-objective trade space
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Overall, these results point to a new understandfripe role that HVAC technologies may play
in improving the consumer acceptability of EVs. time previous understanding of the field, the
conventional wisdom is that EV range is too low dimat HVAC loads are making the EV range lower
still. Based on the results of this study, we gaderstand that although HVAC accessory loads deere
the mean range available from the EV, the numbearieers who will launch on an 80 mile trip only to
“run out of range” after 70+ miles is low, and tiv®bability of an EV driver encountering such @ t@ind
having it color their EV experience is quite lowstead, the primary way that advanced HVAC systems

improve the consumer acceptability of EVs is bylioying the robustness of their performance.

7.6  Summary
This section of the research effort has allowetbusddress research question 3 which is restated

here:

Research Question 3: What accessory systems or teologies can improve the
environmental performance and utility of HEVs, PHEVs and BEVs? What metrics or methods can

be used to evaluate the economic, environmental amthergy life cycle of the proposed technologies?

This study has shown that any of the suites of @sed technologies (heat pump system,
preconditioning, PCM thermal storage, and advarteetinologies) have the capability to improve the
performance of EV HVAC systems. The primary metraf interest that have been quantified in this

study are vehicle mass, EV range, and AC energgwuoption per unit of distance travelled.

The most result of this study has been to showttimiadvanced technology systems that have
been proposed dominate presently available techiesidor the objective of EV range, but they achiev
their dominance primarily through a reduction imi&hility. Range variability and energy consumptio
variability are significantly reduced through thpp#cation of advanced HVAC technology, but the
difference in utility that is achieved between “gentional” PCM systems (i.e. the proposed

water/paraffin) and the advanced HVAC systemsl&aixely minor.
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In fact, advanced HVAC technologies do not domirthte conventional HVAC technologies in
the multi-objective tradespace among the primaryriogeof interest. The advanced technology HVAC
systems use more energy to travel a given distgmowarily because of their reliance on cabin

preconditioning to reduce the mobile thermal comfmnditioning load that must be served by the

HVAC system.
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CHAPTER 8 SUMMARY AND CONCLUSIONS

With the world’s population reaching 8.5 billion 2925 [72], the energy required for personal
transportation sector will continue to place arréasing and irreversible burden on global oil reser
and the planet’s capacity for G@nd criteria pollutants [73]. EVs are a near-temma technologically
available means to reduce the environmental an@lsimepacts of personal transportation, but many
aspects of a more electric personal transportatystem’s energy consumption are unknown. A primary
component of interest is the HVAC system as ihi& $econd most energy intensive system onboard the

vehicle.

In response to these research questions, thisridisse has defined and completed a series of
tasks to address the primary research challengesiaged with the modeling, analysis and assessafient
HVAC systems for EVs. New subsystem models of thbiate thermal behavior are integrated with
models of climate, geography, personal driving tsal@ind the vehicle population so as to connect the
performance of the EV HVAC system to the charastes of the electrified personal transportation
system. The multidisciplinary analysis processved for the definition of system-level charactécist
associated with the current state of the art in i@&chnologies, it allows for the definition of gla
vehicle performance metrics as a function of clititaand geographical information, and it allows floe
development of design criteria for advanced HVAGtegn technologies. The scope of the modeling and
analysis tools are US National, but are extendiblether regions of the world where similar data is

available.

In Chapter 1, the benefits of EV over conventiogatoline and diesel powered vehicle were
reviewed in terms of well to wheel, well to tankdaoverall well to wheel efficiencies. The signifita
gasoline consumption by the transportation sects highlighted. The HVAC energy consumption in
EV and its impact on the range reduction and negaiser experience was discussed. The motivation,

objective and organization for the current researotk were presented.
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Chapter 2 provides an extensive literature reviaw the past thermal comfort modeling
methodologies, their limitations and subsequerdrgoropagation, thermal comfort studies performed a
NREL on conventional vehicles, limitations of curregeneration vehicle simulation software’'s and

alternative accessory technologies.

Chapter 3 describes the research questions ane sxfopesearch that define this dissertation

research effort.

In Chapter 4, the gaps existing within the pastria comfort modeling methodology was
identified. The control volume based thermal comnfoodeling methods were discussed in detail. The
data parsing from the databases containing theramwiental data and passenger survey data from
NSRDB and NHTS was discussed. The overall architecof the model was highlighted by clearly
identifying the flow of inputs and outputs. The puiis from the sample thermal comfort simulatiormof
EV at 29 Palms, California for 1'st day of Januays presented. The process to evaluate HVAC energy
consumption from the power curves based on theckeAiOU from the NHTS survey data resulted in
estimating the energy required for operating HVA{Stems. By repeating the simulations for 1019
locations across US, a massive database consigtimgater and AC loads based on real world conditio
was obtained. The resulting database was furthed t investigate the potential benefits of replgci
internal combustion based conventional vehicleshwlVs in terms of national energy savings,
environmental benefits, performance of EVs acrdistha states in US, additional accessory loading o
the national grid due to EV charging and overadluation of US gasoline imports and increase ingner

generation at the source.

In Chapter 5, the real world HVAC energy consumptilata base generated for 1019 locations

across US was used to synthesize the state-wised#ffergy consumption patterns for peak hour travel,
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annual average HVAC energy consumption at vehictefieet level. The real concern with the EV has

always been the shorter travel range and longeguitatimes.

In Chapter 6, the dynamic energy depletion in EVirdytravel is translated into metrics of
vehicle range to understand varying user experigenaeross different locations in US. Cabin
preconditioning as a potential solution to incre&é range was presented. Since conventional AC
powered compressor and resistance heating systefd¥ ican reduces range by almost 25%, a PCM-

based alternative accessory technology is discussedapter 7.

8.1 Research Contributions of this Dissertation
The unique contribution towards understanding thietéehnology and their limitations from the
consumers perspective were addressed in this @iear The following sections describe the specifi

contributions in greater detail.

8.1.1 Development of a vehicle specific thermal comfartl @onditioning model

As detailed in Chapter 2, the limitations of theeypous climate comfort models based on
Fanger’'s description of thermal comfort have pr@pad uncertainty into many of its applications
including previous estimations of HVAC energy camgtion in conventional vehicles and EVs. In the
present work, a control volume based dynamic theoomafort model was built based on models of the
energy interactions of the control volume with @amment. Extensive use of existing databases ssich a
NSRD and NHTS were used to build a comprehensivaujc thermal comfort model based on widely
varying weather patterns across US. The thermafa®model developed for this dissertation is more
generic, more amenable to sensitivity analysis, @ be extended to further evaluate HVAC energy

requirements for other applications with minimaldifizations in the simulation architecture.
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8.1.2 A definition of vehicle and fleet-level HYAC energgpnsumption

The thermal comfort model presented in this dissiert was used to evaluate the annual average
energy for providing thermal comfort both at théhiede and fleet level. The energy of the displaced
gasoline can now be added into the grid by intéggatenewable technologies. The overall reductibn o
the gasoline consumption by passenger transportéieet decreases the US dependence on foreign oil

and increases the nation’s energy security.

8.1.3 A definition of geographical and temporal variasan EV range

Several disjointed efforts by earlier researchérs 10, 19, 23, 37] have helped in vaguely
understanding the reduction in EV range as a re$@hergy storage material deterioration, but \fevy
studies have characterized the EV range deduatioddly to day travel all through the year. In therent
work, the variations in EV range have been presemmmprehensively as a function of time and
geography and inclusive of climactic effects, diihabits, the full suite of available and proposed

HVAC technologies.

8.1.4 A evaluation of the multi-objective utility of cabpre-conditioning technology

Cabin pre-conditioning has been proposed as a méansnprove EV range by early
investigators. However, the work performed to dete not quantitatively evaluated the benefits arsdsc
of pre-conditioning of the vehicle cabin under tiwaying and stochastic conditions. In the present
work, a side by side comparison of two scenariosvithout cabin pre-conditioning and 2) with cabin
preconditioning were presented to understand teeifp conditions of climate, geography and driving

behavior under which they can be beneficial forrovmng the EV range, and energy consumption.
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8.1.5 An evaluation and comparison of PCM based HVACeawsperformance in EVs

The compressor based AC cooling system and resislements based heating systems employed
in current generation EVs have been demonstrateckdace the EV range by up to 25%. Many
technologists have proposed alternative accessohnologies including thermal storage, high efficie
HVAC systems, and other technologies. These system designed to meet the same thermal comfort
conditioning requirements as conventional HVAC eyst but operate without direct energy supply from
the main on-board energy storage device. The rabjgetive utility of a PCM-based HVAC system for

EV applications was calculated and the limitatiohsuch technologies were discussed.

8.2 Future Work

As discussed in Chapter 1, conventional vehicle® leeen under continuous technological and
system-level development for more than a centurigh \depleting oil resources and irreversible thsdat
environment in terms of greenhouse gas emissiansetting an unprecedented push towards zero tail
pipe emissions. EV technology is very promisingutting down the tail pipe emissions at the flesel.
However, the specific energy density of fossil fuisl 40 times that of state of the art advancedrele
chemical materials used to store electrical enangigVs. In addition to the storage capacity, thare
additional concerns such as deterioration of batteaterials over time of use, thermal runaway, and
availability of rare earth materials that consstuhe material composition for battery packs, aufst
ownership, new infrastructure for vehicle chargiolgeap accessibility to these charging stationspso
economic issues, additional power generation reqents at the generating stations and depreciation

already existing investments in oil and gas indutmame a few.

However complex the dynamics between all the aldiseussed factors are, a positive consumer
experience will certainly drive the success of E¢hnology in replacing the conventional vehiclefle

There have been disjointed efforts among reseacherunderstanding the importance of various

125



parameters in relation with EV. The lack of comgnesive models that takes into account all the above
mentioned factors has led to incoherent appreaiatiothe EV technology among average consumers.
Hence, a multithreaded approach is required toadutie consumer regarding the potential benefits o
EVs while assisting them to create a pathway faelligent use of EV. This can be achieved by
constructing and connecting models at the compolesed to interact dynamically with each other to
truly understand the obstacles and concerns fronows stakeholders’ perspective. For example, in a
scenario where the local government initiates fable policies to promote the EVs, the lack of
knowledge among the average vehicle owner actirgn upeir prejudiced premise may not be able to

truly appreciate the government initiatives.

The results presented in the current dissertatiave hconsidered the impact of real world
environmental variables in adversely affecting Eyerange. The real world environmental variablepal
affect the performance of storage device itselfr atgetime of use. Several researchers have iryegsiil
this phenomenon in terms of life cycle analysisstufrage devices. As an immediate extension of the
current work, the thermal comfort model presentedhapter 3 can be combined with the energy storage
life cycle model to more accurately predict the Evige for their use in any location of the countriye
net reduction in EV range can help the early adopit&V technology in planning their day to daypsi

based on real world estimations.
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APPENDIX

Governing Equations

Over all energy balance for the cabin control vadum

dT,

Qroof +2leass +Qconv,i+QAC +Qheat_ Qlosses:Mde_;;i

Qconv,i, = Qconv,roof,i+ Qconv,glass.i
Qconv,roof,i, :h i,roof ( Tci -Troof)

Qconv,glass,lzh i,glas( T cTT gl

The convection coefficient for internal horizonsalfaces are evaluated from,

0.54Rd*, 10£ R& 10 h L.
Nuiroofavg: = When-l'?)of >Imb
’ ) k )
0.15Ra*, 10£ R& 10
— éﬁ _hi,roof Lroof
NUjag= 0-27Ra*, 10£ RE 10 ==L whepT£ T

air
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Eqgn 2

Egn 3

Eqn 4

Egn 5

Eqgn 6



The convection coefficient for inclined glass suda are evaluated from,

0.59Ra’™*, 16£ R& 10 h ..l 4
NU; s av= Y = Y ,whenT, >T., Eqn 7
OlRé}_ 4, 1®£ R& 116 air
A
0.68+_ 007Ra ;. RED
9 9
0.492 )
1+(049%, )
h o L
NU, gags g™ 2 = MS whenT £ T,
6
0.825 +— 0B8R pasip
9 8,
1+(0'49}I/3r)
Eqgn 8

QssedS evaluated based on following thermal resistarat@/ork diagram,

Where,

-1 -1

bt |

1 1
}/ + / Kei / + /1/
ho,roof ho,glass h i,roof h i,glass

Ry = Eqn 9
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o T
Iosses:% Eqn 10
eff
QAC =My, ( Tevap_Tci) Eqgn 11
Qheater:m air( TheateFT l) Egn 12

Energy balance across the cabin roof as contrédaar

Qconv,o,roof
G

asolar solat

Qroof
As1aC soiar ~€ roolE o Troo) - Q - Q =M o Eqn 13
solar™~ solar roof roo conv,o,roof roof roop p, roof dt an
Qconv,o,roof: ho,roof( Troof_Tam) Eqn 14

The outside air forced heat transfer coefficlenf,,, for horizontal exterior surface was

estimated from the following empirical correlation,

— g = _ho,roofLC
0.037Re® -871 Pr . 0.6<Pr< Eqgn 15

o,avg

Nu

air

Energy balance across windshield as control surface
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G

solar

a

solal

G

solar

a COos
P

$ % &

solar

Qconv,ogla\
eglasJE b( T glas;\

— 2 S0

q
dT
— glass
asolarG s0laCOS - € gIasE I(T glags -Q conv,o,glas_sQ gIaEM gggs QW Eqn 16
Qconv,o,glass: h o,gla glas_;r a)w Eqn 17

The outside air forced heat transfer coefficleny,.., for horizontal exterior surface is evaluated

4 1 h L
from Nu, .= 0.037Re® -871 Pr # : 0.6<Pr< Eqgn 15.

oavg
air

Table of parameters

Materials properties used in the simulation

Air Windows Plastics Aluminum
Density (kg/m) 1.23 2500
Specific heat (J/kg-K) 1006.43 750
Thermal Conductivity 0.024 0.96 0.03 250
(W/m-K)
Viscosity (Pa-s) 1.7894e-5

136



Surface radiation properties

Aluminum: Total emissivity = 0.8

Window Material: 0.2 4um, =09, =0,

>4um, =0, = =0.95, diffuse-gray, opaque

Car dimensions

Cabin Size (1) 2.3m X 1.3m X 1.19m

Number of Windows| 6
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Sensitivity Analysis

Varying Thermal comfort domain:

Initial Cabin Temperature = 10C

Trip Time: 11hto 13 h

Trip Location: 29 Palms, CA

Trip Day: January 1, Average Ambient Temperatuge 1

Temperature Limits Heater AC HVAC Energy
Energy (DC kWh) | Energy (DC kWh)| (DC kwh)

15C-20 C 0.23 2.20 2.53

20C-25C 0.47 1.93 2.40

23C-27C 0.62 1.74 2.36

25C-30C 0.72 1.35 2.07

30C-35C 0.95 0.76 1.71
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Varying Cabin Size:

Initial Cabin Temperature = 10C

Trip Time: 11hto 13 h

Trip Location: 29 Palms, CA

Trip Day: January 1, Average Ambient Temperatuge 1

Cabin Size Heater AC HVAC Energy
Energy (DC kWh) | Energy (DC kwh)| (DC kwh)

1.5 (m) 0.61 1.73 2.35

2 (nT) 0.62 1.73 2.36

3.5 (m) 0.62 1.73 2.36

4 (nT) 0.63 1.73 2.37
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Varying Vehicle Speed:

Average Vehicle Speed: 28 mph, Average Vehicle Speed: 60mph
Location: Phoenix, AZ Location Phoenix, AZ
24kWh, 0.3 DC kWh/mi 24kWh, 0.3 DC kWh/mi

Mean Radiant Temperature

Mean radiant temperature (MRT) is a measure ofameenet heat gain or heat loss from all the
surfaces inside a control volume. This varies fittvn ambient air temperature when the surfaces from
which heat is gained or lost are at significantiffedent temperatures. For example, in cold coodi
human body when exposed to direct sun light isesatbfl to heat gain and experience thermal discomfor
while on a hot summer day, opening a freezer desults in radiant heat loss to the ambient. Thiuis
to high emissivity and absorptivity of human sKiie rate at which the surface temperature increases

decreases depends on the thermal and irradiatpacita of the surfaces.

In the case of an automobile, under normal opeagationditions, contribution to the thermal

discomfort via solar irradiation transmitted thrbugindshield is higher compared to that from other
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surfaces and the mean radiant temperature is dosbe average cabin temperature. In a scenaremwh
the automobile is stationary while being exposedenrdirect sunlight, the mean radiant temperatile w
be closer to that of surfaces with high thermalac#ty. The previous thermal comfort models [5, 68,7

9] estimated MRT using two discrete conditions (embtemperature, peak soak temperature) as the

main input to the PMV equation defined by Fanger.

Accordingly, if there are ‘n’ surfaces with non-forim temperatures forming a control volume,

then the mean radiant temperature is given by.

where, , ,

To estimate the MRT for cabin control volume, thienary heat transfer surfaces are windshield
(ws) and car-body (cb). The car-body further cosgsiseveral conjoined surfaces. The MRT equation is

now reduced to,

Where, and represents an effective windshield and car bodyperature. is the

constant surface view factor for stationary appioses.

In the case of automobiles, varies dynamically between 0 and 1 for thermaksoal steady
state operating conditions respectively, as tharua between conductive, convective and irradiative
exchange at the surfaces change with TOD. Alsarit loe seen that evaluating to subsequently
estimate MRT requires information on parking coiedi$, tracking geographical trip direction in aduit

to trip times and directional-hemispherical irrditia.
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The lack of availability of this data limits theses of PMV equation to predict thermal
comfort for fewer cases. Hence in the current warknethod based on dynamic energy exchanges at the

boundary of control volume to evaluate thermal amtris developed.

Subscripts

amb  Ambient

c Cabin

eff Effective

[ Inside
L Characteristic length
o] Outside

conv  Convection

S Surface

Index

A Area (nf)

Cp Specific heat capacity (kJ/kgK)

G Solar irradiation (W)

h Heat transfer coefficient (W/mK)

k Thermal conductivity (W/AK)
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Lc Characteristic Length (m)

M Mass (kg)

m mass flow rate (kg9

Nu Nusselt number

Pr Prandtl number

Q Heat transfer rate (W)

Ra Raleigh number

R Resistance (K/W)

t Time (s)

Greek symbols

emissivity

absorptivity

density

Windshield angle (deg)

~ average value

Abbreviations

NSRDB National Solar Resource Database

NHTS National Highway Transportation Survey
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