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SUMMARY

Life cycle assessment is a method to evaluate economic and environmental
benefits and tradeoffs of technologies, human activities, and systems. Data gaps,
variability, uncertainty, and weak generalizability are among the continuing challenges in
life cycleassessment. As a way of resolving these issues, a parametric life cycle
assessment framework is proposed and demonstrated, using case studies of vehicle
electrification and decentralized power generation for buildings. The parametric life cycle
assessmermvolves investigating governing equations; identifying overall relationships
between input and output variables; evaluating characteristics and typology of input and
output variables; assessing relative importance and contribution of individual input
parameters; and developing a parametric form of life cycle assessment models.

For medium and heavyduty vehicles electrification, the results from the
parametric life cycle assessment indicate that electric vehicles provide positive social
benefits for nicle applications or locations, regardless of the variations and uncertainties
in input conditions including future electric grid evolution and fuel prices changes.
Beyond the niche applications or locations, however, electrifying med@incthheavy
duty vehides is not expected to provide positive net social benefits in the near future, in
comparison with conventional technologies powered by petroleum, biofuels, or natural
gas. Vehicle operation strategy modifications or a moderate level of electrification suc
as micrehybrid technology can provide more immediate benefits.

Using the same parametric LCA approach, life cycle tradeoffs of decentralized

power generation technologies for buildings are systematically evaluated, including

Xi



natural gasbased hydrogefuel cell and microturbine technologies. Combined cooling,
heating, and power provides numerous benefits including more efficient and stable
electricity provision compared to conventional building energy systems. From the life
cycle perspective, cogeneratior trigeneration technologies, in particular, microturbines
help reduce air emissions and water consumption but at the expense of energy efficiency.
Although fuel cell and microturbine technologies tend to move air emissions sources

from lesspopulatedocations to population centers, overall air pollution impacts across

the U.S. are lower than for conventional systems. Depending on the building types,
overall social benefits of these alternative and distributed power production technologies
can vary. Ingeneral, achieving electric grid independence and improving resilience

against power outage requires up to 50% higher valuation of reliable power production.

Xii



CHAPTER 1

INTRODUCTION

A parametric life cycle assessment (LCA) approadinsewith the investigation
of governing equationis Procesd in Figure 1.11f analytic (or mathematical) solutions
can be found by solving the governing equations, product use phase and life cycle results
can be formulated based on those analytic swistilf not, simulabn canbe utilized
alternatively, which may require data collection beforehand to account for a range of
product operating conditiorisProcess 2 in Figure 1.1. Governing equations also provide
a foundation to develop types of variahl®epending on the types, different treatment
strategies can be developed to deal with different types of variables. Governing equations
also help characterize key variables so that they can be used as explanatory or predictive
independent variables aftegsirds. The basic requirement of satisfactory variable
characterization or treatment strategy development is the convergence or dependency of
the use phase or life cycle results on the input parameters. In other words, thereanust be
distinct relationshifppetween the output results and input variables. If naetyaduation
of governing equations and the variable development process must be repeated until a
pattern (of output results) emerges in the identified independent variables. Once such
converging redtionship is found Process in Figure 1.1 statistical analysis including
linear regression can be utilizé@rocesgt in Figure 1.1to systematically characterize
the changing behavior of use phase or life cycle results as functions of input variables.
Also, depending on the treatment strategy of variables, correction factors could be

included in the statistical model. As a resalteduced form of parametric LCA model in



functional forms will be achieveidProcess 5 in Figure 1.Wwhich will provide a
reasonable level of specificity and carry essential information without having to run
complicated simulations @onductingnathematial analysis over and ovagain

In the following chapters, | demonstrate the parametric LCA approach with a set
of case studies mediumduty truck electrification (Chapter 2), heaslyty transit bus
electrification (Chapter 3), and combined coolihgating, and power for buildings

(Chapter 4). All case studies follow the same processes illustrated in Figure 1.1.

Governing equations Variable types

) . Yes
Analytic solutions
No
Simulation over spectra Treatment strategy Characterization

Use-phase output

No
Convergence

Yes

Life cycle output
Statistical analysis & correction factors

Reduced parametric LCA model
Operation, climate, and location

Space-time-specific life cycle results

Figure 1.1 OverallProcesses for Parametric LCA



CHAPTER 2

MEDIUM -DUTY VEHICLE ELECTRI FICATION

2.1 Chapter Summary

Using a parametric modeling approathkyaluate economic and environmental
life cycle tradeoffs of mediumduty electric trucks in comparison with nine pelectric
technologies for model year 2015 in the U.8onventional internal comistion engine,
diesel hybrid electric, and idle reduction technologies with each powered by diesel,
biodiesel, or compressed natural gas (CNG). To develop a parametric life cycle
assessment modelmodify and integrate the ADVISOR and EPA MOVES models, ru
vehicle dynamic and emissions simulations, and construct a linear regrieasexh
prediction model using the simulation resultdevelop statdy-state hourly marginal
electric grid energy consumption, air emissions, and water use factors to assess th
impact of electric truck charging load on regional electric grids.

From the overall social life cycle cost standpoint, electric trucks for niche
application provide positive net social benefits in many areas of the U.S. However, in the
same niche applation, idle reduction technology for conventional diesel and biodiesel
trucks is also costompetitive in terms of overall social life cycle cost. For electric trucks
to definitely outperform other options in typical operating conditions beyond the niche
application, current electric truck capital costs must drop bly 30%; diesel fuel prices
must be in the range of 6i58.1 $/gallon; or carbon emissions reduction must be credited
by $300i $2,000 per metric ton of carbon dioxidelso find that elecit trucks can

increase water intensity by 200%.



2.2 Motivation

Todaybdés average U.S. automobiles are
1970s Davis & Diegel 201% In contrast, average fuel efficiency of current medium
duty trucks weighing 4.5 12 metric tons (10,00 26,000 pounds) is more or less the
same as that of four decades ago (BTS 20Thg new regulations for mediurand
heavyduty vehicles (Federd&egister 2015a) will increase fuel efficiency and reduce air
emissions in coming years. In terms of overall energy efficiency and reducing
environmental impacts of these trucks, alternative mediuty freight truck
technologies such as battery electrie€let al. 2013), hybridlectric (Bachmann et al.
2015), natural gas (Fan et al. 2015), and biodiesel can help.

A number of studies have identified the benefits and limitations of different
mediumduty truck (MDT) technologies (Nellums et al. 2003; Deleramd Karbowski
2010; Barnitt 2011; Burton et al. 2013a; Lee et al. 2013; Bachmann et al. 2015). What all
these studies indicat e -ffs. Forinstancettheer e ar e
advantage of the electrdrive technology is maximized in citype drive cycles (i.e.,
speeetime profiles or schedules), but the benefit diminishes in high speed driving
conditions that are typical for highway or lehgul operations (Lee et al., 2013). On the
other hand, what these previous MDT studies are lackittwgi prediction capability of
life cycle tradeoffs varying with input conditions. Whether electric or redactric MDT
life cycle assessment (LCA), most studies rely on average (Fan et al. 2015) or case
specific (Lee et al. 2013; Bachmann et al. 2015apa&ters, conditions, and assumptions.
It is hard to come by a study that systematically predicts and explains life cyclefisde
of different MDT technologies with changing input conditions as operationalized
variables. Heré develop and propose a paretric LCA for evaluating conditional trade
offs of MDT technologies, focusing on electric trucks.

Our parametric LCA extends conventional LCA and/or previous MDT life cycle

studies in that present LCA results with generic equations, whereas prevfeus/tle
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studies report point estimates, i.e., averages orspasafic results, oftentimes with

ranges. Parametric LCA provides four advantages. First, parametric LCA enables
systematic prediction of life cycle traaéfs and shows under which conditalectric

trucks provide the largest benefits. This can help identify strategic niche applications for
electric trucks and assign electric trucks for the most suitable operating conditions (e.g.,
routes) based on holistic information as to the benefddranleoffs over a range of
operating conditions. Second, parametric LCA reveals to what extent the benefits are
robust under numerous conditions and uncertainties. This information can help guide
future electric truck technology research, developmentdamonstration (RD&D) in

the long run. Electric trucks will ultimately have to compete with other truck technologies
for general freight transportation operations rather than just for limited or niche
applications (e.g., urban delivery). Asweep throul entire input ranges with a

parametric LCA approachcan identify necessary conditions for electric truck benefits

to be robust. Third, the parametric approach requires minimal input (e.g., total distance
traveled divided by travel time) to evaluateldycle results and thus alleviates the

burden of input and output data availability. Not all truck drivers, fleet operators, or
researchers have the capability of collecting, processing, and analyzing individual 1

Hz duty cycle (spee@dayloadgradetime profile) data and/or running complicated

vehicle dynamic and emissions simulations or collecting experimental measurements.
Fourth, the parametric LCA explains three things in a predictive manner: How overall
energy is consumeédvarying with input condions; why mediunduty (or heavyduty)

electric vehicles show different energy use patterns compared talighelectric

vehicles; and why this is not the case for+eterctric vehicles, that is, almost identical
pattern for lightduty and mediundutyve hi c |l e s . Explaining Ahowo
Awhyo (descriptive) as such wildl eventuall
life cycle research findings beyond the conditions assumed or tested. Furthermore,

compared to previous freight truck LCA steslthat focused on carbon footprint (Lee et



al., 2013; Bachmann et al., 201bprovide a more comprehensive environmental impact
assessment (i.e., water and air pollutants emissions) in a parametric manner.

The rationale for a parametric LCA approashhat vehicle energy use and air
emissions inherently depend on vehicle dynamics which are a function of drive cycle
characteristics (e.g., speed and acceleration), vehicle attributes (e.g., vehicle mass,
aerodynamic drag coefficient, etc.), roadway ctads (e.g., road grade), etc. For
example, although the exact degree or pattern of the impact can vary with technology, the
dependency on drive cycles is univeiisall being governed by the laws of physics. That
is, most of the time, more severe driyeles will increase energy consumption and
emissions, regardless of vehicle technologies. Numerous studies have shown that vehicle
energy use and emissions can be predicted and/or explained with drive cycle
characterization parameters. Examples includes@/agt al. (1983), Ross (1994), André
(2004), Clark et al. (2010), and etc. In other words, once drive cycles are parameterized,
vehicle operation performance such as energy consumption and emissions can be
represented and predicted as functions of dryategparameters. This logic pertains to
other input parameters as well. Hé@gply this concept to the economic and
environmental LCA of mediunduty freight truck technologies, incorporating the
following input conditions as predictors: drive cycles,igkhweight (or payload), road

grade, and ambient temperature.



2.3 Life Cycle Assessment Goal and Scope

The goal oimy life cycle assessment (LCA) is to compare medduty freight
truck technologies in terms of cost, energy efficiency, fresh water consumption, and air
emissions impacts (i.e., acidification, eutrophication, smog formation, global warming,
and monetized huam health and ecological damage). As shown in the system boundary
diagram in Figur@.1, my life cycle air emissions inventory includes greenhouse gases
(GHGsi CO, N2O, and CH), carbon monoxide (CO), ammonia (}Hnitrogen oxides
(NOXx), particulatematter (PM.s and PMy), sulfur dioxide (S@), and volatile organic
compounds (VOC). also account for Pk and PMo emissions from tire and brake
wear. Once these air emissions are talli@ssess their midpoint life cycle
environmental impacts climate change, acidification, eutrophication, smog formation,
and human health based on TRACI 2.1 (Bare et al. 2002; Bare 2011, 2012) and the 20
and 100year global warming potential (GWP) from the Fifth Assessment Report (AR5)

Life cycle inventory system boundary for

X . d N
trucks, refueling stations, and fuel supply Life Cycle Impact Assessment
:_ ____________________________ i Useful / N -
Energy 1> Materials Acquisition > Energy “"'9’[ Primary Energy Use ]
| \
— (—
1 i' | -----a»[ Fresh Water Consumption ]
|
Raw Material :» Processing/Refining >
aw Materials | ! Air Life Cycle Inventory -----i{ Climate Change ]
| | Emissions (Energy, Water, CO2, CH4,
) e Product Manufacture : N20, CO, NH3, NOx, S02, F--- a»[ Acidification ]
Air : | VOC, PM2.5, PM10, &
—l . .
| i Brake and Tire wear PM) === >[ Eutrophication ]
Ly Product Use > Water
I
Water E ! Consumption == a»[ Smog Formation ]
— —_—
1 - 1
™ End-of-Life (EOL} > —— s»[ Monetized Damage ]
I |
““““““““““““““““ \. o 4 \ ~ W,
1 1
Not Included: Roadway system, refueling station oo @---mmmms !
end-of-life, and Li-ion battery second-use | Parameterization - -------------——————- !
[ P |

Vehicle Dynamic & Emissions Simulation + Electricity Generation Model

@ Drive cycles e Payload ® Extreme (cold/hot) weather
o Road grade o Refueling pattern ® Li-ion battery degradation
o Fleet size o Idle reduction o Electric grid — average (attributional) and

marginal (consequential)

Figure 2.1. Framework and SysteBoundaryDiagram for MediurrDuty Truck
Parametric LCA



of the Intergovernmental Parmh Climate Change (IPCC 2013). As for life cycle water
consumption] presenimy result in gallons of fresh water used. For endpoint life cycle
impact assessmertuytilize APEEP model (Muller 2011) and evaluate monetized air
pollutants emissions damagest combined with social cost of carbon emissions (The
White House 2013). The target audiencengfLCA includes policy makers, the general
public, fleet managers, and LCA researchers. Our study aims to improve understanding

of both the promise and limiiahs of mediuraduty truck (MDT) electrification under

various operating conditions and in relation to competing truck technologies. The product

systems to be compared are 2015 Model Year (MY) mediuty trucks, specifically,

gross vehicle weight rating §&VR) class 6 (8.8 11.8 metric tons or 19,50126,000

Ib) goods movement trucks. Taldd summarizes the vehicle specifications. The
functional unit is the product of weight of freight moved (payload) and distance traveled
(i.e., tonkm). To comply withthis definition, wheneverpresent the results per distance
traveled for simplicity) provide the vehicle weight condition tested so thattpekm

results can be deriveticompare three different vehicle technologies such as internal
combustion engim (ICE), hybridelectric, and battery electric for four different fuel types
such as conventional diesel (or utoav sulfur diesel, ULSD), compressed natural gas
(CNG), biodiesel (BD), and electricity. Under the Renewable Fuel Standard (RFS),
conventionadiesel fuel in the U.S. currently contains approximately 3% of biodiesel by
vol ume, and up to 5% of biodiesel bl end
diesel without separate biodiesel labeling requirement at the purmy.dnalysis| refer
biodiesel to the petroleum diesel blended with 20% of soybaaad biodiesel biyel

volume (or B20). Most of the recent diesel engines and trucks are designed to handle
B20, but above that blend level, dedicated biodiesel engine and truck will belneede

which is not included imy analysis.
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2.4 Vehicle Production and Refueling Station

For vehicle and parts production and repairs for the truck technologies with
specifications in Tabl2.1, materialby-material energy use, water consumptiorg a
emissions factors from the GREET 2 model (ANL 2015) were applied to truck material
composition data (Gaines et al. 1998) modified to reflect more recent vehicular materials
composition (Davis & Diegel 2015). For tires and fluids (e.g., engine oilgniggion
oils, coolant, etc.), default values in the GREET 2 model were used with adjustments
based on the difference between lighty vehicles in GREET 2 and meditamty trucks
(e.g., the number of tires, tire size, engine displacement, frontal aight,vetc.).
Compressed natural gas (CNG) cylinders, two Typ&-inch cylinders (Freightliner
2014), are not specifically addressed in the GREET 2 model. For dsisiime a 560
share of aluminum (for a metal liner) and carbon fiber (for an overwmatgrials
(Luxfer 2013).l use EIOGLCA to analyze the energy efficiency, water use, and emissions
from the refueling stations construction and operation (CMU GDI 2008), based on the
parameters in Tab21 and the following section. Lee et al. (2013) uaeimilar
method, combining procedmsed and EIQLCA approaches, oftentimes called a hybrid
LCA.



Table 2.1. Modeled Truck Specifications

_— Diesel
Diesel |(3B'0Dd2'g§el or Biodiesel | CNG (H:Nb(?id Electric
Hybrid y
Model year 2015
Vehicle weight 6
class
Manufacturer Freightliner SEV
Gross vehicle . .
weight (ton) 11.8 (curb weight + payload capacity)
Overall size (m) 8.8 (length) x 2.2 (width) x 2.8 (height)
Curb weight (kg) 7700 7700 7980 7960 8240 6830
Payload cap. (kg) 4100 4100 3820 3840 3560 4970
Engine model & Cummins ISB 6.7L Cummins ISL G250 )
power (kW) (186 kw) (186 kW)
Aftertreatment Diesel Particulate Filter (DPF) and ThreeWay Catalyst )
system Selective Catalytic Reduction (SCR) (TWC)
Electric motor B ) 44 kW ) 44 kW 120 kW
power (kW) Induction Induction PMSM
6-speed 6-speed .
L 6-speed 6-speed b Single-gear
Transmission . Allison Eaton 4
Allison 2100 HS Eaton Fuller 2100 HS Fuller reduction
Traction batter 1.9 kWh 1.9 kWh 80 or 120
capacit (kWh)y - - (Hitachi Li- - (Hitachi Li- | kwWh (Li-
pactty ion) ion) ion)
Fuel tank Single aluminum tank 2 Type3 Cylinders )
(50 DGE, diesel gallon equivalent) (17 DGE)

. . . . AC Level 2
Refueling option Gas station CNG station 15KW
Refueling station 141,000 per truck for 10
cost ($) 9 - fleet; 43,000 petruck for 7,000

50 fleet

Tire (6 Michelin 215 75R17.5
pieces/truck)

. 150,000
Capital cost ($) 75,000 75,000 115,000 105,000 145,000

180,000

Sgétceif?:; %?)th( ) ) See Sii ) ) See Sl
($/kWh) Section 7 Section 7
Maintenance cost 0.2 0.2 0.16 0.22 0.22 0.14
($/mile)

Vehicle and parts specificationgréightliner 2014Kenworth 2014Eaton 2014SEV
2014; Allison Transmission 2015; Cummins 2015). Cost data souF@adey 2011;
Sankey et al. 201 Deal 2012 ATRI 2013 ANL 2013; Lee et al. 201%ibson and
Adamson 2013WVU 2014).
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2.5 Cost

| include purchase cost without incentives, maintenandeepairs cost, fuel
cost, and additional internal combustion engine (ICE) emissalated cost (e.g.,
aftertreatment fluid cost).also account for air emissions damage cost as mentioned
earlier. All monetary values are in constant 2015 dollars. Bsecprices for model year
2015 class 6 freight trucks are $75,000, $115,000, and $105,000 for diesel, hybrid, and
CNG models, respectively (Deal 2012; ANL 2013). The electric truck with an 80 kWh
battery costs $150,000 and the one with a 120 kWh battsty $280,000 (SEV 2014).
Maintenance and repair costs are $0.2/mile for diesel, 0.16 for hybrid, 0.22 for CNG, and
0.14 for electric (ANL 2013; ATRI 2013). For hybrid and electric trutkssume three

battery replacement s ime €hefirdreplacementWilldhd s oper

covered by manufacturer warranty and the remaining two will cost fleet operators. Future
battery price is expected to go down to $250/kWh by 2020 (Fairley 2011; Sankey et al.
2011; Gibson and Adamson 2013). CNG refueditagion costs about $141,000 per truck

for the fleet of 10 natural gas trucks and $43,000 for the fleet of 50 trucks (WVU 2014).
Electric vehicle supply equipment (EVSE) cost per truck is around $7,000 (Lee et al.
2013). For current fuel pricesuse stat-by-state monthly data (AAA 2015; EIA 2015a).

For future fuel prices evolutionsu s e EI A6s t hree fuel price
and low) for petroleum diesel, CNG, and electricity (EIA 2015b). It has been reported
that approximately two regeragions of a diesel particulate filter (DPF) are required per
week totaling a half an hour of down time and an additional 0.4 gallon of fuel used per
week (CARB 2008). Selective catalytic reduction (SCR) for NOx emission control
consumes urea with approxitely 3% of the diesel fuel gallon burnt, at a cost of

$4/gallon. A residual value is not includedny calculation, becausay previous study

(Lee et al. 2013) shows the residual value is not signifit@ssume vehicle lifetime as
560,000 km (or 350,@miles) (Huai et al., 2006) over a-g6ar time horizon (2016

2035).
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2.6 Fuel Supply and Electric Grid (Average & Marginal)

Upstream energy, water, and emissions factors associated with petroleum diesel,
soybearbased biodiesel, and natural gas fuel production, transmission, and distribution
were taken from the GREET 1 model (ANL 2015). GREET model assumes about 1% of
fugitive methane emissions for natural glaalso consider 5% emissions case, based on
the literature (Howarth et al. 2011; Schwietzke et al. 2014; Camuzeau et al.12015).
assume about 75% carbon uptake credit for soybaaad biodiesel production (Wang et
al. 2011).1 use GREET factors for power plant construction and operation as well as
power generation fuel supply. For-site energy consumption, water use, and air
emissions in power plantsu s e EPA CEMO&s h oGaralgmnenecwvita ( EP A
EPA NEldatabase (EPA 20&p This enables us to account for heterogeneity in energy
efficiency and air emissions of different power plants in different locations and times.
estimate water withdrawal and consumption factors for thesactric power plants
basedon EIA data (EIA 2015c) for 2018.aggregate individual boildevel data to
cooling systems and power plants, with differentiation by fuel type, prime mover, water
source type (e.g., surface, ground, fresh, saline, etc.), and cooling system typece.g.,
through, recirculating, dry, hybrid, etc.) for each state.

| model stateby-state hourly power generation with a simplified Idalchg
approachl take 8766hour power load profiles (FERC 2015) and fill with actual hourly
fossil fuel generation daf&PA 20%a) and renewable power generation (NREL 2015;

EIA 2015c).l then convert these generation results to consumptsed hourly
electricity mix, based on the methodology proposed by Marriott and Matthews (2005)

and interstate electricity trade da{EIA 2015c), as follows:

B " ROk
o fifD R 2.1)

R R
B Ak

i (2.2)
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whereO . andO . are energy use, water intensity, and air emissions factors for

thei -th state andRth hour for power generation and consumption, respectively;
andOy , are power generation aredergy use, water intensity, and air emissions for the

i -th state;Qth hour, andGth fuel type;d . andd . are the export to tHéth state {( )

R
and the import from th&h state i( ) in the"Qth hour; and) ;, 0 j, and0  are the
total number of fuel types, exporters, and importers for ithestate, respectively.
Although the equations Eg(2.1) and R.2) are used for stadevel results, whenever
possible] aggregate the input data based on individual boiledtfoagenerators.
Based on the same data sources and-Bikrans et al . 6s Imet hodol
estimate hourly marginal electric grid efficiency, air emissions, and water consumption
(see Figure.2 for example). This information constitutes averageraacjinal 8760
hour power consumption characteristics for 2014. For future ylaass, statdy-state
carbon emissions reduction goals in the clean power plan (CPP) (Federal Register
2015b). For this assessmentijvide all power generating units intarée separate
groups: zero emitting units (ZEU), U.S. Clean Power Plan (CPP) target units (CPPTU),

and norRCPPTU.I estimate carbon emissions factors for 2030 as follows:

6 00 j —h (2.3)

600 j -0 BOO 2Jp | O 3 0"0 (2.4)

ro—t (2.5)
h

00y, 0"0 00 | 00 (2.6)

whered 0 . s total (direct and osite) carbon dioxide emissions (kipis total

power generation (kWhf OO ; andd ‘OO j are overall carbon emission
factors for 2014 and 203 , 'O ,0 00 ,andd OO are
power generation and carbon emissions factors for CPPTU an€RBMU; is the

CPP carbon emissions reduction targ2iQ; is life cycle energy use and emissions

13



Nuclear I Biomass Wind 2 000

Solar = Coal W Hydro
NG Petroleum 0 Other ACO, = 0.553xAMWh
1,500 R?:0.95

-3,000 -2,000 1,000 2,000 3,000

Change in CO, Emissions (metric ton)

Power Consumption (GW)
for a Typical Winter Day in New York

-1,500

-2,000
Change in Fossil Fuel Generation (MWh)

OHNMTIN ORNONOANMTNWMNWND O =N M
i B B B B B B B B B A oV AN o I )

Hour of Day

@ Coal NG Petroleum 06 0.6

0.5 === Average Carbon Intensity (kg/kWh)
Marginal Water Intensity (gal/kWh)
m— Average Water Intensity (gal/kWh)

o
wn

(=2} ~
o =]
° °
& 3

0.4

30%

CO, Emissions Rates (kg/kWh)
for a Typical Winter Day in New York
o
'S

03

0/

Fresh Water Consumption (gal/kWh)

Share of Marginal Fossil Fuels (%)
v
o
B3

N
o
&

10%

0% 0.2 0.2

2 3 5 6 7 8 9 10 11 12 13 OHNMINONEOZANMIINGNRRQ AN

Total Fossil Fuel Generation (GW) Hour of Day

Figure 2.2 Example of burly average and marginal emissions rates for the state
New York in winter in 2014. Power consumption fuel mix (top left); Marginal carb
dioxide emissions based on 87&0ur (a whole year) marginal power consumption
(top right); Relationship betweenarginal fossil fuel mix and total fossil fuel
generation as a proxy of overall power demand (bottom left); Comparison betwer
site (not life cycle) average and marginal hourly carbon dioxide emissions and fre
water consumption (bottom right).

factorsfor 2030;0"0 ,' 00O, andO"O are energy use and emissions factors for 2014
infrastructure, fuel supply, and generation (orsite), respectively. Note that' O O is

zero and thus not included in E&.4) and that the CPP dam emissions reduction only
applies to direct (or esite) emissions in Eq2(). Given the complexity of water

consumption for power generation, carbon emissions reduction may not be directly

14



related to water use reduction. For simplicity, howelvapply the same method above

for water consumption for future yearso po
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2.7 Vehicle Dynamic Simulation and Integration with VSP-based
Emissions Model

For vehicle operation energy consumptibnse ADVISOR [magineMade,
2014), a vehicle dynamic simulator. Compared to a simpler tractive ebasgy
modeling approach (Davis and Figliozzi, 2013; LaClair 2012), the vehicle dynamic
simulation software accounts for rinear behavior of vehicle components (empn
constant efficiency of internal combustion engine, traction battery, etc.). Also, the vehicle
dynamic simulator is helpful for reducing potential biases (i.e.,@rarmnder
estimation), as the software accounts for physical limits of vehicle pericen{a.g., top
speed, maximum payload, drive cycle traceability, etc.). U.S. EPA specifically sets
allowable range of traceability (following requested vehicle speed) (40 CFR part 1066).
Based on this requirementjlter simulation results and use onhoise that pass the
traceability test.

For the taipipe emissions analysisutilize MOVES (EPA, 2014a), a modal
emissions model based on emissions data stratification by statistical or deductive
definition of vehicle operating modes. MOVES is built uplo@ concept of vehicle
specific power (VSP), the instantaneous tractive power per unit mass of the vehicle,
proposed by Jimenez (1999). VSP is oftentimes called scaled tractive power (STP).
MOVES has numerous disadvantages and issues. Examples inclkudéttansparency
of input data, mismatch with rewlorld vehicle test results, time lag in data collection
and implementation for more recent model years, no consideration of variations in
vehicle specifications or physical capacity (e.g., traceabitty), etc. For CNG vehicles,
MOVES provides emissions factors only for transit bustske the ratios between the
emissions factors for diesel and CNG buses and apply them to diesel trucks and get CNG
truck factors. Before doing so, as shown in Figug| adjust CNG bus emissions

factorsbased on vehicle test data (Yoon et al. 2013; WVU 2014) to reflect recent
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Figure 2.3. Adjustment factorfor MOVES2014based ta#pipe emissions rates for
CNG mediumduty truck. Two sets of vehicle test data (Yoomale2013; WVU 2014)
for EPA HeavyDuty Urban Dynamormter Driving Schedule (HWDDS) were used
for reference (average of the two data sets). All test vehicles were equipped with
stoichiometric engine and TWC aftertreatment systemM&@YES2010erroneous
data and bugs (e.g., zero VOC rates), see EPA materials (2012a, 2012b).

advances in CNG vehicles such as stoichiometric engine equipped witlweyee
catalyst (TWC) system. MOVES also provides no emissions factors for hybrid vehicles.

For hybrid and idleeduction technologie$ build my own mapbased emissions

17



modeling approach based on ADVISOR internal combustion engine model and MOVES
emissions factors for conventional vehicles. More detailed description is provided in
Appendix A Figure2.4 shows amexample oimy integrated vehicle dynamic and

emissions simulations based on ADVISOR and MOVES. Following the hglealric

vehicle test guidelines proposed by Wayne et al. (2004) and to minimizé riialse

sure that the final state of charge (SOChatdénd of each drive cycle (e.g., 62.5% in

Figure2.4) is the same as the initial SOC at the beginning of the drive cycle.
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2.8 Life-Cycle Inventory Parameterization

To identify the underlying relationship between input parameters (e.g., vehicle
operation conditions) and output results (e.g., energy consumptron)simulations
(see Figure.4 for example) thousands of times with different input conditions for each
technology and construct a sample space upon Witiah develop a statistical
relationship between input and output variablese hundreds of drive cycles collected
from publicly-available sourcesthe ARTEMIS project (ARTEMIS 2006), the NGSIM
program (FHWA 2004), ADVISOR (ImagineMade 2014), MOVES (EPA 2)1and
TSDC (NREL 20%4). Part of the results is shown in Figx8, where each data point
represents an aggregated result of an individual simulation (for example, Z&jure
Although not all of the drive cycles collected are meduluty truckspecific and only
some of then are realorld, they are still useful to build the spectra of possible driving
conditions (Duran and Walkowicz 2013). Note thdistinguish drive cycle and duty
cycle: Drive cycle is a spedine profile, whereas duty cycle refers to time profile of
speed as well as vehicle weight and/or road grade. Drive cycles can be characterized by
parameters such as average trip/cycle speed, average driving speed, number of stops,
maximum speed, positive kinetic energy (PKE), product of speed and acceleration,
vehicle specific power (VSP), kinetic intensity (KI), aerodynamic speed, characteristic
acceleration, and etc. (Watson et al. 1983; EPA 1993; Jimenez 1999; EPA 2003; O'Keefe
et al. 2007; Lascurain 2008; Lascurain et al. 2012; Burton et al. 2013a, 2013by. Energ
consumption and emissions can be similar for completely different drive cycles, if they
share common characteristics (O'Keefe et al. 2007; Lascurain 2008; Clark et al. 2010;
Lascurain et al. 2012; Burton et al. 2013a; LaClair et al. 2014). These Suppstmy
parametric approach for the prediction of energy use and emissions based on statistical
parameterization of input conditions. Fig@.6 shows that on an operationly (not full

life cycle basis), electric vehicles use less energy than die€¥NIG vehicles. This is not
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surprising, considering the relatiefficiency advantage of electrdrive systems
(converting 60% of the electric energy from the grid to useful work) over the internal
combustion engine (about 20%) (DOE, 2014). Also, electric trucks emit fgail
GHGs.

Among the numerous duty cycle characterization paramételispse average
trip speed, positive kinetic energy, vehicle weight, payload, ambient temperature, and
road grade. As shown in Figu2es, average trip speed has a close relationship with
energy onsumption of notelectric trucks. Howevet,find that average trip speed or
positive kinetic energy (or PKE) (Watson et al. 1983) are not very effective in explaining
the variability of el 2&.fThenefore] modidythke sodepte ner gy
of PKE and define weighted PKE (WPKE), as follows:

w0002 fored & 2.7)

whered andw are vehicle weight and speed for & moment (second) of totaime

duration (Y of the given trip. The newdgefined WPKE can account for mediuand

heawwyduty vehiclesd dominant kinetic energy i
wells as a mass change over the freight delivery route.

Although average trip/cyelspeed does not have a universal effect as such, other
variables do. For example, regardless of vehicle technologies, more hilly roads and/or
more extreme climate conditions will universally lead to increased energy use with
different degrees of impactgsitivities) that vary with different vehicle technologies. As
shown in Figure.7, based on the vehicle dynamic simulatiotevelop scaling factors
as a function of road grade for each of the technologies to avoid the biases of averages
and extremes. €garding recoverable energy for electric trucks during downhill driving,
there are three aspects to note: First, the recoverable energy level depends on the initial
state of charge of traction battery. If the battery is fully charged (hypothetically), no

regenerative braking energy can be saved. Second, because of the second law of
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Figure 2.5. Use phase energy consumption andggie greenhouse gas emissions fo
mediumduty freight trucki moving a ton of payload per unit distance. Energy use f
theelectric truck refers to the input (purchased) utility AC electricity to Level 2 EV<
that is, energy consumed by the external chaf@¥z 20YR and 100YR refer to the
time horizon of the global warming potenti@hil-pipe GHG emissions from the
electic vehicle are not shown; see Fig2:&0 for life cycle emissions results.

thermodynamics, recovered energy in downhill driving is always smaller than total
braking energy consumed on the wheels. Third, despite the limitations of recoverable
energy andrreversibility as such, even without regenerative braking, downhill driving

requires less overall traction energy than that for igvelind or uphill driving, owing to
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Figure 2.6. Relationship between energy use for electric truck operatiokiaechatic
(i.e., average trip speed and PKE) and kinetic (e.g., WPKE) variables.

the gravitational acceleration effect, as is the samefoenbre ct r i ¢ t r wec k s .

see asymmetric patterns in Figa@.

| develop similar scaling factors for clate condition impact (Figur8), using
the electric vehicle teslata as well as EPA MOVES and IBIS models (ANL 2014; EPA
2014a; WVU 2014). This type of correction factors can also be found in sensitivity
analyses see Noel and Wayson (2012) for examplese countyby-county hourly
climate condition profiles and integrate them with the scaling factors, as shown in the
example in Figur@.8. Cold or hot climates increase energy consumption for both diesel
and electric trucks, but neglectric trucks exibit a different pattern from their electric

counterpart. Notelectric trucks consume more energy forainditioning and removing

the waste heat while overcoming the hot ambient temperature. In winter time, the energy

consumption becomes lower, owingth@ waste heat of the engine available for cabin
heating, but can increase again as the climate condition becoone®xtreme.

However, climate condition does not always explain the overall impact, because of the
confounding effect of fuel prices, specdily due to monthly fuel prices variations. As

illustrated in Figure.8, diesel fuel prices decreased from 2014 to 2015, while CNG

prices were relatively steady, and shows a direct relationship with seasonal temperature

variations. Electricity tends tcelmore expensive in summer than in winter. Therefore, in
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Los Angeles, with a mild wietr, higher summer electricity prices have larger impact than
climate conditions, leading to higher fueling cost in summer than in winter. This is not
the case for New York area, where a cold winter results in higher fuel costs during the

winter time evenftough there are higher electricity rates during summer.
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Based on the parameterization discussed above along with vehicle dynamic and
simulation results, develop the following generic life cycle inventory prediction models,

written as the product of powser

» Agp B Ag®d B & B Aob (2.8)
wherebs are |ife cycle results (e.g., energy
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Figure 2.8 Impact of local climate condition and seasalattricity prices variation.
Scaling factor function for temperature variation (top left); Average hourly temper
profiles for 12 months in two select metropolitan aieB®w York and Los Angeles
(top right); Fuel cost with both temperature (6 a®pm average) effect and monthly
fuel prices variations accounted for (bottom left); Annual fuel cost differential rela
to conventional diesel trucks (bottom right).
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etc);dds are independent variables (ar predic
WPKE, etc.);and6s are the multiple |Iinear regress
the ordinary least squares method. On top of these generic models, scaling factors for

road grade and climate condition can be multiplied. Due to data availabapp]y

countyby-county hourly climate profiles without road grade, but the scaling faktors

developed can be used when the lig$oluton road grade data coupled with drive

cycles become available. Using the generic models inZR), the complicated vehicle

dynamic and emissions simulations do not need to be run. Instead, one can simply plug

the characterization values into EB.8). For this calculationl, utilize the National
Renewabl e Energy Laboratoryds Fl eet DNA pr
1,520 samples of mediuduty truck activity records across the U.S (Fig28. The

data are based on vehicle routes and dutleasharacterization parameters, which

matches th@arametric modeling frameworkalso incorporate EPA SmartWay data
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Figure 2.9. Probability density for statistical operating condition @dimm-duty freight
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(EPA 201%) for statistical distribution of vehicle weight and readrld electric truck

charging profiles (Duran et al. 2014).
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2.9 Parametric Prediction of Life Cycle Inventory and Impact
Assessment Results

Figure2.10 shows the life cycle inventory results for vehicle and parts production.
Despite the lighter curb weight and lack of diesel engine, bulky 1spited tansmission,
and aftertreatment systems, the electric truck is generally worse than the other
technologies, mostly because of the secondary (or traction) battery packs. This contrasts
with the operatiodevelonly comparison, in which the electric trucktperforms the
other competing technologies in terms of energy use per unit distance traveled (Figure
2.5).

For electric trucks, neither operational nor life cycle energy show a strong
dependency on average trip speed, unlikeelentric trucks. This disictly different
pattern between electric and relectric trucks is not observed in ligthtity vehicles
(Figure2.11). To explain this difference, based on the vehicle dynamic simulations of
light- and mediunduty vehicles] break down life cycle energyonsumption into
individual components (Figuiz11). Note that the modeled lighuty vehicle is based
on the Toyota Corolla and that the electric dnicsed for the results shown in Figxé1
is based on the U.S. national average for illustrationotleeall relationship is also seen
in other cased.find two factors are in play. First, as shown in FigRdel, for both light
and mediunduty nonelectric vehicles, the energy associated with the internal
combustion engine dominates overall life cyeteergy consumption, which varies with
average trip speed. Second, among the operbtiah energy use components, useful
work accounts for the largest portion for electric trucks, which varies with positive
kinetic energy (not average trip speédeeAppendix A In contrast, other energy use
components including aerodynamic drag and electric motors are more dominant than
useful work for lightduty electric vehicles, which all vary with average trip speed. For

these reasons, both ligland mediunduty ron-electric vehicles show a changing pattern
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directly related to average trip speed, which also is seen fordigitelectric vehicles.

However, this is not the case for medtdity electric vehicles for which the changing
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Figure 2.10 Mediumduty freight truck and parts production inventory (per truck a
for truck lifetime) in percetage with the diesel truck as reference (100%). Detailec
data are provided in Appendix A.
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pattern of life cycle results depend on positive kinetic energy rather teasgawrip
speed. In Figur@.11, note that because of the differences in top speed of digtht
mediumduty vehicles as well as electric and radactric trucks, the horizontal axes are
different.

As discussed earlier, both life cycle inventory and iohpasessment results can
be evaluated with a parametric modeling approach. Tabland Table.3 show linear
regressiorbased parametric models for life cycle energy use and greenhouse gas
emissions, respectively. For electric trudksnly show the tw select U.S. states for
simplicity, for minimum and maximum cases as of 2015 in the U.S. These predictive
models explain 91 to 98% of the variability of life cycle results. Parameters for other life
cycle results can be found in tAppendix A Figure2.12 is a graphical illustration of the
predictive models in the average trip speed domain, folldeadfed vehicle weight
condition (see Tabl2.1 for payload and vehicle weight information). Because of the lack
of dependency of electric trucks on averagedpeed) show constant values for electric
trucks as references, based on the average PKE value from the Fleet DNA project
(Walkowicz et al. 2014). The minimum for electric trucks is for the daytime charging
case for the state with the least valuedach impact category, whereas maximum refers
to the nighttime charging case for the state with the largest values.

As shown in Figur@.12, CNG trucks show the highest life cycle energy
consumption across the board. Although CNG trucks have lowgipaillGHG
emissions than their diesel counterpart, CNG trucks emit more GHGs for fuel-supply
chain, vehicle and parts production, and infrastructure installation, which leads to very
similar overall GHG emissions to that of diesel trucks in the case of 1%véugiethane
emissions. However, in the 5% fugitive methane emissions case, CNG trucks, whether
conventional or hybrid, are the most carbotensive technologies in terms of both 100
and 20year global warming potential impacts. Other than smog (grtevel ozone)

formation impact, CNG trucks do not provide life cycle benefits over diesel trucks. The
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Figure 2.11. Parametric structure of life cycle energy consumption and its variatio

with different technologies (i.e., internal combustion engindatery electric) and

different vehicle weight classes and/or types (i.e.,ddiity passenger cars vs.
mediumduty freight trucks).

20% biodiesel option (BD20) is the most waitgtiensive and electric trucks generally

consume more (fresh) water than diesr CNG trucks. Other than water use impact,

el

ectr

c truckos

overall

l'i fe cycle

envi

than those of diesel trucks. Electric and hybrid (diesel and biodiesel) trucks are the most

efficient and least GH&@mitting in general. As Lee et al. (2013) showed, the more
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severe the drive cycle is (Figu2®), the higher the advantage of electrification becomes.
The same tendency can be found for idle reduction technologies. At lower average trip
speed conditionshe reduction potential is higher for life cycle energy use, air emissions,
and water consumption impacts. For average trip (or drive cycle) speed and statistics
(e.g., average trip speed and positive kinetic energy), pleagepeadix A

| pick two extrene cases, the most and least severe operating conditions in Figure
2.10, and show statey-state results in Figur213. Here the most severe condition refers
to the 9% percentile of average trip speed afftp®recentile of WPKE in Figurg.10, and
the keast refers to the combination of sevefeBd 9% percentiles of average trip speed
and WPKE, respectively. The operating condition severity is directly related to the
overall energy intensity. As opposed to the constant values in REdienow ad
account for WPKE in addition to average trip spédtve more accurate life cycle
results for electric trucks, as shown in Tal##i&sand2.3. | present only conventional
diesel and diesglowered hybrid trucks as reference technologies to compare with
electric trucks, because CNG and other (etattric) truck technologies emit similar or
higher GHGs, although CNG shows slightly lower life cycle watensity (Figure
2.12). Biodiesel (B20) trucks consume far more water than the other technologiee (Fig
2.12). In most of the states, whether the most or least severe conditions, electric trucks
provide GHG emissions reduction benefits, although electric trucks almost always
consume more fresh water than digselvered technologies over the life cycle.
Consideing the results in Figur2 13 are based on marginal nighttime electric grid,
which tends to have higher carbmensity than average or daytime electric grican
say that the GHG emissions reduction benefits are robust.

Another thing to note in Fige 2.13 is the complexity of carbewaterintensity
of thermaelectric power generation and resulting tradis of electric trucks. Simply

put, the state emitting the least amount of GHGs is not necessarily the place where water
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Table 2.2. Life cycle nventory (LCI) prediction model for energy consumptiosee

Appendix A for other life cycle inventory and impact prediction models.

Dependent variableY, Life cycle energy use (MJ/km) per truck

log(?) =fo + 30"119 + B,WPKE + ﬁ3l7trip + 34‘7m'p_1 + Bs IOg(Vtr p) + gévtripz
Predictors Conventional ICE Hybrid Electric Battery Electric
Diesel | BD20 | CNG | Diesel | BD20 [ CNG CA | cT
Coefficients; and tstatistic (in parenthesis)

N 2.33 2.38 3.52 1.671 1.72 3.29 1.548 1.84

Fo (117.6) (119.3) (61.9) (170.4) (173.6) (82.9) (193) (209)

A 1.33x10 | 1.35x1C | 1.28x1® | 1.79x1® 1.8x1% | 3.64x1® | 3.06x1®| 3.31x1%

b1 (12.9) (12.9) (12.6) (10.8) (10.8) (17.03) (31.1) (30.7)

S 0.1188 0.1194 0.108 0.153 0.154 0.122 0.192 0.208

b2 (66.3) (66.1) (58.2) (55.1) (55) (34.6) (66.9) (66.2)

F -1.59x1® | -1.61x1C?

3

(-21.8) (-21.8)

S 3.27 3.27 1.74 3.91 3.94

ba (30.3) (30.1) (10.1) (38.7) (38.6)

N -0.396 -0.397

Bs (-25.3) (-34.1)

N 1.57x10* 1.58x16* 7.09x10P 3.73x10P 3.75x10P 9.31x10P 7.66x10P 8.34x10P

Bs (21.6) (21.5) (22.6) (13.38) (13.31) (22.5) (28.6) (28.5)
Adj. R 0.97 0.97 0.98 0.94 0.94 0.91 0.94 0.94
Fstat. 5485 5446 6416 2465 2452 1684 2348 2296
Nyps 725 725 680 624 624 645 489 489

m: total vehicle weight (metric ton) = sum of curb weight (metric ton) and payload,,

(metric ton),Vm-p: average trip speed (km/hour) = total distance traveled divided by total trig
time taken,WPKE: (m - PKE) weighted positive kinetic energiof-meter/sec), andN,,,: the
number of observations (or samples).

For battery electric, | here show the results for two select cgsesimum (daytime charging in|
California (CA) and nighttime charging in Connecticut (CT), based on consubgstésh
marginal electric grid. Other states fall between the two (minimum and maximum).

On top of this generic prediction equation, correction factors may be applied (multiplied) fo
road grade (Figure 2.7) and/or temperature (Figure 2.8).

intensity
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depending on cooling system &/pnd water source type, fresh water consumption can

vary widely. For example, plant Vogtle in Georgia draws fresh water from the Savannah

River for its recirculating cooling system, consuming 0.8 gallons of fresh water per kWh
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Table 2.3 Life cycle inventory (LCI) prediction model for greenhouse gas emissi
(with 100-year horizon) seeAppendix Afor other life cycle inventory and impact
prediction models.

Dependent variable?, Life cycle GHA00YR emissions (gram/km) per trud
IOg(?) = ﬁo + ﬁlmp + ﬁZWPKE + .8A3Vtrip + ﬁ4th’p_1 + ﬂAS lOg(Vrip) + BAGVtripz

Predictors Conventional ICE Hybrid Electric Battery Electric
Diesel | BD20 [ CNG | Diesel | BD20 [ CNG VT | ND
Coefficients’; and tstatistic (in parenthesis)
S 6.68 6.67 7.81 6 6 7.44 4.87 6.205
Fo (334) (333)|  (151.5) (605) (604) (192) (4215) (683)
R 1.35x167 | 1.35x10? | 1.28x1®? | 1.81x1® 1.8x10? | 3.55x1®? 4.6x10° 3.4x107
b1 (12.9) (12.9) (13.9) (10.8) (10.8)] (17.01) (32.5) (30.5)
S 0.1194 0.119 0.0997 0.154 0.154| 0.1197 0.0282 0.213
P2 (65.9) (65.9) (59.2) (55) (55) (34.8) (68.6) (66)
F -1.62x1@ | -1.62x1¢?
3
(-21.9) (-21.9)
A 3.28 3.28 1.623 3.94 3.94
Ba (30.1) (30) (10.4) (38.6) (38.6)
A -4.09 -0.379
Bs (-28.9) (-:33.3)
R 1.59x16" | 1.59x16* | 6.28x1C° | 3.75x1%F | 3.75x16° | 8.84x1C° | 1.08x1%° | 8.58x16°
Ps (21.6) (21.6) (22.1) (13.3) (13.3) (21.9) (28.1)|  (28.45)
Adj. R 0.97 0.97 0.98 0.94 0.94 0.91 0.94 0.93
Fstat. 5455 5462 7854 2450 2452 1668 2506 2278
Nyps 725 725 680 624 624 645 489 489

m: total vehicle weight (metric ton) = sum of curb weigiyt (metric ton) and payloach,,
(metric ton),V,,,: average trip speed (km/hour) = total distance traveled divided by tof
trip time taken,WPKE: (m - PKE) weighted positive kinetic energfoq-meter/sec®), and
N,ps: the number of observations (or samples).

For battery electric, | here show the results for two select cgsamimum (daytime
charging in Vermont (VT) and nighttime charging in North Dakota (ND), based on
consumptionbased marginal electric grid. Other states fall between the two (minimum
maximum).

On top of this generic prediction equation, correction factors may be applied (multiplig
for road grade (Figur@.7) and/or temperature (Figur@.8).

of electricity generated. Plant St. Lucie in Florida is also a nuclear power plant, but it
draws saline water from the Atlantic Ocean for its etiweugh cooling system,

consuming 0 gallons of fresh water. In other words, despite its lower eatieosity
advantage, nuclear power plants can add to regional water stress. In contrast, coal power
plants certainly emit direct greenhouse gas emissions, but there are wide variations of

waterintensity. For example, the coal power plant Bowen in Georgia draws fresh water

34



from the Etowah River for its four recirculating cooling systems, consuming Oohgal
of fresh water on average per kWh of electricity generated. However, the coal power
plant C R Huntley in New York draws fresh water from Niagara River for its-once
through cooling system, with substantially lower fresh water consumption.

| estimate bth direct (or total cost of ownership, TCO) and indirect cost (i.e.,
monetized air emissions damage), based on the cost data discussed earlier and predictive
life cycle inventory models presented abdveok at three cases in the average trip
speed and IRE domain in Figur@.107 the most severe, average, and the least severe
conditions. As mentioned above, the most severe condition favors electric trucks, which
confirms Lee et al.o6s (2013) finditakgs. For

the following method:

YO 6:6 YO § B A RRD R (2.9)

where"Y0 0yGand”YO  refer to social life cycle cost (SLCC) and total cost of
ownership (TCO) (see Lee et al. 2013) for dkth technology irtsth county in the
continental U.S., respectivelj)y6 §ando ‘G, are social cost of carbon (SCC) and

carbon emission<OE) for the'@h year and-th technology, respectively;, O Oy and

® 0 ‘€, are air emissions damage cost (AEDC) and air pollutants emissions (APE) for
the"Gh year and-th technology irtsth county, respectively; aridis discountate for

the time value of money find that electric trucks are not cesffective in both average

and least severe operating conditions and that conventional diesel is the most cost
effective across the country, mostly owing to the low diesel fuetpias of 2015. In
Figure2.14,1 show only the results for the most severe condition, based on Monte Carlo
simulations with a range of cost parameters fggeendix A). The results are based on
nighttime charging and marginal electric grid. The overalt (8sCC) difference

between average and marginal electric grid cases, mostly owing to air emissions damage

differential, ranges from 1. 5%. Based on th&¥0 0501 pick the most costffective
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truck technology in each county.llexclude idle redun option, the truck technology
choice is biodiesel (B20) hybrid or battery electric. Even under the current low diesel fuel
price condition, for niche application, battery electric trucks provide positive net social
benefits in many areas. Onkmclude the idle reduction option, however, 33% of the
counties that favored electric trucks and 100% of the counties that favored B20 hybrid
trucks will now favor idle reduction as the most eeffective technology, which shows

the disruptive effect of idle deiction technology. This finding is in part due to the

operating condition tested (the most severe) for which idle reduction can have the largest
benefit (see Figur.12). For average and least severe operating conditions, biodiesel
(B20, without idle redction) and B20 hybrid provides the largest net social benefit,

respectively.
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Figure 2.13. Life cycle greenhouse gas (GWP100) emissions and fresh water consump
comparison between electric (marginal electric grid and nighttime charging) and two se
nonelectric (conventional diesel and hybetectric diesel) technologiésfor the least sever
operating condition (top) and for the most severe (bottom), based on the Fleet DNA tru
operation statistics (see Fig. 2.10).
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Figure 2.14. Spatial analysis of 2015 social life cycle cost (sum of total cost ohipeaad
monetized life cycle air emissions impacts) for most severe truck operating co(skon
Figure2.10)7 the best application (or sweet spot) for electric triickgcluding (top) and
including (bottom) the idle reduction option, based on MontdoGamulation using real
world truck activity data.
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2.10 Necessary Conditions for Robust Benefits from Truck
Electrification

The future is hard to predict. Nevertheless, successful medliyriruck
electrification requires electricucks to be able to compete ces$tectively in major
freight truck applications (e.g., typical or average operating conditions) beyond the niche
market (e.g., the most severe operating conditions). Relying on Monte Carlo simulations
based on the cost dgsis and the predictive LCA models abovsweep through entire
domain of average trip speed and WPKE in Figut® and identify which conditions are
necessary for electric trucks to become -@#ctive. In doing sd, simultaneously vary
key input cat parameters (e.g., capital cost, fuel prices, etc.). Testing the entire spectrum
of operating condition characteristics as such is possible mainly because of the
functionality of the parametric LCA approach with whiotan see not only the tradéfs
but also the robustness of competing technologies over the entire range of input variables.
Furthermore, without detailed duty cycle datg, model enables the estimation of life
cycle results with only a few variables of publigyailable truck operatingatistics
(e.g., NREL Fleet DNA project and EPA SmartWay). For simpli¢itdefine a niche
application (for electric trucks) as th# percentile in the costffectiveness probability
domain between electric and nelectric technologies. Major market or application
refers to 58 percentile in the same domalrexclude higher percentile cases, because
my analysis indicates that it i€y unlikely that electric trucks can compete against non
electric trucks in those conditions (e.g., ldmaul and/or highway).

Figure2.15 shows necessary conditions for electric trucks to beetfesttive and
the advantage to be robust against B20 wiiih reduction and conventional internal
combustion engine technologies. Note that B20 with idle reduction is the second most

costeffective technology next to battery electric in niche application (Figas.
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Figure 2.15. Necessary conditions fetectrifying mediumduty freight trucks to be
costeffective, and for the advantage to be robust for a niche and major market
penetration: (ajnaximum electric truck capital cogb) minimum diesel fuel price;
(c) minimum carbon price; (d) minimum paylkaone. Missing values in (c) indicate
that electric trucks are cesffective even without giving credits with social cost
carbon. The analysis is based on Monte Carlo simulation using the parametric lif
cycle model, hourly temperature profiles, hourlgirginal electricity consumption
characteristics, statistical distribution of operating conditions (Figure 2.10).
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Conventional internal combustion engine trucks powered by biodiesel (B20) is the most
costeffective technology in average operating condgidviore than 90% of the counties
favor B20 in terms of social life cycle cost. Fig@x&5 shows that maximum capital cost

of electric trucks ranges from $170,000 to $180,000 for niche market and from $105,000
to $130,000 for major market. This confirmatlelectric trucks are cesbmpetitive and
robust for niche market, even under 2015 electric truck prices ($15081@0,000 for

the largest and heaviest modedee Tabl.1). However, to penetrate major market,
electric truck capital costs must faly about half or 30% at least, varying by region. In
terms of fuel prices, it is required that 26A@30 average diesel fuel prices are in the

range of 2 2.5 $/gallon for the costffectiveness of electric trucks to be robust in the
niche market applicetn. This required range is lower than the 2015 average price in all
the states, which means current low diesel fuel prices do not negate teffexisieness

of electrification in niche applications. However, more drastic conditions are needed for
majormarket application robustness, that is,6&1 $/gallon. This result implies that
within reasonably expected diesel fuel pri
effectiveness is not robust in terms of the major market adoption potential. Accarding
the result of minimum required social cost of carbon (SCC), carbon emissions reduction
benefit of electric trucks does not sufficiently compensate the lack eéffestiveness

either in niche or major market. To be robust in the major truck marketggiredits to
carbon emissions reduction for electric trucks, the SCC must be higher thaih 2800
$/metric ton of CQ which is significantly higher than the typicaliged SCC of $30

60. Although not shown, accordingruy calculations, the maxiom discount rate

required ranges from 14% to 19% for the niche market, which is similar to or higher than
the range of 5% 15% that is typically used. This finding means that the-cost
effectiveness of electric trucks in the niche market is robust. Thistene positive

discount rate solutions for major market application, confirming that electric trucks are

less likely to be costffective in that application. This result can be inferred by the fact
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that the necessary maximum capital cost for major né@Fkgure2.1571 a) is below the

normal range for an electrictruck (3018 . 18 mi | I i on dol Il ars). Th
robustness in coffectiveness for niche application is conditional on the expected

payback time ranging from 1120 years. If the esired payback time is less than 10

years, it is very unlikely that an electric trucks can be-costpetitive in comparison

with nonelectric trucks. Lastly, given the wide range of variability of necessary

conditions between regionsy analysis shows Ht policy incentives to promote electric

trucks could be regieapecific. For example, if electric trucks are to be adopted for a

major market application in Massachusetts, about $40,@70,000 incentives or tax

credits for electric truck purchases nm@y/needed to compensate the expensive upfront

capital cost, whereas $20,00850,000 will be needed in California.
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CHAPTER 3

HEAVY -DUTY VEHICLE ELECTRI FICATION

3.1 Chapter Summary

Variability and data gaps are among the continuing challenges for life cycle
assessment (LCA). The economic and environmental life cycle performance of an
industrial product or its use are inherently functions of the variables and parameters
associated wit product attributes, use profiles, and external environmental
characteristics. Therefore, much of the variations of LCA results can be explained and/or
predicted by modeling over the ranges of input values or by using functional forms. This
is different fom uncertainty and/or sensitivity analysis which shows the influence of each
or group of input variables but doesndt ex
LCA results.

Using transit bus electrification as a case studharacterize and pameterize
variable inputs and then treat them as variables in LCA so that results can be presented in
functional forms or spectra. This shows how LCA results change in relation to input
variables, and improves the generalizability of the assessmentafisoametric LCA
modeling approach helps not only identify the potential bias of averages and extremes but

also reveal data and future research needs for LCA in general.
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3.2 Motivation

Variability i lack of consensus in data and resulis recognized as one of the
unresolved challenges of life cycle assessment (LCA) (Reap et al. 2008a, 2008b; Masanet
et al. 20B). Relying on commonhused values can reduce variability at the risk of
suyppressing important variations. Alternatively, variability can be reduced through case
specific studies, for example, tailored to individual product operating conditions, as in
comparative LCAs of transportation vehicles and fuels (Raykin et ala2@02b;

Karabasoglu and Michalek 2013; Lee et al. 2013; Taptich and Horvath 2014). Sources of
variability and their effect on LCA outcomes have regularly been identified and evaluated
(Kennedy et al. 1997; Huijbregts 1998; Lloyd and Ries 2007; Venkatesi26tl ah,

2011b; Hauck et al. 2014). Even so, the extent to which LCA results can be applied to
conditions other than the ones studied is unclear. To fill this researchshapy here a
parametric LCA modeling approach: when the variation in parametefseagmantified

and/or the relationship between key input variables and LCA output can be identified, the
results can be developed as a function of the variables. This parametric approach not only
can address the generalizability issue but also can helgp lsiases of averages or

extremes by revealing the changing patterns of the LCA results over the ranges of the
variables. Furthermore, the parametric approach can improve descriptive and predictive
power of conventional LCA and therefore alleviate the dafachallenge (Steinmann et

al. 2014) and identify the data needs.
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3.3 Rationale for Parametric Modeling Approach

Typical life cycle assessment (LCA) is based on an aggregation structure of linear

combination of individual life cycle components follows:

Q 0 Pt M Q Q Q (3.0

whereQis energy (MJ/mile) or air emissions (gram/mile) inventory or impacts per
distance traveledu{ 0 )¥or life cycle (LC), product production (PROD), enation (OP),
nonfuel operation and maintenance (NFOM), infrastructure (INFRA), anebehf

(EOL); andt s fuel supply chain (FSC) factoranverse of FSC efficiency- ),

—, for energy and FSC emissions factor (gram/KJ)) , for air emissions. Most of

the time, life cycle result€) ) are presented as point estimates (averages or case
specific) with ranges. However, as the results are inherently functions of input conditions
and the aggregation is based on linearwoation, once individual life cycle

components in Eq3(1) are parameterized and the aggregated results converge to a
certain pattern, the final results can also be presented in functional forms. Additionally,
industrial products including mechanicaistems (e.g., vehicles) have relatively clear
deterministic properties/characteristics unlike sagonomic phenomena that oftentimes
have no clear caussndeffect relationship. Having deterministic relationship between
input and output factors as sushanother enabling element for the parametric LCA

approach.
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3.4 Transit Bus Electrification Case Study

In this study] demonstrate the parametric modeling approach through a case
study of transit bus electrificatiohassess life cycle primpenergy efficiency as well as
greenhouse gases (@H;, and NO) and air pollutants (CO, NOx, PM2.5, PM10,,50
and VOC) emissions of various types of electric buses in comparison with conventional
diesel, diesel hybriglectric, and natural gas busktore specifically,| evaluate three
nonelectric bus technologies: diesel (DB), diesel hylefettric (DHEB), and
compressed natural gas (CNGB), and four electric bus system architectures: conventional
battery electric (BEB), BEB with an enoute overhed DC rapid charging system (BEB
ORC), BEBORC with lightweight body (BEEDRCG-LW), and electric trolley (ETB)
buses. For the demonstration of the parametric apprbémtys on the vehicle operation
phase'Q ). Vehicle operation is known to be the lastyvariability component in overall
life cycle results. Additionally, as shown in the second term in the right side d.Ef. (
vehicle operation (often called tatdwheel) energy also determines upstream fuel
supply chain (or welto-tank) energy casumption and emissions results, which further
increases the importance of vehicle operation pHasé in overall life cycle resultd.

limit my analysis to model year 2015 buses over 202827 (12 years) time horizon.
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3.5 Governing Equations

Parameterization of vehicle operation energy use and emissions output begins
with the identification of overall relationship and pattern between the input and output
values. Also, it is crucial to evaluate relative importance of contributingriaut overall
energy consumption or emissions so that the results can be parameterized with important
key input variables. Eq3(2) shows a normalization by VMT and scaling factovs@.0
®for energy and 1 for emissions) for the results from E3j8) &nd 8.4) that are
simplified governing equations for energy consumption (J) and emissions (gram) for
vehicle operation phase.

Ve

Q
GOY . ©Qo (39
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00 Y  +00 Y  +00 Y (3.3
- - — 7 0 O O w v R
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Similar to life cycle results in Eq3({), vehicle operation results in Eq8.3) and 8.4)

are the aggregated effect of contributing input parameters, including vehicle properties
(e.g., vehicle configuration, mass, frontal area, rolling coefficient, etc.), driving
characteristics (e.g., acceleration, speed, braking, idling, etc.), andnenemntal

conditions (e.g., road surface condition, ambient temperature, road grade, etc.). More
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specifically, vehicle operation energy is a combined result of propelling the vehicle

(O ); overcoming resistance forc&®( ) related to roling, slope climbing, and
aerodynamic drag; providing accessory load ( ); coasting’© 'O ), braking

(0O ), and idling © 'O ); and recuperating energy by regenerative braking shown
in the third intgral term in Eq.3.3). Likewise, two of the key input parameters in Eq.
(3.4), aftertreatment emissions reduction efficien€Y ) and engine output emissions

factors O 0 "Qare all functions oiO and’O as shown in Eqs3(®)1 (3.7).

oY Ao (3.9
00 0OnRoi (3.6)
0 6 O 0 - 0
-—— - =7 o} 70 O » 0 ﬁ (3.7
v f
All these contributing factors@ ,’O ,0'Y ,00 "Getc.) are essentially functions

of theduty cycle variables as in Eq8.8) 1 (3.10). More specifically, vehicle mass ),
speed @), accelerationd), and road grade affect virtually every component in the

governing equations for operation phase energy consumption and emissiossmesult

Egs. 8.3) and 8.4).

O aw a d (3.9

0 6 GQht i‘ci o a0 0 — 3.9

biaén: 0
N9 we 22 (3.10
DTITT |

— oGk

Also, duty cycle factors determine the drivirgggimei traction in Eq. 8.11), braking in

Eq. 3.12), coasting© "0 ), oridling (e j nwhenw ).
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Having said that, it is not surprising that the duty cycle factors explain large portion of
the variations in energy use and emissions output vdluasdition to the duty cycle
variables, factors associated with the characteristics (e.qg., efficiencyof prime

moversi internal combustion engine (ICE) or electric mdt@re among the key
components in the governing equation for energy, E8).(Likewise, prime mover
related factors (e.g., engine output emissi@h®)) along with aftettreatment systems

are the important parameters in the emissions governing equatio3,&g. (
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3.6 Direct Operation Phase Energy and Emissions Simulation

When identifying the relationships between input parameters and output values
for energy use and emissions, the best approach would be finding analytic solutions to the
governing equations in Eq<K.8) and 8.4). However, because dfd nonlinearity and
interactions between the terms, it is difficult to derive analytic solutions for E8%afd
(3.4). For example, the prime mover efficieney () is a function ofO , O,
powertrain control algorithm, and othieput parameters. For this reason, instead of
analytic approacH,rely on vehicle dynamic and emissions simulation to estimate the
energy consumption and air emissions. More preciselyllect data from the vehicle
dynamic and emissions simulations to construct a sample space and derive overall
relationship between the input and output.

luse West Vi r glhtegiatad Businforneatios $ystemdIBI& the
primary data sourci®r fuel consumption and tagdipe emissions for DB, DHEB, and
CNGB (Wayne et al. 2011; FTA 2013). IBIS provides only certain level of specificity.
complement IBIS with Motor Vehicle Emission Simulator (MOVES) model (EPA
2014a) for more detailed analy$esg., vehicle weight, road grade, and hot/cold
conditions, etc.). Note thhuse MOVES only as a secondary data source to avoid the
inaccuracy issues (FTA 2013), errors (EPA 2012b), and lack of transparency of the
statistical blackbox model of MOVES. @mparable to the Altoona proving ground test
results (LTI 2013), the IBIS data are based on thousands of dynamometetuard in
vehicle test results archived in publigdyailable place and therefore more verifiable and
reliable. As a benchmarkalso useenergy consumption and emissions standards from
the recent heavgluty vehicle regulations (Phase | and proposed Phase Il) and regulatory
impact assessments (EPA 2011; Federal Register 2011; Federal Register 2013; EPA
201%; Federal Register 2015a). Foeetric bused, utilize the Advanced Vehicle
Simulator (ADVISOR), an open source vehicle dynamic simulation software

(ImagineMade 2014).adopt a variety of drive cycles collected from publicly available
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sources (ARTEMIS 2006; EPA 2014a; ImagineMade 2@idl) simulate them in
ADVISOR and MOVES.
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3.7 Explanatory Variables

As briefly mentioned earlier, parametric modeling approach relies on the
convergence of the life cycle results. This in turn requires that a set of input variables
explainsa significant portion and structure of the changing relationship (or pattern) of the
results conditional on the input parameters. To identify the appropriate set of explanatory
input variables as suchevaluate the contribution of individual input compats in Eqs.

(3.3) and 8.4) in terms of the variability of overall energy use and emissions results. Not
only absolute (or gross) contribution of individual components but also relative
importance between them in overall energy consumption or emissiamsae the
relationship and pattern of changing life cycle results with respect to the input
parameters. Figurgl shows some of vehicle operation energy consumption components
for diesel (DB) and electric (BEBRCLW) buses two technologies at both ds of the
electrification spectrum. For both nahectric and electric buses, prime mover efficiency
has a close relationship with average trip speed (in miles/hour, as opposeddmin
meter/sec) defined in EqB.L3), as do aerodynamic resisces. Rolling resistances in
MJ/mile are almost constant, varying only with vehicle weight (empty or full). To explain
rolling resistance energglated variability, vehicle weight will be an essential parameter.
In contrast, neither the inertia term (@eful work) in Eqg.3.8) nor recuperated energy

from regenerative braking can be effectively explainedby. For this, based on the
inertiarelated energy equation in E§.14),Imodi fy Watson et al . 6s (
kinetic energy (PKE) compt and define weighted PKE (WPKE) as in BB11%). In Eq.
(3.14)7 (3.15), vehicle mass at timed () is the sum of curb weight and passenger
loading weight, an® is the unitless length (total duration) of the trip, which has the
same value dsrbut no unit. Dividing the summation of vehicle mags)(by 0 s trip

(or cycle) average vehicle mass)( As shown in Figur8.1, whether notelectric and

53



electric technologies, WPKE can effectively explain the changing behavior of useful

work and recovered energy.

B W
_ 3.1
" (3.13
0 & GOl ('x(b'Q(bg @ o (3.14
_ B & ") w
wL L O '
w'Qo
B & B & & (3.19

pITITO . @WQO

Another important implication in Figui@1 is that prime mover characteristics is the

most influential factor for noelectric luses, as is useful work for electric buses. Engine

|l oss accounts for over 60% of overall oper
portion is about 10%. The share of useful work for diesel bus is around 7%, but it takes
40% of energy for electric bus average. Rolling energy accounts for approximately

40% of energy use for electric buses, but the variability is very small, which makes useful
work the largest variability factor. From the parameterization standpoint, given the
significance of prime maar characteristics for neslectric buses, it is natural to choose
average trip speed as a key explanatory variable. This complies with previous studies
(Chester et al. 2010; Delgado et al. 2011; Wayne et al. 2011; EPA; FHWA 2013,

FTA 2013; Lajunen @14) that showed the close relationship between average trip speed
and energy use and emissions. For electric buses, since useful work is the largest
contributor of energy consumption and its variability (and thus emissions) in general,

WPKE becomes the msbimportant explanatory variable.
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Figure 3.1. Componentby-component vehicle operation energy use samples for
diesel (DB) and battery electric with-waute rapid charging system and lightweight
body (BEBORGC-LW) buses: Useful work, prime mover energy loss, and recovere
energy in the spectrum of aage trip speed (a and d) and WPKE (b and e); rolling
and aerodynamic resistance energy loss (c and f).
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3.8 Indirect Energy Use and Emissions

Energy use and emissions from the upstream fuel supply chain for petroleum
diesel and natural gas are based on data from GREET (ANL 2015). GREET was also
used for the power plant construction and electricity generation fuels supply chain
inventory. For veltle maintenance and repairs inventdryse the EIGLCA database
(CMU GDI 2008). As for energy consumption and emissions from power plant operation,
| develop a statby-state electricity consumption fuel mix and emissions model to
incorporate spatial antemporal heterogeneity. For thisjse data from the U.S. Energy
Il nf ormati on Administrationds Annual Energy
the U.S. Environment al Protection Agencyds
Integrated Database (eGRIDjijcaContinuous Emissions Monitoring System (EIA
2015b, 201%; EPA 20563 2016b). Using the methods proposed by Skarans et al.
(2012) and Marriott and Matthews (200bglso estimate air emissions for marginal
electricity consumption. Both average andrginal air emissions for electricity
consumption are shown in FiguBe. | take the result for Year 2014 as a baseline and
project future yearsd emissions reduction
(Federal Register 2015b).
| use material compasin data for diesgbowered city buses manufactured by Volvo
(Pusenius et al. 2005) and Merced@=nz (Ally and Pryor 2008).disaggregate the data
for vehicle parts (e.g., body and chassis, powertrain, transmission, tires, fluids, and etc.),
basedonth bus specifications and vehicle parts
GREET (ANL 20B5). | adjust the body and chassis datangrtarget vehicles based on
vehicle specifications, and the result is used as a common platform across the bus

technologies irtonsiderationl aggregate all the other remaining vehicle parts including
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fluids for each of the technologies to complete the inventory for vehicle production,
maintenance, and eyad-life (EOL). More detailed information for bus and parts and

inventory results can be foundAppendix B
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Figure 3.2 Annual average (Year 2014) litycle emissions per unit electricity
consumed (or lifeeycle power consumption emissions) for average and marginal ele
grid inthe contiguous U.S.
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Natural gas, battg electric (with or without oroute rapid charging), and electric
trolley buses all require a dedicated energy supply infrastructure to refuel and operate
vehicles. When it comes to the infrastructure, lotkffects and economies of scale are
among themost important factors. The latter is directly related to vehicle fleet size for
which | use the no#linear marginal infrastructure cost reported in IBIS for CNGB. In
principle, BEBs can be charged on layover, overnight, or whenever possible. Given the
large battery capacity (320 kWh) and corresponding range, howessyume that BEB
fleet operators will charge the BEBs once
fast charger system so the battery lifetime can be maximized (Bullis 2011). In the case of
the BEBORC, to have a comparable operating range to BEB, two ORC (300 kW)
stations, one in the depot and the other on route will be needed, which can be shared by
the fleet of 10 20BEBORC6s wi t hout service di s$ruption
assume that the fleet of 10 ETBs serve arfile route with the requirement of 12 miles
of a twoway overhead wire system, in which each ETB is deployed to the route five or
more times a day (Proterra 2009; KCM 2011). Environmental impact associated with the
refueling infrastructure are normalized on a-pehicle basisl adopt the EIGLCA
database (CMU GDI 2008) to analyze the econaide impact of refueling

infrastructure construction and operation.
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3.9 Spatio-temporal Heterogeneity

In addtion to the electric grid characteristics discussed aldaasider spatial
and temporal variations in climatic condition, road grade, and fuel properties. Both
climatic condition (e.g., ambient temperature and relative humidity) and road grade are
cyclic parameters which fluctuate from moment to moment and from route to route.
However, over a long span of time, road grade leads to rather universal (not cyclic) effect
on energy consumption and emissions regardless of techndlagjiéfier road grade
resuting in higher level of energy consumption and emissions as can be seen in Egs.
(33)i1 (310).Idondét correlate road grade with city
misleading, because road grade varies not only between but also within those
geogaphical boundaries. In other words, road grade depends on individual routes rather
than geographical boundaries. Sometimes, road grade is juxtaposed with drive cycle,
most of the time assuming that the two are independent. However, doing so can introduce
significant biases. For example, each additional 1% constant uphill road grade reduces
the top speed of transit buses by roughly 10 miles/hour (i.e., +4% corresponding to about
40 miles/hour reduction), compared tc B3 miles/hour maximum speed on level
ground. Note that road grade also limits maximum achievable acceleration. Because the
time derivative of the left side of E®.8) is fixed/rated at maximum power, increasing
road grade will affect/constrain other parameters (e.g., speed, accelerat)pwhatt is
another reason why juxtaposing road grade and drive cycle is not a fair and realistic
analysis. Also, it is crucial to consider not only uphill condition but also downhill portion
of the trip to more accurately account for rotirig charactestics of vehicles. In case of
electric buses, other complications may occur. For example, depending on the initial state
of charge of traction battery which is not very repeatable or controllable, the impact of
road grade on the energy consumption cawdng different. For these reasohsather
exclude road grade imy model, although evaluate road grade impact of different

technologies iMppendix B For climatic conditiond, take countyby-county hourly data
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for 12 months from MOVES model and avgeahem for the typical transit bus operating

durationi 7 am to 10 pm, because picking the hottest/coldest day and hottest/coldest

hour can result in bias of extremes. Fuel properties for diesel or natural gas fuels across

the country are assumed to berntical based on the MOVES data (EPA 2014a).

MOVES provides locatioispecific emissions rates for DB and CNGB, but those
variations are purely cimae pendent , because MOVES doesnd¢
and natural gas fuel properties between loaatiespecially for inventory year 2014 and

later.
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3.10 Linear Regression

Governing equations mentioned earlier indicate that duty cycle variables and
prime mover factors determine vehicle operation and fuel stghain energy use and
emi ssions as well as overall l'ife cycle re
For instance, speed, passenger loading, and climatic conditions are all cyclic (fluctuating)
within each trip. However, what really matters from the LCA perspective is an aggregate
effect of those contributing factors. Although passenger loading may be ejitiin a
trip, overall effect is universal across technologies, that is, higher passenger loading level
leading to higher energy consumption and emissions. All things consitletediified
average trip speed) ), vehicle weightd ) in metricton, and weighted positive kinetic
energy (0 U Xas key variables that can explain the variability patterns. For example,
@ explains much of the variability associated with ICE characteristics and
aerodynamic resistancé; rolling resistancgand® 0 0 ‘@seful work (or kinetic energy).
| also considered a variety of kinematic duty cycle characterization parameters (e.g.,
average positive acceleration, number of accelerations, standard deviation of speed,
average product of speed and acadien, etc.) but found that the three variabteés (,
&, andow 0 U YXare enough to explain more than 90% variability of life cycle results.
Adding more variables would increase specificity, but increasing precision and/or
compl exi ty stcaddosmor@ dccuaate vesults. Among the three key varlables
identified,0 anda are intuitive, easy to understand, and widely used. WPKE is by
definition, as in Eq.3.15), directly related to kinetic energy which in turn has much to do
with driving behavior. More specifically, for the same average trip speed which is a
proxy for transportation productivity or efficiency (distance and/or passengers moved per
unit of time), higher WPKE means more aggressive driving or vice versa. Based on the

data and key explanatory variables discussed thusdarploy a linear regression
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method and develop a set of functions/equations for estimating life cycle inventory (LCI)
for energy consumption and air emissions.

Figure3.3 graphically illustratesy basic parametric model, for which some
guantitative regression results (equations) are presented inZlablehich are all based
on the generic equation of EQ.16):

W Qwn ;0 . Ay c ;O0EW

(3.16

wheredy; is estimated results for tfi@h LCI (energy consumption and air emissions)
ando-th technology (DB, CNGB, DHEB, BEB, BEBRC, BEBORGLW, and ETB),
ande6s ar e e s eteranlanes(ar cup/esy irmAIYUBESS show average patterns
that can be estimated with only average trip speed. Light shades are for the variability
caused by passenger loading variation. Dark shades are for the impact (on top of the

passenger loading) dfiving behavior variation
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Figure 3.3. Life cycle energy use and GHG emissiorimes: average, dark shades:
variation related to passenger loading, and light shades: variation associated with

driving behavior.
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Table 3.1 Linear regression models for life cycle energy use and GHG emissions

;s for BEB-ORC | BEB-ORG
Energy DB CNGB DHEB LW LW
(MJ/mile) (WA) (KY)
Intercept 3.63 4.68 3.6 2.4 2.65
I7trip
Verip 3.35 1.63 1.55
log(Verip) -0.23
Vorip 7.9x10°5 | 6.93x10° | 7.2x10°5 | 1.62x10* | 1.8x10*
m 1.16x102 9.46x10° 1.66x10? 1.78x10? 2x102
WPKE 7.5x102 6.04x102 6.7x102 6.97x102 | 7.76x10
Adj. R2 0.97 0.98 0.95 0.91 0.91
F-statistic 3243 3380 1962 2625 2567
., BEB-ORG | BEB-ORG
¢; s for GHG DB CNGB DHEB LW LW
(kg/mile) (VT) (KY)
Intercept 7.53 7.96 7.42 6.13 6.83
Virip -8.7x103
Verip 2.9 2.5 1.4
log(Verip) -8.2x102
Verip 2.24x10* | -6.9x10° | 1.04x10* | 8.08x10° | 1.79x10*
m 1.06x102 8.65x10° 1.44x102 8.7x103 2x102
WPKE 6.86x10 5.6x102 5.72x1%%2 | 3.54x10? 7.7x102
Adj. R2 0.97 0.98 0.94 0.92 0.91
F-statistic 2841 3723 1434 2795 2571

All parameter estimates presented are statistically signifatam®% significance level

that leads to deviation from the average lines. For other results than energy use and GHG
emissions in Figur@.3 and Table3.1, please seAppendix B Note thatl take a log
transformation of the dependent variables to comply with the normality assumption in

linear regression. Alsd,adopt different forms of the variable for betterresults.

These modified terms @d are correlated witlkd

, butl draw implications based on

only® . The three primary variabled (& , and® 0 U Yare not correlated one
another. As Tabl8.1 indicates, the parametmeodel explains a reasonable amount of

variability in life cycle results.
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3.11 Assessing Variability

| evaluate the impact of individual variability factors, based on the parametric
LCA model.l first estimate constant terms such as vehicle production, infrastructure,
nonfuel operation and maintenance, and base (minimum) value efoaeheel (direct
operation plus fuel supply chain) inventoryhen vary values of input parameters and
see hownuch the results change along with the direction (increase or decrease). The
variablesl considered include average trip speed (from 50 to 5 miles/hour), driving
behavior, passenger loading (from 1 to 40), climatic conditions (VT foefemtric as an
exanple), fleet size (from 40 to 10), electric bus configuration (conventional battery
electric to electric trolley), electric bus lighteighting (difference between BEB and
BEB-ORG-LW), average to marginal (daytime) electric grid, and daytime to nighttime
marginal electric grid. Figurg.4 illustrates the results for life cycle GHG (GWP100),
NOx, and PM2.5 emissions. Average trip speed as well as fuel supply chain components
cause the largest variability for GHG emissions of-alattric buses. Overall struce of
variability impacts change significantly between geographical areas for electric buses,
mainly because of the electricity source variations. Vehicle production and electric bus
configuration accounts for the largest variability in Vermont (VT),dsisting behavior,
climatic conditions, and marginal electric grid characteristics comprise most of the
variability in Kentucky (KY). In both Vermont and Kentucky, reducing electric bus
weight decreases GHG emissions. On the other hand, marginal elgdtieads to an
increase of GHG emissions in Vermont, whereas the opposite pattern is observed in

Kentucky because of the transition from ebaked average power generation to firing
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Figure 3.4. Individual variability impacts on top dfasevalues (1 production, 2:
infrastructure, 3: noffuel operation and maintenance), using the parametric modeling
approach. Horizontal axés4: tire and brake wear particulate matters, 5: remaining w
to-wheelbasevalue, 6: average trip speed, 7: driving beha\Bopassenger loading (1 tc
40), 9: climatic conditions (VT for nealectric), 10: fleet sizedQto 10), 11: electric bus
configuration (BEB to ETB), 12: electric bus lightighting (BEB toBEB-ORGLW),

13: average to marginal (daytime) electric gridl, daytime to nighttime marginal electri
grid.

natural gas (less carbamensive than coal) for marginal electricity generation. NOx

emissions show similar patterns to GHG emissions. However, PM2.5 emissions
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