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F I S R N R

Abstract: Vehicles with electrified powertrains carry the promise of significant reductions
in greenhouse gas (GHG) emissions from a lifecycle analysis (LCA) standpoint compared
to conventional internal combustion engine (CICE) vehicles. However, trade-offs exist be-
tween different types of electrified powertrains in terms of cost, consumer acceptance, and
GHG reduction efficacy for different operating conditions. The open-source tool CarGHG
was developed with an aim to enable the exploration of a plethora of parametric study
scenarios, including cost of electrification technologies, different driving patterns and
charging habits, as well as the cost and carbon intensity of electricity and fuel blends. This
paper introduces the framework of CarGHG, then showcases total cost of ownership
(TCO) and LCA GHG results for select models of light duty vehicles. Another capability
of CarGHG, which is the ability to estimate the performance of “virtual” vehicle models
(perceived vehicle design specifications not yet on the market), is utilized to explore future
scenarios of electrification and low carbon fuel blends for Small Sports Utility Vehicle
(SUVs), a popular light-duty vehicle segment in North America. With opportunities, but
also uncertainties in future scenarios, it is likely wise to continue pursuing multiple ways
towards the reduction of LCA GHG.

Keywords: Lifecycle Analysis; Greenhouse Gas Emissions; Cost Modeling; Electrified
Powertrains; Low Carbon Fuels

1. Introduction

Vehicles with electrified powertrains, also known as electrified vehicles [1] or electric
drive vehicles [2], are loosely defined as vehicles that include a traction battery and one
or more electric motors that can supply (fully or partially) the traction power needed to
move the vehicle. Electrified powertrains include (non-plug-in) hybrid electric vehicles
(HEVs), plug-in hybrid electric vehicles (PHEVs), battery-only electric vehicles (BEVs),
hydrogen fuel-cell (hybrid) electric vehicles (FCEVs) [3] and plug-in fuel cell electric ve-
hicles (PFCEVs) [4]. All types of electrified powertrains seek to reduce greenhouse gas
(GHG) emissions compared to conventional internal combustion engine (CICE) vehicles.
In case of HEVs whose sole source of energy (much like CICEs) is fuel combustion in an
internal combustion engine, the GHG reductions are realized via better fuel economy due
to some common traits among all electrified powertrains, including: i) regenerative brak-
ing, which is the ability to recapture vehicle kinetic energy during braking events by
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operating the electric motor(s) as generator(s), ii) ability to buffer/store energy in the trac-
tion battery, and iii) high efficiency of electric motors across a broad operating range of
torque and speed requirements, which in-turn, by utilizing the motor(s) for acceleration
assist, enables better optimization of the engine, allowing it to operate within its efficient
torque-speed operating range, or completely shut down at low power requirement.

Aside from HEVs, other types of electrified powertrains seek to further reduce GHG
emissions by relying on lower carbon intensity (CI) energy sources, such as electricity for
BEVs or Hydrogen for FCEVs. PHEVs have battery size/capacity larger than HEVs but
generally smaller than BEV batteries. Like BEVs, PHEVs can charge the traction battery
from the electric grid, and have a dual powertrain like HEVs, that enables automatically
switching to “HEV-mode” (fuel consumption in the engine as the energy source) when
the energy level in the battery becomes low. When charged consistently, PHEVs combine
attractive traits of both BEVs and HEVs; utilization of low CI grid electricity for an appre-
ciable fraction of the travel distance, and good fuel economy when the battery runs out.

BEVs, FCEVs and PFCEVs produce no GHG emissions from the vehicle “tailpipe”
(also known as “tank to wheels”, T2W), but in most cases, there are GHG emissions asso-
ciated with the generation and transmission of electricity, or production/delivery of Hy-
drogen. Those GHG emissions are often termed “upstream” or “well to tank” (W2T) emis-
sions. Accounting for both upstream and tailpipe (or W2T and T2W) provides the total
GHG emissions during the “use phase” of the vehicle, which is also known as “well to
wheels” (W2W) emissions. For lifecycle analysis (LCA) of GHG emissions, one considers
the use phase plus GHG estimates for production of the vehicle, as well as GHG for dis-
posal of the vehicle at its end-of-life.

Energy efficiency gains alone (without considering a lower CI energy source) allow
HEVs to reduce tailpipe GHG emissions by 25% to 35% depending on vehicle and power-
train configuration, as well as the driving conditions, according to the estimates in [5, 6].
However, for certain larger vehicles, such as full-sized pickup truck (FSPT), the fuel con-
sumption savings (proportional to reduction in tailpipe GHG emissions) appear closer to
10% when comparing some fuel economy ratings [7] of current FSPT models that have
both CICE and HEV offerings. Aside from comfort with utilizing new technology and
higher initial cost for vehicle purchase compared to an equivalent CICE, there appears to
be no other significant hurdles that would hinder mass-market adoption of HEVs instead
of CICEs. A study in 2016 [8] showed that when regional effects such as driving patterns,
ambient temperature and electricity generation fuel mix (for a model of the US grid at the
time) are all considered, the LCA GHG emissions for a BEV model was not necessarily
better than that of an HEV model for most of the US. As vehicle technologies improved
and CI of electricity generation got reduced (via increased fraction of renewable and low
Carbon energy sources, along with gradual phasing out of high CI energy sources such as
Coal and Heavy Oil), it is likely that at present day, a BEV would bring more LCA GHG
reduction benefit than an equivalent HEV in most parts of the US (except few regions that
are still heavily dependent on Coal electricity generation). Unfortunately, wide-spread
adoption of BEVs among mass-market vehicle owners faces several challenges. Purchase
cost aside, perceptions about BEV driving range, charging time and availability of charg-
ing infrastructure appear to be contributing to reluctance of adopting BEVs [9 - 11]. FCEVs
and PFCEVs have an advantage in their refueling time compared to the charging time of
BEVs, even when BEVs are utilizing high-powered direct current (DC) fast chargers. How-
ever, FCEVs and PFCEVs face more challenges in infrastructure availability, supply chain
and price of Hydrogen, as well as the need for cost reductions of the fuel cell unit and
Hydrogen storage tanks [12 — 15]. PHEVs present an interesting compromise in terms of
GHG and cost [16]. While the initial acquisition cost (without considering incentives) of
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PHEVs will most likely be more than equivalent HEVs (due to larger battery), the total 92
cost of ownership (TCO) depends on usage conditions as well as the retail price of fuel 93
(gasoline) and electricity. In terms of W2W or LCA GHG, under worst conditions (PHEVs 94
not charged at all or CI of electricity is very high), the GHG performance of the PHEV 95
could be slightly worse than that of an equivalent HEV, while in the best of conditions, 96
the LCA GHG reduction benefit of a PHEV could be as good as, or even slightly better 97
than a BEV [16, 17]. 98
Studies seeking to quantify the benefits of electrified powertrains have considered 99
the US EPA window-sticker ratings [18-20], but such studies are limited to vehicle models 100
that are already on the market and have obtained window-sticker ratings. For predictions 101
of future electrified vehicles, some powertrain modeling capability is needed. Various lev- 102
els of modeling detail have been employed since the early works of Markel and Simpson 103
[21], Samaras and Meisterling [22], as well as Bradly and Frank [23]. Among the various 104
powertrain models and software, two are endorsed by the US Department of Energy [24], 105
namely Autonomie [25] and FASTSim [26], both of which have been utilized in studiesin 106
the literature, such as [16, 17, 27-30]. Among the attractive qualities of FASTSim, which 107
was originally developed by the National Renewable Energy Laboratory (NREL), is its 108
level of modeling abstraction for powertrain components being efficiency curves [29] ra- 109
ther than torque-speed maps. This choice by the developers of FASTSim enables very fast 110
computations, along with sufficiently high-fidelity results (especially for tuned FASTSim 111
models [30]) when compared with real-world vehicles energy and fuel consumption. Fast 112
computations in FASTSim enabled W2W GHG simulations in [17], which utilized large- 113
scale second-by-second information of more than 60 thousand real-world trips from the 114
2010-2012 California Household Travel Survey (CHTS) [31], which was taken as a proxy 115
representative of the overall driving in California, a departure from traditional ap- 116
proaches relying on a limited number of dynamometer drive cycles for estimation of en- 117
ergy and fuel consumption. 118
An extension of the W2W GHG analysis in [17] into LCA GHG was conducted as 119
part of the development of the open-source tool CarGHG [32]. Extension of the analysis 120
from W2W (based on FASTSim simulations of CHTS trips) into LCA was done by consid- 121
ering estimates for the GHG emissions that occur as during manufacturing the batteries 122
for the electrified powertrains, as well as a lump-sum model for the GHG emissions due 123
to manufacturing the rest of the vehicle. Estimates for manufacturing GHG were based on 124
estimates from the 2020 version of GREET [33], which is also an open-source tool devel- 125
oped by Argonne National Laboratory (ANL). As illustrated in Fig. 1, LCA GHG is a pri- 126
mary metric of performance for light-duty vehicles, with another metric being the total 127
cost of ownership (TCO). The broadlines of TCO analysis of a vehicle are generally well 128
understood as considering the acquisition/purchase cost (minus incentives), running costs 129
(fuel, electricity, maintenance, insurance and licensing), minus resale value [19, 34, 35]. 130
However, uncertainty exists with regards to powertrain specific depreciation rates, or fu- 131
ture electricity and fuel costs. The design of CarGHG is meant to enable quick examination = 132
of many different settings of uncertain parameters, which in turn, enables efficient gener- 133
ation of many future-looking scenarios, some of which, will be illustrated in this paper. 134
This paper started with introduction of electrified powertrains in light-duty vehicles 135
and a brief review of prior work in the literature, leading to the development of CarGHG. 136
The rest of the manuscript briefly explains key details about CarGHG, then proceeds to 137
utilize it for showcasing scenarios of LCA GHG versus TCO cost for select existing light- 138
duty vehicle models, as well as future scenarios involving “virtual” vehicle models (lev- 139
eraging the modeling capability of FASTSim to predict the performance for electrified ve- 140
hicles not yet on the market). Section 2 provides an overview of the computations in 141
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CarGHG in relation to this paper, section 3 presents scenario results for select existing 142
vehicles while section 4 presents scenario results for select virtual vehicle models. Section 143
5 discusses limitations and identified open-ended modeling issues before the paper con- 144
cludes. 145
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Figure 1. [llustration of information flow within main modules of CarGHG. 147
2. Computations in CarGHG 148
2.1. Overview 149

When referring to CarGHG, as explained in its landing web page [32], it is useful to 150
distinguish between an easy/ready-to-use within web browser (but with limited capabil- 151
ity) version, which is referred as “CarGHG Web-App” [36] and the full capability version, 152
referred as “CarGHG Desktop”. Full source code in Java for CarGHG Desktop [37] is 153
available on GitHub. A pre-compilation of the source code, along with two study example 154
sets of vehicle models, can be downloaded from [32]. The precompiled desktop app has 155
been briefly tested on Mac OS and Linux, but majority of the testing and usage (including 156
results shown in this paper) was done on Windows PC. For brevity, when mentioning 157
CarGHG from this point forward in the manuscript, the implied mention is that of Car- 158
GHG Desktop on Windows PC. 159

As illustrated in Fig. 1, a main goal of the software tool is to enable utilizing a set of 160
vehicle model specifications as a main input (green highlight text on the left part of Fig. 1) 161
to infer the trade-off between LCA GHG versus TCO (green highlight text on the right 162
part of Fig. 1). The TCO in question is from the first vehicle owner’s perspective, modelled 163
as an owner who buys the vehicle new, and then resells it after a certain number of years 164
have passed. Trade-off analysis implies that there are two quantities calculated for each 165
vehicle model (yellow highlight text in Fig. 1), which are: i) Normalized LCA GHG [in 166
equivalent g-COz/mile] for the lifetime of the vehicle, and ii) Normalized TCO [in $/mile] 167
for the first vehicle owner. Various other pieces of information aside from vehicle model 168
specifications are also necessary to generate the estimates of LCA GHG and TCO. In gen- 169
eral, inputs are grouped into two types: i) Sensitivity- or Scenario-parameters, for-which, 170
the input takes the form of upper and lower bounds, and ii) other inputs and parameters. 171
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Overview of the various inputs is discussed in section 2.2, and core computations are dis- 172
cussed in sections 2.3 to 2.5. 173
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2.2. Model Inputs

2.2.1. Scenario Parameters

Sensitivity or Scenario parameters are set in CarGHG in such a way so that quick
adjustments can be performed (via slider bars), with the corresponding adjustment of the
output LCA GHG and/or TCO occurring (almost instantly) in the output modules. Sce-
nario parameters are defined during the setup of a “new study” in CarGHG via a de-
fault/baseline value, as well as upper and lower bounds. Listing of all available scenario
parameters in CarGHG is provided in Table 1.

Table 1. Listing of all available scenario parameters.

Scenario Parameter Description Default Unit

Cost model of Gasoline Engine System $/kW
Cost model of Diesel Engine System $/kW
Cost model of Natural Gas Engine System $/kW
Cost model of Hydrogen Fuel Cell System (not including Tank) $/kW
Cost model of Hydrogen Tank $/kg-He
Cost model of Electric Motor(s) $/kW
Cost model of Traction Battery $/kWh
Retail Price Equivalent (RPE) -
RPE for Electric Powertrain Components (Battery, Motors, ...) -
Vehicle Ownership Time year
Average Annual Driving Distance mile
Average Annual Number of Driving Days day
Fraction of vehicle buyers installing a new home charger %
Sliding scale for equivalent amount of incentive received %
Average price of Gasoline $/gal
Average price of Diesel $/gal
Average price of Natural Gas $/m3
Average price of Hydrogen $/kg-Hz
Average price of Electricity $/kWh
Electricity price premium for DC Fast Charging %
Average W2W GHG of Gasoline g-CO2/gal
Average W2W GHG of Diesel g-COx/gal
Average W2W GHG of Natural Gas g-CO2/m3
Average W2T GHG of Hydrogen g-COx/kg-Ho
Average W2T GHG of Electricity g-CO2/kWh
Sliding scale for Manufacturing GHG of “Everything Except Battery” %
Sliding scale for Manufacturing GHG of Battery %
Equivalent fraction of PHEVs that do not charge %
Minimum time between trips to consider a charging event hour
Sliding scale for timing of charging events (minimizing charging cost %

vs dynamic hourly pricing or minimizing charging GHG)
Sliding scale for BEV replacement vehicle for days where a BEV range %

and charging capabilities cannot fulfill the required travel
Sliding scale for BEV range anxiety %

2.2.2. Other Inputs and Parameters

Aside from the adjustable scenario parameters discussed in section 2.2.1, several
other inputs are required to enable the estimation of LCA GHG and TCO via the

This is a near final draft of a manuscript submitted for publication in the World Electric Vehicle Journal. It was accepted by WEV] on 29 June 2026.

174

175

176
177
178
179
180
181

182

183

184
185



World Electr. Veh. ]. 2026, 17, x FOR PEER REVIEW 7 of 34

computation modules. Due to some consistency of information flow and coding con- 186
straints, once set during the initiation of a “new study”, some of the inputs are no longer 187
allowed to change (except via creating another new study). An example of such inputs 188
includes the creation of FASTSim vehicle models, which itself is a task that takes time and 189
requires expertise with FASTSim. Creation of the FASTSim models for all vehicles models 190
presented in this paper followed the iterative procedures outlined in [38] and are provided 191
in supplement data. Due to the complexity of the setup task, it is not implemented as part 192
of the graphical user interface (GUI) of CarGHG. Rather, setup of a new study in CarGHG 193
is delegated to advanced users, who should consult the advanced user’s manual on how 194
to appropriately prepare the relevant input files. For other inputs that can be edited/ad- 195
justed in the GUI (after initiation of a new study), we classify those inputs into ones that 196
require rerun of FASTSim simulations, and inputs that do not require rerun of FASTSim 197
simulations upon editing/adjusting. Explanation of the various inputs is listed as follows: 198

Initiation of a New Study Inputs: 199

e Set of vehicle models to be analyzed/compared, including Powertrain type and 200
nominal all-electric range (AER) for plug-in vehicles, i.e. BEV, PHEV or PFCEV 201

e Complete FASTSim model (separate file for each vehicle). Among the information 202
included is (depending on powertrain type), sizing (in kW) of the engine, motor 203

or fuel cell, as well as the type of fuel used in the engine (Gasoline, Diesel or Nat- 204
ural Gas), sizing (in kWh) and power capacity (in kW) of the traction battery, total ~ 205
mass of the vehicle and mass of the vehicle excluding the traction battery 206

e Designation (for each vehicle in the set) of whether the vehicle model is “virtual” 207
or approximately based on some real model with available market data 208

= If the vehicle model is not designated as virtual, the average purchase price 209
from market data (or any other means of estimation) is required as an input 210

» If the vehicle model is designated as virtual, then for estimation of purchase 211
price, an identifier of another vehicle that the virtual vehicle is derived from 212
(everything similar except the powertrain) is required as an input 213

e Maximum total incentive (in first year equivalent $ amount) for each vehicle 214
e Baseline value for the CI of manufacturing the traction battery (in g-CO2/kWh). 215
Since this value depends on the battery chemistry as well as the setup of the battery pack, 216
and could also depend on the supply chain, this input can be separately adjusted for each 217
vehicle model in the set. In this paper, these values are based on industry-wide generic 218
estimates from GREET [33] 219

e Default/baseline value and variation limits (upper and lower bound) for the adjustable 220
scenario parameters discussed in section 2.2.1 221

e Cost profile scaling curves for the main powertrain components. For example, following 222
the cost estimation model for gasoline engine system in the NREL model in [39], the default =~ 223
value of $19.81/kW only applies to an engine sized at 100kW. Downsizing the engine does 224
not proportionally reduce the cost of the engine system because the first-order cost model 225

in [39] includes a constant term of $531. Instead, if a 100kW engine system costs $1981, a 226
50kW engine system costs $1256 (rather than $990.5) 227

e Charging availability and behavior model. The simulations consider a baseline case where 228
all the plug-in vehicles are fully charged at the beginning of any driving day. Additional 229
simulation options also consider daytime opportunistic charging when the time signature 230

of trips/drive cycles show a break between trips that exceeds some threshold time window. 231
Simulation options can also consider a fraction of the PHEVs not charging at all. 232

e Charging equipment inputs. This includes the power ratings for Level-1 (L1) and Level-2 233
(L2) chargers, battery state of charge (SOC) profile when utilizing DC Fast charging, as 234
well as whether plug-in vehicle owners choose to install L2 charger at home 235
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Range anxiety model for BEVs, defined via the profile of a piecewise linear curve for
amount of “spare remaining AER” needed before taking a trip, as function of the upcoming
trip length. For example, the behavior of some owners is simulated as that they would not
take a 100-mile trip with their BEV unless the SOC indicator shows 120 miles of remaining
range available (i.e. 20 miles to spare). Multiple levels of range anxiety (representing dif-
ferent risk tolerance levels by BEV owners) can also be defined

Designation for one or two vehicle models that serve as the “replacement vehicle”
for the BEV on days where the BEV AER and planned driving pattern (trip lengths
and charging opportunities between trips) would make it fall short of the range
anxiety requirements. To limit the complexity of alternative FASTSim simulations
that need to be performed, the designated replacement vehicle is restricted from
being a plug-in vehicle, i.e. can only be CICE, HEV or FCEV

Adjustable Inputs that Require Rerun of FASTSim Simulations:

Set of trips/drive cycles that represent real-world driving. In this paper, all ~65
thousand trips in CHTS [31] are utilized, but other trips/drive cycles could be im-
ported via the GUI of CarGHG. For example, if one wishes to consider more ur-
ban, or more rural driving patterns, it is plausible to consider partitioning CHTS
trips accordingly such as in [40]

Adjustable Inputs that Do Not Require Rerun of FASTSim Simulations:

Hourly profile for marginal GHG emissions in the electric grid [41] and unit cost
of electricity. It is noted that while adjustments to the hourly profile of the electric
grid do not require rerunning of the FASTSim simulations, they do require rerun-
ning of the post-processing after FASTSim simulations for event timing optimi-
zation (discussed in section 2.3.4). In this paper, the adopted hourly profile for
marginal GHG emissions followed that of Western US in [41], while the unit cost
of electricity was assumed to be time invariant

Depreciation model as function of years of ownership and accumulated mileage
at the time of vehicle resale. Since this can differ between different powertrain
types, size category or even brand, the depreciation model can be edited sepa-
rately for each vehicle in a study set

Manufacturing GHG estimates for everything in the vehicle except the traction
battery, as well as the expected lifetime miles, further discussed in section 2.4.2
Charging Efficiency. This can be adjusted separately for each plug-in vehicle in
the study, and can be different by charger type (L1, L2 or DC Fast). For studies in
this paper however, the default value of 86% from FASTSim [26] is adopted for
all plug-in vehicles and charger types (i.e. for every 1.0 kWh consumed from the
electric grid, energy in the traction battery increases by 0.86 kWh)

Annual licensing and insurance costs (in $) for each vehicle in the study set
Maintenance cost, modelled as an average $/mile for each vehicle in the study set
Costs of installing a home charger

Cost model for the replacement vehicle for unfulfilled BEV driving days. This
could take the form of a flat fee (in $/unfulfilled-day) representing a situation
where the replacement is a rental vehicle, distance-based fee (in $/mile), repre-
senting a situation where the replacement is a ride share or accumulated mileage
on another household vehicle, or a combination of $/ unfulfilled-day and $/mile.
For studies in this paper, we consider the replacement vehicle being another
household vehicle with $/mile value estimated from the TCO of the CICE vehicle.

2.3. FASTSim Simulations
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2.3.1. Overview of FASTSim 284

For seamless integration of FASTSim simulations within CarGHG, a translation of 285
FASTSim computations (available from NREL as Excel sheet or Python code [26]) into 286
Java code was conducted and, similar to NREL versions availability, was made publicly 287
open source [42]. For non-plug-in vehicles in a study (i.e., CICE, HEV, FCEV), each vehicle 288
model requires only one FASTSim simulation for each trip/drive cycle that has been set 289
up in the inputs (as discussed in section 2.2.2). Outputs from FASTSim simulations (dis- 290
tance travelled and fuel amount for each trip) are stored in intermediate files, which al- 291
lows for not only estimation of the average fuel consumption per mile, but also allows 292
generation of statistical distributions for the fuel consumption and/or (if need be) exclu- 293
sion of outliers. For Plug-in vehicles however, each vehicle model requires multiple runs 294
of FASTSim simulations for all the trips/drive cycles in order to consider various plausible 295
charging behaviors, as further detailed in sections 2.3.2 and 2.3.3. Upon completion of the 296
FASTSim simulations of plug-in vehicle models, additional post-processing (detailed in 297
section 2.3.4) is conducted to assess the characteristics of associated charging events. 298

2.3.2. Simulation of Plug-in Hybrids 299

One of the data input requirements for real-world trips/drive cycles in CarGHG is 300

that each trip has a date/time signature and that the trips are grouped in sequence into 301
driving days, which allows pre-calculation of the time parked between trips. Unlike non- 302
plug-in vehicles, outputs of FASTSim simulation for a trip of plug-in hybrids (i.e. PHEVs 303
and PFCEVs) not only includes the travel distance and fuel amount, but also includes the 304
amount of electric energy (in kWh) consumed, and the battery SOC at the end of the trip. 305
In such trip-level simulations, the SOC at the beginning of each trip is a necessary input. 306
FASTSim simulations of plug-in hybrids in CarGHG consider a baseline charging behav- 307
ior of “Overnight-only Charging”, where the vehicles are fully charged (i.e. SOC =1 or 308
100%) at the beginning of the first trip of each driving day, but no charging events occur 309
during the day. For the second and subsequent trips within a driving day, the SOC at the 310
start of the trip is taken as the FASTSim simulated value for SOC at the end of the previous 311
trip. Corresponding charging events to the baseline charging behavior have time-window 312
bounds between the end of the last trip of one driving day and beginning of the first trip ~ 313
of the next driving day. 314
For simulation of the outcome where plug-in hybrid owners do not charge their ve- 315
hicles at all, FASTSim simulations are conducted with a fully empty battery (SOC=0or 316
0%) for the first trip of the first driving day, then all subsequent trips utilize the SOC value 317
from the FASTSim simulated value of SOC at the end of the previous trip. This simulation 318
case generates no corresponding charging events and does not record any electric energy 319
consumption throughout the trips. 320
In addition to the simulation cases of overnight-only charging and no charging be- 321
haviors, we consider what could be an upper bound on charging frequency for plug-in 322
hybrids, where in addition to being fully charged at the start of every driving day, the 323
vehicle performs a charging event every time when the duration between trips (consid- 324
ered as a window of opportunity) exceeds a certain threshold number (or fraction) of 325
hours. Study initialization inputs to CarGHG (discussed in section 2.2.2) allow for multi- 326
ple different values of the window of opportunity duration to be considered. For these 327
overnight and daytime opportune charging behaviors, the following is considered: 328
e For driving days with total distance (sum of travel distance among all trips within 329

the driving day) is less than or equal than the AER of the plug-in hybrid, the sim- 330

ulation proceeds similar to the overnight-only charging behavior (i.e. no daytime 331
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charging), as it is assumed that the vehicle owner would not bother seeking to do
daytime charging events.

e For driving days with total distance exceeding the AER but do not have time gaps
between trips of the day that exceed the threshold duration for opportune charg-
ing, the simulation proceeds similar to the overnight-only charging behavior.

e For driving days with total distance exceeding the AER and have (one or more)
time gaps between trips of the day that exceed the threshold duration for oppor-
tune charging, the simulation considers charging event to have occurred during
that time gap. The model for a daytime charging event is that it increases the SOC
(from its value at the end of previous trip) in accordance with the charger type
(assumed to be L2 for plug-in hybrids, BEVs can have DC Fast) and the amount
of time available for charging, or up to SOC = 1.

2.3.3. Simulation of BEVs

FASTSim simulations of BEVs within CarGHG consider the overnight-only charging
behavior as a baseline case and can have additional simulation cases of overnight plus
daytime opportune charging, similar to the plug-in hybrids discussed in section 2.3.2. For
BEVs however, there is an additional consideration for owner range anxiety tolerance
level. Thus, a separate FASTSim simulation run is conducted for each combination case of
charging behavior and range anxiety level. For each driving day in the real-world trips/
drive cycles, simulations are conducted as follows:

o If the total distance for the driving day is less than the AER of the BEV by a margin
that satisfies range anxiety for the simulation case, the FASTSim BEV model is
simulated with SOC =1 (fully charged) at the start of the first trip of the day, and
no daytime charging events are conducted. For each trip, the travel distance and
electricity consumption (in kWh) are recorded, and the corresponding charging
event for that drive day is only the one preceding the day (i.e. after the last trip of
the previous day).

e If the AER of the BEV is not sufficiently longer than the total distance for the driv-
ing day by a margin that satisfies range anxiety for the simulation case and the
simulated charging behavior is overnight-only, then the BEV is assumed to not be
utilized for this driving day, and instead the FASTSim model of the designated
replacement vehicle(s) will be simulated, and the corresponding type and amount
of fuel is recorded for each trip of that driving day.

e If the AER of the BEV is not sufficiently longer than the total distance for the driv-
ing day by a margin that satisfies range anxiety for the simulation case and the
simulated charging behavior considers opportune daytime charging, capability
of the BEV to fulfill the driving day is assessed by considering as many as possible
daytime charging events during stops between trips that have longer duration
than the threshold of the daytime opportune charging model. The driving day is
considered “BEV fulfillable” if the BEV could complete the driving day with DC
Fast charging during the opportune daytime charging events without the SOC
falling below the range anxiety limit of the simulation case.

» If the driving day is deemed BEV fulfillable, the BEV model is used for the
FASTSim simulations, trip distances and electric energy consumption are
recorded, and the corresponding charging events time limits are recorded.
Though fulfillment of the driving day is based on whether it could be com-
pleted with DC Fast charging, if the duration between trips is long enough
that the day could be completed with L2 charging, the charging events are
flagged as L2 charging.

This is a near final draft of a manuscript submitted for publication in the World Electric Vehicle Journal. It was accepted by WEV] on 29 June 2026.

332
333
334
335
336
337
338
339
340
341
342
343

344

345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380



World Electr. Veh. ]. 2026, 17, x FOR PEER REVIEW 11 of 34

» If the driving day is not deemed BEV fulfillable, FASTSim simulations are 381

conducted for the designated replacement vehicle(s), and the correspond- 382

ing type and amount of fuel is recorded for each trip of that driving day. 383

Throughout the simulations of any driving day using a BEV model, the simulated 384
SOC level at the end of each trip is monitored, and if it falls below zero (which could 385
happen in some cases where the range anxiety margin is small), the driving day is flagged 386
as an “inconvenienced day” (for example, the driver thought they had enough range 387
when they began their day, but sometime into the day, they realize the remaining range 388
is insufficient), where in more realistic tones, the driver will need to alter their trip(s) to 389
include additional stops for charging. 390

2.3.4. Inferring Charging Event Characterisitcs 391

While conducting FASTSim simulations of cases involving plug-in vehicles in Car- 392
GHG, whenever there is a change in the SOC that is attributed to the occurrence of a 393
charging event (be it overnight or daytime), as discussed in sections 2.3.2 and 2.3.3, the 394
following is recorded in a file (one separate per simulation case for each plug-in vehicle 395

model in a study): 396
i)  Electric energy & delivered to the battery (in kWh) 397
ii) Type of the charger (L1, L2 or DC Fast) 398
iii) Date and time signature for end of the trip prior to the charging event £ 399
iv) Date and time signature for start of the trip after the charging event ¢* 400

v) Necessary time duration for completing the charging event () at the modelled 401
charging rate for the charger type, which must be no more (but could be less) 402

than the charging time window of opportunity between £ and ¢ 403

where j is an index for the charging behavior model while k is an index for range 404
anxiety level for BEVs (and is not used for plug-in hybrids). As a notation, j =1 refers to 405
overnight-only charging behavior (as discussed in sections 2.3.2 and 2.3.3), while j > 1 re- 406
fers to cases of overnight plus daytime opportune charging. ¢ is an index for charging 407
events within a simulation case with the indices j and & for a plug-in vehicle. 408
Among the adjustable inputs to CarGHG (discussed in section 2.2.2) are hourly 409
curves for the electric grid relative marginal GHG emissions, denoted as 4°(f), and hourly 410
relative cost, denoted as h“(¢). As a notation, a value of 1.0 for the hourly curves indicates 411
“equal to the grid average” for upstream GHG (g-CO2/kWh) or cost ($/kWh), while values 412
less/more than 1.0 indicate proportionally less/more than the grid average, respectively. 413
If the necessary time duration to complete a charging event (7) “barely fits” (within +5 414
minutes) within the limiting time bounds £’ and ¢, then there is no room for GHG (or 415
cost) optimization via adjusting the starting time of the charging event, and scaling factors 416

that relate the equivalent GHG (or cost) to the average grid value are calculated as: 417
1
HS, = [ ne@) ar (1)
ok ok 13,
Q, =
HG =—2— [ h°(@) dt )
ok gk 13,

where HC is the average scaling factor (g-CO2/kWh per g-CO>/kWh of grid-average 418
CI) for GHG of the charging event, while H is the average scaling factor ($/kWh per 419
$/kWh of grid-average) for cost of the charging event. 7. is the average charging effi- 420
ciency during the charging event (relating kWh delivered to the vehicle traction battery 421
to kWh consumed from the electric grid). 77, is assumed to be function of both the vehicle 422
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and charger type. Q is a cost adjustment premium (one of the adjustable scenario param- 423
eters discussed in section 2.2.1) if the charger type is DC Fast). 424

When the time gap between £y and . is sufficiently larger than ., this implies 425
the existence of opportunity to optimize (reduce) the GHG and/or cost associated with the 426
charging event via shifting its timing within the time bounds. CarGHG considers opti- 427
mized delay of start of charging by &% for GHG reduction or 0% for cost reduction. 428
However, CarGHG does not consider splitting a charging event into more than one charg- 429
ing session. When charge timing optimization is considered, average scaling factors for 430
the charging event (depending on whether GHG or cost is prioritized) include GHG scal- 431
ing factor optimized for GHG (H“.) and the corresponding cost scaling factor (H“), 432
as well as the cost scaling factor optimized for cost (H ) and the corresponding GHG 433

scaling factor (HC.jx). Those scaling factors are calculated as: 434
15,465 +7,
1 ik Ok T Tejk
HE = [ no@ar ©)
77 LT . . .
gk “ k15 +55
Q. 15 +5 4T
HY =—2— [ h@) dt (4)
.47 S <G
gk gk 15+ 8
e 1 Tojk +§”,( +Tk .
HE = [ nw ar (5)
LT . -
gk gk 15, +55
B o 15, +0G +T v
Hy =—— [ @ ad ©)
MewTor 3,755,
2.4. GHG Estimation 435
2.4.1. Well to Wheels GHG 436

For non-plug-in vehicles, which only have one FASTSim simulation case per study, 437
the normalized W2W GHG (in g-CO:/mile) can be calculated for every trip/drive cycle as: 438

¢ =o; A1l @)

where i is an index for the trips/drive cycles simulated, / is the length of the trip (in 439
miles), a is the amount of fuel consumed (estimated via FASTSim simulation for the trip), 440
A is the CI for the fuel (in g-CO: per unit of fuel), which is one of the scenario parameter 441
inputs discussed in section 2.2.1, and ¢ is the normalized W2W GHG. For brevity, in the 442
remainder of this paper, @is simply referred as “W2W GHG” even though it has units of =~ 443
g-COz/mile. Examination of the statistical distribution of ¢across (which is one of the out- 444
put options in CarGHG discussed in section 2.6) can be insightful for better understanding 445
of the real-world trips, sanity-checking the FASTSim vehicle models and/or exclusion of 446
outliers. The overall W2W GHG performance metric for a vehicle model is then calculated 447
as a weighted average among all simulated trips as follows: 448

Zwi li ¢1
o=t
Sl (®)
where w; is a weighing factor for the trip/drive-cycle i. In the absence of supporting 449
information that one/some trips/drive-cycles ought to have more weight than others, all 450
the weights (w;) are simply set equal to 1.0. However, for some public datasets of real- 451
world trips (such as CHTS [31], which is utilized for generation of the results presented in 452
this paper), sets of real-world trips belonging to one real-world vehicle have associated 453
weights based on the demographics of the vehicle owner. Further details about CHTS 454
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sample weighing may be found in CHTS documentation or from California Department 455
of Transportation. 456

For plug-in vehicles, not only is it possible for trip simulations to have different val- 457
ues of fuel (a;) and electric energy () consumption depending on the simulation case for 458
charging behavior (j index) and range anxiety (k index), but also the adjusted CI (and cost) 459
for unit of electric energy can differ depending on the charging behavior, range anxiety 460
and owner prioritization (minimization of GHG or cost) for timing of the charging events, 461
as discussed in section 2.3.4. To calculate the W2W GHG corresponding to a simulation 462
case for a plug-in vehicle, we first estimate the corresponding CI for electricity starting 463
with the adjustable scenario parameter (), where u = 0 indicates prioritization of mini- 464
mizing cost via adjusting timing of charging events, and u = 1 indicates prioritization of 465
minimizing GHG. The equivalent scaling for GHG of a charging event is calculated as 466
follows from Eqn. (9) for charging events that have room for timing adjustment. For charg- 467
ing events that don’t have room for timing adjustment, the GHG scaling (irrespective of 468

GHG or cost prioritization) is calculated via Eqn. (1). 469
Hy =(-u)Hy +u Hy )
A weighted average for the scaling factor for the GHG of charging events for the 470
whole simulation case of a plug-in vehicle model is then calculated as: 471
2w e H
Hj == (10)

Z Wi €gie
c

Next, W2W GHG corresponding to each trip in each simulation case of plug-in vehi- 472
cles is calculated per Eqn. (11), and for the special case of non-charging plug-in hybrids 473

(designated by the index j = 0), W2W GHG is calculated per Eqn. (12). 474
G =@y A+ By Hiy pn/ 1, (11)
G = A1, (12)

where £ is the amount of electric energy utilized from the traction battery (estimated 475
via FASTSim simulation of the trip) and s is the average electric grid CI (in g-CO2/kWh). 476
As a note, the amount of fuel consumed (o) for a BEV will be either zero if the trip is 477
within a BEV fulfillable driving day, or it will be the corresponding amount of fuel esti- 478
mated via FASTSim simulation for the replacement vehicle model if the trip is within a 479
BEV non-fulfillable driving day. Similar to Eqn. (8), the W2W GHG performance metric 480

for a simulation case (or non-charging plug-in hybrids) is calculated as: 481
ZWi L ¢ijk
b ="
T (13)

2k b
S Xw

In addjition to estimation of W2W GHG for specific simulation cases charging behav- 482

@, (14)

ior (j index) and range anxiety (k index), CarGHG has the option of providing interpola- 483
tions in between the discrete levels per sliding-scale input scenario parameters (discussed 484
in section 2.2.1). The sliding scale inputs consider values between 0 and 1 for ¢ which 485
indicates some intermediate level between index j and j+1, vwhich indicates some inter- 486
mediate level between index k and k+1, and y which indicates an equivalent fraction of 487
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non-charging plug-in hybrids. The interpolated W2W GHG is calculated via Eqn. (15) for 488

BEVs and via Eqns. (16-17) for plug-in hybrids. 489
q)(.]a k, é’a V) = (1 - é’)(l - V)(Djk + é, (1 —V)q)jﬂ’k + (1 - é,) v q)j,kn + é, v q)b,',+|k+1 (15)
O, Cly=0=1-P,+L D, (16)
O, 1) =A=y) ®(.¢ly=0)+y @, (17)

2.4.2. Lifecycle GHG 490

Estimates for W2W GHG performance (®) for non-plug-in vehicles, BEVs and plug- 491
in hybrids, via Eqns. (8, 15, 17) respectively, represent the “use phase” within LCA. For 492
the GHG estimates to represent full LCA, additional consideration is needed for the man- 493
ufacturing of the vehicles, as well as disposal at end-of-life (EOL) of the vehicles. GREET 494
model, which the manufacturing GHG estimates in this paper are based upon, does not 495
explicitly include estimates for the equivalent GHG for vehicle EOL disposal. In general, 496
vehicle disposal includes energy expenditure for tasks such as transportation, disassem- 497
bly, tear-down, recycling, which would have positive GHG (i.e. additional emissions), but 498
such tasks can also be a way to reclaim materials via a less CI pathway, resulting in net 499
energy savings, and thus negative GHG (i.e. avoided emissions). By considering a fraction 500
of the materials used for manufacturing of the vehicle being “recycled materials”, GREET 501
model implicitly considers the EOL part of vehicle LCA for such materials. Furthermore, 502
vehicle EOL disposal contribution to LCA GHG is understood to be much smaller than 503
either the manufacturing or use-phase, and as such, vehicle EOL disposal is not explicitly = 504

considered in CarGHG or studies in this paper. 505

For estimation of the equivalent GHG for the manufacturing of a vehicle, CarGHG 506

disassembles and then reassembles estimates from GREET into a first-order model: 507
y=(1-p)M* +pM" )m+6 M"b (18)

where 1 is total manufacturing GHG (in g-COz), m is the mass the vehicle (in kg) 508
without the traction battery pack, b is the rated capacity (in kWh) of the traction battery, 509
M? is the CI for manufacturing of the traction battery pack (in g-CO2/kWh-battery), M* 510
and MY are respectively the lower and upper limits of the CI for manufacturing the rest 511
of the vehicle (in in g-COz/kg-vehicle) while pand @ are scaling factors (part of the sce- 512
nario parameter inputs discussed in section 2.2.1). As a note, the GREET 2020 model uti- 513
lized for studies in this paper offers sample data for the manufacturing GHG of traction 514
batteries of various chemistries (from which, one could derive values for M?E ), as well as 515
lower-end and higher-end manufacturing GHG for generic car, SUV and pickup truck 516
(from which one could derive values for M* and M"). Dividing the total manufacturing 517
GHG (from Eqn. 18) by the expected total lifetime vehicle driving distance (L, in miles), 518
which is one of the adjustable parameters discussed in section 2.2.2, one obtains the nor- 519
malized manufacturing GHG (¥, in g-COz/mile), which in turn can be added to the use 520

phase W2W GHG to obtain the normalized LCA GHG (0, in g-COz/mile). 521
Y=w/L (19)
O=0+¥ (20)

2.5. Cost Estimation 522

Estimation of TCO (in $) and normalized TCO (in $/mile) is done in CarGHG for the 523
first vehicle owner following the modeling approach and general assumptions in [35]. 524
TCO, which is denoted by the symbol (I') has two main components: acquisition cost (I'*) 525
and running costs (I'®), as shown in Eqn. (21). Acquisition cost is modelled (per Eqn. 22) 526

This is a near final draft of a manuscript submitted for publication in the World Electric Vehicle Journal. It was accepted by WEV] on 29 June 2026.



World Electr. Veh. ]. 2026, 17, x FOR PEER REVIEW 15 of 34

as the difference between: i) vehicle purchase price including taxes, which is referred as 527
“purchase cost” and denoted by the symbol (I'’), and ii) equivalent resale value of the 528
vehicle, plus incentives, rebates or tax credits, all of which collectively referred as “resale 529

and incentives”, and denoted by the symbol (I'"). 530
r=r*+1* (21)
C=T"-1" +T* (22)

As anote, though CarGHG includes the capability to consider FCEVs and other types 531
of fuels (as indicated by some of the parameter descriptions in Table 1), studies in this 532
paper focus only on CICEs, HEVs, PHEVs and BEVs, with Gasoline blends and/or elec- 533
tricity as the energy source. For the considered types of powertrains, when the modelled 534
vehicles in a study represent actual vehicles that are already on the market, the purchase 535
cost can readily be estimated directly from the manufacturer’s suggested retail price 536
(MSRP) or web sources such as Kelly Blue Book [43]. Such “present-day”-purchase cost 537
can become the basis for estimation of future purchase cost under different scenarios for 538
future powertrain costs, by considering the purchase cost model as: 539

I’ =(1+p)[r (C,(d)+C,)+s (C,(b)+C,(e))] (23)

where p is the purchase tax percentage rate, s and r are respectively the RPE value for 540
electrified powertrain components and RPE value for everything else in the vehicle. bis 541
the rated capacity (in kWh) for the traction battery (same quantity and symbol utilized in 542
Eqn. 18), while e and d are respectively the rated power (in kW) for the electric drive sys- 543
tem (motor, inverter, ...etc.) and the conventional drive system (engine, fuel system, air 544
intake, exhaust, ...etc.). C is a function for estimating the direct cost, which depending on 545
its subscript (b, e or d) indicates the type of estimated cost. For example, Ci(b) is the esti- 546
mated direct cost of the traction battery, as function of the rated battery capacity. Co rep- 547
resents the direct cost of everything else in the vehicle aside from the traction battery, 548
electric and conventional drive systems. 549

RPE is a scaling factor that relates direct cost to the selling price [44], and while it 550
could be argued that RPE may differ between different vehicle manufacturers and be- 551
tween different sub-systems within a vehicle, such level of granularity for RPE values is 552
difficult to establish via public-domain data. However, the research in [44] makes a com- 553
pelling case via analysis of publicly available financial statements from various vehicle 554
manufacturers in the US, that the industry-wide average RPE value is approx. 1.46. As 555
such, a default value of 1.5 is used in CarGHG, as well as studies in this paper, for both r 556
and s. Powertrain sizing information for cost estimates (b, e and d) are matched to the 557
FASTSim model of the vehicle, and the cost functions C can be customized to various 558
profiles as piecewise linear functions in CarGHG. However, studies in the current paper 559
utilize the simple profile of a first-order model, similar to [39], which in turn permits easy 560
consideration of future scenarios by considering alternative values of $/kWh of the trac- 561
tion battery and $/kW of the electric drive system. 562

When constructing a model for a vehicle that is already on the market, the present- 563
day left-hand side (T") of Eqn. (23) is a known quantity. With known values of (b, eand d) 564
and the respective direct cost estimation functions, the only unknown in the equation (for 565
the present-day case) is the term (Co) for direct cost of “everything else” in the vehicle. 566
When considering future scenario cost estimates, the term (C,) is assumed to remain un- 567
changed, while the cost of powertrain system is adjusted in accordance with the scenario 568
parameters (discussed in section 2.2.1). Furthermore, it is also possible to estimate the pur- 569
chase cost of a “virtual vehicle” model (a vehicle that does not exist on the market yet) 570

This is a near final draft of a manuscript submitted for publication in the World Electric Vehicle Journal. It was accepted by WEV] on 29 June 2026.



World Electr. Veh. ]. 2026, 17, x FOR PEER REVIEW 16 of 34

from its FASTSim model (and corresponding b, e and d values) via an assumption that the 571
virtual vehicle model will retain the (Co) value as another vehicle existing on the market. 572

An earlier version of CarGHG implemented an estimate of incentives for BEVs and 573
PHEVs, which affects the term (I'") in Eqn. (22). However, such estimates in the earlier 574
version of CarGHG were based on US Federal and California around the year 2019. How- 575
ever, the structure and conditions for eligibility for incentives at federal and local levels 576
continue to change and remain uncertain for the near term. Though incentives may be 577
important for near-term studies, it can be argued that a long-term sustainable policy will 578
eventually need to dial incentives back down to zero and let a free market drive the con- 579
sumer choices, and for that reason, incentives are not considered in studies presented in 580
this paper. As such, the term T in Eqn. (22) reduces to an estimate of the resale value of 581
the vehicle, which is assumed to be function of the purchase cost (I'"), as well as the num- 582
ber of years of ownership (1) and average annual driving distance (a): 583

I'" =T" D(n,a) (24)

where D is the vehicle depreciation and is function of the number of years of owner- 584
ship and vehicle mileage. With sufficient data from sources such as [43], the depreciation 585
function could be custom tuned/differentiated by individual vehicle models or power- 586
train types, however, studies in this paper utilize the observed depreciation rates for con- 587
ventional vehicles for all powertrain types, which is somewhat of a deviation from the 588
treatment in [35], but is perceived as a likely future outcome the as reliability of electrifi- 589
cation technologies and public perceptions about their reliability becomes mainstream. 590

Running costs (T include annual licensing (also known as registration), insurance 591
and maintenance, as well as the cost of fuel and/or electricity. Licensing and insurance can 592
vary between different states but are generally modelled as a constant annual fee (R, Rsin 593
$/year for licensing and insurance costs, respectively). Insurance cost is modelled as an 594
average per-mile basis (Rw in $/mile), similar to [35]. Cost of electricity and fuel are calcu- 595
lated by multiplying the unit cost (R in $/kWh and Rg in $/gal for electricity and Gasoline, 5%
respectively) by the average electricity or fuel consumption (in kWh/mile or gal/mile) es- 597
timated via FASTSim simulations, as discussed in section 2.4.1. For BEVs, the annual cost 598
may also include “unfulfilled driving days” where the travel distance and stops between 599
trips make it such that the BEV (limited by range and charging time) is unable to complete 600
the driving day in the FASTSim simulations without altering the driving pattern to in- 601
clude additional or longer stops for charging. The cost of one BEV unfulfilled driving day 602
can be estimated as a flat fee (Rr in $/day), which resembles a situation where a rental 603
vehicle is utilized instead of the BEV, or on a per-distance basis (R« in $/mile), which re- 604
sembles a situation where an alternative vehicle in the household or a pay per mile service 605
is utilized. The collective running cost for the first vehicle owner throughout (1) years of 606
ownership is then calculated as: 607

a R a R
T"=n|R+R +aR +——Swa+—--SwhB+uR +avR (25)
i s m ZWIZIZ i ZWIZIZ tlgz r a

where u is the estimated number of BEV unfulfilled driving days per year, and vis 608
the fraction of annual travel distance occurring on BEV unfulfilled driving days. Combin- 609
ing acquisition and running costs provides an estimate for TCO (as per Eqn. 21). The Nor- 610
malized TCO (A), which is taken as the second metric of performance in Fig. 1, is then 611
calculated as: 612

@' +1") (26)

na

A=
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3. Results for Select Light-Duty Vehicles

3.1. Select 2016-2017 Model-Year Vehicles

The first application of the modeling approach for normalized W2W and LCA GHG
versus normalized TCO discussed in section 2 utilized FASTSim models for a set of “real”
model-year 2016-2017 vehicles. The FASTSim models for those vehicles have been elabo-
rately tuned so that estimates via FASTSim simulations of the electric energy and/or fuel
consumption closely matches the real-world performance of these vehicles in California,
as observed in an aggregate sample of real-world trips obtained from a data collection by
the University of California at Davis about households that owned a zero-emission vehicle
[45]. Further details about tuning of the FASTSim models may be found in [38]. Addition-
ally, researchers interested in regeneration of results in this paper via CarGHG can find
FASTSim model files and other parameters settings in supplemental material.

This set of vehicle models is one (out of two) sample studies featured in the web-app
version of CarGHG. For key scenario parameters of $4/gal Gasoline, $0.12/kWh and 220
g-CO2/kWh electricity and 5-year ownership period, the normalized TCO versus GHG is
shown in Fig. 2. Despite such model-year 2016-2017 vehicles being somewhat outdated,
this study serves as a snapshot in time for those vehicles and has the merit of elaborately
tuned FASTSim models and known vehicle purchase costs. Observation of Fig. 2 reveals
some broadline observations of: i) reduction in GHG (to various levels) from CICE to HEV
to PHEVs and BEVs, and ii) comparable TCO between CICEs, HEV and PHEVs, with
BEVs being slightly on the more expensive side. However, with disparities between size
(from subcompact to minivan) and category (Model S being notably a luxury vehicle), it
becomes difficult to draw firm conclusions. In upcoming subsections 3.2, 4.1 and 4.2, ve-
hicle models in a study are chosen so that they are more comparable.

0:804 e (a) W2W GHG
0.60 1 (o]
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o o e

0.40 4 (o}
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Figure 2. Web-app CarGHG default result for models of select 2016-2017 model-year vehicles.
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3.2. Select 2022 Model-Year Pickup Trucks 639

The study in this subsection considers a 2022 model-year CICE pickup truck (F-150), 640
as well as its BEV230 and BEV320 counterparts, which were some of the first major brand 641
full-sized BEV pickup trucks in the US. The MSRP (as obtained from public source [46]) 642
for the CICE, BEV230 and BEV320 were approx. $45,000, $54,700 and $69,200 respectively. 643
Due to unavailability of sufficient real-world trips data, tuning of the FASTSim models 644
was limited to publicly available data from EPA [47]. As with all studies in this paper, 645
detailed FASTSim models are available in supplemental data. Results for the estimated 646
normalized TCO versus normalized GHG are combined with the results in section 4.1 for ~ 647
models of similarly sized virtual pickup trucks. In the current subsection however, we 648
examine and compare the 2022 real market MSRP for the CICE and BEV versions of the 649
pickup truck, and how the MSRP relates to sizing/specifications of the main powertrain 650
components, namely the engine, motors and traction battery systems. 651

Based on public domain sources [48-50], the engine power for the CICE is modelled 652
as 298 kW, motors combined power at 318kW and 420kW for the BEV230 and BEV320, 653
respectively, and usable battery energy of 98 kWh and 131 kWh for the BEV230 and 654
BEV320, respectively. We then apply the NREL first-order cost model [39] to estimate the 655
cost of the engine, air intake, fuel and exhaust, all of which combined referred to as “En- 656
gine System”. With RPE value of 1.5, the estimated contribution of a 298 kW engine system 657
to the MSRP of the CICE comes to $5,840, which with MSRP of $45,000, leaves $39,160 for 658
“Everything Else in the Vehicle”, as shown in Fig. 3 for the F-150 CICE. While it is difficult 659
to estimate exact values for the cost coefficients ($/kW-motor and $/kWh-battery) for a 660
specific real vehicle, since that type of information is typically confidential between sup- 661
pliers and vehicle manufacturers, even with optimistic estimates at $15/kW and $120/kWh 662
(compared to estimates in [35, 51]), the remaining portion (“Everything Else”) of MSRP 663
for F-150 BEV230 and BEV320 is noticeably less than that of F-150 CICE, as in Fig. 3. This 664
implicitly hints at the profitability (or lack thereof) being less favorable to the vehicle man- 665
ufacturer for the BEV models compared to the CICE. If the cost coefficients for motor and 666
battery system were higher than the adopted optimistic estimates, then the profitability 667
of the BEV models for the vehicle manufacturer could be even worse. More than a year 668
after initial sales of model-year 2022 of the F-150 BEVs, the manufacturer announced ma- 669
jor losses per vehicle sold [52, 53], which confirms the predictions in this section about the 670

MSRP of the BEV230 and BEV320 being less profitable for the manufacturer. 671
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Figure 3. Components of MSRP and estimation of fair-price for virtual pickup truck models. 673
4. Results for Virtual Vehicle Models 674
4.1. Pickup Trucks 675
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In addition to the models of F-150 discussed in section 3.2, additional models were 676
constructed for “virtual vehicles”, which is the term utilized to describe models that don’t 677
necessarily match a vehicle available on the market. Virtual vehicles in this subsection 678
include what we consider to be “fair priced” PHEV40, PHEV50, BEV230 and BEV320. Ve- 679
hicle specifications (and FASTSim models) for the fair-priced virtual BEV230 and BEV320 680
are identical to their respective F-150 counterparts. What is perceived to be “fair price” is 681
for everything else in the vehicle (aside from the powertrain systems) to be similar to that 682
of the equivalent CICE, with the powertrain systems contribution to the MSRP being con- 683
sistent to the modelled cost of the relative powertrain subsystems. Models for the virtual 684
PHEV40 and PHEV50 utilize a similarly sized engine as the F-150 CICE, along with down- 685
sized motors and batteries compared to the BEVs, at 180 kW and 31 kWh for the PHEV40, 686
and 200 kW and 39 kWh for the PHEV50, with full details of the FASTSim models are 687
provided in supplementary data. The ensuing estimated MSRP for the fair-priced pickup 688
truck virtual vehicle models is shown in Fig. 3. Setting vehicle usage conditions similar to 689
section 3.1 but with slightly more expensive Gasoline (of $5/gal Gasoline, $0.12/kWh and 690
220 g-CO2/kWh electricity and 5-year ownership period), the normalized TCO versusnor- 691
malized GHG results are generated and shown in Fig. 4. 692

Comparing the F-150 CICE versus F-150 BEVs in terms of TCO in Fig. 4, one notes 693
that despite higher MSRP for the BEVs (Fig. 3), the TCO for both F-150 BEV230 and F-150 694
BEV320 is lower than the F-150 CICE, which is largely due to the difference in running 695
costs (driving electric being lower cost than Gasoline). Also noting that the TCO in Fig. 4 696
is not considering any incentives, while incentives did exist during the later part of the 697
Biden administration, either of the BEV versions is likely to have been economically ben- 698
eficial to customers who acquired that. When considering the fair-priced BEVs without 699
incentives however, only the virtual BEV230 comes to approximate TCO break-even com- 700
pared to the CICE, while the virtual BEV320 comes at a slightly higher TCO than the CICE. 701
Though not available on the market in 2022, the TCO result for the fair-priced virtual ve- 702
hicle models of PHEV40 and PHEV50 show them comparable (if not better) than the BEVs. 703

Reductions in GHG via adopting BEVs instead of CICE are noticeably more per ve- 704
hicle for pickup trucks than the smaller vehicles considered in section 3.1 (even though 705
section 3.1 did not include exactly size-wise comparable CICEs and BEVs). The reduction 706
in W2W GHG from CICE to BEV trucks is approx. 550 g-COz/mile per vehicle (from ~700 707
g-COz/mile to ~150 g-COz/mile in Fig. 4.a), but the reduction is somewhat less when con- 708
sidering LCA GHG, at approx. 500 g-CO2/mile per vehicle (from ~800 g-CO/mile to ~300 709
g-CO2/mile in Fig. 4.b), which is primarily due to the GHG contribution from battery man- 710
ufacturing to the LCA GHG. The estimated LCA GHG reduction via virtual PHEVs is 711
approx. 450 g-COz/mile per vehicle (from ~800 g-COz/mile to ~350 g-COz/mile in Fig. 4.b), 712
which is approx. 90% of the LCA GHG reduction achievable via BEVs. 713
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Figure 4. Pickup truck modeling results, including estimates for fair-priced PHEVs and BEVs.o 715
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4.2. Different Scenarios for Small SUVs 716

4.2.1. Baseline Scenario 717

Having showcased the modeling capabilities of real or virtual vehicles throughout 718
sections 3.1, 3.2 and 4.1, this subsection focuses on multiple scenarios for different power- 719
train variants of a “Small SUV” such as a RAV4 or CR-V, which is a category of light-duty 720
vehicles experiencing growth in the US market, according to the US EPA [54]. A baseline 721
version of this set of vehicle models is featured as the second (among two) sets of vehicles 722
shown in the Web-App version of CarGHG [36]. The vehicle models are derived (via bat- 723
tery resizing and fair-price estimates of MSRP discussed in section 4.1) from model year 724
2021-2022 CICE, HEV and PHEV small SUVs in the US market. Full details of the FASTSim 725
models and other parameters (such as estimates of manufacturing GHG and MSRP) are 726
provided in supplementary data. Settings for scenario parameters, as they appear in the 727
Web-App version of CarGHG as default values are shown in Table 2. The corresponding 728
plots for the normalized TCO versus normalized W2W and LCA GHG are respectively 729
shown in Fig. 5.a and Fig. 5.b. However, prior to considering other settings of the scenario 730
parameters that aim to model future settings, we first conduct a sensitivity analysis, as 731

summarized in the next sub-section. 732
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Figure 5. Web-app CarGHG default result for virtual vehicle models of Small SUVs. 734
4.2.2. Sensitivity of LCA GHG and TCO to Scenario Parameters 735

We conduct sensitivity analysis via perturbing the scenario parameters from their 736
baseline values, one parameter at a time, and calculating the corresponding change in 737
normalized LCA GHG and normalized TCO for the CICE, HEV, PHEV50 (as representa- 738
tive of PHEVs) and BEV300 (as representative of BEVs). We then calculate the correspond- 739
ing sensitivity functions A and IT (for LCA GHG and TCO respectively) as the percentage 740
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change in normalized LCA GHG or TCO due to 1% change in the scenario parameters.

For scenario parameters with inherently discrete (or different model) effects, namely the

charging behaviors of BEVs and PHEVs, we conduct the sensitivity analysis by consider-

ing 0% versus 100% of the vehicles following one behavioral model or the other. In case

of BEVs, 0% change in charging behavior is the baseline case in Table 2, where all the

vehicles charge to full overnight, but will not be used on a driving day that exceeds their

driving range, while 100% change in charging behavior is where 100% of the vehicles will

have “unlimited” charging, i.e., will be used in every driving day, making additional stops

to charge, as needed. In case of PHEVs, the perturbation in charging behavior examines

the fraction of PHEVs that do not charge and only operate in charging sustaining mode,

similar to an equivalent HEV. Results of the sensitivity analysis are shown in Fig. 6.
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Figure 6. Sensitivity of Normalized LCA GHG and TCO to perturbations in scenario parameters.
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Table 2. Scenario parameters settings for Small SUV study. 754
Scenario
Web-App Near Near Future Future
Scenario Parameter Default Term-1 Term-2 Setting-1  Setting-2
Battery System Cost [$/kWh] 150 150 150 100 90
Motor System Cost [$/kW] 12 12 12 6 6
Battery Mfg. GHG (Baseline)  10% Less ~ 20% Less 50% Less ~ 50% Less
Rest of Vehicle Mfg. GHG (Baseline)  (Baseline)  (Baseline) 30% Less  30% Less
Electricity Price [$/kWh] 0.12 0.3 0.3 0.3 0.3
Gasoline Blend Price [$/gal] 5 5 5 6 8-12
BEV Range Anxiety [miles] 20 20 - - -
BEV Charging Behavior . Overnight L L L
Overnight . Unlimited Unlimited Unlimited
+ Daytime
PHEV Charging Behavior Overnight Overnight Overnight Overnight

Overnight  w/12% w/ 12% w/12% w/12%
Non-Chg. Non-Chg. Non-Chg. Non-Chg.

W2W Electricity GHG
220 200 180 120 60
[g-CO2/kWh]
W2W Gasoline Blend GHG 6,408 —
10,680 10,680 10,680 10,680
[g-COz/gal] 4,272

In examining the sensitivity plots shown in Fig. 6, one ought to keep in mind that one 755
parameter perturbation at a time does not capture correlations or interactions that could 756
be observed when two or more impactful parameters are simultaneously adjusted. For 757
example, lower CI gasoline blends have high impact on the LCA GHG of CICE and HEV 758
but no impact on cost, however, even some of the least expensive lower CI gasoline 759
blends, such as E85, has been historically more expensive than regular gasoline per equiv- 760
alent energy content [55]. As such, while adjustment of scenario parameter for CI of the 761
gasoline blend appears to have no impact on cost in Fig. 6, one needs to keep in mind that 762
when crafting future scenario estimates, certain parameters cannot be adjusted inde- 763
pendently. Furthermore, a limitation of the sensitivity analysis and the overall modeling 764
framework in this paper is that secondary behavioral effects (such an increase in price of 765
gasoline affecting charging frequency of PHEVs and/or willingness to utilize BEVsinlong 766
road trips) cannot be accounted for. With such limitations in mind, the main observations 767
from sensitivity analysis could be summarized as: 768

e The CI of the gasoline blend is the most impactful scenario parameter for LCA 769

GHG of CICEs and HEVs, is also moderately impactful for PHEVs and only 770
slightly for BEVs. The reason CI of gasoline has any bearing at all on the GHG of 771
BEVs in the this model is an artifact of the considering the driving on the replace- 772
ment CICE vehicle on days where the BEV is unable to fulfill the required driving. 773
Such dependency of the GHG of BEVs on CI of gasoline gets eliminated in sce- 774
narios where 100% of BEVs are utilized for all trips while altering the driving plan 775
to include additional stops if necessary. 776
¢ The fraction of non-charging vehicles has high impact on the LCA GHG of PHEVs 777
as well as their TCO. In fact, in an extreme case where none of the PHEVs are ever 778
charged, the LCA of the PHEV becomes slightly worse than an equivalent HEV 779
due to approximately the same W2W GHG (additional mass from larger battery 780
than an equivalent HEV is on par with one additional passenger in the car), but 781
higher manufacturing GHG from for the larger sized battery. The increased TCO 782
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for PHEVs that don’t charge stems from low electricity prices compared to gaso- 783
line where PHEVs that don’t charge could be missing out on an opportunity for 784
cost savings. However, in scenarios with more expensive electricity prices, the 785
cost advantage of charging PHEVs (and sensitivity of TCO to charging behavior) 786
diminishes. 787
e The W2W GHG of electricity is significant for both BEVs (most significant param- 788
eter) as well as PHEVs (though not the most significant parameter). 789
e The manufacturing GHG for everything in the vehicle aside from the traction bat- 790
tery is of some significance to CICEs and HEVs (but not as much as the CI of 791
gasoline), and very significant for PHEVs and BEVs, even more so than the man- 792
ufacturing GHG for the traction batteries. While this might be somewhat of sur- 793
prising finding, especially for BEVs that have large batteries, it is a testament (per 794
GREET model [33]) that even a BEV has many parts that require many different 795
materials besides the traction battery. 796
e Cost of the traction batteries is the most significant parameter for the TCO of BEVs 797
and is also significant for PHEVs, while cost of the electric drive (motor) system 798
is secondary (but not trivial) for BEVs, PHEVs and HEVs. Price of electricity for 799

charging also appears secondary (but not trivial) for both BEVs and PHEVs. 800

e Cost of the gasoline blend is the most significant parameter for the TCO of CICEs 801

and HEVs, and is secondary (but not trivial) for PHEVs. 802

4.2.3. Simulation of Near-Term and Future Scenarios 803

In crafting the scenario parameters in Table 2, we note that uncertainties do existand 804
are hard to eliminate in future (or even present-day) estimates of technology costs, man- 805
ufacturing GHG and human behavior. In seeking to maintain relevance of CarGHG re- 806
sults despite some of the assumptions from 2021-2022 timeframe (which were justifiable 807
at the time) not necessarily holding anymore, we revise some of the assumptions but do 808
not provide specific model-year or calendar year for when such parameter values are ex- 809
pected to be realized. Instead, we designate the scenarios “Near Term-1” and “Near Term- 810
2” as a plausible range for “present-day to near future” (e.g. 2025 to 2028), and the scenar- 811
ios “Future Setting-1” and “Future Setting-2” as a plausible range for what could be real- 812
ized sometime between 2030 to 2040. 813

For the near-term scenarios in Table 2, we do not consider significant changes in the 814
cost of the manufacturing processes or the manufacturing GHG for the rest of the vehicle 815
aside from the traction batteries. However, we consider mild reductions in the manufac- 816
turing GHG of the traction batteries as an update from model-year 2021-2022 vehicles 817
(upon which the FASTSim models in this paper were created) to more recent versions of 818
GREET, where the manufacturing GHG for traction batteries is approx. 10% to 15% less 819
than in the 2020 version of GREET. We also consider mild reductions in the W2W GHG 820
of electricity, as well as increased electricity prices per the steady increase in the US in 821
recent years [56], as opposed to the price of gasoline which has remained mostly steady 822
(aside from a recent war-induced crisis) [57]. 823

Charging behavior is also one of the uncertain issues. For PHEVs, there have been 824
studies examining how well their fraction of distance travelled on electric power in vari- 825
ous parts of the world match up against the standard assumption of being fully charged 826
overnight before every driving day [58, 59]. While contributions of various real-world fac- 827
tors to the real GHG performance of PHEVs is rather complex [60], in this modeling work 828
we consider that practically any “less than ideal” charging behavior of a PHEV could be 829
modelled as fraction “equivalent HEV”. An estimate for the fraction of equivalent HEVs 830
is taken at approximately 12%, which we consider to be in line with the findingsin arecent 831

large-scale study of real-world PHEVs data in the US and Canada [61]. 832
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For the charging behavior of BEVs, the near term scenarios in Table 2 consider two 833
alternatives; in Near Term-1, the simulated BEV will conduct the driving of the day if itis 834
capable of completing the driving day (starting the day with a fully charged battery, con- 835
ducting as many daytime charging events as feasibly possible during stops between trips 836
in the real-world dataset, but without altering the duration of the stops between trips, as 837
discussed in section 2.3.3), but a replacement vehicle (CICE) will be used for driving days 838
that the BEV is unable to fulfill. In Near Term-2, the BEV is assumed capable of completing 839
all driving days via the driver altering their travel pattern to include additional or longer 840
stops for charging. Although CarGHG does not implicitly have the capability to alter the 841
duration between trips, estimates for a BEV that does not rely on a replacement vehicle 842
for unfulfilled driving days are conducted in this paper by setting the cost coefficients (R- 843
and Rq) in Eqn. (25), and the BEV replacement vehicle CI of fuel (4) in Eqn. (11) to zero. 844
Focusing the scenario analysis on LCA, results for normalized TCO versus normalized 845

LCA GHG for both near term scenarios are shown in Fig. 7. 846
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Figure 7. Results for near-term scenarios for virtual vehicle models of Small SUVs. 848

For the future setting scenarios in Table 2, reductions in both the cost and GHG of 849
manufacturing are considered, with no changes in the price of electricity or the charging 850
behavior compared to Near Term-2. However, the main elements of study in those sce- 851
narios are the CI of electricity and Gasoline blends. In Future Setting-1, the CI of Gasoline 852
blend is set to the same level as present-day along with a mild increase in its price, while 853
the CI of electricity is reduced to 120 g-CO2/kWh. As a note, 120 g-CO2/kWh approxi- 854
mately corresponds to a model for an electric grid that utilizes Natural Gas generation (as 855
modelled in GREET [33]) for 25% of the generated electricity, with the rest of the electric 856
energy generation coming from renewable (such as Hydro, Solar and Wind) or very low 857
CI sources (such as Nuclear or Geothermal). In Future Setting-2, we consider even lower 858
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(I for electricity (at 60 g-CO2/kWh), as well as lower CI Gasoline blends that could be 859
incorporating lower carbon liquid fuels, such as Biofuels [62] or eFuels [63]. Low CI fuel 860
blends is an extensive field of research in its own right [64], with wide range of expecta- 861
tions ranging form a mild ~5% to 7% reduction in the CI of Gasoline at almost no addi- 862
tional cost (via slightly higher ratio of Ethanol in the Gasoline blend) to zero CI synthetic ~ 863
fuels at uncertain costs and/or supply availability. In Future Setting-2 scenario however, 864
we consider a range between 40% to 60% lower CI Gasoline blend, along with an increase 865
of 33% to 100% in the price of Gasoline blend compared to Future Setting-1 scenario. Re- 866
sults for normalized TCO versus normalized LCA GHG for both future setting scenarios 867

are shown in Fig. 8. 868
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Figure 8. Results for future setting scenarios for virtual vehicle models of Small SUVs. 870
5. Discussion 871

Replication of the normalized TCO versus GHG results at the default scenario pa- 872
rameter settings of the Web-App version of CarGHG (section 3.1 and first scenario in sec- 873
tion 4.2) serves as an affirmation of the matching between the Web-App version and the 874
desktop version of CarGHG, per the modeling details provided in section 2. Models for 875
full-sized pickup trucks (sections 3.2 and 4.1) highlight the opportunities for powertrain 876
electrification to achieve larger GHG reductions (in terms of g-COz/mile per vehicle) com- 877
pared to electrification of smaller sized vehicles. Another important highlight from study 878
of the pickup truck models is the challenge associated with MSRP estimates coming from 879
the real market of existing vehicles, because some vehicles may be selling at MSRP thatis 880
unprofitable for the manufacturer, which is difficult to sustain in the long term. As a way 881
of demonstrating the ability to predict near-term and future scenarios, a set of fair-priced 882
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small SUV vehicle models that are similar in all aspects except the powertrain are exam- 883
ined in section 4.2. 884

Examining the various small SUV scenarios in section 4.2, one notes that although 885
the CICE in a fair-priced model of the MSRP is typically the least expensive option, when 886
factoring in the running costs (with the primary difference being the cost of fuel), the HEV 887
comes as a superior option in terms of TCO in every near-term and future scenario com- 888
pared to the CICE (Fig. 7, Fig. 8), which makes the HEV an all-around superior option 889
compared to the CICE, since the HEV also has lower W2W and LCA GHG. Though BEVs 890
and PHEVs bring more GHG reduction compared to the HEV. However, the economics 891
and the amount of GHG reduction depend on other scenario parameters. Without consid- 892
eration of incentives, the MSRP of BEVs, primarily due to the cost of traction batteries, 893
prevents the TCO of BEVs from becoming a more economical option compared to the 894
HEV in the near-term scenarios (Fig. 7). Furthermore, the increase in cost of electricity = 895
from $0.12/kWh to $0.3/kWh all but negates the TCO advantage for PHEVs compared to 89
the HEV (comparing the normalized TCO for PHEVs in Fig. 5 and Fig. 7). When consid- 897
ering future scenarios, even with significantly reduced cost of batteries and other vehicle 898
electrification technologies, without incentives, the TCO of BEVs and PHEVs still doesnot 899
appear to have a clear advantage compared to the TCO of the HEV (Fig. 8.a). 900

Noting that the main intent of section 4.2 is to conduct a free market assessment of 901
fair-priced vehicles, neither official incentives (federal, state or local/municipal govern- 902
ments providing rebates, tax breaks or other forms of monetary-equivalent purchase de- 903
cision influence) nor “hidden incentives” (reduction of MSRP at a loss to the OEMs) are 904
considered in the scenario analysis of section 4.2. For a less precise estimate of the impact 905
of $1000 in equivalent incentives on the normalized TCO, one may subtract an incentive- 906
equivalent value (in $/mile) from the vertical ordinate of Fig. 5, Fig. 7 or Fig. 8, with the 907
incentive-equivalent calculated as the total present-day incentive amount divided by the 908
total expected miles of travel for the ownership period, which comes to $0.015/mile for 909
every $1000 of incentive (for 5 years of ownership and 13,2000 miles of travel per year). 910
However, the impact of incentives on the acquisition cost, and by extent, the TCO, canbe 911
affected by complex market dynamics, since incentives for newly bought vehicles can 912
cause lower resale prices of used vehicles. On the other hand, some “lucky” vehicle buyers 913
could benefit from acquiring a new vehicle while certain incentives are in place, while also ~ 914
benefiting from better resale value if incentives are phased out by the time of vehicle re- 915
sale. Such market dynamics however, are beyond the scope of the modeling in this paper. 916

The LCA GHG of BEVs is impacted by several factors, where it could appear to be 917
only slightly better than the LCA GHG of PHEVs (Fig. 7.a), to a more pronounced im- 918
provement should the long-trip charging experience for BEVs improve such that occur- 919
rences of alternate vehicle swapping are eliminated (Fig. 7.b), to an even more pronounced 920
advantage in a future setting with lower CI electricity and battery manufacturing (Fig. 921
8.a). The LCA GHG of PHEVs is on the other hand contingent on both the CI of the elec- 922
tricity as well as charging frequency. In the worst case, the LCA of PHEVs could become 923
slightly worse than that of the HEV if none of the PHEVs are charged. 924

The introduction of low CI fuels (Gasoline blends with lower g-COz/gal at higher per 925
gallon prices) appears to be all-round advantageous in multiple ways (Fig. 8.b). Firstly, 926
the lower CI of the fuels help reduce the LCA GHG of the CICE, HEV and PHEVs, not to 927
mention other older/legacy higher emissions CICEs (not modelled in this paper). Sec- 928
ondly, with likely higher prices for lower-CI fuel per unit, electric powered driving be- 929
comes economically more attractive. Among all the considered scenarios, it is only in Fu- 930
ture Setting-2 (Fig. 7.b) where the TCO of BEVs become less than the TCO of the HEV. 931
Furthermore, though not modelled in this paper, when electric driving is significantly = 932
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more economically advantageous, it can lower the percentage of non-charging PHEVs 933
and/or increase their charging frequency, which can in turn improve the LCA GHG of 934
PHEVs. 935

Among the limitations of the work in this paper is that in being focused on only two 936
metrics of performance of light duty vehicle powertrains (cost and GHG), it may not nec- 937
essarily reflect all the factors in the decision-making process by all vehicle buyers. Some 938
vehicle buyers may place high importance on lowering GHG or avoiding the use of Gas- 939
oline irrespective of cost, while other vehicle buyers may regard the economics of owner- 940
ship as the most important attribute. Even among vehicle buyers that value the economic 941
attributes, the perceived value of cost savings throughout the ownership period may not 942
be at the same perception level as willingness to pay for the purchase cost [65]. Other 943
vehicle buyers may prioritize other attributes such as style, handling, range and/or a com- 944
bination of all the vehicle attributes with varying levels of importance. Charging behavior 945
and attitudes towards charging is also a complex topic that is affected by the availability, 946
convenience and perceived economic advantage of charging. 947

One other limitation is that the modeling work in this paper for TCO versus GHG 948
shows results that correspond to “what if all the vehicles were <one powertrain> type”, it may 949
not be possible to have that many vehicles available to customers (particularly the long 950
range BEVs) in the near term, due to critical material availability and supply chain issues. 951
Lastly, another limitation of this work is the CHTS dataset [31] from which the second- 952
by-second real-world vehicle trips are obtained. CHTS is more than a decade old but still =~ 953
stands as one of the rich publicly available datasets in the US for second-by-second vehicle 954
speed. And although one may argue that driving aggressiveness in California (where 955
CHTS data was collected) should not necessarily be significantly different than other parts 956
of the US or the world, the commute distances (affecting plausible fraction of electric driv- 957
ing for PHEVs and vehicle swapping for BEVs) could vary significantly depending on 958
location. As such, interpretation of the scenario analysis should be only considered in the = 959
qualitative/directional sense for places with different travel patterns compared to Califor- 960
nia. And even for California, with uncertainties about the future of cost, convenience and 961
performance of various technologies, as well as the evolution of perceptions among vari- 962
ous types of vehicle buyers, it is difficult to conclude that any one technology alone is the 963
sole best solution for everyone. As such, continuing to develop and pursue all technolo- 964
gies that can lower vehicle GHG is a safe course of action. 965

6. Conclusion 966

This paper presented an overview of the modeling details CarGHG, an open-source 967
tool for analyzing various scenarios for the trade-off between cost and GHG of various 968
types of powertrains in light-duty vehicles. Select vehicle model results are regenerated 969
as an affirmation of existing perspectives in the public domain CarGHG, then studies are 970
conducted that involve additional/new vehicle models (F-150 and virtual pickup trucks), 971
as well as near-term and future parameter settings (Small SUVs). The generated results 972
highlight the importance of sustainable economics in efforts towards GHG reduction, as 973
well as the existence of multiple plausible alternatives for future GHG reduction. With =~ 974
uncertainties still lingering about future costs of technology, materials supply chain and 975
consumer preferences, a safe course of action towards future GHG reduction is to continue 976
pursuing all options, including BEVs, PHEVs, HEVs, as well as lower CI fuels. 977

Studies in this paper are based on simulation models, and models are never perfect. 978
Future extensions of this work could consider/implement additional aspects such as dif- 979
ferent driving data sets, more detailed charging behaviors, critical materials availability 980
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and supply chain constraints, as well as the wide spectrum of mindsets among future 981
vehicle buyers and their attitudes towards various powertrain technologies. 982

Supplementary Materials: Study initiation files for CarGHG that enable regeneration of results pre- 983

sented in this paper can be downloaded at: www.mdpi.com/xxx/s1. 984
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Abbreviations 999
The following abbreviations are used in this manuscript: 1000
AER All Electric Range

ANL Argonne National Laboratory

BEV Battery (only) Electric Vehicle

CHTS California Household Travel Survey

CI Carbon Intensity

CICE Conventional Internal Combustion Engine

DC Direct Current

EOL End of Life

FCEV (Hydrogen) Fuel-Cell (hybrid) Electric Vehicle

FSPT Full sized Pickup Truck

GHG Greenhouse Gas

GUI Graphical User Interface

HEV Hybrid Electric Vehicle

L1 Level-1 (charger), typically low power, up to 1.5 kW

L2 Level-2 (charger), higher power than L1, typically up to 6kW to 7kW

LCA Lifecycle Analysis

MSRP Manufacturer’s suggested retail price

NREL National Renewable Energy Laboratory
PFCEV Plug-in (Hydrogen) Fuel-Cell Electric Vehicle
PHEV Plug-in Hybrid Electric Vehicle

RPE Retail Price Equivalent

SOC State of Charge (for the traction battery)
suv Sports Utility Vehicle

T2W Tank to Wheels

TCO Total Cost of Ownership

WaT Well to-Tank

W2W Well to Wheels

Symbols 1001
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The following symbols are used in this manuscript:
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S

Subscripts

a

b

C

Amount of fuel consumed in a trip

Amount of electric energy consumed in a trip

Optimized amount of time delay for start of charging

Amount of electric energy (in kWh) charged or discharged to/from the traction battery
Normalized W2W GHG (in g-CO2/mile)

Fraction of non-charging plug-in hybrids

Charging efficiency from the grid for a plug-in vehicle

CI of fuel (in g-CO2 per unit of fuel)

Grid average CI of electricity (in g-CO2/kWh)

Sliding scale for interpolation between levels of BEV range anxiety

Scaling factor for traction battery manufacturing GHG

Sliding scale between lower and upper bounds for the manufacturing GHG of every-
thing in the vehicle except the traction battery

Necessary duration to complete a charging event

Total manufacturing GHG (in g-CO) for a vehicle

Sliding scale for interpolation between levels of charging behavior

Normalized total cost of ownership for first vehicle owner (in $/mile)

Vehicle model estimated W2W GHG performance (in g-COz/mile)

Total cost of ownership for first vehicle owner (in $)

Normalized LCA GHG sensitivity

Normalized TCO sensitivity

Normalized LCA GHG for a vehicle (in g-COz/mile)

Price premium scaling for DC Fast charging

Normalized total manufacturing GHG for a vehicle (in g-COz/mile)

Average annual travel distance by vehicle (in miles/year)

Rated capacity of vehicle traction battery (in kWh)

Rated power of conventional drive system (in kW)

Rated power of electric drive system (in kW)

Hourly curve (relative marginal GHG emissions or relative cost) for the electric grid
Length (or driving distance) for a trip/drive-cycle

Mass of everything in a vehicle except the traction battery pack

Number of Years of vehicle ownership

Purchase tax rate

RPE for everything in the vehicle except the electrified powertrain

RPE for the electrified powertrain

Date and time signature

Estimated number of BEV unfulfilled driving days per year (in days)

Estimated fraction of annual miles travelled that are unfulfilled by a BEV
Demographic weighing factor for a trip/drive-cycle

Function for estimation of the direct cost for a subsystem in the vehicle (type of vehicle
subsystem indicated via a subscript)

Depreciation function for estimating the resale value of a vehicle

Average scaling factor for GHG or cost of charging, relating the average GHG/cost as-
sociated with the timing of charging event(s) relative to the average for the grid
Expected vehicle lifetime travel distance (in miles)

Manufacturing GHG CI (per kg-vehicle or per kWh-traction battery)

Running cost coefficient (type and units of the running cost indicated via a subscript)

Indicates cost per distance travelled (in $/mile) on alternative vehicle for BEV unful-
filled driving days

Indicates function for estimation of the direct cost of the traction battery system
Index for simulated occurrences of charging events
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Indicates function for estimation of the direct cost of the conventional drive system
e With main symbol C, indicates function for estimation of the direct cost of the electric
motor system. With main symbol R, indicates unit cost of electricity for charging the
vehicle (in $/kWh)
Indicates unit cost of Gasoline (in $/gal)
Index for simulated trips or drive cycles
Index for charging behavior model
Index for BEV range anxiety setting
Indicates annual licensing fee (in $/year)
Indicates average insurance cost (in $/mile)
Indicates estimate of the direct cost of everything else in the vehicle
Indicates cost per day (in $/day) for BEV unfulfilled driving days
Indicates annual insurance cost (in $/year)

rﬂ\gs\‘»\.m.%

Superscripts

A Indicates acquisition cost portion of the TCO

B Indicates CI for manufacturing GHG of the traction battery in (in gCO2/kWh-battery)
C Indicates relative cost for hourly curves of the electric grid, cost scaling factor (relative
to grid average) for a charging event, or delayed start of charging for minimum cost of
a charging event

Indicates ending time bound for a charging event

Indicates relative GHG emissions for hourly curves of the electric grid, GHG scaling
factor (relative to grid average) for a charging event, or delayed start of charging for

Q &

minimum GHG of a charging event

Indicates lower bound for CI of manufacturing GHG for everything in a vehicle except
the traction battery pack (in gCOz/kg-vehicle)

Indicates purchase cost portion of the acquisition cost in the TCO

Indicates running cost portion of the TCO

Indicates starting time bound for a charging event

Indicates upper bound for CI of manufacturing GHG for everything in a vehicle except
the traction battery pack (in gCO2/kg-vehicle)

Indicates resale value and incentives portion of the acquisition cost in the TCO

< (@ R= "R ™~
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