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ABSTRACT: Hybrid, plug-in hybrid, and battery electric
vehiclesknown collectively as electric drive vehicles (EDVs)
may represent a clean and affordable option to meet growing U.S.
light duty vehicle (LDV) demand. The goal of this study is 2-fold:
identify the conditions under which EDVs achieve high LDV
market penetration in the U.S. and quantify the associated change
in CO2, SO2, and NOX emissions through midcentury. We employ
the Integrated MARKAL-EFOM System (TIMES), a bottom-up
energy system model, along with a U.S. data set developed for this
analysis. To characterize EDV deployment through 2050, varying
assumptions related to crude oil and natural gas prices, a CO2
policy, a federal renewable portfolio standard, and vehicle battery
cost were combined to form 108 different scenarios. Across these
scenarios, oil prices and battery cost have the biggest effect on EDV deployment. The model results do not demonstrate a clear
and consistent trend toward lower system-wide emissions as EDV deployment increases. In addition to the trade-off between
lower tailpipe and higher electric sector emissions associated with plug-in vehicles, the scenarios produce system-wide emissions
effects that often mask the effect of EDV deployment.

■ INTRODUCTION

Increasing concerns over U.S. oil imports, anthropogenic
climate change, and urban air quality motivate interest in
alternative fuels and vehicles. Among existing options, electric
drive vehicles (EDVs)hybrid electric vehicles (HEVs), plug-
in hybrid electric vehicles (PHEVs), and battery electric
vehicles (BEVs)are receiving increased attention from
government, industry, and academia. Current U.S. policies
designed to promote EDVs include President Obama’s pledge
to deploy 1 million BEVs by 2015,1 a $7500 federal tax credit
for BEVs and PHEVs,2 and numerous state-level incentives.3 In
addition, the recent passage of aggressive new Corporate
Average Fuel Economy (CAFE) standards that will roughly
double fuel economy and halve the greenhouse gas emissions
produced by cars and light duty trucks in model year 20254

make the prospect for EDV deployment even more promising.
EDVs offer three key benefits over competing vehicle

technologies: (1) reduced consumption of petroleum-based
fuels,5 (2) lower refueling infrastructure costs compared to
alternatives such as H2 and compressed natural gas,6 and (3) a
shift in energy production from vehicles to the electricity grid,
where emissions from large, centralized facilities are cheaper
and easier to control.7,8 While previous work has applied
different methodologies and models to quantify the environ-
mental benefits of EDVs, several consistent insights have
emerged. First, HEVs produce less emissions than conventional

vehicles.9−11 Second, PHEVs with smaller battery packs are
more likely to deliver emissions benefits and reduced gasoline
consumption at lower lifetime cost compared to those with
large battery packs in the short term.12−15 Third, significant
emissions benefits, particularly from vehicles with large battery
packs, only begin to accrue with clean electricity.9,11,12,16−18

Fourth, CO2 prices as high as 100 $/t do not provide sufficient
incentive for vehicle electrification.9,10,12,14,16

While these studies (along with others19−22) have made
significant contributions to the literature, they only consider a
single point in time or employ sector-specific models or
calculations that ignore the interaction of EDVs with the rest of
the energy system over time. Recent analyses based on energy
system models mainly focus on CO2 emissions and have been
run with a limited set of scenarios,6,23,24 which make it difficult
to draw insight specific to EDVs.
This paper employs an energy system model to meet the

following objectives: (1) identify the conditions under which
EDVs achieve high market penetration in the U.S. light duty
vehicle (LDV) sector through 2050 and (2) quantify the
system-wide changes in CO2, SO2, and NOX emissions at the

Received: February 21, 2013
Revised: December 23, 2013
Accepted: January 3, 2014

Policy Analysis

pubs.acs.org/est

© XXXX American Chemical Society A dx.doi.org/10.1021/es4045677 | Environ. Sci. Technol. XXXX, XXX, XXX−XXX

pubs.acs.org/est
http://pubs.acs.org/action/showImage?doi=10.1021/es4045677&iName=master.img-000.jpg&w=222&h=132


national level. The model minimizes the system-wide cost of
energy over time and links all sectors of the economy together
through a consistent set of energy prices. Therefore, rather than
characterizing the rest of the energy system through exogenous
inputs and isolating the effects of EDV deployment, application
of an energy system model can help characterize the broader
impacts due to dynamic interactions across the energy system.
As such, this paper adds to the existing literature by addressing
a fundamental question: Does EDV deployment produce a
consistent and measurable decline in emissions relative to other
changes that may be induced throughout the system in
response to a common set of scenario drivers? This analysis
places particular emphasis on the long-run emissions changes
that may be produced in the U.S. by 2050. To address future
uncertainty, we examine the effect of 5 factors on EDV
deployment: crude oil and natural gas prices, a federal CO2
policy, a federal renewable portfolio standard (RPS), and EDV
battery cost. To characterize possible EDV deployment over
the next half century, assumed values associated with each
factor are blended to create a large set of 108 scenarios that
capture a wide range of potential outcomes. Given the highly
uncertain role of consumer choice in future vehicle adoption,
this analysis is focused on the economic and environmental
performance of EDVs assuming minimal behavioral barriers to
vehicle adoption. Strong and persistent reluctance on the part
of consumers to adopt EDVs will dampen or eliminate the
EDV-related effects presented here.

■ MODEL DESCRIPTION
The model used for this analysis consists of two components:
The Integrated MARKAL-EFOM System (TIMES),25 which
serves as a generic energy optimization framework and operates
on the National U.S. TIMES Data set (NUSTD), a TIMES-
compatible data set constructed specifically for this analysis.
TIMES Model Generator. TIMES is a widely used bottom-

up, technology rich energy system model, which represents an
energy system as a network of technologies linked together via
flows of energy commodities.25 TIMES performs linear
optimization to identify the least-cost way to satisfy end-use
demands, subject to user-imposed constraints such as emissions
limits and maximum growth rates on technology capacity.
Model outputs by future time period include the optimal
installed capacity and utilization by technology, marginal energy
prices, and emissions. TIMES assumes rational decision-
making, with perfect information and perfect foresight, and
optimizes over an entire set of multiyear modeling periods
simultaneously.
The National U.S. TIMES Data set (NUSTD). We

developed NUSTD, a TIMES-compatible input data set
containing fuel prices; technology cost and performance
estimates; and end-use demands to represent the U.S. as a
single region over the next four decades. We adhere to the
adage that the best policy-relevant models are “small and
simple” in order to maximize transparency.26 As such, NUSTD
represents a compromise between capturing enough techno-
logical detail to meet the goals of this analysis and eliminating
superfluous information that makes the input data set
unnecessarily complex and difficult to manage. We describe
the basic design of NUSTD in this section, and provide detailed
documentation in the Supporting Information (SI). In addition,
the workbooks containing the complete set of input data are
publicly available,27 allowing verification of results by external
parties.

The model time horizon is 2010 to 2050, with 5-year time
periods. Intra-annual variation in demand and renewable
resource availability is represented by specifying three seasonal
(i.e., summer, winter, and intermediate) and four diurnal (i.e.,
morning, mid-day, afternoon/evening, and night) time seg-
ments. The U.S. is modeled as a single region with no
interregional trade. A 5% social discount rate is used to convert
future expenditures into present cost. As described below, a
10% hurdle rate is applied to all alternative vehicle technologies.
An overview of the energy system representation in NUSTD

is provided in Figure S1 of the SI. Conceptually, NUSTD can
be categorized into 4 parts: fuel supply, electric sector, transport
sector, and the remaining end-use sectors (i.e., commercial,
residential, industrial). Fuel supply is represented by a set of
exogenously specified fuel prices drawn from the output to the
Annual Energy Outlook (AEO) 2012.28 This is in contrast to
many other model data sets,23,29−31 which specify supply curves
that represent future fuel price and availability as a set of piece-
wise continuous steps. While the AEO utilizes supply curves, a
retrospective analysis indicates that the fuel price prediction
error more than 1 decade in the future is often greater than
40% compared to the realized value.32 In addition, a review of
the AEO28 indicates low cross-price elasticities over the next 2
decades: an increase in one fuel price (e.g., coal) has a less than
10% effect on other fuel prices (e.g., oil, natural gas). Although
the fuel price interaction effects are non-negligible, the fuel
price prediction errors are significantly larger. As a result, we
make the simplifying assumption that fuel price trajectories are
independent of one another.
Given the focus on EDV deployment, the database contains

significant technological detail in the transportation and electric
sectors. The electric sector contains 32 generation technologies
and 71 pollution control retrofits to reduce NOX and SO2
emissions from existing coal-fired power plants. Because the
electric sector is modeled explicitly, the price of electricity is
determined endogenously.
The transportation sector includes light duty, heavy duty, and

off highway vehicles. There are 85 light duty vehicle
technologies, which consist of 7 vehicle size classes, 6 fuel
types, and 13 vehicle types. Much of the vehicle cost and
performance data is derived from EPA,30 but vehicle cost
information is updated based on AEO,28 and EDV performance
data are drawn from the Greenhouse Gases, Regulated
Emissions, and Energy Use in Transportation (GREET)
Model.5 The following EDV technologies, ordered by their
all-electric range (AER) in kilometers, are modeled: HEV,
PHEV20, PHEV60, and BEV160. Hurdle rates are used to
adjust the amortized cost of alternative fuel vehicles relative to
conventional gasoline vehicles in order to partially capture
nonmarket factors that may affect their deployment. We allow
alternative vehicle shares to reach the same levels as in the AEO
reference case without a hurdle rate, but additional deployment
beyond AEO levels requires the use of alternative vehicles with
a hurdle rate.
Studies conducted using surveys have estimated hurdle rates

for alternative vehicle purchases in the range 20−50%, with
most estimates closer to the low end of this range.13,33,34

However, applying a 20% hurdle rate to all alternative vehicle
technologies resulted in zero EDV market share across the 108
scenarios tested. While interesting, we view this result as
implausible, as hurdle rates are uncertain and likely to decrease
over time as technology improves, market penetration
increases, and recharging infrastructure becomes more
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available. Therefore, in the absence of literature quantifying
how hurdle rates may change over time, we simply employ a
constant 10% hurdle rate, which is large enough to keep
additional alternative vehicles out of the reference case (i.e.,
reference case fuel prices and battery cost as well as no new
policy). As a result, we assume that consumers make decisions
based largely on vehicle cost-effectiveness. Details on the hurdle
rate calculation are provided in section S2 of the SI. We note
that while sophisticated consumer choice models exist and are
used to predict future vehicle deployment,22,35,36 incorporation
of such methodology into an energy system model is beyond
the scope of the current analysis.
The remaining end-use sectors (commercial, industrial,

residential) each contain a single aggregate energy demand
with no explicit representation of demand devices. Instead, base
year 2010 fuel consumption is constrained to historical shares,
and the projected AEO28 fuel shares serve as the basis for lower
bound fuel share constraints that are gradually relaxed over
time (Figures S2−S4 of the SI). Because there are minimum
required electricity shares in these end-use sectors, the resultant
price for electricity is affected not only by transportation
demand, but by demand in the other end-use sectors as well.
While the lack of technology detail is a key simplification, we
assume that technology switching in these end use sectors will
have a limited effect on vehicle deployment.

■ SCENARIO DESCRIPTION
For decades, scenario analysis has been used as a way to
generate insights about the future that lead to improved
strategic management.37 Scenarios provide a way to systemati-
cally organize our perceptions about the future to see how they
might play out.37 The resultant model-based scenarios can then
be used to challenge and inform our mental models about the
future.37,38

While scenarios provide a self-consistent way to explore
future outcomes, a small set of highly detailed scenarios can
create compelling storylines that are prone to cognitive biases,
which often leads to systematic overconfidence in the presented
results.39 We try to mitigate the effect of cognitive biases by
examining a large number of composite scenarios based on five
factors likely to affect the cost-effectiveness of EDVs relative to
other vehicle technologies: natural gas price, crude oil price,
EDV battery cost, a federal cap on CO2 emissions, and a federal
RPS. A key simplifying assumption is that these factors only
interact weakly, and therefore can be treated independently.
Figure S5 in the SI represents an influence diagram that
illustrates how scenario parameters affect the marginal price of
fuel and electricity, which affect technology deployment and
utilization, and ultimately emissions. The total number of
modeled scenarios is 108, which represents every combination
of assumptions specified in Table 1. For example, 1 of the 108
scenarios involves low natural gas prices, high oil prices, a CO2
policy, a federal RPS, and reference case EDV battery cost. The
assumptions made in each set of scenarios are outlined in the
subsections below. Table S16 in Supporting Information (SI)
provides a complete enumeration of scenarios.
Baseline Assumptions. Several assumptions regarding the

domestic U.S. energy market are consistent through all 108
scenarios. Twenty-nine states currently have legal binding
renewable portfolio standards, which require a minimum
percentage of electricity to come from renewable sources.40

The overall minimum share of renewable energy for all states is
2% in 2010, and it gradually increases to 13% by 2025.28 The

new CAFE standard and the corresponding greenhouse gas
(GHG) emissions rate limit4 are included in the base case
assumptions. LDVs are expected to reach a fleet-wide average
fuel economy of 49.6 miles per gallon and GHG emissions of
163 g CO2 per mile in model year 2025, per the NHTSA and
EPA requirements, respectively.6 Consistent with AEO,6 the
NHTSA standard of 49.6 miles per gallon is multiplied by a
degradation factor of 80% to approximate on-road fuel
economy. To factor out the effects of improved air conditioning
that we do not model, the EPA standard is implemented as 185
g CO2 per mile to only capture the effects of improved energy
efficiency.
The upper bound constraints on SO2 and NOX emissions

from the electric sector are based on AEO28 and include
implementation of the Mercury and Air Toxics Standards
(MATS)41 and the Cross-State Air Pollution Rule (CSAPR).42

The renewable fuel requirements in the transportation sector
are based on the Energy Independence and Security Act of
2007.43 The upper bound on cellulosic ethanol availability from
2015 to 2020 is obtained from the Renewable Fuel Standard43

and held constant from 2025 to 2050, while the lower bound is
based on AEO projections to 203528 and linearly extrapolated
to 2050. Finally, the effect of existing fuel subsidies and tax
credits for new vehicles, drawn from AEO,6 are included in the
baseline cost assumptions.

Natural Gas Prices. The future price of natural gas is a key
factor that will affect future U.S. energy system development. In
particular, the recent boom in shale gas exploration has
dramatically increased the proved reserves of wet natural gas,
rising from approximately 6 trillion m3 in 2007 to 9 trillion m3

in 2010.6 In the AEO,6 the impacts of total recoverable shale
gas resources are examined by defining four scenarios in which
the estimated ultimate recovery (EUR) and well density are
varied. To limit the number of scenarios but also explore the
full range of projected natural gas prices, we adopt the resultant
AEO natural gas prices from the Low EUR, Reference, and
High Total Recoverable Resources (TRR) scenarios. Additional
information is provided in section S6 of the SI.

Oil Prices. A key determinant of future vehicle deployment
in the U.S. will be the prevailing price of crude oil. To explore
the effect of different oil price trajectories, we adopt the
resultant crude oil price trajectories produced in the Low,
Reference, and High Oil Price cases of the AEO.28 The price
differences between the three scenarios stem from demand
uncertainty in non-OECD countries, the cost of non-OPEC
supply, OPEC investment and production decisions, and the
economics of alternative liquid fuel supplies.6

CO2 Policy. A federal cap-and-trade system for greenhouse
gas emissions has the potential to produce large impacts
throughout the U.S. energy system. While several bills have
been introduced in the U.S. Congress, none have been signed
into law.44 Based on a review of four proposed federal climate

Table 1. Scenario Assumptions in 2050

factor low reference high

natural gas prices ($/GJ)a 4.5 7.8 8.7
crude oil prices ($/bbl)a 62 145 200
battery cost ($/kWh)a 304 135 700

No Yes

federal CO2 cap
b NA 40% reduction below 2010 levels

federal RPSb NA 20% renewables
aDrawn from AEO2012.28 bSee SI for more details.

Environmental Science & Technology Policy Analysis

dx.doi.org/10.1021/es4045677 | Environ. Sci. Technol. XXXX, XXX, XXX−XXXC



policies, which are outlined in the SI, we chose to model a cap
on national CO2 emissions level that requires a 40% reduction
in the 2010 energy-related emissions level by 2050. For
simplicity, we omit consideration of current state-level GHG
targets such as California’s AB3245 or the Regional Greenhouse
Gas Initiative (RGGI).46 The federal CO2 cap enters into force
with a 5% reduction in the 2015 model period, and we assume
uniform, linear reductions each 5-year period until a 40%
reduction is achieved in 2050.
Renewable Portfolio Standard (RPS). The federal

renewable portfolio standard modeled in this study is based
on a recent proposal contained in Title I of the American Clean
Energy and Security Act of 2009 (H.R. 2454), which sets forth
renewable energy purchase requirements.47 Because the
proposed federal standard is more aggressive than the
aggregation of existing state policies,48 we adopt the
percentages associated with H.R. 2454 as the lower bound
constraint on renewable electricity generation in the RPS
scenario and extend the required renewable share in 2039 to
2050.47 See the SI for more details.
Battery Development. Assumptions about the pace and

scale of battery innovation will be a key determinant of EDV
cost-effectiveness relative to other vehicle technologies. We
adopt high, reference, and low battery cost assumptions. The
high battery cost scenario assumes constant EDV cost over the
entire model time horizon. The reference battery cost scenario
is drawn from the AEO Reference case, which assumes a
battery cost of 304 $/kWh in 2035.6 The low cost battery
scenario considers attainment of program goals set forth by the
DOE’s Office of Energy Efficiency and Renewable Energy,

which assumes a battery cost of 135 $/kWh in 2035.49 We only
include effects on battery investment cost, not increased
efficiency or reduced EDV weight over time, given the
uncertainty inherent in such estimates.

■ RESULTS AND DISCUSSION

The insights discussed below are drawn from analysis of the
108 scenario results. For reference, the scenario-specific EDV
deployment as well as CO2, SO2, and NOX emissions are
included in the SI (Table S16).

Technology Deployment in Two Extreme Scenarios.
Figure 1 displays results from the electric and LDV sectors for 2
of the 108 scenarios: the lowest EDV deployment (left) and the
highest EDV deployment (right). The lowest EDV deployment
corresponds to high natural gas prices, low oil prices, no RPS,
no CO2 policy, and high battery cost. Without a CO2 policy or
RPS, the electric sector is driven largely by generation from
combined-cycle natural gas, coal steam, and light water nuclear
reactors. The combination of low oil prices and high battery
cost prevent EDV deployment.
By contrast, the highest deployment of EDVs corresponds to

low natural gas prices, high oil prices, the RPS, the CO2 policy,
and low battery cost. In the electric sector, the existing coal
power plants are retired by 2040 in favor of natural gas and
renewables due to the combined effect of the CO2 cap and the
RPS. In the LDV transportation sector, a combination of E85,
BEV160, diesel, and diesel hybrids meet growing demand and
replace retired vehicles by 2050. In this scenario, dramatic
reductions in battery cost coupled with low electricity prices

Figure 1. Electric generation by plant type (top) and travel demand met by different light duty vehicle types (bottom) over time for the lowest EDV
deployment scenario (left) and the highest EDV deployment scenario (right). The lowest EDV deployment corresponds to low oil prices, high
natural gas prices, no CO2 cap or RPS, and high battery cost. The highest EDV deployment corresponds to high oil prices, low natural gas prices, a
CO2 cap and RPS, and low battery cost.
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relative to liquid fuels make BEV160s and PHEV60s the most
cost-effective EDV alternatives in the long run. In the remaining
end use sectors (i.e., commercial, industrial, and residential),
the fuel shares gradually shift from fossil fuel combustion to low
carbon electricity.
Effects of Scenario Drivers on EDV Deployment. One

metric to assess the role of EDVs is the total share of the LDV
market in 2050 met by a combination of hybrid, plug-in
hybrids, and electric vehicles. Figure 2 summarizes the results
across all scenarios as a series of boxplots that represent the
total EDV share within the LDV market when a particular
scenario parameter is held fixed. For example, the box
representing ‘NG-Low’ represents the EDV deployment across
the 36 scenarios in which natural gas prices are assumed low.
For each box, the circle represents the median, the edges of the
box represent the 25th and 75th percentiles, and the whiskers
extend to the maximum and minimum EDV deployment levels.
The effects of oil price, battery cost, and CO2 policy are clearly
discernible because the median, quartiles, and range shift as the
associated parameter values change. By contrast, the range and
median values associated with natural gas (NG) prices and the
RPS do not change.
No EDV deployment occurs with high battery costs, low oil

prices, and no CO2 policy. At least 1 of these 3 scenario
assumptions must change in order for EDVs to achieve some
level of market penetration in 2050. As the scenario parameters
shift to values more favorable to EDVs (i.e., ‘low’ to ‘high’ oil
prices, ‘no’ to ‘yes’ on CO2 policy, ‘high’ to ‘low’ on battery
cost), the median market shares increase. The maximum EDV
market penetration is 16% with the low oil price assumption
versus 42% with reference or high oil prices. Similarly, high and
reference battery costs limit EDV penetration to a maximum of
34% and 37%, respectively, whereas low battery costs enable
the maximum market penetration of 42%. The maximum EDV
market share is 42% because EDV deployment is largely limited
to the compact and full size vehicle classes. EDVs in larger size
classes are generally not cost-effective under the broad range of

scenario assumptions we tested. The CO2 cap results in
marginal CO2 prices of 37−125 $/tCO2, which all else equal,
only increase EDV deployment by approximately 3%. This
result is consistent with other studies demonstrating that CO2
prices less than 100 $/tCO2 have little effect on EDV
deployment.9,10,12,14,16

A multivariate linear regression model was developed to
further quantify the relative degree of scenario parameter
influence on EDV deployment in 2050. All scenario parameters
were converted into integer scores, starting with values of 0 for
scenario parameters designated by ‘low’ or ‘no’. A stepwise
linear regression was performed to identify the scenario
parameters that improve model fit by increasing R2. The
regression coefficients are presented in Figure 2. The order of
parameter selection in the stepwise regression was oil price,
battery cost, and CO2 cap, which were all significant at the 5%
level. The resultant linear regression equation had an adjusted
R2 of 0.86. The CO2 policy, however, increased the R2 value by
less than 1% when included. These results are consistent with
Kammen et al.16 who found that battery cost and oil price are
the two most significant factors driving EDV deployment. The
natural gas price and RPS scenarios do not have a statistically
significant influence on EDV deployment.
Across all scenarios, the total EDV deployment ranges from

0−42% of the LDV market with an average value of 24%, which
is broadly consistent with other projections. For comparison,
AEO28 projects 7.5−19% EDVs in 2035, Yeh et al.23 project
32−100% EDVs in 2050, and Wu et al.21 predict 100% EDVs in
2050. Within the EDV category, the average market share of
HEVs, PHEVs, and BEVs in 2050 is 5%, 1%, and 18%,
respectively, across the 108 scenarios in this analysis. The
relatively low HEV adoption rate is due in part to the use of
conservative GREET EDV efficiency data compared to the
higher AEO6 efficiencies used for conventional gasoline
vehicles.
While the average market share of PHEVs and BEVs is

roughly the same through 2030, BEV deployment begins to

Figure 2. Projected range of 2050 EDV market share for each scenario parameter value. Each boxplot represents the variation in EDV market share
when the given parameter value is held fixed but the others are allowed to vary. When the boxplots appear similar across all values for a given
scenario parameter (i.e., natural gas price, RPS), it indicates that the effect of that scenario parameter is minimal. The β values represent the linear
regression coefficients and express the fractional change in the EDV market share per unit change in each scenario parameter selected during the
stepwise regression.
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dominate post-2030. The long-run model preference for BEVs
over PHEVs and HEVs is due to several factors: higher BEV
efficiency, the generally lower cost for electricity compared to
liquid fuels, and larger proportional benefits to BEVs associated
with battery cost reductions. While the long-term trend toward
BEVs differs somewhat from studies that focus on near term
deployment,12−15 it is consistent with modeling studies that
make projections to 2035 and beyond and show appreciable
shares of BEVs.21,28

Effect of EDV Deployment and Scenario Drivers on
Emissions. Figure 3 illustrates how 2050 EDV deployment
relates to the total system-wide CO2, NOX, and SO2 emissions
across the 108 scenarios. While the scenario parameters
influence EDV deployment, the EDV deployment does not in
turn produce a discernible effect on total system-wide
emissions. There are three reasons for this lack of observed
effect: at present the overall share of emissions from the LDV
sector is only 20% of U.S. CO2 emissions;28 EDV charging can
still produce comparable emissions to conventional vehicles
depending on the grid mix; and the effect of other sectors on
emissions is significant. Because the CO2 policy has a large and
direct effect on system-wide emissions, the emissions in the
CO2 and no-CO2 policy cases are discussed in turn.
In the 54 scenarios without a CO2 policy, the horizontal

position of the 2050 emissions levels are determined largely by
the prevailing oil price and battery cost, while the vertical
spread is determined largely by the natural gas price and the
RPS. Although low natural gas prices and the presence of the
RPS do not produce an effect on EDV deployment, they do
affect system-wide emissions. The RPS reduces electric sector
emissions by forcing a minimum share of renewables, which
produces a modest reduction in system-wide emissions.
Similarly, lower natural gas prices lead to higher shares of
new natural gas rather than coal capacity in the electric sector.
The result is uniformly lower system-wide SO2, NOX, CO2
emissions at lower natural gas prices.
By contrast, the CO2 policy imposes a binding constraint on

system-wide CO2 emissions, which results in 54 scenarios with
2050 emissions of approximately 3500 MtCO2. In these cases,
the SO2 and NOX also decrease because much of the
conventional coal capacity in the electric sector is retired.
Since oil price and battery cost have the largest effect on

EDV deployment, we can better isolate the effect of EDV
deployment on emissions by varying these scenario parameters
while holding the others constant. Figure 4 presents the sector-
specific differences in 2050 emissions between high and low
EDV deployment scenarios without the CO2 cap (top panel)
and with the CO2 cap (bottom panel). The high deployment
scenario assumes high oil prices and low battery cost, while the
low deployment scenario assumes low oil prices and high
battery cost. All four scenarios assume reference case natural
gas prices and no RPS. Without the CO2 cap, there is no
change in electric sector SO2 and NOX emissions because the
air pollution constraints remain binding. The system-wide net
decrease in SO2 and NOX (approximately 3% for each) is
largely unrelated to EDV deployment: higher oil prices lead to
fuel switching in the fuel supply, heavy duty vehicle (HDV),
and end-use sectors. Also without the CO2 cap, high EDV
deployment creates a 21% reduction in LDV CO2 emissions
but a 13% increase in electric sector CO2 emissions. Accounting
for additional changes across the remaining sectors, the net
system-wide effect is a slight 0.9% decrease in total CO2 in
2050. EPRI18 similarly finds little change in electric sector SO2

and NOX emissions due to PHEV deployment, and an 11%
increase in electric sector CO2 emissions in 2030. The CO2 cap
is binding when in effect, so lower tailpipe CO2 emissions from
high EDV deployment are compensated by higher CO2
emissions in the electric sector. As a result, high EDV
deployment can enable the retention of some existing coal in
the electric sector, which increases both electric sector SO2 and
NOX emissions by approximately 24% and 7% respectively in
2050, because the air pollution limits are no longer binding.
To quantify the benefit of EDV deployment, the model was

run again in the CO2 constrained scenarios exhibiting the

Figure 3. The estimated total system-wide SO2 (top panel), NOX
(middle panel), and CO2 (bottom panel) emissions in 2050 associated
with the 2050 market share of light duty travel demand met by EDVs
in each of the 108 scenarios. Scenarios with higher oil prices and lower
battery costs are presented with larger bubbles and lighter colors,
respectively. Scenarios with a CO2 policy are enclosed by the dashed
boxes. The horizontal spread is largely related to the oil price and
battery cost, while the vertical spread is determined by the natural gas
price and RPS.
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highest and lowest EDV deployment, but without the
availability of EDVs. Comparing the difference in the marginal
CO2 price between the EDV and no-EDV runs in both
scenarios, the cost savings associated with EDV deployment
ranges from approximately 30−200 $/t CO2 in 2050. While
there is much uncertainty associated with these price estimates,
they nonetheless suggest that EDVs can provide an economic
benefit under a CO2 policy, though their deployment must be
driven by other factors such as oil price and battery cost.
Policy Implications. The model results do not demon-

strate a clear and consistent trend toward lower system-wide
emissions as EDV deployment increases. Differences in net
emissions among scenarios do not stem exclusively from the
trade-off between lower vehicle tailpipe emissions and higher
electric sector emissions; rather, the scenarios can produce
systemic effects that mask the effect of EDVs, as shown in
Figure 4. Therefore, it is not enough to simply incentivize the
purchase of EDVs and wait for emissions benefits to accrue.
The emissions benefitsif anywill depend on a broad set of
future conditions. Therefore, public policies that target EDV
deployment should be formulated, reviewed, and revised with
careful attention paid to evolving changes to the broader energy
system over time.
If the primary objective is to reduce emissions, policy makers

should focus on implementing targeted emissions policy rather
than the promotion of specific technologies or fuels. Among the
scenario variables tested, the CO2 cap produced the largest and
most consistent drop in CO2, SO2, and NOX emissions.
Although the observed marginal CO2 prices do not drive
significant EDV deployment, the results indicate that EDVs can
help lower the marginal price of CO2, particularly if scenario

variables favorable to EDVs (high oil prices, low battery cost)
prevail.
In the absence of a CO2 policy, the promotion of clean

electricity can provide direct emissions reductions and also
lower the emissions footprint from vehicle charging. The new
EPA proposed carbon pollution standard50 and the forth-
coming proposed rule on existing coal-fired power50 (due out
in 2014) could have a significant impact on national emissions
and eliminate some of the potential emissions increases
associated with vehicle charging.
Finally, other alternative vehicles are worth a mention. First,

compressed natural gas (CNG) vehicles are not cost-effective in
any scenario, including those with low natural gas prices,
because low CNG prices are not enough to overcome the
higher investment costs. Second, the model deploys diesel and
diesel hybrids in many scenarios, which may be a cost-effective
way to reduce CO2 emissions given their higher efficiency
compared to conventional gasoline vehicles.

Caveats. While this analysis provides useful insight into the
role that EDVs may play in the future, a few caveats should be
noted. First, we do not capture the potential air quality benefits
due to shifting emissions out of dense urban areas to more
remotely located power plants where emissions from large
point sources are easier to control. Second, we do not explicitly
map the all electric range (AER) for plug-in vehicles to the
annual distribution of daily trip lengths. However, we note that
the highest penetration of BEV160 in the model results is 30%,
which can be assumed to meet 87% of the daily trips less than
160 km in length51 in the 59% of households with 2 or more
vehicles.52 Third, as noted above, the 10% hurdle rate applied
to alternative vehicle technologies is relatively low compared to
the 20−40% rates published in the literature, so EDV
deployment should be considered optimistic. We conducted a
sensitivity analysis of hurdle rates in the highest EDV
deployment scenario and found there is a significant drop in
EDV deployment as the hurdle rate increases from 12 to 14%,
with no deployment of hurdle rate EDVs at 15%. While hurdle
rates are a crude proxy of consumer choice, the results
nonetheless indicate that prevailing consumer preferences pose
a potentially serious challenge to large scale EDV deployment.
Fourth, we assume vehicle charging is constant throughout the
day. As a next step, we plan to investigate the effects of time-of-
day charging on system-wide emissions.
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