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Abstract

:

Electric Technology Vehicles (ETVs: hybrid, electric, and plug-in hybrid) may reach price parity with incumbent internal combustion vehicles (ICEVs) in the near future. Climate policy for transportation will depend on the degree to which consumers prefer ETVs, and price parity is a key factor. In this study, we explore the interaction between future cost reductions and the economically motivated adoption of ETVs. We construct a model of the U.S. personal vehicle market accounting for heterogenous use and vehicle preferences, in which adoption induces cost reductions that increase future market share. Model results indicate that price parity is reached for most consumers in a number of cost scenarios, but not with constant ICEV costs and modest ETV cost declines. A price parity future suggests that government support could be temporary and phased out after a successful market transition. However, if ETVs continue to be more expensive than ICEVs, then lasting government support is needed. Heterogeneity is essential to understanding the market transition: treating consumers as heterogeneous results in an ETV market share 23% higher than assuming average consumers. Future work can clarify ETV support policy by resolving uncertainty in cost trajectories and modeling dynamic and heterogenous consumer markets.
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1. Introduction


Decarbonization of transportation is critical to limit global warming to 1.5 degrees C [1,2] and meet the 2 degrees C goal of the Paris Accords [3]. From this perspective, the United States (U.S.) transport sector requires rapid and sustained attention. The U.S. transport sector accounts for 28% of national emissions (i.e., 1782 million metric tons of CO2e), 60% of which is from private transportation [4,5]. When powered by a reasonably clean electricity grid, Battery Electric Vehicles (BEV) and Plug-in Hybrid Electric Vehicles (PHEV) emit substantially lower carbon than internal combustion engine vehicles (ICEVs) [6,7]. This suggests that a combination of mass adoption of electric vehicles and a switch to renewable grids is key to decarbonizing transportation.



We use the aggregate term Electric Technology Vehicles (ETVs) to refer to Hybrid Electric Vehicles (HEVs), Battery Electric Vehicles (BEVs), and Plug-in Hybrid Electric Vehicles (PHEVs). Fuel Cell Vehicles also use electric motors, with distinct technology and cost structures, e.g., Wróblewski et al., 2021 [8]. We exclude Fuel Cell Vehicles or alternative storage technologies in further discussion, assuming that lithium-ion battery-based and internal combustion engine-based vehicles will dominate the passenger vehicle market, at least until 2040.



The promise of ETVs to contribute to sustainable transportation has led to active research on their economic, environmental and social attributes. Barbosa et al., 2022 performed a bibliometric analysis of the literature, finding that China leads in a number of publications [9]. ETV applications in different transportation sectors have been studied, including freight [10,11,12] and public transportation [13,14,15]. This work focuses on personal vehicles. Some analysts use multi-national approaches to explore differences in ETV adoption [16]; here, the focus is on a detailed analysis of adoption in a single large national market (the U.S.).



ETVs are an emerging technology with a small but growing market share. In the U.S., the total number of Battery Electric Vehicles (BEVs) crossed 1 million in 2020, but the market share of plug-in vehicles was a meager 2.3%, of which BEVs were 1.3%, and Plug-in Hybrid Electric Vehicles (PHEVs) were 0.98% [17]. This leaves a significant majority of the market that ETVs must capture to realize broad environmental benefits. It is thus vital to better understand how and when ETVs will become market competitive.



Governments worldwide are interested in stimulating the transition to ETVs, so many subsidize their purchase and/or mandate adoption. For example, a U.S. consumer can get up to USD 7500 of federal tax credit for purchasing an electric or plug-in hybrid electric vehicle, with some states adding additional support [18].



In order to clarify the potential for ETVs to become the economically preferred choice of most consumers, this work focuses on the interconnected evolution of vehicle adoption and cost. Higher costs can be a critical hurdle for emerging technology to acquire a market share. New technologies often evolve rapidly. Ideally, over time, they become more economical than the incumbent. Currently, the purchase price of ETVs is higher than comparable internal combustion engine vehicles (ICEVs), mainly due to the high cost of batteries and the electric drive train. Reductions in initial capital costs are thus needed for ETVs to be financially attractive to many consumers. The future cost of a technology depends both on its intrinsic potential and the degree to which research, development, and industrial scale-up enable the technology to reach that potential. The history of technology abounds with examples of cost reductions and adoption occurring in tandem, leading to the idea that adoption induces cost reductions by attracting research and development and contributing to learning and economies of scale in production. From that perspective, the future cost of a technology could be predicted via a model that accounts for diffusion and its interaction with technological progress. There are many previous examples of such models applied to different technologies: one direction focuses on the heterogeneity of submarkets, clarifying how adoption by a subset of consumers that benefit more from a technology leads to cost reductions, making the technology more attractive to the next group. This approach was applied to solar panels in Japan [19], later dubbed “cascading diffusion”, and used for residential fuel cells [20]. Another group of models focuses on the behavioral aspects of diffusion, linking to technological progress to predict technological costs over time [21,22,23].



To review the literature forecasting vehicle market futures based on the interaction of diffusion and cost reductions for ETVs, in 2012, Tran et al. published a conceptual piece arguing for the necessity of combining the two to reasonably forecast vehicle markets [21]. In 2017, McCollum and collaborators developed a global behavioral model for ETV, ICEV, and biofuel vehicle adoption, dividing consumers into 27 different groups (3 driver types —urban, suburban, rural; 3 technology affinity groups—early adopter, early minority, and early majority; and 3 driving pattern groups—modest, average, and frequent driver) [22]. Future technology costs were assumed to follow the default behavior in MESSAGE—A system dynamics model for energy systems [24]. Results showed that accounting for consumer heterogeneity and behavior leads to essentially no adoption of ETVs, with the market in 2100 dominated by biofuel and synthetic fuel ICEVs. In a follow-up study by the same research group, Edelenbosch et al. model social learning, the idea that consumers become more open to new technologies by interacting with other adopters [23]. They also developed specific models for cost reductions in ETVs. The baseline scenario for the vehicle market in 2100 was ICEVs having around an 80% share, BEVs around 15%, and fuel cell vehicles around 5%. In addition to these explicit modeling efforts, there are also many forecasts of the price and/or adoption of ETVs by consultancies, NGOs, firms, and international organizations: Bloomberg New Energy Finance (BNEF) [25,26,27], the International Council on Clean Transportation (ICCT) [28,29,30], UBS Consulting [31], Navigant Consulting [32], BP’s Energy Outlook [33], as well as the International Energy Agency’s Global EV Outlook [34,35]. We describe these studies further in the Methods and Data section, but they do not directly bear on the research question as they do not include explicit modeling.



To set the context for this work, we address three gaps in the literature regarding the interaction of cost reductions and the adoption of Electric Technology Vehicles. First, the customer market has previously only been treated in a highly aggregated form, the most detailed dividing consumers into 27 groups [22]. However, other studies have shown that heterogeneity in driving patterns, vehicle preferences, and fuel costs dramatically affect the financial and environmental benefits of adopting an ETV [36,37,38,39,40,41,42]. Thus, higher resolution of the consumer market can be crucial in identifying subgroups that prefer a technology whose adoption makes it cheaper for future groups [20]. The second gap is that preliminary analyses assume a single cost trajectory, despite widespread disagreement in estimates of current and future price differences between ETVs and ICEVs. Some analysts argue that ETVs will be less expensive than similar ICEVs in the near future [25,26,27], others that ICEVs will continue to be less expensive for decades [28,29,30]. It is essential to understand how this uncertainty in costs affects the future preferability of ETVs over ICEVs. Third, prior analyses do not capture how the evolving vehicle market will affect consumer decisions. Models are calibrated on historical behavior in a market with only a few ETV options [23]. One expects that consumers will be more likely to purchase ETVs once a wide variety of options is available.



To address these three literature gaps, we build a model of cascading diffusion of electric technology vehicles in the United States from 2018 to 2040 that accounts for the interaction of adoption and cost reductions. The model resolves detailed behavioral heterogeneities such as annual miles driven, type of vehicle owned, and geographical variabilities in fuel and electricity prices. The Total Cost of Ownership (TCO) is calculated for each resolved consumer group, and the diffusion model assumes consumers choose the least total cost drivetrain (BEV, PHEV, hybrid, or ICEV). Vehicle cost is resolved for four generic vehicle types (sedan, SUV, minivan, truck), and technological progress for ETVs is modeled via experience curves, which predict cost as a function of the cumulative adoption of a technology [19,20]. We analyze how uncertainty in current electric vehicle costs, cost increases in internal combustion engines, and learning rates affect future market outcomes through scenario analysis. We further investigate how federal tax credits for electric vehicles could play a role in realizing lower costs and a higher market share for ETVs.



This work directly addresses each of the three research gaps: for heterogeneity, we use 309,000 households’ responses to the 2017 National Household Travel Survey (NHTS) to model the differences in vehicle use (miles driven), vehicle type, and lifetime preference among consumers in high resolution. We also use state-level resolved data on gasoline and electricity prices, affecting operating costs. Combining these variabilities results in wide distributions in cost of ownership and carbon savings from purchasing an ETV [41]. This is important because annual vehicle mileage varies widely: while the average U.S. annual miles driven is 11,700 miles (18,830 km), 5% of vehicles drive less than 1400 miles (2250 km) in a year, and another 5% drive more than 26,000 miles (41,843 km) [41,42,43]. Our analysis treats national adoption in terms of 309,000 distinct consumer types, compared with 27 consumer groups in prior work [22].



The second literature gap addressed is disagreement regarding estimates of the current and future prices of ETVs and ICEVs. We do not attempt to develop “better” cost estimates here; this would involve detailed vehicle teardowns, a venture beyond the current scope. Instead, we undertake a literature review to understand the disagreement surrounding existing estimates, develop vehicle price scenarios, and run the integrated model using these different scenarios. This clarifies how disagreement among cost estimates affects the future ETV market. While the current price difference between ETVs and ICEVs is knowable in principle, analysts disagree substantially in practice. An accurate figure for the current price difference is important because experience curve model outcomes for future prices strongly depend on the starting point. Bloomberg New Energy Finance reports the additional cost of a BEV-100 sedan as USD 7400 [25,26,27], while analysis by the International Council on the Clean Transportation (ICCT) reports the same cost as USD 10,700 [28,29,30]. While this difference may seem minor, it results in significant differences in projected adoption, as discussed later. The future price of the incumbent technology (ICEVs) is also an essential yet uncertain factor. Analysts argue that meeting increasingly stringent emission regulations leads to increases in ICEV cost. A BNEF report estimates an annual increase in ICEV price of 0.7% for sedans [25,26,27]. Brennan et al. 2016 and collaborators estimate the annual price growth in ICEV as 0.46% [44]. The two results, when compounded over time, differ substantially. Furthermore, note that ICEV price increases are challenging to accurately forecast given that they depend on future regulatory decisions and the reaction of automakers and consumers to changing circumstances.



The third literature gap addressed is how the expanding availability of ETV models might affect their market preferability. Discussed further in the Data and Methods section, there are many types of diffusion models, including discrete choice, agent-based, and others [45,46,47,48,49,50,51,52,53,54,55,56]. Prior diffusion models forecast future purchase behavior calibrated on historical data [45,46,47,48,49,50,51,52,53,54,55,56]. The problem is that historically, few ETV models have been available compared to ICEVs, limiting consumer choices on essential attributes such as brand, vehicle type, and styling. Recent trends indicate rapid changes in the ETV market. In the U.S., the number of battery-electric models increased from 14 in 2015 to 30 in 2021; the number of plug-in hybrid electric models increased from 13 PHEVs in 2015 [57] to 26 in 2021 [58]. Looking to the future, automaker General Motors recently announced a goal of phasing out internal combustion vehicles in their lineup by 2035 [59]. Consumers having ETV options for basically any model will presumably increase market share by reducing the number of consumers who avoid ETVs because the style, size, or brand does not suit their preferences. Historically calibrated and stated preference-based models thus face challenges in forecasting behavior in a rapidly evolving set of market choices. In this work, we do not solve the modeling challenge of predicting the co-evolution of the ETV market and consumer preferences. Instead, we offer a contrasting perspective: Assume a market in which there are ETV and ICEV versions of all vehicles and that consumers choose a drivetrain that minimizes their Total Cost of Ownership (TCO). Consumers generally choose vehicles based on multiple attributes. However, suppose any vehicle design is available in all drivetrains (BEV, PHEV, ICEV). In that case, as it would be in a more diverse market, the total cost of ownership is a significant factor in that choice [60,61]. We do not assert that forecasting diffusion based on a future model selection and cost of ownership is necessarily superior to historical projections. We argue, however, that a Total Cost of Ownership-based adoption model is a reasonable choice that provides valuable information about the economic potential of ETVs.



Section 2 of the manuscript summarizes the data and methods used. The scale and sophistication of the model requires that much of the detail appears in the Supplemental Information. Results are presented in Section 3, which include the cost reductions in lithium batteries in different cost scenarios, the evolving share of ETVs in the vehicle market and the cost per vehicle adopted in different government subsidy scenarios. The Discussion (Section 4) offers perspective on results of the model and compares with prior results, and the Conclusion section (Section 5) explores implications for policy- and decision-makers.




2. Materials and Methods


Figure 1 shows the overall flow of the integrated model (larger grey boxes) and details of the structure within each model module (blue boxes). To summarize the model at a high level, three sub-models interact (the Financial Model, the Market Allocation Model, and the Technology Progress Model) in order to predict U.S. adoption of ETVs and ICEVs from 2018 to 2040. Similar to a system dynamics model [62], the model runs through annual iterations, with each sub-model feeding information to the next. The Financial Model, described in Section 2.2 below, combines consumer attributes such as annual miles driven with vehicle attributes (initial cost, fuel economy, etc.) to estimate the Total Cost of Ownership for each vehicle option for each consumer. This information is sent to the Market Allocation Model, described in Section 2.3, to determine which consumers purchase a new vehicle and if that purchase is a conventional ICEV, hybrid, PHEV, or BEV. Consumers go to the vehicle market at the end-of-life of their current vehicle, determined by the age of their vehicle and information on their lifespan preference. The consumer purchases the least cost option from the Financial Model, assuming it is available (see Section 2.3 for discussion of market caps for new technologies). Summing over annual purchases of all consumers results in national sales of ICEVs and each ETV type in that year. The cumulative sales of ETVs are fed into a Technological Progress Model, described in Section 2.4, that determines the cost reduction in the next year using an experience curve model. An experience curve model presumes that each doubling of production results in fixed percentage of cost reduction and the resulting learning rates are calibrated from historical data. Conventional ICEVs increase in price due to increasing stringency of fuel efficiency rules such as CAFE standards [63]—this is termed the “ICEV Cost Premium”. The cost changes then feed into the next year’s loop, and this is repeated annually from 2018 to 2040.



The Market Allocation Model has consumers purchase the least cost drivetrain. This approach may seem simplistic given evidence from prior literature indicating that vehicle choices are complicated and multi-attribute. Many analysts have chosen to account for this complexity using multivariable discrete choice models [51,69,70,71,72,73,74,75,76,77,78]. However, it is crucial to note that the vehicle market is evolving rapidly, with expanding selection and improving performance of ETVs. Increasingly, consumers can choose from vehicles that are otherwise similar except for drivetrain, e.g., consider Toyota Camry, Hyundai Sonata, and Prius options that differ only by drivetrain. We thus hypothesize a future vehicle market where drivetrain technology can generally be selected as an option, with other attributes remaining similar. Ideally, an integrated model could describe both the temporal evolution of offerings on the vehicle market and the multi-attribute nature of consumer decisions. Developing and validating such a model is beyond the current modeling scope; the objective here is to investigate the potential scale of effects of heterogeneity and cost uncertainty on ETV market evolution. We provide details on the modeling below, with additional equations and data inputs explained in the Supplemental Information (SI).



2.1. Prior Diffusion Models


The modeling of the adoption of electric vehicles is most commonly done using consumer-level choice modeling (discrete choice model, consumer choice model, or an agent-based model). There are three general methods used to model EV adoption/diffusion, listed in Table 1. In terms of the number of publications, the most common method is discrete choice models [50,83,84,85,86,87,88,89,90,91,92]. Many of these studies have used the nested multinomial logit model along with multivariate regression models. It is also common to use stated-preference surveys of consumers to model the consumers’ preferences towards ETVs.



A Bass diffusion model for adoption assumes that the process of uptake of new products by a population is S-shaped (or similar) [121,122]. These models formulate how aggressive early adopters and potential later adopters of a technology interact based on probability distributions and survival functions. The Bass diffusion models implicitly divide the population into segments of early and late adopters as a function of the perceived “risk” of adoption of a technology. In contrast to “bottom-up” discrete choice models that develop adoption based on individual survey responses, Bass diffusion models directly forecast future adoption after calibration using a time series of historical adoption data.



Another approach to EV adoption is system dynamics modeling. In system dynamics models, there is a feedback loop in which state changes are induced due to the adoption of a technology by a subpopulation. Moreover, this feedback typically triggers more consumers to adopt the new technology in the next iteration. However, the technology adoption decision is modeled differently in different studies. For example, McCollum et al. treated ETV choice as an economic decision modified by a monetized “risk” factor reflecting a consumer’s preference or aversion to new technology [22].




2.2. Financial Model


We use a TCO-based model for the reasons described in the introduction. Total Cost of Ownership (TCO) is a method for calculating the present value of direct and indirect costs associated with a purchase [60,61]. In this case, the TCO constitutes initial capital costs (  CC  ), discounted fuel savings (  FS  ) for the duration of ownership, discounted battery replacement costs (  BC  ), and the discounted salvage value (  SV  ) at the end of ownership, as summarized in Equation (1).


  TCO = CC − FS + BC − SV  



(1)







Each of these four cost factors involves a significant modeling effort that cannot be completely conveyed in a brief format. Vehicle capital cost (CC) is based on historical data that is adjusted by technological progress in batteries/electronics for ETVs, ICEV cost premiums, and the size of the vehicle (details below and in Section S1.6 of the SI). Fuel Savings (FS) result from calculations of gasoline and electricity use of all vehicle types, along with state-differentiated gasoline and electricity prices (details below and in Section S1.5 of the SI). PHEVs can use both fuel types and are assumed to fully charge the battery once a day and to deplete the battery before switching to gasoline. Additional battery costs (BC) are the costs related to battery replacement during the operating life of the vehicle. This may or may not occur and is based on battery cycling: batteries are assumed to have a lifetime equivalent to 2800 complete cycles (for more detail see Section S1.4 in the SI). Finally, salvage value (SV) is based on an empirical analysis of vehicle salvage values as a function of ownership duration (for more detail see Section S1.3 in the SI) [123]. Time discounting is applied to all costs and benefits.



In evaluating the purchase of an ETV, we assume consumers keep the same make, model, and type as their previous vehicle. We model four technology options: 1. Updated Conventional Vehicle (Internal Combustion Engine Vehicle-ICEV), 2. Hybrid Electric Vehicle without plug-in capability (HEV), 3. Battery Electric Vehicle (BEV), and 4. Plug-in Hybrid Electric Vehicle (PHEV). We define ‘updated conventional vehicle’ as the newest version of the vehicle the consumer currently owns. We assess the economic implications of purchasing an ETV by comparing the ETV with the updated conventional vehicle. A discount rate of 7% is assumed, a value commonly used in vehicle TCO calculations [36,124,125,126,127,128,129] as well as suggested by the U.S. Office of Management and Budget [130]. The salvage value is estimated as a function of years of ownership (Equations (S2)–(S4) in the SI) [123]. There are other methods to estimate the salvage value. For example, Wróblewski, P. et al., 2021 have a residual rate adjustment factor and have considered the residual values in the battery pack as a prime driver for the salvage value of an ETV [131].



The U.S. National Household Travel Survey (NHTS) is used as the primary data source for driver and vehicle characteristics, which includes vehicle holding characteristics for each surveyed household (a total of 309,000 households and 143,000 vehicles) [43]. The model considers the state-level differences (i.e., the geographic heterogeneity) in gasoline and electricity prices. The model also accounts for the individual-level differences in miles driven, type of vehicle owned (sedan, SUV, minivan, and truck), and lifetime ownership preferences to estimate the economic benefits of electric technology vehicles (hybrid, plug-in hybrid, electric) in the U.S. (i.e., behavioral heterogeneity). Collectively, these inherent heterogeneities are referred to as the demand-side heterogeneities in the U.S. private transportation sector.



As discussed earlier, we assume a developed ETV market in which there is a reasonable analogous ETV option for any current vehicle model. Therefore, we model ETV choice as a differential technology “upgrade” to currently-sold conventional vehicles. This leads to modeling incremental cost additions of each technology type (HEV or BEV, or PHEV) for each vehicle class (sedan, SUV, van, and truck). Using prior models [69,70,71] of ETV characteristics and costs, we have designed technical and performance specifications and cost estimates for ETVs based on a typical conventional vehicle for each vehicle class. The technical and performance specifications of the designed vehicles are described in the SI document and the SI Excel sheet.



Two BEV ranges are modeled: 100 miles (160 km) and 150 miles (241 km). Consumers who drive more than 150 miles daily may only choose HEV and PHEV technologies. This model assumes BEVs with ranges of 100 and 150 mainly because the day trip analysis based on NHTS showed that 83% of the daily vehicle miles traveled (VMT) are under 60 miles (97 km), and 95% are under 120 miles (193 km) [132]. We assume that a consumer will first operate on electricity for PHEVs until the battery is drained and then switch to gasoline. Our model simplifies driving patterns to assume that consumers drive their average each day. This assumption neglects consumers’ daily variability and ignores households owning multiple vehicles and selecting different vehicles for different trips.



Additional Cost of ETVs


The additional cost of an ETV includes the battery cell costs and the non-battery electric vehicle (EV) components costs. These non-battery components include an electric motor, transmission and integration, control unit, onboard charging unit, regenerative braking, and wiring. Relative to an internal combustion engine vehicle, EVs are credited for removing the internal combustion engine and related mechanical components.



The cost of an ETV is calculated for each vehicle type based on the technical specifications (for example, battery size and power of the electric motor), which are designed by matching characteristics to the conventional vehicles. The battery capacity and the electric motor power requirements are scaled for each vehicle type, and they dictate the total cost of battery and electric motor, respectively. For example, a sedan with a 100-mile range has a battery of 27 kWh and an electric motor of 131 kW power, while a 100-mile range SUV needs a 34 kWh battery and a 142 kW motor. We use the per-kWh price of the battery and the per-kW price of the electric motor and other components such as the onboard charger to estimate the additional cost of the technology. In addition to capital costs, an industry markup factor of 1.46× from cost to price is assumed for all vehicle components [133].



Cost reductions are often characterized using experience curves, which assume a fixed cost reduction for each doubling of cumulative production, the learning rate. Previous studies have applied the experience curve model to various energy technologies, including solar panels, wind power, and coal (see Macdonald et al. [79] and Rubin et al. [134,135] for reviews). Experience curves have also been applied to lithium batteries used in electric vehicles [26,27,68,75,76,77], with learning rate estimates in the range of 8–17%, with recent literature indicating 16–19% [26,27,75,76,77]. Costs of non-battery technologies in electric vehicles, such as electric motors and power electronics, are less well-studied [72,78,79,80,81,82,136], though prior studies suggest learning rates ranging from 5% to 17%.



Battery Cell Price: There are many prior analyses, reporting a wide range of battery pack prices. Some of the literature estimates battery cell price and battery pack price separately. Along with lithium-ion (Li-ion) battery cells, there are components such as the battery management system (observes the output of each battery cell group), battery thermal management system (maintains operating temperature of the battery within the desired range), and related pack assembly (such as module frames, steel pack case, covers, inside wiring and electronics, etc.) which constitute a typical battery pack [26,31,137]. We work up from battery cell price per kilowatt-hour (USD per kWh) for this study. We used USD 230 per kWh as the initial battery cell price in 2017. This price is in line with various estimates for the year 2018 from previous studies [130,136,138] and reports such as Bloomberg New Energy Finance (BNEF) [26] and the Joint Technical Support Document from the U.S. Environmental Protection Agency (US-EPA) [63]. However, it is also important to note some studies reported lower current battery cell prices (USD 145–159 per kWh [137,138,139]), but we considered these as outliers.



Non-Battery EV Technology Costs: Non-battery ETV components are also important, and depending on the assumed model, they can be more expensive than batteries. The relevance of non-battery costs in ETVs will only grow as battery costs continue their rapid decline. For this analysis, we use bottom-up cost models to estimate the additional cost of the ETV (HEV, BEV, and PHEV) technologies over ICEVs. Noteworthy models available in the literature are from National Renewable Energy Laboratory (NREL) [140], Wu and collaborators [141], Argonne National Laboratory (ANL) [142], and the National Research Council (NRC) [70,71]. All of these cost models are based on older consulting reports [69] for their assumptions about non-battery costs such as wiring, hybrid transmission, and integration, etc. [69,73]. A report from UBS Consulting produces a detailed teardown cost model of a Chevrolet Bolt [31] but did not treat other vehicle types, i.e., PHEVs and HEVs. Therefore, we used a combination of NRC reports [70,71] and Kromer et al., 2007 [69] for crucial component costs such as wiring and derived the additional cost of HEVs.



Due to broad disagreement between analyses and the lack of a single authoritative study, we used two different cost models, each representing an extreme of non-battery EV technology cost assumptions. The High Non-Battery Cost Model is based on the International Council on the Clean Transportation (ICCT) report [28] as the primary source. The model has comparative cost models for BEVs and PHEVs based on the bottom-up cost approach and contains component-wise costs. Secondly, the Low Non-Battery Cost Model is based on Bloomberg New Energy Finance (BNEF) [25] projections. The Low Non-Battery Cost Model does not provide a component-wise breakdown of the costs but is a frequently referenced model in the EV research community. These two models generally agree on the cost of batteries but differ with respect to other components’ costs and cost trajectory.



High Non-Battery Cost Model: This model is a bottom-up cost estimation based on the ICCT report [28] and the NRC report [70,71]. The non-battery EV components considered in this model are the electric motor, EV transmission, power electronics, wiring, regenerative breaking, control unit, onboard charging unit, and ICEV credits, which account for engine downsizing and replacing mechanical components in an ICEV by an electric drivetrain. The size and cost of the electric motor are estimated with respect to the type of the vehicle (for example, a sedan vs. an SUV). The ICEV credits are also determined based on the engine size.



Low Non-Battery Cost Model: This model, as mentioned above, is based on BNEF data [25]. As we are considering only the additional costs, we have excluded the vehicle chassis and assembly costs (BNEF has assumed them to be constant in the model). BNEF has developed the manufacturing cost of the BEV with three main components: Battery Pack, Powertrain (including an electric motor, inverter, electronics, etc.), and Vehicle chassis and assembly. The powertrain costs and corresponding power ratings are extracted from the BNEF report, and a straight-line equation is generated for powertrain costs (USD) as a function of power ratings (kW) of EV technology variants. The powertrain costs are calculated using the ratio of power ratings of respective PHEV and ICEV engines for PHEV variants.



For example, the additional cost calculated for a BEV sedan with a 100-mile range as per the High Non-Battery Cost Model is USD 10,745, versus an additional cost of USD 7437 for the Low Non-Battery Cost case. This includes 27 kWh of battery, and the powertrain costs for 131 kW of power output in both cases. These calculations and those for other vehicle types are attached in the detailed excel sheet in the SI.





2.3. Market Allocation Model


Identifying Purchasing Consumers for Each Year: One vital function of the Market Allocation Model is to identify the consumers “going to the market” for the year. We calculate the purchase year and subsequent purchase year for each consumer using the expected duration of ownership. The expected duration of ownership is the period for which a particular consumer uses their vehicle. The NHTS does not report the expected duration of ownership for a vehicle. Therefore, we use the observations of the number of months the vehicle is currently owned and derive the expected duration of ownership. It is obtained through a random generation conditional upon the probability distribution of lifetime and survivor function, given how long consumers have owned their current car, see Figure S1 in the SI. For example, if a consumer has an expected duration of ownership of 7 years and has owned their vehicle for three years (purchasing it, for example, in 2014), they will go to the market after four years (2021). The same consumer will be in the market to replace the vehicle again in 2028. The expected duration of ownership determines the vehicle lifetimes used in calculating the total cost of ownership and the salvage value. Note that the duration of car ownership—explained in the SI—varies by consumer (seven years on average with a standard deviation of 3.6 years). We follow a similar process for each consumer to determine their first purchase year and then subsequent purchase year. Once these market-going consumers are recognized, the Financial Model calculates each consumer’s Total Cost of Ownership.



The Market Allocation Model suggests the number of U.S. consumers who would prefer to purchase an ETV. However, supply may be constrained by the ability of the industry to grow to meet demand. We thus impose a cap on ETV production growth, assuming that the total number of BEVs and PHEVs sold each year increases at most 50% from the previous year. This cap is informed by a recently published report by UBS Consulting also estimates the growth rate as 47% in their most optimistic penetration scenario [31].




2.4. Technological Progress Model


Cost reductions for ETVs are modeled using an experience curve. The experience curve was first used to describe the cost reductions in aircraft manufacturing [74]. It has been used in various energy technology studies and is shown in Equation (2) [19,143,144,145,146].


  C  ( P )  =  C o     (  P /  P 0   )    − α    



(2)







‘ P ’ represents the cumulative adoption of the said technology, ‘ C ’ is the price per unit (  U S D / k W h  ), ‘   C o   ’ and ‘   P 0   ’ are initial cost and production capacity, respectively. Finally, ‘ α ’ is known as the learning coefficient and is a positive empirical constant. The initial capacity of battery cells and the number of BEVs and PHEVs—used for the experience curve of non-battery EV components—are calculated and are available in the SI Excel sheet. The learning rate (LR) is given by


    LR = 1 −  2  − α    



(3)




and denotes the fractional reduction in the cost for every doubling of production. The historically produced battery capacity is over 33 million kWh based on average battery size and the stock of BEVs (402,000) and PHEVs (361,000) in the U.S. in 2017 [34]. The installed capacity of the non-battery EV technologies is considered to be equal to the total number of BEVs and PHEVs, i.e., one per vehicle. The calculations are attached in the SI Excel Sheet. The learning rates for batteries in ETVs are taken to be 17%, with 5% for non-battery ETV components such as electric motors. This is based on literature analyzing historical data on cost reductions, see SI Sections S1.6.2 and S1.6.3 for details.



As discussed in the introduction, some analysts argue that more stringent environmental regulations will increase the cost of ICEVs. In the base case, we estimate the ICEV Cost Premium is an annual 0.6% increase [25,28,45,64,145] based on prior literature. However, we study the importance of this assumption in the sensitivity analysis. For details, see the Supplemental Information, Section S1.7. Forecasts for future fuel efficiencies of ETVs and ICEVs are described in Supplemental Information, Section S1.7.



There are various caveats and assumptions associated with the model, some described previously, and for a more detailed discussion, see Section S3 in the SI.





3. Results


Given a set of cost assumptions, the model from Section 2 forecasts annual sales of ETVs and ICEVs, and future prices of batteries and non-battery components of ETVs. Figure 2 shows the evolution of battery cell prices over time (a function of adoption) with and without consideration of consumer heterogeneity (for the case of High Non-Battery Costs and an 0.6% annual ICEV Cost Premium). Figure 2 indicates much lower future battery costs for ETVs when considering consumer heterogeneity. This is because including heterogeneity identifies a minority of consumers who can still benefit from relatively expensive ETVs. This results in higher initial adoption, driving cost reductions and further adoption in the process of cascading diffusion.



Figure 2 also shows the average annual mileage of the consumers that purchase an ETV. Moreover, it is evident that the average annual miles of the subpopulation that adopts an ETV is significantly higher (67,500 miles, i.e., 108,600 km for the year 2018) than an average consumer’s annual mileage (11,700 miles, i.e., 18,800 km). The average annual mileage of those choosing an ETV declines rapidly over time, showing that cost reductions for batteries and powertrain electronics rapidly broaden the pool of consumers that benefit from ETVs. As shown in the figure, when heterogeneity is included in the model the average annual miles of consumers moving to an ETV falls from 67,500 miles (108,600 km) to 11,900 miles (19,150 km), at which point ETVs are preferred by almost the entire population. The stark differences in results for heterogenous versus non-heterogenous modeling of consumers demonstrates the important interactive effects of technology progress and heterogeneity: Adoption is much faster and higher overall when both are considered together. A critical part of these results is also to understand that there is adoption of ETVs even in case of average consumers, this adoption is a result of the ICEV cost premium which represents conventional vehicles getting more expensive over time, and hence the financial outlook of ETVs improves compared to ICEVs, resulting in ETV adoption.



Figure 3 shows the market share of technologies if heterogeneities are accounted for in the case of the High-Cost Model with ICEV Cost Premium of 0.6% per year (same assumptions as blue line in Figure 2). With these assumptions, BEV adoption grows from a few percent of the market today to over 90% of the market in 15 years.



3.1. High Non-Battery Cost vs. Low Non-Battery Cost Model


As discussed in the introduction, while there is a reasonable consensus on battery costs, sources disagree on the non-battery costs of ETVs. These differences led to the development of the Low and High Non-Battery Cost scenarios described in Section 2.2. There is also uncertainty about future cost increases in ICEVs. Figure 4 shows how a vital model outcome, the additional cost of a BEV-100 sedan relative to an ICEV sedan, varies under different scenarios. For Low Non-Battery Costs and ICEVs becoming more expensive, BEVs will reach price parity (BEV-100 price = ICEV price) in 2025. The price parity point is pushed out further in other scenarios, to well beyond 2040 in the case of High Non-Battery Costs and no ICEV cost increase. These results indicate that uncertainty in these seemingly minor variables can strongly affect forecasts of the future of ETVs.




3.2. Impact of Fuel Prices


Expected future gasoline prices are critical in the evolving economics of ETVs. Therefore, we conducted a multivariable scenario analysis where we considered all combinations of the Non-battery Cost Model, ICEV Cost Premiums, and three levels of gasoline prices (Figure 5). The figure shows the battery cell price over time (in USD per kWh) as a single representative metric that stands in for cumulative sales of ETVs. For the High Non-Battery Cost Model with the gasoline price of USD 1.95 per gallon, the ICEV Cost Premium significantly impacts adoption and battery cell price reductions. If the gasoline price stays low and the ICEVs do not get more expensive, ETVs will never be financially attractive to most consumers. In this case, the replacement of incumbents with ETVs is not significant, and the battery cell price reduces only slightly from USD 230 per kWh to USD 213 per kWh.



On the other hand, if it is assumed that the conventional vehicles get more expensive with time, then battery cell price falls from USD 230 per kWh to USD 96 per kWh even at the lower gasoline price of USD 1.95 per gallon. This shows the importance of understanding future price increases for ICEVs (presumably to accommodate more efficient technologies required to meet the stricter environmental regulations such as CAFE standards). If gasoline prices are low, then the economics of ETV cascading diffusion are favorable only if conventional vehicles get more expensive. If gasoline prices are high (USD 5.20/gal), then any assumptions about non-battery costs and ICEV premiums lead to a similar outcome with high ETV adoption.




3.3. Effect of Gasoline Prices and ICEV Cost Premium


As discussed above, both gasoline prices and assumptions about ICEV Cost Premiums can drastically affect BEV adoption in the High Non-Battery Cost Model. Figure 6 shows the total market share of BEVs plus PHEVs in 2040 under different High Non-Battery Cost Model criteria. An annual increase of 0.6% in the ICEV prices indicates the base case assumption, which is varied down to 0% (representing constant inflation-adjusted capital costs for ICEVs). At low gasoline prices and without increases in ICEV prices, ICEVs are always the economical choice for consumers, meaning that the virtuous circle of cascading diffusion may never take off (at least when only the personal financial benefits of consumers are considered). A more favorable outlook is possible if gasoline prices increase in the future. As a result, the share of BEVs and PHEVs increases substantially in the 2040 market, even without any increase in ICEV Costs. The scenarios where BEVs and PHEVs dominate the market (80+%) by 2040 occur when gasoline prices are similar to or higher than 2017 values, and there is some increase in ICEV prices. While this analysis is purely economic and does not include government support for the emerging ETV technologies, it does point out which techno-economic scenarios naturally support rapid ETV adoption and which scenarios present headwinds (and potentially continual ones) to the development of the market.




3.4. Adoption Benefits of Subsidies


The integrated model can also be used to evaluate the U.S. federal subsidy [18] for BEVs and PHEVs. The additional stimulated adoption can be estimated by comparing ETV adoption with and without subsidy. Results are shown in Table 2 for differing lengths of subsidy. The induced sales by a subsidy are a measure of its effectiveness. The government cost per sale is the ratio of total subsidy expenditure paid over its term to the induced sales. In the Low Non-Battery Cost scenarios, the subsidy appears as an expensive intervention, as high as USD 18,000 per vehicle, because the model has many consumers buying ETVs without any subsidy. The government ends up paying “free riders” - those who would have purchased ETVs anyway. The subsidy is most economically effective in the High Non-Battery Cost scenario without an ICEV Cost Premium, e.g., a government cost of USD 800 per additional ETVs adopted for a 3-year subsidy. This number (USD 800) is much lower than the direct USD 7500 per vehicle subsidy because that subsidy stimulates early cost reductions, which induce later consumers to buy, meaning that each direct adopter that receives the subsidy eventually causes almost ten additional indirect adopters due to technological progress.




3.5. Caveats


In this section, we discuss some of the modeling simplifications and assumptions. Firstly, we assumed a developed ETV market in which a drivetrain choice is an option and then modeled the consumers’ choice of drivetrain solely due to net economic benefit (i.e., the NPV). Past analyses have conflicting results on how much fuel efficiency affects consumers’ purchase decisions, some indicating an effect [147,148,149,150,151] and others finding that consumers undervalue paying more to receive energy savings now [148]. We justify this simplification by arguing (1) it is a valuable counterpoint to preliminary analyses that detail multi-attribute preferences but are static in treating future vehicle choices, and (2) the treatment is sufficient to illustrate the main points, i.e., how detailed treatment of heterogeneity and uncertainty in vehicle costs could influence market outcomes.



Second, we treated the U.S. vehicle market as independent of activities in other nations. The potential problem with this simplification is that vehicles are produced via a global industry; if other countries adopt ETVs faster or slower than the U.S., this affects the learning rates experienced from the U.S. perspective [152]. The model’s implicit assumption is that the rest of the world will adopt ETVs at a similar rate to the U.S. If the rest of the world adopts at a slower rate, this lowers the local pace of cost reductions, reducing the progression of ETV markets. If the rest of the world adopts at a faster rate, ETV markets will progress faster. In either case, the qualitative conclusions from the modeling would be the same: that heterogeneity is essential to market progression and outcomes depend on improved resolution of vehicle cost details. A future global heterogeneous model would be of great value, though building such a model would require significant resources.



Third, the model assumes that the consumers will have at least a home-charging (or level 1) option available to charge their vehicle at least once, mostly overnight. Although charging infrastructure is growing, only 50–60% of the population currently has access to charging stations [153,154]. To address current limitations on charging infrastructure, we performed an additional sensitivity analysis assuming only 50% of the population will have access to charging, and only this section of the population will be able to adopt a BEV. This analysis is added in the Supplemental Information.



The future growth of access to charging stations is both unknown and unpredictable. The availability of charging stations and BEV adoption is quintessentially a ‘chicken-and-egg’ problem, and it is hard to know how the market will evolve. Recent trends suggest charging infrastructure is growing rapidly, e.g., public fast charging ports in Washington D.C. increased by more than seven times from 2017 (720) to 2020 (6080), and in the same period, the level 2 public charging ports have increased by more than four times [155]. Therefore, as the public charging infrastructure grows, consumers could potentially charge a BEV without a charger at home.



We also neglected the impacts of terrain and extreme temperature [156] on the performance of ETVs, mainly due lack of information. Even though our model accommodates the entire population of the U.S., the primary data source of NHTS does not include additional information about consumers’ daily operating conditions and/or the temperatures the consumers might have experienced.



With respect to CAFE standards, it has been found that the automakers may be able to sell more conventional vehicles for every ETV sold [157]. However, in our analysis, as we do not focus on a particular manufacturer, we do not consider such a fleet-level response by manufacturers that are constrained by current policy.



We assumed the cost trajectory of Li-ion batteries is a function of ETV adoption. While the ETV market is expected to dominate demand for Li-ion batteries for decades, there are other Li-ion applications, such as stationary energy storage. These other markets could increase demand of Li-ion batteries, inducing additional cost reductions. It is also possible that the ETV battery cost trajectory is changed by switching to a different battery chemistry or design. However, note that other experience curves such as for photovoltaic modules and wind power have been insensitive to the detailed structure of the technology, remaining empirically robust even with addition of thin film cells and large diameter turbines. This said, future costs are sensitive to learning rate values, so we added additional sensitivity analysis with optimistic and pessimistic learning rates in the SI. It is also conceivable for a disruptive technology to emerge and establish a new trend. Our analysis, like many others, explores only those futures in which emerging alternatives with established market success complete with the incumbent.



Similarly, our analysis assumes that 2018 electricity prices persist over time. The utilities and electricity-generating companies may change their primary sources of electricity generation and are likely to install more renewable energy sources that could change electricity prices. Moreover, the time of charging also impacts the cost of charging, and our analysis does not consider these interactions with the electricity market. Lastly, our analysis assumes BEVs with ranges of 100 and 150 mainly because the day trip analysis based on NHTS showed that 83% of the daily vehicle miles traveled (VMT) are under 60 miles, and 95% are under 120 miles [132]. Although BEVs of higher ranges are available and new models are getting introduced, this assumption is based on daily driving needs.



Considering these assumptions and caveats as a whole, our predictions of future ETV market shares are intended to demonstrate important dependencies, not as robust forecasts. We argue, however, that this high-level model succeeds in demonstrating that consumer heterogeneity and price uncertainty are essential factors to resolve if we want to understand the future of ETVs.





4. Discussion


The contributions of this analysis are as follows. First, by running the model for average and resolved heterogeneities, we clarified the degree to which accounting for consumer heterogeneity affects market outcomes. Second, we use a diffusion model reflecting a near-term future market in which consumers can choose between ETV and ICEV versions and base choices on the total cost of ownership. This provides a valuable contrast with prior work rooted in calibration on historical market data. Third, we clarify the importance of initial cost and cost evolution assumptions on future market outcomes. These are critical and uncertain variables whose influence has not been analyzed.



The goal of this work was to understand whether consumer heterogeneity and technological progress could work together to achieve cascading diffusion of ETVs in the U.S. while investigating the factors that strongly affect the long-term trends. The answer to this question is that there are plausible futures in which cascading diffusion does occur, i.e., ETVs emerge as the preferred technology for most consumers by 2040. There are also futures where this does not happen. Suppose the choice between ETV or ICEV is left to the consumer, and ICEVs continue to be less expensive in initial and total ownership costs. In this situation, one expects that ICEVs would continue to dominate the market. While the question of future cost parity is challenging, it is certainly possible to answer it with greater certainty.



This leads to a key takeaway that very little can reliably be said about the future of ETVs without resolution on critical inputs, specifically current non-battery costs, future prices of internal combustion vehicles, and future gasoline prices. Of these, future gasoline prices are well studied, and while still uncertain, much more is known. Given the lack of prior work, studies of potential future costs of internal combustion vehicles would help. Note that a critical uncertainty, current non-battery costs, can easily be mitigated given transparent, publicly available studies. We hope that this analysis encourages organizations to undertake such work.



A second lesson is that heterogeneity matters for the technology diffusion of ETVs. We only treated two extreme cases: detailed behavioral and geographical heterogeneity with ICEV premium versus a scenario where the entire population is considered to be the same as that of a national average. The ETV adoption in 2040 in these scenarios was found to be 100% and 77%, respectively. The most detailed prior analysis binned consumers into 27 groups [22]; we treated 309,000 different types of driver. It would be useful to know what level of heterogeneity is needed to achieve a desired degree of accuracy, but this is left to future work.



To compare our results with previous analyses, Edelenbosch et al., 2018 [23] found ICEVs as the dominant technology until around 2050 (with a few PHEVs), with some post-2050 growth in BEVs. We found some futures dominated by ICEVs before 2050, for combinations of High Non-Battery Cost, low ICEV Cost Premium, and low gasoline prices, but much of our parameter space indicated a more optimistic future for ETVs. Differences in scope and methods make it difficult to identify reasons for our different conclusion, but that earlier work assumed a much lower learning rate for batteries (11%), which presumably contributed to a lack of near-term cost declines and momentum in adoption.



Our model, as with previous efforts [22,23] and indeed nearly all multi-decade efforts to forecast a complex energy system, faces significant epistemological challenges. Real validation is only possible decades after decisions were made that the model was intended to inform. This said, it is possible to improve the empirical grounding of modeling data and assumptions. It is also possible to retrospectively train the model for the distant past and check how it performs to “forecast” the recent past. Note that this approach is problematic for emerging technologies, as the recent past does not meaningfully integrate the probable future usage/performance/adoption. While well beyond the current scope, we do believe that energy modeling communities should tackle retrospective validation in the future.




5. Conclusions


Governments around the world are subsidizing the purchase of electric vehicles. For example, the U.S. federal government offers a USD 7500 tax credit in the U.S. [18], and many states offer additional incentives. There are two arguments to justify a subsidy: the first is to stimulate direct environmental benefits from ETV adoption, the second is to contribute to the long-term development of the ETV market. Analysis by Michalek et al. indicates that the direct environmental benefit per ETV adoption in the U.S. is worth hundreds of dollars, much lower than the USD 7500 subsidy [158]. However, a subsidy can have significant long-term benefits if a clean technology becomes preferable over an incumbent for a large share of the market [20]. Our results suggest this could be the case, i.e., subsidies for ETVs contribute to long-term benefits by lowering their future costs, helping to achieve future price parity. However, given uncertainty around the correct current and future ETV and ICEV prices, it is not clear if and when unsubsidized ETVs will be preferred over ICEVs for most consumers. The analysis in Section 3.4 shows that the subsidy cost per stimulated ETV purchase can be either much higher or much lower than the direct subsidy, depending on the course of technological progress.



This analysis focused on the U.S., but the results are relevant to other regions. Without detailed analysis, it is difficult to predict the economic benefits of ETVs elsewhere. Some attributes favor ETV adoption in the U.S. (relatively high annual miles driven and low electricity prices), while others disfavor the transition (low gasoline prices). Previous analysis showed reasonably similar costs of ETV ownership between the U.S., the U.K. and Japan [40]. Heterogeneity in vehicle usage and ownership patterns is likely to be significant in other countries as well, so accounting for it would be required when attempting to understand adoption patterns.



A global view of ETV adoption raises the question of whether some countries with favorable economics and/or policies could be global leaders in adoption and drive global cost reductions [20]. Conceptually, this is similar to the effect of significant Germany subsidies for rooftop solar from 2004 to 2014, which helped to lower global solar panel prices [159]. While technology subsidy policy is generally a domestic affair, heterogeneity across countries suggests that there is value in international discussion and coordination [20]. Furthermore, in many of the modeled scenarios, ETV production occasionally hit the maximum growth rate limitation of 50% year-over-year, suggesting that demand for ETVs may grow rapidly once the market reaches a certain maturity. Policymakers can prepare for that event through industrial policy that builds up supply chains before periods of increased demand.



Decision-makers and analysts around the world should consider both domestic and international heterogeneity when formulating ETV promotion policies. By better understanding domestic heterogeneity, policies can be tuned to focus on successive niches of consumer markets, promoting diffusion at lower cost. By considering the international situation, decision-makers can better understand how policies and adoption in other countries will drive cost reductions, influencing the domestic situation.



Uncertainties surrounding the ability of ETVs to achieve price parity with conventional vehicles is a second concern. Governments can substantially reduce price uncertainty by funding empirical research on current costs and expected trends for ETVs and ICEVs. It is important that these studies report underlying data to enable the deconstruction of differences in results from other works. Second, uncertainty in future prices means that governments should be prepared for uneven outcomes from subsidy policies, preparing to react to the situation as it evolves. That said, an unstable subsidy erodes producer confidence and commitment, so there should be clear rules for reduction, such as a scheduled decline in future blocks of adoption or subsidies that are dependent on the supply/demand for ETVs.
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Figure 1. Method to model future prices and adoption of Battery Electric Vehicles (BEVs), Plug-in Hybrid Electric Vehicles (PHEVs), Hybrid Electric Vehicles (HEV), and Internal Combustion Engine Vehicles (ICEVs), in the U.S. from 2018 to 2040. The three sub-models are the Financial Model, the Market Allocation Model, and the Technology Progress Model, which are run in annual loops: The Financial Model (Section 2.2) calculates the Total Cost of Ownership of each vehicle type for each consumer. This information is sent to the Market Allocation Model (Section 2.3), which uses each consumer’s vehicle lifetime to determine who purchases a new vehicle that year, then determines which vehicle type (ICEV, BEV, BHEV, or HEV) they purchase, according to least cost. National purchases are accumulated for that year and used in the Technological Progress Model (Section 2.4) to determine cost reductions for the next year, using an experience curve. Multiple sources are used to develop this model. The geographical (state of residence i.e., fuel prices) and behavioral heterogeneities (annual miles, months vehicle is owned, vehicle make and model) come from the U.S. National Household Travel Survey [43]. The fuel economy [5] and fuel prices [64,65,66,67] come from different sources. Similarly, the capital costs of technologies [25,26,28,68,69,70,71,72,73,74] and learning rates of battery cells [26,27,75,76,77] and non-battery technologies [72,78,79,80,81,82] come from different sources. 
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Figure 2. Forecast battery cell price (USD per kWh, blue lines and left axis) and Average Annual Miles (brown lines, right axis) driven by consumers adopting ETVs, accounting for heterogeneity (different miles driven, lifetime, and fuel prices) in consumer behavior (solid lines) versus non-heterogeneous (average) consumers (dashed lines). All results assume the High Non-Battery Cost Model with ICEV Cost Premium, gasoline price = USD 2.60/gallon (EUR 0.65 per liter). Note that accounting for heterogeneity leads to more rapid cost reductions by identifying early sub-populations that benefit from and thus prefer BEVs, PHEVs, or Hybrids over ICEVs. The annual miles driven for early-adopting subpopulations are significantly higher than the average consumer’s annual mileage (11,700 miles = 18,800 km). As battery costs fall, ETVs become economically attractive to more consumers, eventually being preferred by almost all drivers by 2040. In contrast, assuming that all consumers are average implies that adoption of ETVs and resulting cost reductions are slower. (HEV = Hybrid Electric Vehicle, BEV = Battery Electric Vehicle (BEV), PHEV = Plug-in Hybrid Electric Vehicle, ICEV = Internal Combustion Engine Vehicle). 
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Figure 3. Future annual market share of vehicle technologies for the case of the High Non-Battery Cost Model with ICEV Cost Premium, with heterogeneous consumers (HEV = Hybrid Electric Vehicle; BEV = Battery Electric Vehicle; PHEV = Plug-in Hybrid Electric Vehicle; ICEV = Internal Combustion Engine Vehicle). Note that PHEV adoption is small enough to be invisible in this set of results. 
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Figure 4. The additional capital cost, over time, of a BEV 100-mile (160 km) range sedan versus “equivalent” ICEV, in four cost scenarios (combinations of Low and High Non-Battery Cost and with and without ICEV Cost Premium, gasoline price = USD 2.60 per gallon = EUR 0.65 per liter), with heterogeneous consumers. A value of zero indicates upfront cost parity for BEVs. Results show that uncertainty in current BEV cost and future ICEV cost lead to very different trajectories for cost parity. (BEV = Battery Electric Vehicle; ICEV = Internal Combustion Engine Vehicle). 
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Figure 5. Reduction in battery cell price (USD/kWh) over time for scenarios with different gasoline prices, non-battery cost, and ICEV Cost Premiums, with heterogeneous consumers. For the Low Non-Battery Cost Model, ETVs are adopted, and battery prices fall quickly regardless of gasoline price and ICEV Cost Premium. For the High Non-Battery Cost scenarios, low gasoline prices lead to high battery costs and low market share in 2040 (1 USD/gallon = 0.25 EUR/L). 
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Figure 6. Market share of BEVs and PHEVs in 2040 for High Non-Battery Cost Model with variable gasoline price and the annual increase in conventional vehicle price (ICEV Cost Premium). At lower gasoline prices and without ICEV Cost Premium, BEVs and PHEVs remain more expensive than conventional vehicles. Expensive gasoline and/or ICEV cost increases will lead to a significant market share for BEVs and PHEVs in 2040 (1 USD/gallon ≈ 0.25 EUR/L). 
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Table 1. Prior literature and methods used to forecast Electric Technology Vehicle (ETV) adoption/diffusion.
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	Method/Approach
	References





	Discrete Choice Model/Consumer Choice Model/Agent-Based Model
	[21,53,83,84,85,86,87,88,89,90,91,92,93,94,95,96,97,98,99,100,101,102,103,104,105,106,107,108,109,110]



	Bass Diffusion Model
	[111,112,113,114]



	System Dynamics Model
	[22,23,55,78,115,116,117,118,119,120]



	Other
	[45,46,47,48,49,50,51,52,53,54,55,56]
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Table 2. Impact of federal subsidies (which vary by battery size up to USD 7500, reflecting current U.S. policy) in inducing the sales of ETVs. The first column shows the cost model used to estimate the non-battery EV technology costs. The second column indicates the duration of the federal subsidy. The other columns show the total sales of BEVs and PHEVs, additional ‘induced’ sales because of federal subsidies, and cost to the government per induced sale, when ICEV Cost Premium is present or not. (‘M’ indicates ‘millions’).






Table 2. Impact of federal subsidies (which vary by battery size up to USD 7500, reflecting current U.S. policy) in inducing the sales of ETVs. The first column shows the cost model used to estimate the non-battery EV technology costs. The second column indicates the duration of the federal subsidy. The other columns show the total sales of BEVs and PHEVs, additional ‘induced’ sales because of federal subsidies, and cost to the government per induced sale, when ICEV Cost Premium is present or not. (‘M’ indicates ‘millions’).





	
Cost Model

	
Federal Subsidy Time Limit

	
With ICEV Cost Premium

	
Without ICEV Cost Premium




	
Market Share of BEV and PHEV in 2040 (%)

	
Total Sales through 2040

	
Induced Sales

	
Government Cost/Sale (USD/Vehicle)

	
Market Share of BEV and PHEV in 2040 (%)

	
Total Sales through 2040

	
Induced Sales

	
Government Cost/Sale (USD/Vehicle)






	
High Non-Battery Cost Model

	
No Subsidy

	
100

	
359M

	

	

	
18

	
74M

	

	




	
3 Year

	
100

	
383M

	
24M

	
1100

	
21

	
107M

	
33M

	
800




	
5 Year

	
100

	
386M

	
27M

	
2700

	
22

	
117M

	
43M

	
1700




	
10 Year

	
100

	
433M

	
74M

	
8600

	
25

	
191M

	
117M

	
5500




	
Low Non-Battery Cost Model

	
No Subsidy

	
100

	
524M

	

	

	
100

	
511M

	

	




	
3 Year

	
100

	
526M

	
2M

	
21,000

	
100

	
513M

	
2M

	
19,400




	
5 Year

	
100

	
530M

	
6M

	
19,000

	
100

	
517M

	
6M

	
18,200




	
10 Year

	
100

	
574M

	
50M

	
18,000

	
100

	
563M

	
52M

	
17,300
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