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Executive Summary
Due to its almost exclusive dependence on fossil fuels, the transportation sector accounts for some
32% of the final energy demand in the European Union, and is responsible for about one fifth of the
total European Union greenhouse gas (GHG) emissions (EC, 2011a). Consequently, it is one of the
focal points of the European sustainability strategies, which among other targets also aim at the
mitigation of substantial amounts of GHG emissions in several sectors of the economy. For instance,
the European Commission has set the ambitious goal of a 60% reduction of GHG emissions in the
transportation sector by 2050 compared to 1990 levels (EC, 2011b). However, the achievement of this
objective requires considerable efforts, amongst others the enhancement of the vehicles’ fuel efficiency
and the substitution of alternative fuels or electricity for gasoline and diesel. The European
Commission adopted several regulations to improve vehicles’ specific GHG emissions in the short
term. For instance, emission performance standards for new passenger cars were set to 95 gCO2/km
on average by 2020 (EC, 2009b), with gradually stiffened interim targets. Additionally, the European
Commission determined that the share of renewable energy should at least amount to 10% of the final
energy consumption in transport by 2020 (EC, 2009a). In Germany, the largest European economy,
with its pronounced automotive manufacturing sector, the government has set the goal to get one
million electric vehicles on the road by 2020 and to become a leading market for and provider of
electric mobility (Bundesregierung, 2009). One reason for this pronounced support of electric mobility
in almost all European countries is – besides the reduction of CO2 emissions by means of reducing oilbased fuel consumption in the transport sector – the possibility to increase electricity generation from
volatile renewable energy sources by using electric vehicles as active storage systems in the grid – the
so-called vehicle-to-grid (V2G) concept – and thus to reduce the necessity of keeping back-up power
plants in reserve (Kempton and Tomic 2005a, 2005b). Furthermore, the usage of PHEVs and electric
vehicles as distributed storage systems has the advantage that the storage capacity is available
independently of failures or shutdowns in the transmission grid.
In this project, the focus is on major factors which are crucial for a significant market penetration of
plug-in hybrid electric vehicles (PHEVs). It is not within the scope of this research project to develop a
new vehicle. Rather, besides research questions concerning the vehicle itself, we analyzed major
issues concerning a grid connection of PHEVs that allows them to serve as active loads or even active
storage systems. The results are expected to support both car manufacturers and electric utilities in
their strategic decisions regarding PHEVs.
In Part 1 of the final project report (Hackbarth et al. 2010), several important issues concerning electric
mobility were already tackled. Firstly, the analysis of PHEVs began with calculations regarding the
optimal size of the vehicle battery investigating both technical as well as economic aspects. Secondly,
an analysis of the most important safety aspects and standards was performed. Thirdly, our
investigations showed the most important needs in the field of charging equipment and charging
infrastructure. Fourthly, potential future revenues for V2G services, for instance generated by the
supply of balancing power or peak load, were estimated. Fifthly, business and marketing models, such
as (battery) leasing and profit-sharing, which could foster the application of these grid services and the
diffusion of PHEVs, were examined, as was the role of the different market actors in the field of electric
mobility, such as car owners, electric utilities or telecommunication companies. Finally, the impact of
an accelerated diffusion of PHEVs on the power generation portfolio, the energy production costs and
the emissions of the power plants, taking different charging scenarios into account, were assessed.
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In the present Part 2 of the final project report, we investigated issues regarding battery lifetime, the
integration of PHEVs into low-voltage grids, and consumer preferences and their impact on the
potential diffusion of electrified vehicles.
The main outcomes of the remaining different work packages can be summarized as follows.
Battery lifetime and integration into low-voltage grids
V2G provides the possibility of decreasing the total cost of ownership (TCO) for PHEVs and battery
electric vehicles (BEV) by, for example, lowering the costs of electricity consumption. On the other
hand. feeding power back into the grid is commonly assumed to have a lifetime-decreasing effect on
the vehicle batteries. In order to investigate the effects of different charging algorithms on the battery
operating conditions, a simulation setup was introduced aimed to model electric vehicles in a grid
segment. The resulting mobility costs (electricity plus battery depreciation costs) and their compatibility
with the distribution grid were analyzed. The simulation model used real-world mileage data from
mobility statistics and electricity price data from the European Energy Exchange for producing
representative results. Comprehensive cyclic aging tests (for Lithium Nickel Manganese Cobalt Oxide,
NMC, and Lithium Nickel Cobalt Aluminum Oxide, NCA, batteries) and calendaric aging tests (for NMC
batteries) were performed with lithium-ion battery cells. These tests showed an exponential
relationship between cell voltage (state of charge, SOC) and lifetime. Considering the fact that high
battery SOCs decrease battery lifetime, different charging strategies were implemented: Uncontrolled
charging as the reference case, unidirectional price- and SOC-optimized charging as well as
bidirectional energy trading with and without SOC constraint.
A first grid simulation showed that price-sensitive charging strategies may lead to an increased grid
load due to the coincidence of charging operations. This could be solved, for example, by shifting the
price signals in time between different users. The battery simulation results show that by applying
intelligent charging algorithms, it is possible to simultaneously increase battery lifetime and reduce
charging costs. The economic impact of a longer battery lifetime is approximately twice the revenues
that can be gained through energy trading. The results also show that it is difficult to reach the
intended battery lifetime of 10 years for vehicle applications without oversizing the battery. By applying
intelligent charging strategies, oversizing can be reduced or omitted. This is due to the fact that
standstill times are dominating the battery operation and because with uncontrolled charging the
battery SOC is above 90 % during more than 80 % of the time. In order to reach the targeted lifetime of
the vehicle batteries, it is therefore essential to implement intelligent charging strategies. Oversizing
the battery to limit the maximum SOC in order to reach the battery lifetime envisaged can be
considered to be a costly alternative, as either the electric driving range is decreased or the battery
costs increased.
The rapid introduction of variable electricity tariffs, for example, with a 24-hour prediction of hourly
electricity prices and regulations for the power-feedback of electric vehicles would foster the
introduction of electric mobility. Intelligent charging algorithms in this case would be able to reduce
mobility costs by minimizing electricity consumption costs and decreasing battery depreciation at the
same time.
Business models and consumer needs
Two approaches were used to model and forecast the adoption and diffusion of alternative fuel
vehicles (AFVs) in general, and PHEVs and BEVs in particular, depending on the prevailing framework
conditions.
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First, the potential demand for privately used AFVs was analyzed by using discrete choice data from a
nation-wide survey in Germany and applying discrete choice models (specfically, a standard
multinomial logit model and an mixed logit model specification). By expanding earlier studies and
additionally taking recharging time, driving range, and governmental incentives as crucial vehicle
attributes into account to measure their respective impact on vehicle choice decisions, and,
furthermore, considering PHEVs and their unique characteristics as a vehicle alternative, we find that
some attributes impact vehicle choice positively, as in the case of driving range, fuel availability, and
governmental monetary and non-monetary incentives, or negatively, as in the case of purchase price,
fuel cost, CO2 emissions, and recharging time. Furthermore, we find that German car buyers are
currently very reluctant towards the adoption of AFVs, especially concerning electric and hydrogen
vehicles, which could be a great barrier in terms of their fast and successful diffusion and to achieving
the very ambitious goal of the German government to get one million electric cars on the road by 2020.
However, our results also show that PHEVs are far less likely to be rejected than fully electric vehicles
and that not all consumers have equally pronounced reservations against AFVs. In other words,
especially younger, highly educated, and environmentally conscious consumers, and to some extent
also urban drivers of small cars with access to garages or parking lots equipped with electrical wallplug sockets, are more prone to buy new vehicle technologies in general and plug-in vehicles in
particular. Hence, for effectively increasing the adoption rates (or sales figures) of certain AFVs,
marketing strategies could be tailored such that they target specifically these consumer groups. On the
contrary, and in light of the ongoing demographic change which results in an aging population, our
results could also lead to the opposite conclusion that the most relevant target group for policy-makers
and car manufacturers should be middle-aged and elderly people, as they still have strong
reservations against electric vehicles, and thus could threaten the prospects for individual electric
mobility of private vehicle users and, consequently, the ambitious goal of the German government to
become a lead market. Therefore, information campaigns or the possibility to test electric vehicles in
the field could be especially customized for these consumer groups to reduce their unfamiliarity with,
and reservations against, electric mobility.
Additionally, we find that German car buyers are willing to pay considerable amounts for an
improvement of the most important vehicle features. However, notable differences in the willingnessto-pay (WTP) can be observed, depending on the consumer group or the respective vehicle
alternative. For instance, the marginal WTP for the mitigation of CO2 emissions is more than twice as
large for highly environmentally aware (potential) adopters, compared to adopters with low
environmental consciousness. A similar doubling can be observed for the driving range of electric
versus other vehicles, and for a reduction in battery recharging time between PHEVs and fully electric
cars. This finding indicates that a fast-charging option is not equally important for all plug-in vehicles,
and thus could be relevant for the investment strategy concerning recharging infrastructure.
Furthermore, households with low stated purchase prices (< €20,000) are only willing to pay about half
the amount that households without this budget constraint are willing to expend for the improvement of
vehicle features.
The scenario analysis revealed that conventional vehicles remain dominant in terms of market share,
and that hybrid and natural gas vehicles are the AFVs most likely to be chosen. As these propulsion
technologies are currently the most renowned and available AFVs, and as they also have the farthestdeveloped refueling infrastructure and do not suffer from short driving ranges or high purchase prices
surcharges, this finding is not too surprising. Strikingly, however, our results show that choice
probabilities of some AFVs, such as PHEVs and biofuel vehicles, could be increased in a relatively
cost-efficient way by granting vehicle tax exemptions, or by allowing the usage of bus lanes and

3

presenting possibilities for free parking. Thus, to promote AFVs, the German government should think
about the introduction of these incentives and not limit these measures to electric vehicles. Contrary to
that finding, fully electric and hydrogen vehicles only gain in demand if multiple policy measures are
implemented or if at least the subsidization of the vehicle purchase is substantial. Thus financial
incentives, as already implemented in some European countries today, and also lobbied for by
German car manufacturers, are found to be insufficient to significantly increase adoption rates.
Furthermore, our results suggest that an expansion of the refueling/recharging infrastructure density or
the acceleration of the recharging process alone is not sufficient for increasing the diffusion of pure
BEVs, but that these two measures should rather be implemented jointly. Finally, and also very
interestingly, our findings indicate that an increase in the driving range of BEVs to 750 km, leaving all
other vehicle attributes unchanged, affects the adopters’ choice probability in the same way as would a
market-based multiple policy intervention strategy, comprising a purchase price subsidy, a tax waiver,
bus lane usage, free parking, and a widespread fast-charging infrastructure. However, it should be
noted that without substantial purchase price or electricity price surcharges these two potential support
schemes are not economically viable today and in the near future. Thus, in order to reach the very
ambitious electric mobility goal of the German government, the government could increasingly focus
on and promote PHEVs (e.g. with subsidies and non-monetary incentives), as they are not burdened
by limited cruising ranges and thus could serve as a means to make car drivers familiar with electric
mobility, without putting them at risk of being stranded due to an empty battery.
Second, an agent-based model (ABM) was constructed to estimate the future diffusion of alternative
drive systems and to review the influence of various parameters on the potential diffusion pathways.
We focused on electrified drivetrains, namely hybrid electric vehicles, PHEVs and BEVs, which were
described by five attributes (purchase price, fuel consumption, convenience, performance, and
emissions). Furthermore, we took four different consumer groups into account (majority, conformists,
greens, petrolheads), which differed in their socio-economic characteristics. In a scenario analysis, we
assessed the impact of governmental incentives on the diffusion process of the different vehicle
technologies. Our results suggest that tax exemptions and convenience improvements can help to
promote PHEVs and BEVs. However, different levels of effectiveness among the different promotion
strategies occur, which have to be considered when designing successful marketing strategies. The
diffusion of electrified vehicles can be promoted by both price cuts and improvements of convenience.
However, a simultaneous promotion of both PHEVs and BEVs does not necessarily lead to higher
market shares of both drivetrain technologies.
Nevertheless, this study shows that governments are able to promote alternative drivetrains, if the
support focuses mainly on the improvement of vehicle convenience, e.g. through the (publicly or
privately funded) provision of a comprehensive recharging infrastructure. However, as already
mentioned, the cost effectiveness of such an expansion of the recharging infrastructure cannot be
assumed today.
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1 Introduction1
Due to its almost exclusive dependence on fossil fuels, the transportation sector accounts for some
32% of the final energy demand in the European Union, and is responsible for about one fifth of the
total European Union greenhouse gas (GHG) emissions (EC, 2011a). Consequently, it is one of the
focal points of the European sustainability strategies, which among other targets also aim at the
mitigation of substantial amounts of GHG emissions in several sectors of the economy. For instance,
the European Commission has set the ambitious goal of a 60% reduction of GHG emissions in the
transportation sector by 2050 compared to 1990 levels (EC, 2011b). However, the achievement of this
objective requires considerable efforts, amongst others the enhancement of the vehicles’ fuel efficiency
and the substitution of alternative fuels or electricity for gasoline and diesel.
The European Commission adopted several regulations to improve vehicles’ specific GHG emissions
in the short term. For instance, emission performance standards for new passenger cars were set to
95 gCO2/km on average by 2020 (EC, 2009b), with gradually stiffened interim targets. Additionally, the
European Commission determined that the share of renewable energy should at least amount to 10%
of the final energy consumption in transport by 2020 (EC, 2009a). Beyond that, most European
governments have decided to implement further-reaching programs and regulations to accelerate the
2
diffusion of alternative fuel vehicles (AFVs) in general and electrified cars in particular. For example,
purchase and tax incentives for (partially) electric or other ‘environmentally-friendly’ vehicles are
granted in Spain, France, the UK, Ireland, Sweden, and Belgium, to name but a few. These
inducements to buy amount up to €9,510, as in Belgium, or even up to 70% of the investment, as in
Andalusia (for a useful review of electric vehicle promotion strategies, see e.g. ACEA, 2012).
In Germany, the largest European economy, with its pronounced automotive manufacturing sector, the
government has set the goal to get one million electric vehicles on the road by 2020 and to become a
leading market for and provider of electric mobility (Bundesregierung, 2009). To reach these targets,
research on various technical, economic, and behavioral aspects is coordinated centrally and will be
funded by more than €1.5 billion in total up to 2013 (Bundesregierung, 2011). In addition, a ten-year
motor vehicle tax exemption for electric vehicles was introduced in a first step. Further monetary
incentives, such as advantageous taxation rules for commercially used electric vehicles, have been
initiated, and several non-monetary buying inducements are under consideration, such as the
permission for bus lane usage or special parking areas (BMF, 2012; Bundesregierung, 2011). One
further reason for this pronounced support of electric mobility in almost all European countries is –
besides the reduction of CO2 emissions by means of reducing oil-based fuel consumption in the
transport sector – the possibility to increase electricity generation from volatile renewable energy
sources by using electric vehicles as active storage systems in the grid – the so-called vehicle-to-grid
(V2G) concept – and thus to reduce the necessity of keeping back-up power plants in reserve
(Kempton and Tomic 2005a,b). Furthermore, the usage of PHEVs and electric vehicles as distributed
storage systems has the advantage that the storage capacity is available independently of failures or
shutdowns in the transmission grid.

1

Significant parts of this Final Report are directly taken from Hackbarth et al. (2010), Neumann (2011), Hackbarth
and Madlener (2011), and Lunz et al. (2012), respectively.
2

AFVs comprise vehicles that run on liquid or gaseous fuels other than gasoline and diesel, or at least partly on
electricity, e.g. biofuels, natural gas (liquefied petroleum gas (LPG) or compressed natural gas (CNG)), hydrogen
(e.g. fuel cell vehicles), (plug-in) hybrid electric vehicles (PHEVs), and fully (battery) electric vehicles (BEVs).
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Even though electric mobility is currently the primary topic of interest of German policy-makers, other
alternative fuels are being supported as well. For example, tax reductions for natural gas fuels have
been recently prolonged until 2018. Moreover, a minimum quota of 6.25% for biofuels to replace
gasoline and diesel has been introduced (BImSchG, 2011), and a public-private partnership, which
runs until 2016 and provides €1.4 billion of funding, has been established to boost research on
hydrogen and fuel cells (BMVBS/BMWi/BMBF, 2006).
Despite these diversified endeavors by the government and administration, the assortment of AFVs is
still limited. Thus, it is hardly surprising that AFVs have not penetrated the market yet to a large extent
and so far amount to only about 1.4% of the overall vehicle stock in Germany (KBA, 2012). However,
the diffusion of AFVs in general, and electrified vehicles in particular, might rise sharply in the coming
years for at least two reasons. First, all major vehicle manufacturers have started to bring massproduced, and thus affordable, plug-in hybrid or pure electric vehicles to market and have announced
that they will do so in the next couple of years with hydrogen-fueled vehicles. Second, consumer prices
for gasoline and diesel in 2012 (Q1-Q3) were at an all-time high and expected to increase further
(ADAC, 2012a), also due to the eco-tax in place, which makes non-conventional fuels even more
attractive. For a fast market penetration of PHEVs and fully electric vehicles, however, it is necessary
that their other features also sufficiently match with consumer preferences, which in turn is heavily
affected by the cost effectiveness, the driving range and the recharging conditions for these new types
of cars, as well as by other technical aspects (e.g. battery lifetime) and legislative framework
conditions. Thus, this second part of the final research project report covers a number of issues, which
can be expected to have a major effect on the successful diffusion of (plug-in hybrid) electric vehicles.

1.1

Goals and expected outcome of project / added value

In this project, the main focus is on factors which are crucial for a significant market penetration of
PHEVs. It is not within the scope of this research project to develop a new vehicle. Besides research
questions concerning the vehicle itself, we furthermore analyzed major issues concerning the grid
connection of PHEVs that allows them to serve as active loads or even active storage systems. The
results are expected to support both car manufacturers and electric utilities in their strategic decisions
regarding PHEVs.
The project and, thus, the final report consist of two parts. In the first part (Hackbarth et al. 2010)
several important issues concerning electric mobility were tackled. Firstly, the analysis of PHEVs
began with calculations regarding the optimal size of the vehicle battery, investigating both technical as
well as economic aspects. Secondly, as safety and standardization were (and in fact still are) an
important field for market introduction of PHEVs, an analysis of the most important safety aspects and
standards was performed. Thirdly, charging equipment and charging infrastructure are also (and still
are) a controversially discussed topic. Our investigations were based on comprehensive mobility data
and did show important issues to be solved in this field. Fourthly, the potential future revenues for V2G
services, like the supply of balancing power or peak load, in the future were estimated. Fifthly,
business and marketing models, such as (battery) leasing and profit-sharing, which could foster the
application of these grid services and the diffusion of PHEVs, were examined as well as the role of the
different market actors in the field of electric mobility, such as car owners, electric utilities or
telecommunication companies. Finally, the impact of an accelerated diffusion of PHEVs on the power
generation portfolio, the energy production costs and the emissions of the power plants, taking
different charging scenarios into account, were assessed.
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Part 2 of the final report contains the following topics. Firstly, battery lifetime is an important issue, not
only for V2G concepts. Therefore, we performed lifetime tests on lithium-ion batteries to identify the
influencing factors on the battery lifetime and to predict the possibility of using vehicle batteries for
additional grid services. Secondly, in order to investigate the delivery of grid services, a simulation
model for PHEVs in a distribution grid segment was developed and possible management algorithms
implemented to control the charging behavior. Thirdly, a web-based discrete choice experiment was
conducted to assess the preferences of (potential) car buyers regarding AFVs, to estimate the
influence of vehicle attributes on vehicle choice, and to calculate the willingness-to-pay for their
improvement. After that, in a scenario analysis, the impact of monetary and non-monetary policy
measures on vehicle choice probabilities was simulated. Finally, an agent-based simulation model
(ABM) was constructed to predict the potential diffusion process of AFVs in the next couple of years,
taking the dissimilarities between vehicle alternatives and consumer groups into account.
Note that for all investigations made, the focus was on the German market and the German situation
with regard to grid infrastructure, utility needs and players (car manufacturers, suppliers, grid operators
etc.), regulatory framework, mobility patterns and consumer behavior and future preferences.

1.2

Positioning of project within E.ON ERC strategy

This interdisciplinary project targets one of the most topical energy research areas of today, electric
mobility. Specifically, it helps to integrate and enhance the applied research competences in electrical
engineering (esp. PGS and ISEA) and in energy economics (FCN) of the E.ON ERC and associated
RWTH institutions in the field of electric mobility. The topics addressed are manifold, ranging from
energy storage, consumer behavior, business models, standardization, distribution networks / charging
infrastructure to energy efficiency (in an engineering and economic sense!) and specific energy
modeling issues. The two parts of the final project report show that the interdisciplinary research
undertaken within this project could be integrated almost seamlessly, despite of the fact that this was
the first joint report of its kind between the collaborators involved (both on a personal as well as
institutional level). The project fostered the co-operation of the Chair of Energy Economics and
Management (Prof. Madlener) and those for Power Generation and Storage Systems (Prof. De
Doncker, Prof. Sauer) within the E.ON ERC and helped to find a common language and a common
understanding of the technical, economic and societal/socio-psychological questions and problems at
hand. Furthermore, the project helped to build up knowledge, skills and a track record (publications,
contributions to national and international conferences), enabling to successfully bid for follow-up
projects and to seek for outside research partners. For instance, FCN and PGS acquired a 4-year
research project, funded by the Federal Ministry for the Environment, Nature Conservation and
Nuclear Safety (BMU; promotional reference: 16EM1032), to be realized jointly with the Deutsche Post
Chair of Optimization of Distribution Networks (Prof. Sebastian, RWTH Aachen University), and two
industrial partners (Deutsche Post AG, Langmatz GmbH), with the goal to identify the operational
suitability of a large-scale fleet of electric delivery vans. Moreover, the project has also allowed to
educate several talented students at RWTH Aachen University on how to undertake scientific research
and writing in close collaboration with the E.ON ERC staff involved in the project. Last but not least, the
positive experience gained could induce at least some of them to follow their professional career later
in the field of electric mobility, thus helping to supply skilled workers in a burgeoning and fascinating
new market that will bridge the electricity supply industry with the automobile industry and, if emerging
successfully, lead to one of the most important paradigm changes of our times – the large-scale use of
electricity for individual mobility. Furthermore, the affiliated institute for Power Electronic and Electrical
Drives (ISEA, directed by Prof. De Doncker and Prof. Sauer) benefitted from this study, as it stimulated

7

and provided focus in several large BMBF projects in the area of electric propulsion systems, (bidirectional) battery chargers, and modular battery system concepts.

1.3

Definitions

Hybrid-Electric Vehicle (HEV)
A Hybrid-Electric Vehicle (HEV) relies on at least two energy sources, usually an internal combustion
engine (ICE) and an electric battery together with a motor/generator.
Plug-in Hybrid Electric Vehicle (PHEV) / Range-Extended Electric Vehicle
A Plug-in Hybrid Electric Vehicle (PHEV) is an HEV that can be plugged-in and be recharged from the
electric grid. PHEVs are distinguished by much larger battery packs when compared to other HEVs.
The size of the battery defines the vehicle’s all-electric range (AER). Range-extended electric vehicles,
with a significant electric driving range and typically a smaller internal combustion engine as compared
to classical PHEVs, are considered as (serial) PHEVs.
Vehicle-to-Grid (V2G)
The Vehicle-to-Grid concept uses vehicle batteries to deliver different kinds of grid services, such as
balancing power. Normally, V2G is used in the context of a bidirectional power connection between
battery and grid, although with a unidirectional connection grid services can be offered as well. V2G
services can be supplied with PHEVs, Range-Extended Electric Vehicles, and fully electric vehicles
(also referred to as battery electric vehicles, BEV).
State of Charge (SOC)
The SOC of a battery describes the charging level of a battery. A fully-charged battery has a SOC of
100%, whereas a fully-discharged battery has a SOC of 0%.

Table 1: Exemplary influence factors on study results

Influences battery aging by

Regarded in this study

Annual mileage

Equivalent full cycle number

Average German driving
behavior (10,000 to
15,000 km/year)

Vehicle segment

Equivalent full cycle number

Medium-class segment

Availability of charging
infrastructure

Number of recharging
operations which influences
medium battery SOC

Recharging at home

Region

Temperature

Average battery temperature of
20 °C

Driving behavior

Battery current

Disregarded

For analyzing the grid integration of PHEVs (see section 2.2) we focus our investigations on electric
vehicles with range extender (for example Chevrolet Volt / Opel Ampera, with ca. 50 km electric driving
range) driven from an average German car user with an annual mileage in the range of 10,000 to
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15,000 km. This type of vehicle is predominantly placed in the medium-class segment. The
conclusions given in this report, therefore, cannot be directly transferred to other vehicle segments like
the upper class segment where much higher annual mileages and hence a much higher cyclization of
the vehicle batteries occur. Furthermore, we focus our study on Germany, a country where
temperature variations have a relatively minor influence only. The influence of different driving behavior
(city/rural/highway) on the energy consumption is disregarded. Some exemplary influence factors are
summarized in Table 1.

2 Results of work packages
In the following, four main topics will be discussed in detail. In section 2.1, determinants that influence
the battery lifetime are assessed and the magnitude of their influence on battery aging is shown. The
integration of electric vehicle batteries as active or passive storage system elements into the lowvoltage grid, and the influence of different charging strategies on the overall costs of electrically driven
kilometers, are analyzed in section 2.2. In section 2.3, we focus on consumer preferences for AFVs in
general and electrically propelled vehicles in particular, and derive WTP measures for the improvement
of the most important vehicle features. Finally, we forecast the acceptance of AFVs (by their adoption
rates or market shares) and their diffusion process in the near future, depending on the development of
the governmental policy framework, by applying two different methodological approaches (sections 2.3
and 2.4).

2.1

Battery lifetime

A more detailed description of the following results is given in Lunz et al. (2012).
2.1.1

Introduction

Summarizing the literature (Broussely et al., 2005; Vetter et al., 2005; Wright et al., 2002; Zhang and
Wang, 2009), the state of charge (SOC), which correlates directly to cell voltage (or more precisely
electrode potential), represents a significant contributor to battery aging. Influencing both a battery’s
calendar life and cycle life, the SOC is an important factor when talking about appropriate charging
methods and strategies. Electrochemically, the SOC mainly impacts the stability of electrodes (active
materials and binder) and electrolytes. High electrode potentials (high SOC) cause electrolyte
decomposition in the surface region of a cell’s anode and cathode, which leads to consumption of
active Li+-ions and growth of the solid electrolyte interphase (SEI) on the electrodes’ surfaces,
resulting in capacity decline, power fade and impedance rise. Besides electrolyte decomposition,
degradation of active masses by dissolution of their substrate or binder decomposition can be
observed as well. At low temperatures and high SOCs, aging can be accelerated by limitations of cell
kinetics, resulting in lithium metal plating when cycling the battery.
2.1.2

Aging tests setup

For a better understanding of SOC impact on cell degradation, and for parameterization of the
simulation models, a set of accelerated aging tests have been carried out both for cyclic (Figure 1,
Figure 2, Figure 3) and calendaric (Table 2) stability with Saft’s VL45E lithium-ion cells (45 Ah, Lithium
Nickel Cobalt Aluminum Oxide, NCA).
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Figure 1: Cycle tests 1 and 2
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Figure 2: Cycle test 3
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Figure 3: Cycle test 4
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Table 2: Storage test matrix

2.1.3

SOC

Temperature
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55°C
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55°C

Results
3

Preliminary results of the cycle tests after approximately 3,000 equivalent full cycles are shown in
Figure 4 and Figure 5. An increase in capacity at around 2,000 equivalent full cycles can be explained
with longer rest periods of the tests between capacity checkups.
At the time of writing this final report, these tests are still ongoing as the end-of-life (actual capacity =
70% of initial capacity) is not reached yet. The relative capacity Cr was fitted as a function of the
equivalent full cycle number N, using the following equation:
Cr ( N )  a  N  b  N  1

(1)

This extrapolation shows that more than 7,000 equivalent full cycles can be reached even at an
elevated temperature level of 40 °C (see Figure 5). As will be shown later in section 2.2.4.2, this is fully
sufficient for PHEV operation.
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Figure 4: Preliminary results of cycling tests; relative capacity related to initial capacity test of each cell; crosses
showing single cell relative capacities

3

The results are preliminary in the sense that the end of life has not been reached in most cases. Concerning the
project, the results are final in the sense that the project has ended.
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Figure 5: Preliminary results of cycling test 4 (combined cycle); relative capacity related to initial capacity test of each
cell; crosses showing single cell relative capacities

Capacity lifetime in years

The calendaric aging tests with Saft’s VL45E are still ongoing and are not yet showing trends which
can be extrapolated to an end-of-life criterion. Therefore, for our analysis we use test data from
another cell chemistry (Lithium Nickel Manganese Cobalt Oxide, NMC). These tests employ a state-ofthe-art lithium-ion high energy system composed of a graphite-based negative electrode, a
LiNi1/3Mn1/3Co1/3O2- (NMC-) based positive electrode and a standard electrolyte (1 molar organic
solvent with LiPF6). The cell is designed for BEV and PHEV applications. In a first scenario,
accelerated calendar life tests have been carried out at 40 °C and 60 °C test temperature. Each test
employs three cells for getting representative data and the cells have been stored at different constant
voltages for at least one year.
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Figure 6: Capacity lifetime vs. SOC for calendar life tests at 25 °C, 40 °C and 60 °C. Lifetimes are calculated by
extrapolation to an end-of-life criterion of Cact = 70% Cinit
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Figure 6 summarizes the results by plotting the calendaric capacity lifetime (end-of-life criterion: 30%
capacity loss compared to initial capacity) versus SOC. It clearly illustrates the strong acceleration of
aging due to high SOCs.
From a detailed analysis of the tests at 40 °C and at 60 °C, an exponential relationship can be derived
for SOC or rather voltage impact on lifetime, showing acceleration of cell aging by a factor of 1.15 and
1.2, respectively, related to a voltage increase of 100 mV. For voltages above 4.04 V (SOC > 90%) the
degradation rate shows a stronger non-linearity (factors of 1.6 (40 °C) and 2.5 (60 °C) per +100 mV),
which might be caused by a higher rate of the electrolyte decomposition process occurring at more
elevated potentials. Considering lifetime issues, longer rest periods at very high SOC should,
therefore, be avoided in real operation.

Relative gain in cycle lifetime
compared to reference

The cycle lifetime is influenced in a similar way by the SOC. For different average SOCs and a cycle
depth of 10% ∆SOC, each three cells were operated at 40 °C with a 2C-rate charge / 2C-rate
discharge profile. In Figure 7 the relative gain in cycle lifetime compared to cycling with an average
SOC of 95% is plotted over the scenario’s average SOC.
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Figure 7: Relative gain in cycle lifetime vs. average SOC during cycling with a ∆SOC of 10%. Tests are carried out at
40 °C employing current-rates of 2C-rate at charging and discharging

Cycling at high average SOC strongly accelerates cell aging, whereas cells cycling at low average
SOCs saves lifetime. With respect to charging, lifetime can be saved by reducing the target charge
SOC to lower values, or by minimizing the rest periods at high SOCs.
Cars operating in V2G applications have a significantly higher cycle load compared to conventional
PHEVs and BEVs. In order to understand how this approximately affects the cells’ lifetime, results from
cycle and calendar life scenarios are plotted together in Figure 8. It shows the cells’ actual capacity
normalized to its initial values versus testing time. In a first test scenario, three cells are cycled,
employing current rates of 1C within the cells’ voltage limits (4.2 V  3.0 V) and resulting in 100% full
cycles. The second scenario employs the same current rates for charging and discharge but cycles the
cell only between 100% and 50% SOC.
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Figure 8: Actual capacity related to initial capacity plotted vs. test time for a set of calendar life and cycle life tests.
After one year the cells in the cycle life tests are operated with more than 4,000 equivalent full cycles

The equivalent SOC for the cycled specimen is estimated as the weighted average SOC, where the
weights reflect the nonlinear effect of the SOC on aging. The resulting effective state of charge is
approx. 73% for the 100% discharge and approx. 85% for the 50% discharge scenario. In order to
compare the calendaric aging for cycled specimen based on the average SOC with the calendaric
aging of non-cycled ones, Figure 8 contains also capacity data for tests at 100% SOC (fully charged
state), 90%, 80% and 50% SOC. The comparison shows that the cycled specimen with lower effective
or equivalent SOC exhibit less aging, and that their aging is comparable with that of non-cycled
specimen of similar SOC. That shows that the combined aging effect of calendaric aging and aging
due to cycling at a rate of 1 C are not significantly larger than the pure calendaric aging at an
equivalent SOC. In other words, in this case the calendaric aging is the dominating effect.
An extrapolation of the observed capacity decrease results in a lifetime of at least 10,000 equivalent
full cycles. With showing more than 10,000 equivalent full cycles in the tests, the investigated lithiumion battery technology seems to be ready for fulfilling both driving and power grid operation demands
from a technical point of view.
For extrapolating the battery lifetime we use the following assumptions:

2.2



Cycle life is not limiting the battery lifetime in the given application which has a maximum of ca.
2,300 equivalent full cycles (see section 2.2.4.2). This assumption is based on specific lithiumion battery test data showing a capability of more than 7,000 equivalent full cycles for NCA and
more than 10,000 equivalent full cycles for NMC chemistry.



A first lifetime estimation can be made by only considering calendaric aging. For this
extrapolation calendaric lifetime data depending on battery SOC for NMC chemistry is used
(based on Figure 6).

Integration into low-voltage grids

The profitability of PHEVs is significantly influenced by battery aging and electricity costs. Therefore, a
simulation model for PHEVs in the distribution grid is presented, which allows comparing the influence
of different charging strategies on these costs. The simulation is based on real-world mileage data
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(BMVBS, 2009) and European Energy Exchange (EEX) intra-day prices in order to obtain
representative results. The analysis of comprehensive lithium-ion battery aging test data shows that
especially high battery SOCs decrease battery lifetime, whereas cycling batteries at medium SOCs
has only a minor contribution to aging. Charging strategies that take into account the previously
mentioned effects are introduced, and the SOC distributions and cycle loads of the vehicle battery are
investigated. It can be shown that appropriate charging strategies significantly increase battery lifetime
and reduce charging costs at the same time. Possible savings due to lifetime extension of the vehicle
battery are approximately 2.5 times higher than revenues due to energy trading. The findings of this
work indicate that car manufacturers and energy/mobility providers have to make efforts for developing
intelligent charging strategies to reduce mobility costs and thus to foster the introduction of electric
mobility. A more extensive description of the following results is given in Lunz et al. (2012).
2.2.1

Introduction

PHEVs and BEVs offer the potential to reduce the ecological impact of traffic and the ecological impact
of the power sector at the same time. The extent of these benefits has been discussed in the literature.
Turton and Moura (2008) state that the technological key element is the capability of vehicles to feed
power back to the grid, referred to as the Vehicle-to-Grid (V2G) capability, which may foster the
transformation of both sectors. V2G can enhance the integration of renewable energy sources in the
power sector by delivering balancing energy (Lund and Kempton, 2008) and improve the efficiency of
conventional generation (Sioshansi and Denholm, 2009). Thus the CO2 emissions can be reduced
significantly. As a greener energy mix is beneficial for the overall emissions of PHEVs and BEVs, the
emissions of the traffic sector are reduced as well. Furthermore, V2G revenues for the vehicle owner
would reduce the vehicle’s total cost of ownership (TCO, which equals purchase price plus all
operating expenses like maintenance, recharging etc.; Kempton and Tomic, 2005a,b), so that the price
gap of PHEVs and BEVs compared to conventional vehicles can be reduced. A large number of
studies investigating V2G technology with different research foci exist in the literature: The studies of
Kempton and Tomic (2005a,b) are focused on large-scale ecological and economic benefits of vehicle
fleets deployed for V2G services and on business models. They show that V2G generates additional
revenues for the vehicle owner and increases overall performance of the electric grid. Galus et al.
(2010) introduce a model for power system planning including future V2G vehicle fleets. A simulation
of possible profits for the vehicle owner is shown by Andersson et al. (2010). This work focuses on the
balancing power markets of Germany and Sweden and concludes that €30-80 per month can be
gained in Germany by participating in these markets, whereas apparently no profits are possible in
Sweden. Farmer et al. (2010) collected and compared the findings of various studies performed within
a North American context. Assuming that the charging patterns of the vehicles are optimized to charge
only at off-peak hours, the possible penetration levels of PHEVs without the necessity of expanding the
energy system are shown. The majority of the studies considered in Farmer et al. (2010) find that a
significant percentage of the total light vehicle fleet can be charged using the surplus generation
capacity in low-demand time periods. Furthermore, possible revenues for V2G services from different
studies are summarized. The authors conclude that a high uncertainty in the calculated earnings can
be found. Sortomme and El-Sharkawi (2011) show charging algorithms which minimize the impact of
vehicle charging on the distribution system and maximize aggregator profit. The effect of these
algorithms is demonstrated for a hypothetical group of users. Rotering and Ilic (2010) introduce an
optimization algorithm for charging electric vehicles in deregulated electricity markets. However, only
cyclical aging costs are used and battery aging due to calendaric effects was disregarded in this study.
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It is interesting to note that most of the studies about V2G neglect the impacts of V2G services or
charging strategies on battery operation conditions at all or only use simplifying assumptions.
Therefore, battery degradation costs, which are a main contributor to electric mobility costs, are not
dealt with appropriately.
In order to investigate this topic, the following study was performed within our project. Firstly, a
simulation model for PHEVs in the distribution grid based on real-world driving behavior is developed.
To this end, a low-voltage grid segment is built up in the DigSILENT PowerFactory. The car driving
data is taken from a large German mobility survey (BMVBS, 2009), which monitored driving behavior
of a representative sample of cars over one week. As data for longer periods are not publicly available,
this data set was used and results were extrapolated.
Secondly, price-signal based charging algorithms are introduced with the aim of minimizing charging
costs and reducing times at high battery SOC. Strategies for unidirectional and bidirectional charging
are presented. Finally, the impacts of the different charging algorithms on the battery operation
conditions and on electricity and battery depreciation costs are investigated. The battery SOC
dominates battery aging in the PHEV application and is, therefore, analyzed in detail for the different
charging strategies.
2.2.2

Model setup

The developed model is able to simulate a fleet of PHEVs in a distribution grid segment. The
charging/discharging behavior of the PHEVs can be controlled by different charging algorithms which
use price signals and mobility data as their input. For simulating the power flows and the voltage
behavior of the distribution grid, household load elements with standard load curves are integrated,
too. The PHEV model itself calculates the electricity consumption as well as the battery SOC curves
used for calculating battery lifetime. The simulation setup is shown in Figure 9.

Figure 9: Simulation setup with inputs and outputs

The simulation is performed over one week with a simulation step size of 10 seconds. It is assumed
that the grid operator or a third party aggregator sends out a price signal to all vehicles (update interval
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4 hours), which forecasts the electricity price for the next 24 hours. The vehicles then react
autonomously and decide when to charge or discharge their on-board battery. This way the
communication architecture can be kept manageable. As the energy concept of the German
government (BMWi, 2010) commits the energy industry to offer variable prices and smart meters, this
concept could in principle be implemented in practice in the future. First field trials are started in
Germany using price forecasts to control household loads, for example in the E-Energy project “Smart
Watts”.
2.2.2.1

Simulation environment

The grid simulation program PowerFactory from DIgSILENT (DigSILENT, 2009) is used for enabling
power system analysis for the regarded low-voltage grid. As the integrated DIgSILENT Simulation
Language (DSL) offers only limited commands and logic functions, a MATLAB interface is utilized to
handle complex management algorithms involving database access and matrix manipulation.

2.2.2.2

Simulation components

The main components of the model are the distribution grid segment, household models and the PHEV
models.
Distribution grid
The layout of the distribution grid is modeled on the basis of Kerber (2008). It is grouped into two
identical lines of 20 households. The medium line-to-line voltage of 20 kV is transformed into the low
line-to-line voltage of 0.4 kV by a local network transformer, whose rated power is 160 kVA. The power
lines consist of underground cables with four aluminum conductors.

Figure 10: Distribution grid with 40 households

2

The conductors have a cross section of 150 mm and PVC insulation. The distance between two
outgoing lines for the households are 17 m, the household connection line is 10 m long. The
2
connection underground cable has four aluminum conductors with 50 mm cross section. Figure 10
shows the schematic of the distribution grid.
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PHEV model
The PHEV and household modules are implemented as controllable loads. All modules can be
enabled or disabled to simulate different PHEV penetration rates. The PHEV model itself consist of a
battery model, a charger model and a charging control unit (CCU) to implement the charging
strategies. As it is not the goal to implement a dynamic simulation, a simple battery model is used: The
model integrates the power input or output to calculate the energy content of the battery. The battery
SOC is calculated assuming a linear single-cell voltage behavior from 3.4 V to 4.2 V. It is assumed that
the battery has got a constant efficiency of 98% in both power flow directions (Smith and Wang, 2006).
Furthermore, the assumed PHEV uses 15 kWh per 100 km (VDE, 2010). Most commercially available
electric vehicles limit the SOC range of the battery to increase their lifetime. Our approach uses
intelligent charging strategies to reach the lifetime goals and high battery utilization at the same time,
which reduces initial battery costs. The electric driving range of the investigated PHEV is approx. 50
km (similar to the Chevrolet Volt; cf. Eberle and von Helmolt, 2010) which equals a usable capacity of
8 kWh. We allow charging up to 100% SOC and discharging down to 20% SOC (to be able to operate
in charge-sustaining driving mode) so that the installed battery capacity is 10 kWh. The modeled
battery charger can handle bidirectional power flow. It is assumed that the efficiency of the charger is
95% in both directions (Eltek Valere, 2011). The charging power is limited to 3.7 kW, which is the
power of the standard German single phase power outlet with 230 V and 16 A. The recent VDE study
about electric drive vehicles (VDE, 2010) proves that the 3.7 kW single phase connection is sufficient
for common driving purpose especially for PHEVs. The charging control unit is the main intelligence of
the vehicle system. Here the MATLAB interface is integrated to implement different vehicle
management strategies. The MATLAB file integrated in the control unit accesses the mobility data
given in section 2.2.2.3 and calculates whether the vehicle is at the home connection or not, the length
of the stay and the charging and discharging program for this stay. Every vehicle reacts independently.
2.2.2.3

Simulation data

The simulation model integrates recent driving and electricity market data to produce realistic results.
For the load of the households the BDEW standard profile H0 was assumed (Energienetze Bayern,
2012).
Mobility data
The German Mobility Panel 2008 (BMVBS, 2009) couples a larger-scale cross-sectional mobility
survey with a smaller sample panel. For this work, the weekly driving patterns of 1,221 different
vehicles are taken from the panel to build the car pool for the simulation. The survey contains
information about the time of each departure and arrival of the vehicle in addition to its destination and
driving distance of each trip. For the simulation the incomings and outgoings of vehicles (time of
departure and arrival) in the considered suburban distribution grid (pure residential neighborhood) and
the respective driven distances are extracted. The vehicles are only recharged at the home plug, which
should be the prevalent case in the near future (VDE, 2010).
Price data
It is assumed that the grid operator calculates a day-ahead price signal based on generation
schedules, anticipated weather conditions and expected loads. The price signal is updated every four
hours for the next 24 hours. As these dynamic price forecasts are not implemented in the market yet,
we model the price data using EEX (European Energy Exchange) intra-day prices as the variable cost
of electricity generation. The electricity price in Germany consists of the cost for generation and
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transportation of the electricity, concession fees and various taxes or levies, such as the contribution to
the EEG (Renewable Energies Act) and KWK-G (Combined Heat and Power Act), electricity taxes and
sales tax (EnWG, 2005). Grid fees, concession fees and taxes are assumed to be invariant. The
average end-user electricity price without sales tax in 2009 was around €0.195/kWh and the average
EEX intra-day price was at €0.039/kWh.
The invariant part of the electricity price without sales tax is therefore assumed to be €0.156/kWh.
Figure 11 shows the price data of the simulation model consisting of an invariant part, taxes and the
EEX intra-day price. The week from January 5 until January 12 of 2009 is chosen as a reference. This
price data was chosen for the simulation model because of its high volatility compared to other price
intervals. This choice is based on the anticipation of frequently fluctuating power generation due to the
increased portion of renewable energy sources in the future.

Figure 11: EEX price signal for January 2009

2.2.3

Charging strategies

The management objectives of PHEVs in the distribution grid can be ordered in three different levels:
1. The first priority should be the interest of the vehicle owner, for example to have a fully
recharged battery before the next trip.
2. Vehicles must maintain the functionality of local distribution grids and not cause instabilities.
3. Finally, with least priority, the PHEVs can be used for grid support in the context of V2G.
The management strategies must satisfy the vehicle owner’s interest as a first priority. It is assumed
that the owner wants the vehicle to be fully charged at the start of the next trip. For the algorithms to
have a certain management time frame, the charging control unit knows the departure time, either by
input of the owner or by an intelligent adaptive system that calculates an approximate driving behavior
based on prior collected data. Furthermore, an economically rational vehicle owner would want to
charge the vehicle at the lowest costs possible. To maintain the quality and stability of the local
distribution grid, the supply voltage at the household connections must not deviate by more than ± 10%
of the rated voltage, and the local network transformer should not be overloaded. If both prior
conditions are fulfilled, the vehicle can offer ancillary services to the grid or take part in energy trading.

19

2.2.3.1

Uncontrolled charging

The first step of this work is the implementation of uncontrolled charging as the reference case. In this
case the battery is charged immediately after arrival of the car. At the time the vehicle has arrived at
the home plug (vehicle status changes from 0 to 1), the SOC is upgraded by the energy consumed
during the trip (at around 12 h in Figure 13). Then the battery is charged with 3.7 kW until SOC
reaches 100%.
2.2.3.2

Unidirectional management

This work proposes two management strategies for PHEVs in case the battery charger is unidirectional
or if power flow from vehicle to grid is undesirable: First, the optimization of the battery SOC is shown
and, second, the optimization of charging costs (as described by Rotering and Ilic, 2010, Chapter IV.B)
is implemented.
Battery lifespan optimization
One strategy to increase the battery lifespan is to keep the battery potential as low as possible to
decelerate aging mechanisms (see section 2.1). Therefore, battery charging is delayed to the time
period immediately before departure. The departure time must be known either by user input or by
intelligent self-adapting algorithms. As this work is focused on PHEVs, this algorithm can even be used
in the case of uncertainties about the departure time, as the internal combustion engine of a PHEV
guarantees a certain driving range also with low battery SOCs at the starting time of a trip.
Cost optimization
As the electricity price is high at high-level-demand time periods and low during low-level-demand time
periods, cost optimization for vehicle owners implies load shifting for the grid operator. The vehicles
would shift their charging time to the periods with the lowest demands, in order to improve capacity
utilization of generators during that time and to reduce peak power demands. For unidirectional cost
optimization, the CCU needs to additionally get day-ahead price signals from the grid operator (see
section 2.2.2.3). The price data is grouped in 15-minute intervals, the algorithm searches and saves
the cheapest charging periods of 15 minutes or portions of 15 minutes as long as the calculated SOC
at a charging power of 3.7 kW has not reached 100%. If the parking time exceeds 24 h, the algorithm
is reiterated after four hours, which is the assumed duration of a signal update from the grid operator.
2.2.3.3

Bidirectional management

Bidirectional power flow enables PHEVs to act as generation resources. Vehicles can participate in the
power markets to buy and sell energy. For that purpose, a trading algorithm has been implemented to
calculate the ideal charging and discharging program.
Trading
To ensure a full battery charge at departure, the CCU first calculates and reserves a time window for
charging before the anticipated departure. After that, the remaining time before charging has to start is
used to calculate a trading plan. The algorithm searches for the optimal selling and buying periods
during the stay, under the condition that the necessary amount of energy is recharged before
departure. The trading algorithm first searches for the maximum price period starting at tmax in the
parking phase that is not saved in a charging or discharging program. It then compares the maximum
price Prmax with the minimum price Prmin in the interval starting at tmin. If the price difference is bigger
than a margin of €0.05 (arbitrary value, including additional costs for bidirectional power flow), the
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algorithm will calculate a discharge period at tmax and a recharge period at tmin complying with the given
SOC boundary. The algorithm reiterates until all periods have been compared and a completed
charging program has been calculated (see Figure 12). The given margin represents the energy losses
in the battery system and the cost of battery wear through additional charging cycles. The margin in
the simulation model is assumed to be a fixed value of €0.05. This can be made variable in future
work, depending on efficiency characteristics, battery aging costs and fixed costs for taking part in the
energy market. Figure 13 shows the simulated vehicle status, charging power from grid to vehicle,
price signal, and SOC of vehicle no. 5 for bidirectional price-optimized charging.

Figure 12: Flow chart of trading algorithm

The SOC of the vehicle is constant during times spent away from the home connection (vehicle status
= 0) because the model only considers management of the vehicles at the distribution grid and does
not upgrade the SOC while the vehicles are being driven.
Trading with SOC constraint
The trading algorithm can also be used with a SOC constraint to increase battery lifetime. In this case,
the SOC of the on-board battery will stay below the level at the time of arrival during the trading phase.
Figure 14 shows simulation results for bidirectional trading with SOC constraint. In both Figure 13 and
Figure 14, t1 is the charging time calculated by the charging algorithm, t2 is the discharge period at
peak price, and t3 is the recharge period to refill the battery.
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Figure 13: Vehicle status, charging power and SOC for bidirectional price-optimized charging

Figure 14: Vehicle status, charging power and SOC for trading with SOC constraint period to refill the battery

Using trading with SOC constraint, t1 is at the end of the stay. For pure cost-optimized charging t1 is at
the lowest price.
2.2.4

Simulation results

Load flow calculations were performed for the proposed charging algorithms. It is assumed that each
of the 40 households in the distribution grid is equipped with a PHEV. The analysis of the simulation
data is focused on the battery SOC during the standstill periods and the cycle numbers, as these
parameters are the main contributions to battery aging. Furthermore, the household supply voltages
are analyzed to show the suitability of the proposed simulation model for grid investigations. To obtain
a better statistical base, all simulations are run with five sets of 40 arbitrarily selected vehicles from the
mobility data matrix.
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2.2.4.1

Household supply voltage

To show the suitability of the model for grid simulations, the influence of the charging strategies on the
load of the low-voltage grid is analyzed. In Figure 15, the household supply voltage of different
households for the bidirectional trading algorithm is shown. Due to a high coincidence of charging and
discharging activities, relatively high voltage peaks in both positive and negative direction occur. This is
because of the fact that all vehicles are supplied with the same price curves and react in a similar way.
At eight times during that week, the regarded low-voltage segment even feeds power back into the
medium-voltage grid. However, the performed simulation does not allow any general conclusions on
the effects of the proposed management strategies on the power grid. For that, Monte Carlo methods
have to be applied to take into consideration different grid structures and different user behavior.

Figure 15: Supply voltage of households for bidirectional trading, vertical gridline at 3 p.m. of each weekday, house no.
1 is directly behind the low-voltage transformer, house no. 20 is at the end of the low-voltage string

2.2.4.2

Charging cycles

Using the PHEV battery as a bidirectional storage system for the grid with energy trading at the
electricity market will lead to increased charging cycles of the battery.
Table 3 shows the equivalent full charging cycles of simulated vehicles for unidirectional charging and
the bidirectional price-optimized algorithm during the simulation period of 150 hours. It can be seen
that the variation between the average values of the different vehicle sets is rather small. Supposing a
vehicle lifetime of 10 years, the battery has to deliver approximately 1,210 equivalent full charging
cycles with the unidirectional charging algorithm and around 2,310 with the bidirectional algorithm. In
other words, the participation in energy trading roughly doubles the cycle load during the lifetime of the
battery. However the influence of aging due to cycling remains below the expected cycle lifetime and
therefore poses no significant contribution to the overall aging of the battery. The overall aging remains
dominated by calendaric aging.
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Table 3: Equivalent full charging cycles during simulation period (approx. 150 hours); average, minimum and maximum
value of the five vehicle sets

Charging algorithm

2.2.4.3

Average

Min.

Max.

Unidirectional

2.1

1.9

2.4

Bidirectional trading

4.0

3.6

4.3

State of charge

To investigate the influence of the charging algorithm on the battery SOC, SOC histograms for the time
periods when the vehicles are plugged in ( f i, standstill ) were calculated. The reference case “uncontrolled
charging” is shown in Figure 16 as well as the SOC distribution for the times when the vehicle is not
plugged in at home ( f i, driving ). Mobility data show (BMVBS, 2009) that the vehicles are plugged in at
home during 80% ( pstandstill  0.8 ) of a week and, accordingly, not plugged in during 20% ( pdriving  0.2 )
of the time. Each bar shows the average value of the respective SOC interval for all vehicles. The error
bars show the maximum positive and negative deviations among the average values of the five sets.
As the vehicles are charged immediately after arrival, the batteries are at SOCs above 90% for more
than 95% of the standstill period.

Figure 16: SOC histogram during stay for uncontrolled charging and for times not plugged in at home (”driving”)

As explained in section 2.1, especially a high battery SOC shortens the battery lifetime. Therefore, the
SOC-optimized charging algorithm was introduced. The SOC histogram for that charging algorithm is
shown in Figure 17. Without any implications for the vehicle driver, it is possible to keep the SOC
below 90% for more than 70% of the standstill time. In the optimization scheme purely based on the
lowest price for electricity that fraction was only 45%. This means that the SOC-optimized charging
algorithm combines the cost-reducing effect of using cheap electricity prices with the battery-lifeextending effect of lowering the SOC during the standstill time.
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Figure 17: SOC histogram during stay for SOC-optimized and cost-optimized charging (unidirectional)

The battery SOC distribution is especially interesting for bidirectional charging algorithms. Using these
charging algorithms increases the cycle number. However, as can be seen from Figure 18, it
drastically decreases standstill times at high SOCs, which outweighs the effect of the extra cycles. As
battery aging is dominated by calendaric aging in PHEV applications, the bidirectional charging can
reduce time shares at high SOCs by lowering the SOC to less aging-intensive levels after use.

Figure 18: SOC histogram during stay for bidirectional charging

The bidirectional SOC-optimized charging algorithm for example is able to keep the battery at SOCs
below 30% for more than 30% of the standstill time. Compared to uncontrolled charging, this has
positive effects on battery lifetime.
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2.2.4.4

Battery lifetime

Battery lifetime tlife is estimated for the different charging algorithms and 20 °C battery temperature by
weighting the respective capacity lifetimes for certain SOCs with the frequency of occurrence of these
SOCs:
8

8

i 1

i 1

tlife  tlife, standstill  tlife, driving  pstandstill   ci  fi, standstill  pdriving   ci  fi, driving

(2)

ci is the calendar life in the i-th SOC-range (based on Figure 6), fi is the frequency of occurrence of
this SOC-range and p is the proportion of driving or standstill operation.
The SOC-optimizing bidirectional algorithm can for example increase battery lifetime by around 60%
compared to uncontrolled charging (see Table 4). It can also be seen that intelligent charging
strategies have to be used in order to reach the intended battery lifetime of 10 years (BMBF, 2010),
which equals the minimum vehicle lifetime. Note that the quantitative results are only valid for the
specific cells tested, but the general behavior can be considered to be similar for other types of lithiumion batteries.

Table 4: Estimated battery lifetime for different charging algorithms

Charging algorithm

Lifetime / years

2.2.4.5

Uncontrolled

5.8

Unidirectional

Bidirectional

SOCopt.

Priceopt.

SOCconstricted

Trading

8.0

7.2

9.2

8.7

Mobility costs

To compare the economic impact of the different charging algorithms, the mobility costs per 100
electrically-driven kilometers including battery depreciation are calculated. The battery depreciation is
calculated by applying the annuity method with the following parameters:



Interest rate: 8%



Investment costs = Battery costs (10 kWh: €5,000). According to Nemry et al. (2009), $700 per
kWh is a reasonable price estimate for PHEV batteries in the short and medium term.



Depreciation time: Battery lifetime



Residual value of battery at end of lifetime: €0

The resulting mobility costs for a car with a total annual mileage of 11,000 km (average value of the
simulated vehicles) are shown in Figure 19. Bidirectional price-optimized charging shows ca. 37%
lower electricity costs compared to uncontrolled charging. The highest reduction (-29%) in battery
costs can be reached with SOC-constricted bidirectional charging.
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cost-opt.
bidirectional
SOC-constricted
bidirectional

8.58 €

3.51 €

SOC-opt.
unidirectional

4.03 €

uncontrolled

4.07 €

-€

Battery
costs per
100 km

7.19 €

3.16 €

cost-opt.
unidirectional

Electricity
costs per
100 km

7.47 €

2.58 €

2€

7.91 €

10.08 €

4€

6€

8€

10 €

12 €

14 €

Electricity plus battery costs per 100 km
Figure 19: Mobility costs for 100 km driven electrically: electricity costs plus battery costs

First of all, it has to be noted that mobility costs related to battery aging are about twice as high as the
costs related to energy purchase, independently of the energy management strategy adopted. This
leads to the conclusion that a strong focus has to be put on battery-aging effects during the
development of intelligent charging algorithms. Second, it can be shown that managed charging has
the potential to reduce the battery related TCO by about 30% as compared to uncontrolled charging.
Savings are generated by a reduction of the electricity cost as well as the costs due to battery aging,
and the relative savings in both parts turn out to be about the same.
A sensitivity analysis of the factors battery costs and interest rate is shown in Table 5. The share of
battery costs on the mobility costs is increased by around 15% when doubling the assumed battery
costs. Intelligent charging algorithms, therefore, become more important with higher battery costs. The
sensitivity analysis shows that the assumed interest rate of course has effects on the absolute values
of the battery costs per 100 km. However, only a minor influence on the basic conclusions of this study
is observed.

Table 5: Sensitivity analysis for battery price and interest rate

Battery
costs in
€/kWh

Interest
rate in %

Uncontrolled

500

8

10.08 €

71%

7.91 €

66%

7.47 €

74%

500

4

8.92 €

69%

6.75 €

63%

6.31 €

71%

1,000

8

20.16 €

83%

15.82 €

80%

14.93 €

85%

1,000

4

17.83 €

81%

13.51 €

77%

12.61 €

83%

Battery
costs
per 100
km

Share of
battery costs
on mobility
costs

SOC-opt. unidirectional
Battery
costs
per 100
km

Share of
battery costs
on mobility
costs

Cost-opt. bidirectional
Battery
costs
per 100
km

Share of
battery costs
on mobility
costs
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2.3

Business models and consumer needs

In the following, two different approaches are discussed to model and forecast the adoption rates and
the diffusion process of AFVs in general, and PHEVs and BEVs in particular, depending on varied
surrounding conditions. First, the potential demand for privately used AFVs is analyzed, based on a
nationwide survey conducted in Germany among (potential) car buyers. Based on a stated preference
discrete choice experiment, the attributes’ influence on vehicle choice is estimated and the consumers’
willingness-to-pay for the improvement of the attributes’ values is calculated. In a scenario analysis,
the impact of monetary and non-monetary policy measures on vehicle choice probabilities is then
simulated. Second, a multi-agent-based simulation model is constructed to predict the potential
diffusion process of AFVs in the next couple of years, taking the dissimilarities between vehicle
alternatives and consumer groups into account. In a scenario analysis, the impact of potential policy
measures on the shape and speed of the diffusion of the different vehicle alternatives is assessed.
A more comprehensive description of the following results is given in Hackbarth and Madlener (2011)
and Neumann (2011), respectively.
2.3.1
2.3.1.1

Consumer preferences for alternative fuel vehicles
Introduction

The purpose of this study is to assess the relative impact of the most important vehicle attributes, such
as purchase price, fuel cost, driving range, fuel availability, CO2 emissions, refueling time, and
governmental incentives, on the potential demand for AFVs. Additionally, we tackle the question of
how much vehicle buyers are willing to pay for an improvement of principal vehicle characteristics,
such as a reduction of the purchase price, an extension of the driving range or the acceleration of the
battery recharging process for electric vehicles. On this basis, we simulate how such beneficial
changes affect the potential market shares of the different propulsion technologies in a scenario-based
analysis, whereby we predominantly focus on the effects that assorted governmental incentive
schemes wield on vehicle choice. Moreover, we examine the acceptance of alternative fuels compared
to gasoline and diesel for distinct consumer groups, distinguished by socio-demographic
characteristics. Taken together, this information could be particularly helpful for policy-makers and
industrial decision-makers aiming to increase the adoption rate of AFVs in the future by focusing on the
improvement or subsidization of the most influential vehicle features, and by specifically adjusting their
incentive schemes, marketing campaigns, and products, respectively, to the preference differences
between consumer segments.
Our analysis is based on a thorough, Germany-wide, web-based stated preferences discrete choice
experiment, carried out among 711 potential car buyers in July and August of 2011. Our study builds
on the rich body of literature on the demand for AFVs, which has been primarily carried out in the US
(Beggs et al., 1981; Calfee, 1985; Bunch et al., 1993; Golob et al., 1993; Brownstone and Train, 1999;
Brownstone et al., 2000; Axsen et al., 2009; Hidrue et al., 2011; Musti and Kockelman, 2011) and
Canada (Ewing and Sarigöllü, 1998; Ewing and Sarigöllü, 2000; Horne et al., 2005; Potoglou and
Kanaroglou, 2007; Mau et al., 2008; Axsen et al., 2009), but also in parts of Europe (Dagsvik et al.,
2002; Batley et al., 2004; Caulfield et al., 2010; Mabit and Fosgerau, 2011; Lebeau et al., 2012;
Achtnicht, 2012; Achtnicht et al., 2012; Daziano and Achtnicht, 2012; Ziegler, 2012), South Korea (Ahn
et al., 2008), and Japan (Ito et al., 2013). The works of Achtnicht (2012), Achtnicht et al. (2012), Ziegler
(2012), and Daziano and Achtnicht (2012), which are all based on the same data set, have to be
pointed out, as they are, to the best of our knowledge, the only ones considering the German market,
and thus more closely related to our research than others. Similarly to this literature, our analysis is
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based on a broad variety of drivetrain technologies and vehicle characteristics, i.e. we also consider
conventional, natural gas, hybrid, biofuel, electric, and hydrogen vehicles vis-a-vis purchase price, fuel
cost, CO2 emissions, and service station availability. However, we essentially expand the limitations of
these studies in two ways. First, we introduce plug-in hybrid electric vehicles (PHEVs) and their
particularities – two different refueling options with varying refueling times – as choice alternatives in a
4
discrete choice experiment. Second, we characterize some of the vehicle alternatives with additional
attributes, i.e. the driving range on a full tank and/or battery, the refueling and/or recharging time, and
potential governmental actions to incentivize the respective vehicle choice, an approach which has not
been taken for Germany before. From our point of view, the inclusion of the driving range and the
recharging time is essential in order to more realistically analyze consumer preferences regarding
electric mobility. We are, therefore, able to contribute to the current research and debate about the
best strategy for a fostering of electric vehicles by estimating willingness-to-pay (WTP) measures for
driving range, battery fast-charging, and governmental monetary and non-monetary incentives, and by
analyzing the effect of their improvement in a scenario-based simulation.
On that account, we methodologically follow the approach used in Brownstone and Train (1999) and
apply a mixed error components logit (MXL) model in addition to a multinomial logit (MNL) model. The
MXL model allows for both correlation between the different vehicle alternatives and taste persistency
in repeated choices of a single respondent in a parsimonious way and, hence, leads to better results
regarding model fit than does the standard MNL model.
2.3.1.2

Survey design and data

The data for our empirical analysis of the potential demand for AFVs in Germany were collected in a
nationwide, web-based survey conducted in July and August 2011. The sample was drawn from a
commercial online panel, with the restriction that the last vehicle purchase of potential respondents did
not date back more than one year, or that the potential respondents intended to purchase a new car
within the next year. In total, 711 respondents completed the survey. A stated preferences discrete
choice experiment was at the center of our survey. Respondents were asked to choose the vehicle
they preferred most from a set of hypothetical passenger cars. The experiment consisted of seven
different fuel types, which also served as labels for the vehicles: conventional (gasoline, diesel), natural
gas (CNG, LPG), hybrid, PHEV, electric, biofuel, and hydrogen. The wide range of fuels was chosen to
cover all propulsion technologies that are already available on the German market, or at least will be in
the near future, such as hydrogen (for fuel cell electric vehicles). The seven types of vehicles
considered were additionally described by up to eight attributes: (1) purchase price, (2) fuel cost, (3)
CO2 emissions, (4) driving range, (5) fuel availability, (6) refueling time, (7) battery recharging time,
and (8) policy incentives. We selected these attributes because they do not only correspond to the
most common vehicle characteristics applied in the aforementioned earlier studies, but also to the
most important vehicle features affecting the car purchase decision-making process in Germany. Table
6 shows in detail the attributes used and their levels by fuel type.
To increase realism in the hypothetical vehicle choices, the purchase price was customized for each
respondent based on statements about the (expected) price range of their latest or next car,
respectively. Specifically, it was allowed to vary from this value by ±25% for all types of vehicle
alternatives.

4

To be precise, PHEVs have already been introduced in a choice experiment by Musti and Kockelman (2011).
However, in their survey, the different vehicle alternatives were only described by purchase price and fuel cost at
fixed values (thus not varied by design), so that, for example, refueling/recharging time was disregarded.
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Table 6: Attributes and levels of the discrete choice experiment
Variable

Alternative (Fuel type)

Purchase price

Number of
levels

Levels

Conventional, LPG/CNG,
Electric, Biofuel, Hydrogen

Hybrid,

PHEV,

3

75%, 100%, 125%
reference value (in €)

Conventional, LPG/CNG,
Electric, Biofuel, Hydrogen

Hybrid,

PHEV,

3

€5, €15, €25

Conventional, LPG/CNG, Hybrid

3

50%, 75%, 100%
current vehicle

PHEV, Electric, Biofuel, Hydrogen

3

0%, 50%, 100% of average current
vehicle

3

400 km, 700 km, 1,000 km

Electric

3

100 km, 400 km, 700 km

Conventional, Hybrid

2

60%, 100% of all stations

LPG/CNG, PHEV, Electric, Biofuel, Hydrogen

3

20%, 60%, 100% of all stations

Refueling time

Conventional, LPG/CNG,
Biofuel, Hydrogen

2

5 min, 10 min

Battery
recharging time

PHEV, Electric

3

10 min, 1 h, 6 h

Policy incentives

PHEV, Electric, Biofuel, Hydrogen

3

None, No vehicle tax, Free parking
and bus lane access

Fuel
cost
100 km

per

CO2 emissions

Driving range

Fuel availability

Conventional, LPG/CNG,
Biofuel, Hydrogen

Hybrid,

Hybrid,

PHEV,

PHEV,

of

of

stated

average

Fuel cost was displayed in Euro per 100 km to avoid the unit conversion of other fuel consumption
measures (e.g. Euro per liter, kWh or kg), thus making it easily comparable between the different
vehicle alternatives, whether propelled by liquid or gaseous fuels or electricity. Identical attribute levels
were used for all seven vehicle alternatives studied.
CO2 emissions were described as being in proportion to the average vehicle of the respondents’
favorite car segment, in order to establish more realistic choice situations as if they were characterized
by a fixed, segment-invariant measure (e.g. gram of CO2 per kilometer). Additionally, CO2 emissions
were allowed to vary by vehicle alternative. Thus, in contrast to conventional and natural gas vehicles,
the CO2 emissions of the non-fossil fuel vehicles were additionally allowed to be zero.
The driving range was defined as the distance that could be traveled on a full tank and/or battery. As
the cruising radius of electric vehicles is limited compared to other propulsion technologies, the levels
of the driving range attribute were restricted for the electric vehicle in the experiment in order to
increase realism.
Fuel availability was modeled with alternative-specific values as well, since a very low density of
service stations selling conventional fuels (20% of all stations) is very unrealistic in the near future.
Furthermore, the fuel availability levels used in the experiment are even more unrealistic for most of
5
the AFVs from today’s perspective. However, refueling station densities below 20% would have
frequently led to a rejection of the respective alternatives.

5

For example, an online search revealed that, in 2012, 14,732 gasoline filling stations existed in Germany. At
almost 7,500 filling stations natural gas was sold (LPG: 6,577, CNG: 911), while only 2,073 recharging options
were publicly accessible for electric vehicles, and bioethanol was available at 337 filling stations. The number of
hydrogen filling stations had a low double digit figure (about 35).
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As the length of the battery-charging process is a crucial factor for a substantial market penetration of
electric vehicles, we incorporated the recharging time in our experiment. The attribute levels have a
great bandwidth to cover current charging options (standard power outlet, 6 hours to fully charge the
battery) but also prospective infrastructural means, such as fast-charging (1 hour) or battery-switching
stations (10 minutes).
Since the massive market diffusion of alternative fuels might lead to a prolongation of the refueling
process – e.g. due to a decreasing number of fuel pumps that are available per particular fuel type at
existing service stations when the number of fuel types increases – we also took the refueling time into
account. However, the main reason for doing so was to constantly remind respondents of the
unfamiliar particularities of PHEVs. These particularities include two different energy sources with
probably dissimilar refueling times and, thus, the possibility to nevertheless travel long distances with
only short refueling stops by use of the internal combustion engine, even though battery charging is
time-consuming.
As already mentioned, several reasons exist for the utilization of governmental policy incentives as a
vehicle attribute in the experiment. First, the German government is considering the introduction of
non-monetary incentives (permission for bus lane usage, special parking areas) for (some) AFVs to
accelerate their adoption (Bundesregierung, 2011). Second, it has already introduced a monetary
incentive – motor vehicle tax exemptions for electric vehicles (BMF, 2012). Third, according to Dena
(2010), the motor vehicle tax is one of the most important attributes that German car buyers take into
account in their car purchase decisions. Finally, the results concerning the influence of non-monetary
incentives on alternative fuel vehicle choice are mixed in the transportation literature. Thus, an
evaluation of the effectiveness of such policy measures in the case of Germany is necessary.
The wide range of seven vehicle alternatives and up to eight attributes leads to a large number of
potential vehicle combinations and choice tasks, which is impossible for a respondent to handle. On
this account, an alternative-specific, completely randomized fractional factorial design was generated.
Each respondent was confronted with 15 separate choice sets, which in our pretest proved to be a
manageable amount without leading to noteworthy fatigue or rejection. To reduce task complexity,
each separate choice set consisted of only four out of the seven different vehicle alternatives.
The sample size of 711 respondents, facing 15 choice sets each, led to 10,665 observations. These
were used to estimate an MNL and an MXL model, both of which will be introduced in detail in the
following.
2.3.1.3

Methodological approach and model specification

Our empirical analysis of the stated preference vehicle choice data is mainly based on an MXL model,
which, as in our case, extends the MNL model by the inclusion of error components. As a
consequence, the MXL model is able to account for unobserved correlation between choice
alternatives. Additionally, it is capable of capturing the panel nature of stated preference discrete
choice experiments, which are usually characterized by repeated choices of respondents (e.g. 15
consecutive choice tasks in our study).
Assuming utility-maximizing behavior, in every choice set the respondents select the alternative that
renders the highest level of utility. Unfortunately, utility is unobservable by the researcher, so it has to
be modeled as a random variable. Thus, drawing directly from Brownstone and Train (1999) and Train
(2003), the utility U nj that decision-maker n receives from alternative j from a finite set of J alternatives
(e.g. passenger cars, as in our case) is assumed to be given by
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U nj  Vnj   nj   nj ,

(3)

where Vnj is the deterministic or observable part of utility, and  nj together with  nj represents the
stochastic or unobservable portion of utility. Usually Vnj and  nj are defined as being linear in
parameters, so that Vnj    xnj ;  nj is denoted as  nj   n znj , leading to
U nj    xnj   n znj   nj ,

(4)

where xnj is a vector of observed attributes of the vehicle alternative j and socio-demographic
characteristics of the respondent n, znj is a vector of observable variables relating to alternative j,   is
a vector of unknown fixed parameters, n is a random vector with zero mean, and  nj is a random
term that is independent and identically distributed according to the type I extreme value distribution.
The correlation between alternatives in unobserved attributes is induced by the random terms in  n z nj ,
which can be interpreted as error components.
In our model specification, we decided in favor of a correlation structure comparable to the nested logit
model – i.e. the different vehicle alternatives are grouped into mutually exclusive nests – because,
following on extensive tests with numerous nested and cross-nested specifications of the error
components, this fits our data best regarding log likelihood. In such an equivalent to the nested logit
model, the error components are specified as follows: for each distinct nest k, a dummy variable d jk is
created, so that d jk  1 for each alternative j in the nest and d jk  0 otherwise. With K non-overlapping
znj defined as a vector composed of these dummy variables, the error components are
nests and
K
 n z nj    nk d jk . As a consequence,  nk enters the utility of each alternative in nest k, inducing
k 1
correlation among these alternatives. Since it does not enter the utility functions of any of the
alternatives in other nests, alternatives in different nests are uncorrelated. The random term nk is
specified to be independent and identically normally distributed nk ~ N (0,  k ) , with the variance  k
capturing the size of the correlation between alternatives in the same nest (Brownstone and Train,
1999; Train, 2003).
With regard to our data, a specification of the error components leading to the following three exclusive
nests performed best in terms of model fit. The first nest comprises conventional, hybrid and natural
gas vehicles. The second nest contains PHEVs and electric vehicles, whereas biofuel and hydrogen
vehicles are grouped in the last nest. Even though we chose this nesting structure due to its statistical
performance, this substitution pattern is also absolutely plausible, as apparently more similar vehicle
alternatives or fuel types are assorted and, thus, correlated in unobserved factors. For instance, the
three vehicle alternatives grouped together in the first nest are the ones exclusively running on fossil
fuels. Furthermore, they are also the best-known by the potential car buyers, as they currently have the
greatest market shares. In the second nest, vehicle alternatives are clustered that are exclusively
electrically propelled or at least drive electrically for the most part, and, thus, share the unique and
unfamiliar characteristic of having a plug. The remaining two vehicles clustered together in the third
nest are both powered by liquid non-fossil fuels, namely biofuel and hydrogen, which are almost nonexistent at fuel stations in Germany, resulting in a high unfamiliarity with both fuels. Additionally,
hydrogen and biofuel vehicles have identical features in our experiment, which possibly made them
highly substitutable from the respondents’ point of view. Hence the perceived similarity between some
of the fuel types (vehicles) is absolutely reasonable, as is the consequence of the correlation structure
of our model, namely that more similar vehicles draw more demand from each other than from
dissimilar vehicle alternatives.
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Given the specified utility functions and values for nk , the conditional choice probabilities are logit as in
the standard MNL model. Thus, the probability that person n selects alternative i can be expressed as
K

Pni 

exp(   xni    nk d jk )
J

k 1
K

 exp(  xnj   nk d jk )
j 1

.

(5)

k 1

However, since nk is a random variable and hence not given, the (unconditional) choice probability of
alternative i being chosen by decision-maker n is obtained by integrating the standard logit choice
probability in eq. (5) over all values of nk , weighted by the density of nk . Furthermore, if decisionmakers are repeatedly observed in choice situations, such as in our survey, this panel effect should be
taken into account. In our model, this is realized by the inclusion of individual specific error
components that are constant over the T choice occasions that each respondent has to face. Hence,
the probability that person n chooses a specific sequence of alternatives i  i1 , , iT  is given by the
integral of the product of logit formulas, i.e.
K

Pni    
n1

nK

T


t 1

exp(   xnit    nk d jk )
J

k 1
K

 exp( xnjt   nk d jk )
j 1

 (  n1 | 0,  1 ) (  nK | 0,  K )d  n1  d  nK .

(6)

k 1

Unfortunately, the choice probability in eq. (6) cannot be calculated exactly, as the integrals do not
have a closed form. Thus, in the MXL model, the unconditional choice probabilities have to be
approximated through simulation by repeatedly drawing values of nk from their distributions,
calculating the corresponding conditional choice probabilities, and averaging the results. To ensure the
robustness of the results, we used 1,000 Halton draws for the maximum simulated likelihood
estimation (Brownstone and Train, 1999; Train, 2003).
The variables entering the deterministic portion of utility in our model are given in Table 7 and are
discussed in detail in the following. They can roughly be separated into two groups. First, the attributes
used to describe the different vehicle alternatives in the discrete choice experiment, and, second, the
socio-demographic characteristics of the respondents. To be more precise, the fuel types are included
as alternative-specific constants (ASCs), with conventional fuel (gasoline/diesel) acting as the base
6
alternative.
As the findings in the literature are inconsistent, we do not have any specific expectations about the
final order of popularity of the different propulsion technologies among respondents. However, we do
anticipate specific impacts on choice probability for the respective vehicle attributes. For instance, we
expect that purchase price, fuel cost, CO2 emissions, refueling time, and battery recharging time all
have a negative sign, and we suppose the sign to be positive for driving range, fuel availability, and the
two governmental incentives. Additionally, some vehicle attributes are interacted with sociodemographic and attitudinal variables.

6

The ASC of an alternative captures the average effect of all unobserved factors (i.e. that are not included in the
model, but are associated by respondents with the ‘label’ of the alternative) on its utility, all else being equal. In
this respect, the ASCs can be interpreted as the average preference for the respective fuel types, ceteris paribus
(e.g. Train, 2003).
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Table 7: Definition of variables used in the model
Variables

Definition

LPG/CNG

1 if fuel type is natural gas (LPG/CNG), 0 otherwise

Hybrid

1 if fuel type is hybrid, 0 otherwise

PHEV

1 if fuel type is PHEV, 0 otherwise

Electric

1 if fuel type is electric, 0 otherwise

Biofuel

1 if fuel type is biofuel, 0 otherwise

Hydrogen

1 if fuel type is hydrogen, 0 otherwise

Purchase price

Purchase price in thousands of €

Fuel cost

Fuel cost in € per 100 km

CO2 emissions

Percentage of CO2 emissions of an comparable average current vehicle
of the respondents’ favorite car segment

Driving range

Driving range on a full tank/battery in km

Fuel availability

Percentage of filling/recharging stations with proper fuel

Refueling time

Refueling time in minutes

Battery recharging time

Battery recharging time in minutes

Incentive 1 (No vehicle tax)

1 if incentive is granted, 0 otherwise

Incentive 2 (Free parking and bus lane access)

1 if incentive is granted, 0 otherwise

Stated purchase price < €20,000

1 if respondent stated to spend €20,000 at most, 0 otherwise

Age < 44 years

1 if respondent is younger than 44 years of age, 0 otherwise

High environmental awareness

1 if respondent is more environmentally aware than 60% of the sample, 0
otherwise

Parking lot equipped with socket

1 if respondent has access to a parking lot equipped with a socket, 0
otherwise

Share of city trips > 60%

1 if respondents’ share of city trips on overall annual trips is greater than
60%, 0 otherwise

High educational level

1 if respondent has higher education entrance qualification or university
(of applied sciences) degree, 0 otherwise

Car segment mini or small

1 if respondent indicated the purchase of a mini or small car, 0 otherwise

2.3.1.4

Empirical results and discussion

This section describes the empirical results of the two estimated discrete choice models and the
calculations of consumers’ WTP for an improvement of selected vehicle attributes. In a further step, the
impact of various policy scenarios on the potential demand for AFVs is simulated.
Discrete choice models
The estimation results from applying both the MNL model and the MXL model are given in Table 8. In
both models, all experimentally varied vehicle attributes, except refueling time, show a significant
impact on the choice decision, and the estimated coefficients all have the expected sign. However,
three differences between the models are salient. First, the MXL specification performs significantly
better than the MNL specification, regarding model fit. Second, although the significance level of two
parameters is lower in the MXL model (Share of city trips > 60% × Electric; High educational level ×
PHEV), the contrary is true for a larger number of other variables. Finally, the three error components
are highly significant, thus pointing towards correlation in the unobserved part of utility between the
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respective vehicle alternatives (fuel types) in the three different non-overlapping nests of our MXL
model. Therefore, in the following detailed discussion of the estimation results, we focus on the MXL
model parameters.
As expected, both of the main vehicle expense factors – purchase price and fuel cost per 100 km –
have a negative impact on the choice decisions and both enter our model significantly. On top of that
and further in line with our expectations, the results indicate that individuals who have stated a
maximum purchase price of €20,000 are endued with a higher price sensitivity, as their purchase price
7
parameter is about twice as large. A similar pattern can be observed for the influence that vehicles’
CO2 emissions exert on respondents’ stated choice. Specifically high vehicle emissions are disfavored
by all car buyers in general, as shown by the strongly significant (and expectedly) negative parameter,
but are rejected even more by environmentally aware consumers, as the more than twice as large
coefficient suggests.
Driving range enters the model significantly and positively, as anticipated, because frequent refueling
stops are time-consuming and inconvenient. It also affects the car-purchasing decision concerning
electric vehicles much more strongly, compared with all other fuel types. This result was expected,
since the driving range was modeled alternative-dependently by design to cover for the currently
exclusively short driving ranges of electric vehicles. Striking, however, is the almost doubled value of
the coefficient, indicating that car buyers assign a very high value to an improvement of extremely
limited driving ranges. The same holds true for the density of the filling station network, as a
widespread refueling infrastructure decreases the risk of being stranded with an empty tank or battery.
Thus, it is not surprising that fuel availability impacts vehicle choice significantly and with a positive
sign. Refueling time, on the other hand, does not seem to be a crucial factor during vehicle purchase
decisions. This holds at least if it does not exceed the upper bound of 10 minutes (as in our
experimental design), since it does not enter the final model significantly although with the expected
sign.
The case looks entirely different for the battery recharging time, which is highly significant and
negatively signed, indicating that a prolongation of the recharging process strongly decreases the utility
of the respective vehicle. Interestingly, and confirming our assumption, the magnitude of this effect is
dependent on the degree of electrification of the considered vehicles. This implies that the impact of a
lacking fast-charging infrastructure on the choice of a purely electric vehicle is more severe (twice as
large) than for a bi-fueled PHEV.
Governmental incentives also play an important role in vehicle choice situations, regardless of whether
they are of monetary or non-monetary nature, as both positively influence vehicle demand significantly.
This result indicates that the already enacted vehicle circulation tax exemption for electric vehicles in
Germany is able to increase vehicle demand, and that free parking or the permission for the usage of
bus lanes, both of which are currently under consideration in Germany as well, have the potential to
further promote AFVs in a relatively inexpensive way.

7

The purchase price parameter for individuals with a stated purchase price of €20,000 or less results from the
summing up of the general purchase price parameter and the purchase price interaction coefficient (purchase
price × stated purchase price < €20,000).
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Table 8: Parameter estimates
Variable
LPG/CNG
Hybrid
PHEV
Electric
Biofuel
Hydrogen
Purchase price
Purchase price × Stated purchase price < €20,000
Fuel cost
CO2 emissions
CO2 emissions × High environmental awareness
Driving range × Conventional, LPG/CNG, Hybrid, PHEV,
Biofuel, Hydrogen
Driving range × Electric
Fuel availability
Refueling time
Battery recharging time × PHEV
Battery recharging time × Electric
Incentive 1 × PHEV, Electric, Biofuel, Hydrogen
Incentive 2 × PHEV, Electric, Biofuel, Hydrogen
Age < 44 years × LPG/CNG
Age < 44 years × Hybrid
Age < 44 years × PHEV
Age < 44 years × Electric
Age < 44 years × Biofuel
Age < 44 years × Hydrogen
High environmental awareness × LPG/CNG
High environmental awareness × Hybrid
High environmental awareness × PHEV
High environmental awareness × Electric
High environmental awareness × Biofuel
High environmental awareness × Hydrogen
Parking lot equipped with socket × LPG/CNG
Parking lot equipped with socket × Hybrid
Parking lot equipped with socket × PHEV
Parking lot equipped with socket × Electric
Parking lot equipped with socket × Biofuel
Parking lot equipped with socket × Hydrogen
Share of city trips > 60% × LPG/CNG
Share of city trips > 60% × Hybrid
Share of city trips > 60% × PHEV
Share of city trips > 60% × Electric
Share of city trips > 60% × Biofuel
Share of city trips > 60% × Hydrogen
High educational level × LPG/CNG
High educational level × Hybrid
High educational level × PHEV
High educational level × Electric
High educational level × Biofuel
High educational level × Hydrogen
Car segment mini or small × LPG/CNG
Car segment mini or small × Hybrid
Car segment mini or small × PHEV
Car segment mini or small × Electric
Car segment mini or small × Biofuel
Car segment mini or small × Hydrogen

Multinomial logit
Coefficient
Std. err.
-0.20931*
0.12616
-0.47973***
0.12391
-0.81703***
0.10022
-1.66388***
0.12856
-0.77118***
0.11242
-0.59732***
0.11163
-0.04560***
0.00221
-0.04657***
0.00573
-0.04904***
0.00135
-0.00192***
0.00040
-0.00231***
0.00063
0.00079***
0.00005

Mixed logit
Coefficient
Std. err.
-0.27490**
0.11670
-0.57398***
0.11992
-0.93585***
0.13973
-1.84035***
0.14752
-0.80962***
0.12701
-0.61928***
0.13633
-0.04993***
0.00112
-0.05098***
0.00394
-0.05324***
0.00091
-0.00203***
0.00043
-0.00247***
0.00058
0.00084***
0.00004

0.00148***
0.00423***
-0.00480
-0.00041***
-0.00090***
0.21869***
0.15210***
-0.05221
0.13580
-0.06536
0.40460***
-0.06804
0.00164
0.16831
0.44350***
0.71516***
0.64447***
0.36181***
0.30490***
-0.07103
0.06376
0.28682***
0.23410**
0.12364
0.03386
-0.29337**
-0.21789
-0.04638
0.35730***
-0.03488
-0.09827
-0.01612
0.00005
0.24094***
-0.03441
0.33700***
0.09212
-0.19323
-0.23917*
-0.01650
0.43300***
0.05272
-0.03763

0.00164***
0.00457***
-0.00456
-0.00049***
-0.00088***
0.23486***
0.16370***
-0.05065
0.18529*
-0.04682
0.45415***
-0.07333
0.00856
0.22530**
0.51088***
0.86580***
0.78143***
0.44600***
0.37920***
-0.07143
0.07386
0.34321***
0.29191**
0.14218
0.04531
-0.38150***
-0.28813**
-0.05329
0.36854**
-0.07381
-0.15454
-0.00085
0.04065
0.28753**
0.01308
0.38516***
0.11088
-0.18776
-0.25898**
0.01909
0.47736***
0.05960
-0.04626

0.00021
0.00034
0.00541
0.00017
0.00023
0.03115
0.03354
0.10135
0.10199
0.11686
0.11566
0.10811
0.11945
0.10440
0.10184
0.12694
0.12409
0.11392
0.12465
0.09757
0.09875
0.11782
0.11357
0.10884
0.11515
0.14159
0.13401
0.16098
0.15236
0.14212
0.14939
0.09904
0.09900
0.11986
0.11734
0.10911
0.11757
0.12743
0.11439
0.15523
0.14405
0.13066
0.14045

0.74401***
0.84178***
0.33329***

0.04540
0.04252
0.09388

0.00018
0.00036
0.00460
0.00015
0.00021
0.03145
0.03173
0.10825
0.10700
0.08114
0.09316
0.09376
0.09449
0.11122
0.10862
0.08463
0.09501
0.09729
0.09865
0.10715
0.10560
0.08022
0.09101
0.09255
0.09345
0.14868
0.14554
0.10832
0.11733
0.12486
0.12762
0.10637
0.10479
0.07984
0.09015
0.09228
0.09291
0.12839
0.12720
0.09505
0.10350
0.10910
0.11083

Error components
σ1 (Conventional, LPG/CNG, Hybrid)
σ2 (PHEV, Electric)
σ3 (Biofuel, Hydrogen)
Persons (Choices)
Log likelihood
2
 (0)
2
 (c)

711 (10665)
-12637.94
0.391
0.108

Note: Statistical significance is displayed as * * * p  0.01, * * p  0.05,
Incentive 2 = Free parking and bus lane access
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711 (10665)
-12168.13
0.414
0.141

and * p  0.1; Incentive 1 = No vehicle tax;

However, our results show that new car buyers on average hold a reservation against AFVs, which
would of course be a huge barrier to their extensive diffusion. To be more precise, we estimated an
MXL model without interactions between the ASCs and socio-demographic and attitudinal dummy
variables (not reported here), to gain an undistorted picture of the general acceptance of the different
fuel types in the German population. Since all fuel type coefficients have a negative sign and are highly
significant, alternative fuels on average seem to be less preferred compared to conventional fuels,
which is the base alternative, with electric vehicles being valued most negatively.
Fortunately, this general and partially very high reluctance is mitigated in some consumer groups, as
indicated in Table 4, by the significant interaction terms between the socio-demographic variables and
the different ASCs. More precisely, these consumer groups can be described by age, educational
level, environmental awareness, preferred vehicle segment, availability to plug in a vehicle at home,
and amount of car trips in an urban area, as in our model. For instance, the probability to choose
electric or hybrid vehicles is higher for younger individuals, as revealed by the (highly) significant
positive coefficients of the two corresponding interaction terms (Age < 44 years × ASC). Thus, since
younger consumers are more likely to adopt technological innovations at an early stage, this result is
absolutely reasonable, especially for electric vehicles as a potentially disruptive technology.
Moreover, apart from having a more pronounced sensitivity for vehicles’ CO2 emissions,
environmentally aware car buyers also have an increased likelihood to purchase AFVs, regardless of
the actual environmental friendliness of the respective vehicle, as revealed by the highly significant and
positive interaction parameters (High environmental awareness × ASC).
Absolutely reasonable is the elevated choice probability for PHEVs and electric vehicles, when
consumers at home have access to a parking lot equipped with a socket, as suggested by the
positively signed and highly significant interaction terms (Parking lot equipped with socket × ASC),
since the charging infrastructure is sparse at present. This finding may further point to a sort of
discomfort or uncertainty regarding public charging (e.g. risk of vandalism or of being left without the
possibility to plug-in/recharge the battery).
Furthermore, the demand for natural gas and hybrid vehicles is lower for individuals who
predominantly use their car for city trips, while they are more likely to buy an electric vehicle (Share of
city trips > 60% × ASC). A possible explanation for this finding might be the existing notion of current
electric vehicles being limited in range, which is why they are also promoted as city cars, and natural
gas and hybrid vehicles being very fuel-efficient and, thus, cost-effective on longer distances.
The probability of purchasing a PHEV or a biofuel vehicle, on the other hand, increases with the
educational level of car buyers (High educational level × ASC). Finally, car segment is also a relevant
attribute in fuel type choice, as the significant interaction coefficients show (Car segment mini or small
× ASC). While consumers who indicated the purchase of a small vehicle are also more likely to choose
an electric vehicle, the contrary is true for hybrid vehicles. A reason for this might be the
aforementioned city car image of electric vehicles, and the fact that hybrid drivetrains are currently
predominantly used in larger-sized vehicles.
Summing up, it seems that German car buyers at present are comparatively reluctant toward AFVs,
which could be problematic in terms of AFVs’ fast and successful diffusion, and specifically applies to
electric cars, the least preferred vehicle alternative. However, the results also show that some
consumers are more sensitive to new vehicle technologies and fuel types than others. In other words,
the most promising target group for the adoption of all kinds of AFVs are younger, well-educated, and
environmentally aware car buyers, who also have the possibility to plug in the car at home, in case the
next car has an electrified drivetrain, while for the diffusion of hybrid and electric vehicles, the
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respective car segment should also be taken into account. Additionally, marketing should focus on
drivers with a higher share of urban trips to accelerate the demand for electric vehicles, or on
consumers who mostly drive on highways to speed up the adoption of hybrid and natural gas vehicles.
Still, a prerequisite for a purchase decision in favor of AFVs is that their characteristics become
competitive to those of conventionally fueled vehicles, because our estimation results show that,
except for refueling time, all considered monetary and non-monetary vehicle attributes significantly
influence vehicle choice. This statement also holds for the aforementioned very AFV-friendly
consumers.
Willingness-to-pay for vehicle attributes
The monetary value, and thus the importance that car buyers ascribe to the diverse vehicle features,
can be quantified by measuring their respective WTP. The WTP is the maximum monetary amount that
an individual is willing to pay for a marginal improvement of another commodity (here: vehicle
attribute), leaving the level of utility unchanged. Based on the estimation results reported in Table 8,
the WTP is calculated as the ratio of the coefficient of a specific vehicle attribute and the coefficient of
the purchase price, holding everything else constant. Consumers’ marginal WTP for improvements of
the most important vehicle characteristics is shown in Table 9. As can be seen, individuals with a
stated purchase price below €20,000 are willing to pay only half as much for beneficial changes in
other vehicle features, compared to respondents who indicated the purchase of a more expensive car.
This finding reflects their markedly larger price sensitivity (purchase price parameter value) and the
greater importance of the vehicle price during the purchase decision in relation to other vehicle
features, due to the much more pronounced budget constraints of this consumer group. Nevertheless,
the calculated WTP values for the remaining vehicle attributes are considerable, even for consumers
with lower stated purchase prices.
Table 9: Marginal WTP for changes in selected vehicle attributes
Stated purchase
price > €20,000

Stated purchase
price < €20,000

1,066.38

527.63

CO2 emissions abatement of 1% × Low environmental awareness

40.71

20.14

CO2 emissions abatement of 1% × High environmental awareness

90.24

44.65

Driving range increase of 1 km × Conventional, LPG/CNG, Hybrid,
PHEV, Biofuel, Hydrogen

16.82

8.32

Driving range increase of 1 km × Electric

32.76

16.21

Fuel availability increase of 1%

91.59

45.32

Battery recharging time reduction of 1 min × PHEV

9.78

4.84

Battery recharging time reduction of 1 min × Electric

17.58

8.70

Incentive 1 (No vehicle tax)

4,704.07

2,327.53

Incentive 2 (Free parking and bus lane access)

3,278.76

1,622.30

Fuel cost reduction of €1/100 km

Firstly, depending on the targeted price range of their next vehicle, car buyers are willing to expend
between approximately €530 and €1,070 for fuel cost savings of €1 per 100 km. This result indicates
that the average German driver with an annual mileage of about 15,000 km is willing to accept a
payback period of around 3.5 to 7 years for an investment in fuel consumption reduction measures.
This finding is reasonable, as it covers the medium vehicle duration of possession of 6-7 years (DAT,
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2012). This holds true all the more for drivers with higher annual mileages, for whom the amortization
period of fuel economy improvements diminishes even further. Secondly, the WTP to abate 1% of the
CO2 emissions of a current average car ranges from about €20 to €40 and from €45 to €90, depending
on the budget and the environmental awareness of the respondent. In other words, environmentally
aware consumers are willing to pay twice as much for an emissions reduction as environmentally
unaware consumers are, all else equal. Additionally, we can see that environmentally conscious
consumers with lower stated vehicle purchase prices still appraise an emissions reduction higher than
less environmentally concerned individuals without this €20,000 budget constraint, and thus are willing
to pay more for it. Thirdly, for every kilometer of additional driving range, respondents are willing to pay
a markup of between €8 to €17 and €16 to €33 when purchasing a non-electric and an electric vehicle,
respectively, indicating the twice as high importance of an expansion of the currently short electrically
propelled operating radius, which, however, still is much less than the actual costs for such an increase
in driving range (e.g. even with optimistic battery costs of €300/kWh every additional kilometer of
battery electric range costs €50-60). Fourthly, the WTP for a 1% expansion of the refueling
infrastructure of the corresponding fuel approximately comes to lie between €45 to €92. Fifthly,
consumers are willing to pay between about €5 to €18 for every saved minute in battery recharging
time, depending on their stated purchase price and the drivetrain technology (PHEV or fully electric
vehicle). What can be seen is that respondents are willing to spend much higher amounts for a
decrease in recharging time for purely electric vehicles, which is reasonable, as these do not have a
backup propulsion technology like PHEVs and, thus, strongly depend on short recharging periods. We
find that a charging time reduction from 6 hours to 10 minutes would be worth from about €1,750 to
€3,500 for PHEVs and €3,150 to €6,300 for electric vehicles. Finally, car buyers are willing to pay
considerable amounts for the two different governmental incentives considered in our study. For
instance, their WTP for a vehicle circulation tax exemption over the entire lifetime of the vehicle ranges
between approximately €2,330 and €4,700. For an assumed lifetime of the vehicle of 10 years, these
values appear to be realistic, although rather for larger-sized diesel cars (see footnote 8 for an
exemplary calculation). The WTP for the possibility to park free of charge and the allowance to use bus
lanes amounts to between €1,620 and €3,280, which are quite substantial WTP amounts.
In summary, it can be stated that German car buyers are willing to pay considerable amounts for the
improvement of vehicle attributes. However, for a translation of these findings into realistic potential
vehicle demand forecasts, or for an assessment of the effects that changes in vehicle attributes might
have on future market shares of the different fuel types, the parameter estimates in Table 8 have to be
coupled with current and actual data on vehicle attributes or scenarios of their levels in the future.
Scenario simulations
In order to determine realistic market shares of conventional and alternative propulsion technologies
with the aid of our model coefficients, we first have to describe the German vehicle market conditions
in a representative manner. This status quo or base case is shown in Table 10 and is derived by
defining an average car for each drivetrain technology or fuel type based on current market data or
discounted expected values, i.e. for hydrogen, but partly also for PHEVs and electric vehicles, reported
in the literature (ADAC, 2012a; ADAC, 2012b; ADAC, 2012c; ADAC, 2012d; BMWi, 2012; CEP, 2012;
Daziano and Achtnicht, 2012; Grüning et al., 2011; McKinsey, 2010; and Wietschel et al., 2010). The
base case scenario also displays the present situation in Germany concerning governmental
incentives and fuel availability, as today only electric vehicles are tax-exempt and other beneficial
legislations have not yet been enacted, and since the service station density varies substantially by
fuel type (see footnote 5).
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Table 10: Specification of the base case scenario
Purchase
price (€)

Fuel
cost
(€)

CO2
emissions
(%)

Driving
range
(km)

Fuel
availability
(%)

Refueling
time (min)

Conventional

21,800

9.0

100

1,000

100

5

LPG/CNG

23,900

6.5

84

1,000

50.9

5

Hybrid

26,700

7.5

77

1,000

100

5

PHEV

30,200

5.5

31

750

43.3

5

Battery
recharging
time (min)

Incentive
1

Incentive
2

240

no

no

Electric

36,800

4.0

0

175

14.1

no

yes

Biofuel

22,900

9.0

23

750

2.3

5

480

no

no

Hydrogen

33,800

7.5

0

750

0.2

5

no

no

Source: Own calculations based on ADAC (2012a), ADAC (2012b), ADAC (2012c), ADAC (2012d), BMWi (2012), CEP (2012),
Daziano and Achtnicht (2012), Grüning et al. (2011), McKinsey (2010), and Wietschel et al. (2010).

The main focus of our scenario analysis, however, is the description of the impact that different policy
decisions or actions of the automotive industry could have on the adoption of AFVs in general and
electrified vehicles in particular, as the latter are a cornerstone of future individual mobility concepts in
Germany. In total, we consider nine different scenarios, distinguishable by the level of governmental
intervention and subsidization or by the size of the steps taken by the car manufacturers, while holding
all other attributes constant at their base levels. A more detailed illustration of the scenarios is provided
in the following.
In addition to the aforementioned base case scenario, we examine the influence of an expansion of
governmental incentives (i.e. vehicle circulation tax exemption, bus lane access, and free parking) for
PHEVs, electric, and hydrogen cars, on the vehicle market in the second scenario. In scenario three,
we analyze the effect that purchase premiums of €5,000 for electric and hydrogen vehicles and €2,500
for PHEVs have on vehicle demand, while we look at an even stronger decline of prices in the fourth
scenario, resulting in an identical purchase price of €21,800 for all vehicles. The two scenario results
give a sense of the effectiveness of governmental purchase price subsidies, as currently granted in
many countries worldwide, or of price decreases, e.g. due to technical innovations or economies of
scale in the vehicle production in general, and battery and fuel cell production in particular. In the fifth
scenario, we consider the influence of battery leasing contracts, as presently offered by some car
manufacturers to promote electric vehicles, on their market share. Based on available average leasing
contracts, we assume a monthly fee of €80 for an annual mileage of 10,000 km, which equals to
€9.6/100 km in additional fuel cost, and an according purchase price reduction of €10,000, resulting in
a remaining surcharge of €5,000 for the purchase of electric vehicles. A substantial increase in the
cruising radius of electric vehicles to 750 km, e.g. due to disruptive technological innovations that leave
all other vehicle attributes unchanged, and its impact on vehicle choice decisions is studied in scenario
6. In scenario 7, we look at the consequences that an expansion of the service station infrastructure to
100% for all alternative fuels has on their choice probability. A massive reduction of the battery
recharging time to 5 minutes, making the length of the charging process comparable to the duration of
refueling stops, and its effect on the demand for electrified vehicles is regarded in scenario 8. With this
we can assess whether the higher investment costs for fast-charging or battery swapping stations are
justifiable. Finally, in scenario 9, we consider a combination of scenarios 2, 3, 7, and 8, i.e.
governmental monetary and non-monetary incentives and the provision of an area-wide refueling and
fast-charging infrastructure, in order to get an impression about the influence of a concerted action of
the administration and the private sector (as to the configuration of the service station network) on the
market shares of the different propulsion technologies.
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The market shares of the different fuel types are calculated based on our sample, i.e. the actual
distribution of socio-economic characteristics among respondents, and the model coefficients.
Furthermore, the choice situation underlying the simulations is modeled as being unrestricted, so that,
for each individual, one single choice set is assumed, in which all seven vehicle alternatives (fuel
types) are available, and represented by the attribute levels of the respective scenario. The choice
probabilities of the different propulsion technologies in the different scenarios are first calculated on an
individual level and then averaged to obtain sample values (using 1,000 draws). The predicted market
shares of the different fuel types in the base case (scenario 1) and the other eight distinct scenarios
are reported in Table 11.
Table 11: Simulated market shares subject to the different scenarios and their relative changes compared to the base
case in parentheses (in %)
Scenario

Conv.

LPG/CNG

Hybrid

PHEV

Electric

Biofuel

Hydrogen

1: Base case (see Table 6)

30.35

17.82

20.08

10.85

2.24

12.47

6.19

2: Incentives for PHEVs, electric,
biofuel, and hydrogen vehicles

27.01

15.83

17.34

13.83

2.26

15.86

7.87

(-11.00)

(-11.17)

(-13.65)

(+27.47)

(+0.89)

(+27.19)

(+27.14)

3: Purchase premiums for PHEVs,
electric, and hydrogen vehicles

28.89

16.96

18.79

12.23

3.02

11.68

8.43

(-4.81)

(-4.83)

(-6.42)

(+12.72)

(+34.82)

(-6.34)

(+36.19)

4: Purchase price of €21,800 for all
vehicles

23.14

16.01

20.60

14.38

4.86

9.82

11.19

(-23.76)

(-10.16)

(+2.59)

(+32.53)

(+116.96)

(-21.25)

(+80.78)

5: Battery leasing contract for electric
vehicles of €80/month

30.19

17.74

19.92

10.77

2.83

12.39

6.16

(-0.53)

(-0.45)

(-0.80)

(-0.74)

(+26.34)

(-0.64)

(-0.48)

6: 750 km driving range for electric
vehicles

29.58

17.37

19.21

10.34

5.45

12.07

5.98

(-2.54)

(-2.53)

(-4.33)

(-4.70)

(+143.30)

(-3.21)

(-3.39)

7: 100% fuel availability for all AFVs

25.74

18.87

16.87

11.73

2.77

16.00

8.02

(-15.19)

(+5.89)

(-15.99)

(+8.11)

(+23.66)

(+28.31)

(+29.56)

29.79

17.49

19.45

11.75

3.28

12.19

6.05

(-1.85)

(-1.85)

(-3.14)

(+8.29)

(+46.43)

(-2.25)

(-2.26)

21.39

15.64

13.03

18.08

5.47

12.65

13.74

(-29.52)

(-12.23)

(-35.11)

(+66.64)

(+144.20)

(+1.44)

(+121.97)

8: Battery recharging time of 5 min

9: Combination of scenarios 2, 3, 7,
and 8

Beginning with the base case, we see that conventional vehicles capture about one third of the market
and that the market shares of natural gas and hybrid vehicles amount to approximately 20% and 18%,
respectively. Biofuels and PHEVs are chosen by about 11-12% of the (potential) car buyers, while
hydrogen and electric vehicles are the most preferred option for only about 6% and 2% of the vehicle
adopters, respectively.
In scenario 2, we look at governmental monetary and non-monetary incentives granted for all vehicles
that (mostly) run on non-fossil fuels, i.e. PHEVs, electric vehicles, and cars fueled with biofuel or
hydrogen, while all other attribute values are equal to those in the base case scenario. Such a policy
intervention increases the choice probability for biofuel and hydrogen vehicles as well as PHEVs by
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approximately 27%, and electric cars by less than 1%, compared to the base case, while the market
shares of hybrid vehicles diminish by about 13%, and 11% for conventional and natural gas vehicles.
In scenario 3, subsidies, as they are currently granted in several European countries, reduce the
investment cost of PHEVs, electric, and hydrogen vehicles, and lead to purchase prices of €27,700 for
PHEVs, €31,800 for electric vehicles, and €28,800 for hydrogen cars. Such a governmental promotion
strategy increases the choice probability for hydrogen vehicles by approximately 36%, electric cars by
about 35%, and PHEVs by almost 13%, compared with the base case scenario, while all other fuel
types lose market shares (conventional and natural gas vehicles roughly 5%, and hybrid and biofuel
vehicles about 6%).
The effect of identical purchase prices of all vehicle alternatives is analyzed in scenario 4. It increases
the choice probability significantly: for electric cars by 117%, hydrogen vehicles by almost 81%,
PHEVs by approximately 33%, and hybrid cars by more than 2%, compared to the base case, while
the market shares of the remaining vehicle alternatives decrease (for conventional and biofuel cars by
about 23% and 21%, respectively, and natural gas vehicles by 10%).
The availability of battery leasing contracts for electric vehicles considered in scenario 5 increases the
choice probability by about 26%, correspondingly drawing market shares from all other vehicle
alternatives from between 0.5% to 0.8%. Thus, battery leasing contracts appear to be unable to
considerably push the demand for electric vehicles. However, this finding should be treated with some
caution, as we simply convert the monthly cost of the battery leasing contract into additional fuel cost,
whereas it is reasonable that car buyers will evaluate a fixed monthly battery leasing payment
differently from an increase in fuel cost. Furthermore, we do not consider the benefit of battery leasing
contracts as a risk reduction measure, given the unfamiliar technology and unknown battery lifetime,
which could bias our simulation results and thus lead to an underestimate of their influence on the
choice of electric vehicles.
The improvement of the driving range for electric vehicles to 750 km, tackled in scenario 6, and thus
resulting in a driving range comparable to most other AFVs, leads to a substantial increase in demand
for electric vehicles of more than 143%, while the market shares of all other fuel types diminish by
approximately 3% to 5%, relative to the base case, drawing most heavily from the two other electrified
vehicle alternatives.
In scenario 7, the service station density is assumed to be the same for all vehicles, so that in this
respect, all AFVs are competitive with conventional cars. Such a massive investment in the refueling
infrastructure decreases the choice probabilities of conventional and hybrid cars by about 15-16%,
while the demand for all other vehicle alternatives increases by between 6% (for natural gas cars) and
about 30% (for hydrogen vehicles).
The reduction of the battery recharging time to 5 minutes (scenario 8), making the duration and thus
the comfort of the refueling process similar to all other vehicle options, leads to an increase in the
market shares of the two plug-in vehicle types (i.e. to more than 46% for electric vehicles and 8% for
PHEVs), while all other vehicle options are chosen less frequently, compared to the base case
scenario, by between about 2-3%.
In scenario 9, governmental monetary and non-monetary incentives and the provision of a spatially
comprehensive refueling and fast-charging infrastructure, leads to a substantial loss in the demand for
conventional vehicles of 30%, while all other AFVs reach almost equal market shares (13-18%),
whereas PHEVs even become the second-most popular vehicle alternative. The only exception are
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electric vehicles, with a market share of merely about 5%, which compared to the base case
nevertheless show more than a doubling in the choice probability.
In summary, the scenario simulations show that conventional vehicles can be expected to further
dominate the vehicle market, as they feature the highest choice probability in all scenarios. Natural gas
and hybrid vehicles are the most likely chosen AFVs, although this difference in preference for the
various AFVs vanishes, the more pronounced the market-based policy intervention is (e.g. scenario 9).
In all scenarios except scenario 9, (partially) electrically propelled vehicles do not gain substantial
market shares (PHEVs mostly take fifth place in choice probability) and electric vehicles consistently
feature the lowest demand. Furthermore, it can be seen that hydrogen vehicles only capture a small
market share and are the second most disliked option after electric vehicles in almost all scenarios
(except for scenarios 4 and 9). Interestingly, car buyers choose biofueled cars even when the density
of gasoline stations offering biofuel is low.
When comparing the different policy measures in the eight scenarios with each other and with the base
case, we can analyze how the different actions impact the choice probabilities for the different
fuel/propulsion types. For instance, the market share of natural gas and biofuel vehicles is largest in
scenario 7, for PHEVs and hydrogen in scenario 9, and for electric vehicles in scenarios 6 and 9. The
influence on hybrid vehicles is, except for a strong negative impact in scenario 9, quite small across all
other scenarios, with the highest choice probability found in scenario 2. Conventional fuels lose market
shares in all scenarios, with this influence being lowest in scenario 5. Overall, the strongest impact on
the vehicle market is found in scenarios 4, 7, and 9. Furthermore, we find evidence that the choice
probabilities of some AFVs (PHEVs, biofuel, and hydrogen vehicles) could be increased quite easily
and in a relatively budget-friendly way (scenario 2), or at least with a relatively manageable
governmental purchase grant (scenario 3), while such financial and non-monetary governmental
incentives are unable to effectively accelerate electric vehicle adoption unless the subsidies are
substantial (as in scenario 4). Opposed to this, battery leasing contracts have almost no influence on
all vehicle alternatives, since even electric vehicles only slightly gain market share (scenario 5). A very
interesting finding is that an increase in the driving range to 750 km for electric vehicles (scenario 6)
has the same effect as monetary and non-monetary incentives and a fast-charging infrastructure taken
together (scenario 9). A fully developed refueling infrastructure, in contrast, mainly increases the
demand for those vehicle alternatives that run on liquid or gaseous fuels and currently suffer from a
sparse filling station density (scenario 7), such as hydrogen and biofuel vehicles. Furthermore, the
results of scenario 8 show that just accelerating the recharging process alone does not markedly
increase the choice probability of plug-in vehicles. Finally, and surprisingly, a massive market-based
intervention by the government (scenario 9), which we assumed to be beneficial at least for all nonfossil fueled AFVs, shows almost no effect on the market share of biofuel cars. These findings from our
study could be relevant both for public and private decision-makers aiming to promote consumer
adoption of alternative vehicle technologies.
2.3.2

Modeling the diffusion of alternative fuel vehicles

As mentioned above, AFVs, such as PHEVs and BEVs, offer a large potential to reduce fossil fuel
consumption in the transportation sector. However, these technologies have not achieved a substantial
market share yet, mainly due to shortcomings in the most important vehicle attributes: purchase price
and fuel cost, utilization comfort, and technical performance. Thus, to increase the adoption rate of
AFVs, the influences of these parameters on the diffusion process have to be quantified. Political and
industrial decision-makers would then be able to adjust their strategies and accelerate the speed of the
diffusion process, e.g. by introducing monetary incentives, such as purchase price subsidies, tax
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exemptions or bonus programs, or by focusing on the improvement of the most relevant vehicle
attributes or the most promising vehicle technologies.
However, due to the innovative character of the vehicle technologies, the estimation of the impact that
these major parameters exert on vehicle adoption cannot be entirely grounded on historical data.
Agent-based modeling (ABM) is a useful solution to this problem. Thus, in this section, we develop a
concept for a multi-agent based simulation model to predict the diffusion of alternative fuel vehicles in
the future. Since each vehicle technology has specific advantages and disadvantages, which may be
relevant for different consumer groups, our model takes this heterogeneity into account. In a scenariobased analysis these assumptions (regarding specific characteristics of the alternative propulsion
technologies) are varied to assess the impact of potential policy measures on the diffusion process.
2.3.2.1

Diffusion of innovations models

The focus of diffusion research is the analysis of patterns and speed of the diffusion of innovations,
which can be described as the sum of multiple adoptions (acquisitions of the product by the
consumers).
The innovation diffusion process depends on three major elements:



Characteristics of the innovation: What are the objective characteristics (costs and benefits
of the adoption) of an innovation?



Characteristics of the potential adopters: The objective characteristics of an innovation are
only the basis for their evaluation by different entities (e.g. organizations or single persons),
since the way these characteristics are interpreted is influenced by socio-economic and sociopsychological characteristics of potential adopters. This leads to the fact, that during the
diffusion process different categories of entities (consumer groups) are adopting the
innovation. For example, ‘innovators’ are typically described as being young, not risk-averse,
highly educated, and financially well-endowed, while ‘laggards’, who have a high degree of
skepticism towards innovations and, hence, are the last to adopt them, typically are of higher
age and financially poorly equipped.



Environmental context: The environmental context consists of the societal culture and the
political conditions in which the diffusion process takes place and determines the overall
acceptance (e.g. degree of ‘innovativeness’ of the society) and suitability of innovations.

Traditional innovation diffusion models
The fundamental basis of innovation diffusion is the innovation decision process of potential adopters.
Rogers’ (1962) model of the innovation decision process is depicted in Figure 20.
At first, individuals are not aware of the existence of an innovation. When they become aware of its
existence (‘Knowledge’) they suffer from a large uncertainty about the innovation’s (relative)
advantages and disadvantages and its functions, so that they start to gain information about the
innovation’s characteristics (‘Persuasion’), which is often done through conversation with other
individuals, especially peers. Thus, in this second stage, individuals inform themselves about the
innovation and start to form an attitude towards, or an opinion about, the innovation based on its
perceived characteristics. During this phase, an intensive evaluation of the innovation’s advantages
and disadvantages, with regard to the individual’s needs, takes place. Van den Bulte and Lilien (2001)
name some causal mechanisms for social influence on diffusion processes:
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The Bass model is kept very simple: The specification of only two parameters (influence of mass
communication q, and personal communication p) allows to model diffusion processes of different
innovations or products from different industries. The shape of the diffusion curve is determined by the
parameters p and q. The parameter p determines the curve’s slope in an early stage. It can be
understood as a measure for personal communication from one individual to the other and, therefore,
is important for the adopter share in the beginning of the diffusion process. Accordingly, q forms the
curve in the end of the diffusion process and can be understood as a measure for mass
communication. The more individuals already adopted the innovation, the more likely non-adopters will
imitate this behavior.
Low values for p and high values for q results in the typical S-shaped curve of diffusion processes.
The Bass diffusion model is a common and easy-to-use tool to predict the characteristics of innovation
diffusion. The model was validated for the diffusion processes of many products. However, it neglects
the fact that innovation diffusion is not a macro-economic process. The S-shaped curve does not just
‘happen’, it is the result of multiple adoptions. Further weaknesses exist, e.g.:



Traditional models usually focus on communication as the only or the main control lever for
innovation diffusion, similar to infection processes. This naturally results in S-shaped curves.



Neither the behavior of individuals nor of any other influencing parameters (e.g. price,
availability of competitive products, behavior of other agents) are integrated in the model. For
example, sudden price spikes could result in other diffusion patterns than an S-curve.



Due to each innovation’s novelty, the available information is incomplete, which makes the
determination of the parameters a difficult task. They have to be estimated on the basis of
already existing similar products. This leads to inaccuracies and to a limited informative value
of the model.

As a result, the traditional models that are used to explain the diffusion of innovations are, in many
cases, an oversimplification of reality. For the description of more complex processes other methods,
such as ABM, have to be used.
Agent-based innovation diffusion models
ABM is a powerful tool to investigate complex behavioral patterns and to gain a deeper understanding
of the simulated real-world system (Bonabeau, 2002). This information could then be used, for
instance, for detailed policy recommendations.
An ABM is a mapping of a real-world system, which is characterized by interactions of individuals or
organizations. This system is modeled as a collection of autonomous decision-making entities called
“agents” (Bonabeau, 2002). The fundamental principles of an agent are, firstly, his ability to evaluate
his environment and, secondly, to independently decide based on predefined rules (Macal and North,
2010). Each agent is situated in an environment of other agents, with whom he can interact, and
capable of evaluating his decisions with respect to the environmental context.
Two difficulties arise in designing ABMs (Wooldridge, 2002):
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Micro-level of the model: Agents can be equipped with many features and decision-making
algorithms. The tasks that an agent has to fulfill in the modeled world can differ a lot between
models. Hence, a standard definition of an agent is not possible. For each application, the
parameters describing the agents have to be redefined.



Macro-level of the model: The way the agents are linked to each other affects their
interaction. Interaction and therefore communication is one the main drivers of innovation
diffusion. Therefore, the society design may have a large impact on the model results. Thus, it
is not possible to define one single standard society design which is optimal for each
application.

ABM enables researchers to solve the major shortcomings of the traditional models of innovation
diffusion, by basing macro-level effects (as described by the Bass model) on complex micro-level
processes (‘bottom-up-approach’). The underlying idea is to transfer the Bass model into a more
complex ABM. Agents may be consumers, companies or links between different entities. In our case,
the focus lies on consumer behavior and especially their decisions to adopt or reject an innovation,
here an AFV. Several studies analyzed the diffusion of alternative fuels and electrified drivetrains in the
last couple of years. Wakolbinger (2006) and Kiesling et al. (2009) focus on the adoption process of a
second-generation biofuel called ‘BioFit’ in Austria. In their model, agents use a utility function to
evaluate different options from a set of fuels and adopt the fuel with the highest value of utility.
Walkolbinger (2006) uses a special network of agents in her model to mimic the population distribution
in Austria, so that the disclosure of information about an innovation (in this case a new biofuel) from
consumer to consumer is more likely in densely populated regions. In addition, the refueling
infrastructure in major cities, such as Vienna, is assumed to be further developed, leading to a higher
availability of biofuels in these urban regions, which leads to varying usability values depending on the
geographical region.
Van Vliet et al. (2010) follow a different approach in their study. Instead of limiting their view to the
consumers, they designed a model to describe the mutual dependency of supply and demand. A
higher demand for biofuel is followed by the need to increase the production of this fuel. If the supply is
not able to satisfy the increase in fuel demand, the prices will rise, which in turn leads to lower adoption
rates. In contrast to previous studies, usability functions are not used in their study, but rather a filter
algorithm is applied. In each step of the filtering process, all fuels are evaluated. If a filter criterion is
not met, the appropriate fuel is marked as ‘not suitable’. If all filter criteria have been applied, at least
one fuel remains. Finally, one fuel is randomly selected from the remaining options and adopted.
Recent work by Eppstein et al. (2011) analyzes the market penetration of PHEVs. The focus of the
model is the evaluation of potential factors influencing the market penetration of electrified vehicles.
Several levers, such as governmental policies, are examined. In this study, consumers can choose
between a conventional vehicle with an internal combustion engine (ICE), hybrid vehicle (HEV), and a
PHEV. Agents evaluate the given alternatives by ‘desirability’, which is basically a utility function. The
relative benefits from the given alternatives are calculated for each agent. Vehicles differ only by fuel
type (ICE vs. HEV vs. PHEV), fuel efficiency, and purchase price. It is assumed that other parameters
such as safety and reliability are very similar across these choices. Consumer agents are
characterized by several attributes, such as typical years of car ownership, annual mileage, vehicle
age, and vehicle fuel type. The agents are implemented in a social network, which they are observing.
The number of PHEV adopters in the network plays a crucial role in the agents’ adoption decision. The
authors indicate that seven factors affect PHEV market penetration: gasoline price, PHEV purchase
price and battery range, the consumers’ potential to assess their own fuel costs, the comfort level of
PHEVs and the weight consumers place on different reasons to save gasoline. The possibility to utilize
these levers differs widely. While it is rather simple to offer tax exemptions for PHEVs which would
directly affect the purchase price of PHEVs, the battery range is a matter of research and development
and, therefore, can neither be adjusted directly nor within a short period of time. Furthermore, Eppstein
et al. (2011) found that the development of the market share of conventional vehicles is nearly
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unaffected by certain parameter value changes. Instead, only the proportion between HEVs and
PHEVs differs among the different scenarios considered. Thus, they conclude that PHEVs rather
compete with HEVs than with conventional ICE vehicles.
While Eppstein et al. (2011) focus on consumers, Zhang et al. (2011) model the whole automotive
market to assess the factors which influence the diffusion of AFVs. Manufacturers, consumers and
governmental agencies are modeled as the key market participants. Each agent group has different
aims, i.e. the manufacturers are trying to maximize their profit, while the consumers try to optimize their
benefits from vehicle ownership. Zhang et al. (2011) studied the influence of three diffusion
mechanisms: technology push, market pull and regulatory push. Single levers, such as tax
exemptions, were not considered. To obtain consumer preferences, a survey among more than 7,000
participants was carried out. In the model, the consumer agents directly correspond to one of the
survey participants, so that no consumer groups with equal weights for different vehicle attributes had
to be defined.
Zhang et al. (2011) found that technology push is the most effective way to speed up the diffusion
process of alternative fuel vehicles, which is consistent with the results of the study of Eppstein et al.
(2011). Although EVs were also considered in this study, the results show no significant market
penetration of this technology, regardless of the diffusion mechanism.
The study of Sullivan et al. (2007) expands on the two aforementioned studies by introducing a further
agent group, the fuel producers, and by describing the vehicles and consumer agents with additional
attributes, e.g. the vehicle performance is considered and consumers have preferences for special
brands and vehicle features. Simulation results show that without the introduction of incentives, such
as tax exemptions, vehicles with highly electrified drive trains will not reach a significant market
penetration within the next twenty years.
Summarizing the results, recent ABMs do not attempt to explain the diffusion of innovations by a single
trigger. This means that neither the ‘communication in social networks’ nor the ‘evaluation of
innovations based on their characteristics’ is used as sole explanation. Rather, both aspects are
considered and integrated into a common usability function.
Regarding the algorithms it can be concluded that decision-making strategies are modeled very
similarly among the presented studies on the diffusion of alternative drive systems. Usability functions
are used to calculate the utility for each agent and for each vehicle, respectively. However, the
attributes and parameters of the agents vary greatly.
Of particular interest are the factors which influence the diffusion of alternative drive systems. It was
found that especially the decisions of governmental institutions have a large influence on the diffusion
speed. Tax exemptions and other financial subsidies turn out to be the most effective way to
significantly accelerate the market penetration of alternative drive systems.
2.3.2.2

Agent-based simulation model for AFV diffusion in Germany

In the following, the central components of our ABM are described. This includes the agents, the
parameters and the algorithms on which the model is based. The model was programmed with the
‘NetLogo’ freeware, which was developed at the Northwestern University in Illinois, USA (Wilensky,
1999).
Our model world consists of 22,500 simulated agents (potential vehicle buyers), which are linked
through a simple social network. Within the purchase decision, agents have to compare various
influencing factors (vehicle attributes). Hence, a requirement of the model is that all factors ultimately
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have to be unit-less or at least have the same unit. For example, it is not possible to directly compare
purchase costs (in currency units) with mileage (in distance units). Furthermore, all possible influencing
factors have to be set within the same interval, since otherwise factors with wider boundaries would
automatically be more important than narrow factors. To meet these requirements, all variables within
our model are normalized. In compliance with Kim et al. (2011) all variables are normalized between 0
and 1.
In our model, the agents are assigned to different variables: weights, vehicle type, vehicle age,
minimum vehicle age, mileage, and benefits. These variables are explained in the following.
Weights
The weights vector wi with i = price, popularity, convenience, emissions and performance differs
between agent (consumer) types. The consumer groups used in our model and their respective vehicle
attribute weights are based on the results of van Vliet et al. (2010) and Kim et al. (2011). However, to
meet the requirements of a sufficient number of different agents, the weights are randomly assigned to
the agents within a small interval, according to Table 12. For each agent type, the most characteristic
weight is highlighted grey and bold and dependent on the other weights, so that they sum up to 1.
For example, for the ‘green’ type of agent, all weights are randomly assigned within the given intervals.
The weight for vehicle emissions is the missing sum to 1 and, therefore, varies in an interval from 0.3
to 0.8, with an average of 0.55. Although the emission weight is varying among an interval, it is always
the most important variable for this consumer group.
Table 12: Frequency and weights of the respective agent types with highlighted respective dependent variable

Frequency

60%

20%

10%

10%

wi / Agent type

Majority

Conformists

Greens

Petrolheads

Price

0.2 – 0.8

0.1 – 0.25

0.1 – 0.2

0.1 – 0.2

Popularity

0.1 – 0.3

0.3 – 0.8

0.0 – 0.15

0.1 – 0.2

Emissions

0.0 – 0.1

0.0 – 0.1

0.3 – 0.8

0.0 – 0.05

Performance

0.0 – 0.1

0.0 – 0.1

0.0 – 0.05

0.45 – 0.8

Convenience

0.1 – 0.3

0.1 – 0.25

0.1 – 0.3

0.0 – 0.1

1

1

1

1


Vehicle type

The vehicle type variable determines which type of propulsion technology the respective agent owns.
This can be either a conventional ICE vehicle, a HEV, a PHEV or a BEV.
As for the consumer weights, the attributes of the vehicles are described in normalized values. Each
type of vehicle has certain advantages and disadvantages. For example, on the one hand, a PHEV
has lower pollutant emissions than a conventional vehicle but, on the other hand, is more expensive
(Eppstein et al., 2011). To reflect these differences in vehicle characteristics, five attributes are used,
as in van Vliet et al. (2010) and Eppstein et al. (2011). Since the ICE vehicle is the reference vehicle its
parameters were set to 1, except for the vehicle price which was set to 0.5, because all other drivetrain
options are (currently) more expensive. The parameters and their values are shown in Table 13. These
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parameter values were chosen to map the differences in vehicle characteristics as they are perceived
by potential car buyers. For example, the ‘well-to-wheel’ emissions of BEVs strongly depend on the
existing electricity generation mix. However, for potential consumers of BEVs the ‘end-of-pipe’
emissions are directly observable. Sullivan et al. (2007) found that HEVs are evaluated more positively
with respect to their emissions than they actually are. Since an electric car can drive locally emissionfree, this will disproportionately and positively affect the perceived characteristics of this vehicle type
with respect to emissions. Accordingly, the BEV will be assessed best regarding emissions.
Consequently, this parameter was set to 0.05. The parameters for HEVs and PHEVs were set
accordingly.
The parameters price and fuel consumption are derived according to actual values and are set in
relation to the ICE reference vehicle (Eckstein, 2010). Convenience subsumes attributes such as
usability, service and refueling comfort, loading space, and driving comfort. If there are special nonmonetary benefits for driving a certain type of vehicle, it will also increase convenience, for example,
free parking for BEVs in the city center. The convenience of PHEVs and BEVs is lower than for HEVs
and ICEs because they typically have to be recharged every day or even more often. At the same time,
these cars usually are lighter and smaller than conventional vehicles, which negatively affects
parameters such as loading space and driving comfort and, in consequence, the overall convenience
as well. A similar approach for the parameter ‘size’ was chosen by Sullivan et al. (2007).
Performance represents attributes such as engine power, dynamic drive, attractive design and
attractive sound design. These are typical attributes of sports vehicles and typically less pronounced in
PHEVs and BEVs. There are exceptions (for example the already existing Tesla Roadster), but even if
the torque-characteristic of electrified drivetrains allows sportive driving as well, the typical electric
vehicle is dimensioned for gentle driving. Sullivan et al. (2007) followed a similar approach.
Table 13: Parameters of the different drivetrain systems

Price

Fuel consumption

Convenience

Performance

Emissions

ICE

0.5

1.0

1.0

1.0

1.0

HEV

0.55

0.9

1.0

0.9

0.8

PHEV

0.7

0.6

0.6

0.4

0.3

BEV

1.0

0.4

0.2

0.2

0.05

Vehicle age
The variable vehicle age reflects the current age of the vehicle (in months) owned by the respective
agents.
Minimum vehicle age
Minimum vehicle age describes the number of months before a vehicle owner decides to buy a new
vehicle, which does not have to be of a different fuel type necessarily compared with the current
vehicle. In Germany. the vehicle age is almost randomly distributed between 0 and 10 years (Höpfner
et al., 2009) and decreases nearly linearly to 0 with increasing age. For that reason, in our model the
minimum vehicle age is assigned randomly in the interval between 6 and 120 months each time the
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agents purchase a new vehicle. This is surely a simplification of the reality, but the results of our model
were very robust against changes in the minimum vehicle age distribution.
Mileage
Mileage is the normalized value of the annual mileage of each agent. The value for the normalized
mileage was randomly assigned among all agents and varies between 0.1 and 1.
An important issue regarding mileage is ‘range anxiety’ (Tate et al., 2008). Theoretically, BEVs with a
cruising range of 130 km are suitable for about 90% of the German drivers and their daily trips.
However, the actual value is lower due to range anxiety, which describes the mostly irrational fear to
be stranded with a completely discharged battery at the roadside. Therefore, we assume in our model
that BEVs are only suitable for those 50% of the consumers with the lowest annual mileage. Thus, if
the agent is about to choose a BEV and his value for mileage is above 0.5, the agent is assumed to
choose a PHEV instead.
Benefits
Benefits from each drivetrain are the result of the respective usability function of each consumer. The
benefit vector is called b j with j = ICE, HEV, PHEV and BEV. The drivetrain concept with the highest
benefit is chosen in the decision-making process. For reasons of simplification, diesel- and gasolinefuelled vehicles are aggregated to conventional ICE vehicles and, thus, not described by distinct
characteristics. This approach is common practice in all recent studies (Zhang et al., 2011; Eppstein et
al., 2011; Sullivan et al. 2007). The fuel price is normalized just like all other values. Surveys show that
consumers tend to evaluate spending on fuel and therefore fuel prices disproportionately high
compared to vehicle purchase prices. The fuel price in our model has to represent that fact.
Calculations with our model have shown reasonable results with a start value of 0.5, which represents
the perceived relation between the vehicle purchase price and the spending on fuel in the eyes of the
consumers. Annual price increases of 0.012 (0.001 per month) were assumed. This reflects expected
increases in gasoline prices in the future.
Algorithm
In the following, the algorithm of the diffusion simulation model will be described in detail. A simplified
flow chart of the model is shown in Figure 21.
‘NetLogo’ counts the time in ‘ticks’. In the simulation each tick equals one month in reality. At first, all
parameters are set up and after every model year, i.e. every 12 months, the prices for each of the
AFVs are updated. The price for a conventional ICE car increases by 1% per year. The normalized
price is annually decreased by 2% for HEVs, 3% for PHEVs and 6% for BEVs (Wallentowitz et al.,
2009).
As mentioned before, the fuel price is set to increase by 0.001 each tick (month), so that it ends up at
0.86 at t = 360.
If the vehicle age of an agent exceeds his personal minimum vehicle age, the agent will decide about a
new vehicle. If all decisions in a tick are made, the plots and outputs are updated and a new iteration
begins. This process is set to run for 360 ticks which equals 360 months or 30 years in real world time.
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The exchange of perceptions with peers through the social network takes place during the acquisition
process. A drivetrain concept gains ‘social benefit’, when the neighbors of an agent have adopted the
respective vehicle. In our model, an agent’s neighborhood consists of eight neighbors. When the agent
decides about the purchase of a new car, he reviews the vehicles his neighbors have adopted. For
example, if three neighbors have adopted a BEV, the ‘social benefit’ for BEVs would be 3/8 = 0.375.
With the presented parameters, it is possible to calculate the benefits using a utility function for each
drivetrain system and for each agent with the respective weights. The benefits are calculated as
follows:
b j ,k (t )  w price,k  [(1 - p j (t ))  FP (t )  (1  FC j )  KM k ]  wemissions,k  (1  EM j )
NN j ,k
 w performance,k  ( Pj )  wconvenience,k  (1  C j )  w popularity ,k  (
),
8

where b j ,k ( t ) is the benefit of drivetrain system j at time t for agent k, wi ,k is the weight of the
parameter i for agent k, p j (t ) is the normalized price of drivetrain system j at time t, FP (t ) is the
normalized fuel price at time t, FC j is the normalized fuel consumption of drivetrain system j, KM k is
the normalized mileage of agent k, EM j is the normalized value for the emission of drivetrain system
j, P j is the normalized value for the performance of drivetrain system j, C j is the normalized
convenience of drivetrain j, and NN j ,k is the number of neighbors of agent k, who have adopted
drivetrain system j.
The drivetrain with the highest benefit is adopted by the agent. The agent is assigned a new minimum
car age and the actual car age is reset to 0. The number of adoptions of the different drivetrain
systems are counted and plotted at every tick to observe the development of the vehicle diffusion.
Scenario design
We designed three scenarios with two sub-scenarios for evaluating different PHEV and BEV promotion
strategies. Basically, these scenarios represent two different strategies, or a combination of these:



Tax exemptions: The sales tax (VAT) has a share of about 20% of the total purchase costs of
a BEV in Germany. In turn, a tax exemption will have a great effect on the purchase price. If
the tax is removed, this would in our model correspond to a decrease of the normalized price
for BEVs of 0.2. For PHEVs, a reduction of 0.1 is assumed due to the lower degree of
electrification, and thus the probably lower degree of subsidization. This strategy is
represented by scenario 1. In the first sub-scenario of scenario 1, scenario 1a, only BEVs are
promoted, while in sub-scenario 1b both PHEVs and BEVs experience tax exemptions.



Non-monetary incentives: AFVs could also be promoted by granting non-pecuniary facilities.
For example, bus or car-pool lanes could be opened to BEVs and PHEVs or special and
attractive parking lots could be offered to owners of (highly) electrified vehicles, maybe even
free of charge. This would most certainly have a positive impact on the convenience factor.
Another option to strengthen the convenience of PHEVs and BEVs is to widely improve the
recharging infrastructure for electrified vehicles. For example, recharging stations could be set
up at parking lots, at best operated wirelessly using electric induction. This strategy is
represented by scenario 2. In the first sub-scenario 2a of scenario 2, only BEVs are promoted,
while in sub-scenario 2b both PHEVs and BEVs are supported.
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Scenario 3 with its two sub-scenarios is a combination of scenarios 1 and 2. In the first sub-scenario
3a of scenario 3, only BEVs are promoted via tax exemptions and incentives that improve their
convenience factor, while in sub-scenario 3b both PHEVs and BEVs are supported.
The scenarios and the underlying assumptions are summarized in Table 14.
Table 14: Delta values of the parameters for the evaluated scenarios

Base scenario

Scenario 1

Scenario 2

Scenario 3

1a

1b

2a

2b

3a

3b

-

- 0.1

-

-

-

- 0.1

PriceBEV

- 0.2

- 0.2

-

-

-0.2

- 0.2

ConveniencePHEV

-

-

-

+ 0.1

-

+ 0.1

ConvenienceBEV

-

-

+ 0.3

+ 0.3

+ 0.3

+ 0.3

PricePHEV

2.3.2.3

see Table 13

Results and discussion

Each scenario was simulated five times in order to mitigate the influence of random phenomena,. In
the following, the average results of the scenario analysis are subsequently presented for every
scenario.
Base scenario
The base scenario uses the values from Table 13 and serves as a reference for the three scenarios
characterized by the different degrees of subsidization (Table 14). The resulting market shares the
different drivetrain technologies gain among new car purchases and their consequential share of the
total vehicle population are shown in Figure 23.
From the start, PHEVs and BEVs have a small, but stable market share. This is due to the group of
‘green’ consumers who purchase PHEVs or BEVs once the mileage constraint is met. HEVs begin to
penetrate the market after slightly more than 8 years (t = 100). After 20 years (t = 240) HEVs have a
higher market share than conventional vehicles. At the end of the simulation, HEVs have a dominant
market position. The market penetration of PHEVs starts at about 11 years (t = 130). Their market
share rises steadily and reaches 30% by the end of the simulation. In contrast, BEVs have a nearly
constant market share with on average about 5-7% until the end of the simulation. It can be concluded
that without promotion, BEVs will remain a niche product and PHEVs are able to penetrate the vehicle
market without promotion, but will not be as successful as HEVs, which can be able to dominate the
market even without governmental subsidies. The model predicts that the market share of conventional
vehicles will decrease to less than 20% in approximately 20-25 years.
The overall vehicle population is a result of the evolution of the vehicles’ market shares over time. It
shows the same effects as the market share plot, but with some delay. However, the curves for the
respective vehicle population are more stable than those for the market share due to the fact that the
total vehicle population does not change rapidly but steadily over time, as the renewal of the total
vehicle stock takes time.
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Figure 2
23: Market sharres of the diffe
erent drivetrain
n technologies among new ca
ar purchases aand share of the
e vehicle
populati on in the base scenario

Scenario
o1
Scenario
o 1 investigattes the strate
egy of tax exxemptions to
o promote BE
EVs (sub-sceenario 1a) orr to foster
both BEV
Vs and PHEV
Vs (sub-scen
nario 1b) sim
multaneously..
Scenario
o 1a
The resu
ults of scena
ario 1a are sh
hown in Figu
ure 24. Tax exemptions
e
for
f BEVs havve a significant effect
on their market sharre, as it incrreases from 5% at the beginning
b
up
p to 9% afteer 30 years (t
( = 360).
Howeverr, the model still predicts
s a relativelyy small mark
ket penetratio
on of BEVs ccompared to
o all other
drivetrain
n technologies. The gain in market share of BE
EVs comes at the expeense of mark
ket share
losses fo
or both PHE
EVs and ICE
Es, compare d to the bas
se case. The point in tim
me when th
he market
penetratiion of the oth
her vehicle technologies accelerates approximate
ely stays thee same as in the base
scenario
o. Furthermorre, HEVs are
e nearly unafffected by the
e promotion of BEVs via tax exemptio
ons.

Figure 2
24: Market sharres of the diffe
erent drivetrain
n technologies among new ca
ar purchases aand share of the
e vehicle
ario 1a
popu lation in scena
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Scenario
o 1b
In scena
ario 1b, tax exemptions are granted
d for both PHEVs and BEVs.
B
The ssimulation re
esults are
shown in
n Figure 25. HEVs are now
n
almost completely suppressed by PHEVs, which gain a market
share off approximattely 70% at the end of the simulation (t = 360
0). This is m
more than a doubling
compare
ed to the basse scenario.. On the oth
her side, the purchase price
p
reductioon of BEVs does not
have a ssignificantly positive
p
effec
ct on their ma
arket share. In fact, BEVs even gain a lower marrket share
than in th
he base scenario, even though
t
they are subsidiz
zed. Obviously, consumeers favor the purchase
of PHEV
Vs over BEV
Vs when bo
oth options are eligible
e. This leads
s to a cannnibalization of BEVs.
Regardin
ng the point of time of an acceleratio
on of the difffusion proce
ess, PHEVs are starting about 50
months e
earlier to sub
bstantially pe
enetrate the m
market comp
pared to the base
b
scenaririo.
After 30 years, and comparable with the ba
ase scenario, convention
nal ICE vehiccles defend a market
share of about 10% which
w
can be explained by the group
p of ‘petrolhe
eads’ who unnwaveringly favor
f
ICE
vehicles.. This marke
et share development o
of ICE vehic
cles thus sta
ays about thhe same am
mong the
following
g scenarios.

Figure 2
25: Market sharres of the diffe
erent drivetrain
n technologies among new ca
ar purchases aand share of the
e vehicle
ario 1b
popu lation in scena

Scenario
o2
In scena
ario 2, the pricces remain the
t same as in the base scenario,
s
but the convennience param
meters are
improved
d for BEVs alone
a
(sub-sc
cenario 2a) o
or PHEV and BEV jointly (sub-scenariio 2b).
Scenario
o 2a
In scena
ario 2a, only the convenience of BEV
Vs is upgrad
ded and set to 0.5 ceterris paribus. BEVs
B
are
then able
e to achieve a market sh
hare of abou t 11%, while
e this boost starts
s
relativeely early, as shown in
Figure 26
6. Thus, at the end of the
e simulation (i.e. after 30
0 years at t = 360), the tootal BEV pop
pulation is
more tha
an twice as high
h
comparred to the ba
ase scenario (market sha
are of 7%). T
The additional market
share off BEVs come
es at the cos
st of HEVs, whose mark
ket share de
ecreases. Hoowever, the dominant
market p
position of HEVs
H
stays untouched
u
a
and is comparable to the
e base scennario. Compa
ared with
e seems to be
scenario
o 1a, the incre
ease in BEV convenience
b slightly mo
ore effectivee than tax exe
emptions,
regarding
g market sha
are. PHEVs and
a ICEs are
e unaffected by the highe
er BEV markket share.
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Figure 2
26: Market sharres of the diffe
erent drivetrain
n technologies among new ca
ar purchases aand share of the
e vehicle
ario 2a
popu lation in scena

o 2b
Scenario
In scena
ario 2b the co
onvenience of
o both BEV
Vs and PHEV
Vs is upgrade
ed. Even thoough the con
nvenience
of BEVs is not furthe
er improved, compared to
o scenario 2a
a, their market share is inncreasing (se
ee Figure
27). Thiss is due to th
he fact that th
he additiona
al convenienc
ce of PHEVs
s draws markket share fro
om HEVs.
Thus, ob
bviously, the replacemen
nt of HEVs b
by PHEVs as
s dominant vehicle
v
technnology has a positive
effect on
n the BEVs as
a well. The
e vehicle pop
pulation of PHEVs
P
almos
st doubles ccompared to the base
scenario
o. The domin
nant position of HEVs is resolved and their mark
ket penetratioon starts late
er than in
the base
e scenario. As
A mentione
ed above, th
he developm
ment of the ICE vehicle market sha
are is not
negatively affected and
a stays verry similar to tthe base sce
enario.

Figure 2
27: Market sharres of the diffe
erent drivetrain
n technologies among new ca
ar purchases aand share of the
e vehicle
ario 2b
popu lation in scena
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Scenario
o3
Scenario
o 3 is basically a combination of sce narios 1 and
d 2. In sub-scenario 3a, tthe purchase
e price of
BEVs is subsidized and
a simultan
neously their convenience
e is improved. In sub-sceenario 3b, bo
oth BEVs
and PHE
EVs benefit from
f
governm
mental incen
ntives and, hence, improv
vements in bboth vehicle attributes
(purchasse price and convenience
e).
Scenario
o 3a
In scena
ario 3a, BEVss end up with a market sshare that is three times higher than in the base scenario.
n though the
PHEVs a
are positivelyy influenced as well, even
eir parameterrs were not cchanged com
mpared to
the base
e scenario. The
T lower am
mount of HEV
Vs (due to the accelerate
ed diffusion oof BEVs) lead
ds to less
neighborrs with this ve
ehicle type and,
a
as a ressult, PHEVs are
a not dominated by HE
EVs through the
t social
factor. Th
he results arre also depicted in Figure
e 28.

Figure 2
28: Market sharres of the diffe
erent drivetrain
n technologies among new ca
ar purchases aand share of the
e vehicle
ario 3a
popu lation in scena

Scenario
o 3b
Even tho
ough in sce
enario 3b the price for BEVs is low
wered by 20% and at the same time
t
their
convenie
ence is more
e than double
ed, this doess not lead to a significanttly higher maarket share at
a the end
of the sim
mulation period (t = 360)) compared tto the base scenario
s
(see
e Figure 29).. The main reason for
this finding is the ma
arket domination by PHEV
Vs, which be
egins after approximatelyy 5 years (t = 60) and
mainly draws markett shares from
m HEVs.
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Figure 2
29: Market sharres of the diffe
erent drivetrain
n technologies among new ca
ar purchases aand share of the
e vehicle
ario 3b
popu lation in scena

To summ
marize the re
esults of the three
t
scenarrios, in Figure
e 30 and Figure 31 the m
market shares and the
overall sshares of the
e different driivetrain tech nologies in the
t entire vehicle populaation at the end
e of the
simulatio
on (t = 360) are comparred and disccussed in th
he following. As can be seen, when
n ignoring
scenario
os 3a and 3b from our co
onsiderationss for the time
e being, a tax
x exemption has the larg
gest effect
on the d
diffusion of PHEVs (sc
cenario 1b). However, in
i scenario 1b, the maarket share of BEVs
decrease
es at the sam
me time, as they are ca
annibalized by
b PHEVs. Furthermore,
F
in our simulation the
tax exem
mptions are paid over the entire tiime period, which sugg
gests the asssumption th
hat these
substanttial market sh
hares for PHEVs and BE
EVs are not easily
e
afforda
able by the goovernment in
n the long
run. Alte
ernatively, de
ecreasing ba
attery prices induced thro
ough governmental fund ing of basic research
could cause the same effect or att least parts of it at lowerr cost.

Figure 3
30: Average ma
arket shares off the different d
drivetrain technologies in the
e overall vehiccle population at
a t = 360
depe
ending on scenario

The difffusion proce
ess of BEVs, in contra
ast, is highly dependen
nt on an im
mprovementt of their
this might be
convenie
ence. Differe
ently to tax exemptions,
e
b realized at
a lower costts or, in othe
er words,
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without losing high amounts of tax revenu
ues. Howeve
er, some cos
stly investm
ments to build up the
infrastruccture for ele
ectrified vehic
cles would h
have to be made as we
ell by the goovernment, albeit
a
this
option w
would obviously be mo
ore sustaina
able, since spending on
o infrastruccture is a long-term
investme
ent, and tax exemptions for vehicless are not, as
s their lifetim
me is typicallly much sho
orter. The
governm
ment could further
f
impro
ove the con
nvenience of
o electrified vehicles thhrough non-monetary
incentive
es, such as special
s
parking lots for fu
ully electrified vehicles or the allowannce to use bus
b lanes,
both of w
which are rela
atively cost-e
efficient prom
motion strategies.
An intere
esting finding
g is that the cannibalizatio
c
on of markett shares of BEVs,
B
when P
PHEVs and BEVs are
simultaneously prom
moted moneta
arily (scenarrio 1b), while
e this is not the
t case if B
BEVs and PH
HEVs are
both sim
multaneously supported by an increa
ase in vehic
cle convenience (scenarrio 2b). The resulting
combined market share of both drivetrain
d
tecchnologies off 70% is con
nsiderable, w
while at the same time
this scen
nario is one of the chea
apest solutio
ons for gove
ernments to significantly increase th
he market
share of electrified ve
ehicles.

Figure 31: Ave
erage vehicle p
population at t = 360 depending on scenario
o

e best options to increase
e the markett share of PH
HEVs and B EVs, respec
ctively. As
Figure 32 shows the
can be sseen, the mo
ost effective strategy is to
o increase th
he market sh
hare of PHEV
Vs is to decrease the
purchase
e price (through governm
mental subsiidies) and to
o increase th
he conveniennce at the sa
ame time
(scenario
o 3b). This result
r
is certtainly not su
urprising. However, a price cut withoout an accom
mpanying
investme
ent in the im
mprovement of
o vehicle co
onvenience (infrastructur
(
re etc.) is neearly equally
y effective
(scenario
o 1b).
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Figure 32:: Average mark
ket share of PH
HEVs and BEVs
s at t = 360

The mosst effective strategy for BEVs
B
is also a simultaneous improve
ement of vehhicle convenience and
subsidiza
ation of the purchase
p
pric
ce, leaving a
all other drive
etrain technologies unsuppported (scenario 3a).
Neverthe
eless, increa
asing the con
nvenience a
alone is still a good and a more cosst-effective alternative
a
and, afte
er all, leads to a doubling of the ma rket share compared
c
to the base sccenario (scen
nario 2a).
The marrket share iss additionally
y increased w
when PHEV
Vs are promo
oted at the ssame time and
a in the
same wa
ay, i.e. via in
ncreasing co
onvenience ((scenario 2b). The simultaneous proomotion of PHEVs via
(addition
nal) tax exem
mptions has an
a opposite e
effect (scena
ario 1b, scena
ario 3b).
The forecasts for the
e future mark
ket shares off BEVs of this study com
mply with thee bandwidth of
o market
share prrojections tha
at can be fou
und in the litterature (see
e Figure 33). However, thhe predicted range of
possible market shares is ratherr wide in the
e different studies. One drawback
d
off our study is
s the fact
that onlyy two of the parameters that could affect future
e diffusion prrocesses of electrified drivetrains
d
were eva
aluated.

Figure 33: Different
D
forecasts for the marrket share of electric vehicles
s (based on Ecckstein, 2010)
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3 Conclusions and recommendations
PHEVs and BEVs offer the potential to reduce the ecological impact of traffic and the ecological impact
of the power sector at the same time. By feeding power back into the grid (V2G), the vehicle batteries
become active elements of the electricity grid and can facilitate the integration of renewable energies.
In our research, we tackled several open topics regarding potential hurdles and benefits of a widespread diffusion of AFVs in general, and PHEVs and BEVs in particular.
Battery lifetime and integration into low-voltage grids
On the one hand, V2G provides the possibility of decreasing the total cost of ownership (TCO) for
PHEV and BEV by, for example, lowering the electricity costs. On the other hand, the power-feedback
is commonly assumed to have a lifetime-decreasing effect on the vehicle batteries. In order to
investigate the effects of different charging algorithms on the battery operating conditions, a simulation
setup to model electric vehicles in a grid segment was introduced. Based on this, the resulting mobility
costs (electricity plus battery depreciation costs) and their compatibility with the distribution grid were
analyzed. The simulation model used real-world mileage data from mobility statistics and electricity
price data from the European Energy Exchange (EEX) in Leipzig for producing representative results.
Comprehensive cyclic (NCA and NMC batteries) and calendaric (NMC batteries) aging tests were
performed with lithium-ion battery cells. These tests showed an exponential relationship between cell
voltage (SOC) and lifetime. Considering the fact that high battery SOCs decrease battery lifetime,
different charging strategies were implemented: Uncontrolled charging as the reference case,
unidirectional price- and SOC-optimized charging as well as bidirectional energy trading with and
without SOC constraint.
A first grid simulation showed that price-sensitive charging strategies may lead to an increased grid
load due to the coincidence of charging operations. This could be solved, for example, by shifting the
price signals in time between different users. The battery simulation results show that by applying
intelligent charging algorithms, battery lifetime can be increased and charging costs can be reduced
simultaneously. The economic impact of longer battery lifetime is approximately two times higher than
the revenues that can be gained by energy trading. The results also show that it is difficult to reach the
intended battery lifetime of 10 years for vehicle applications without oversizing the battery. By applying
intelligent charging strategies, oversizing can be reduced or even omitted altogether This is due to the
fact that standstill times are dominating the battery operation and since, with uncontrolled charging, the
battery SOC is above 90 % during more than 80 % of the time. In order to reach the lifetime goals of
the vehicle batteries, it is therefore essential to implement intelligent charging strategies. Oversizing
the battery to limit the maximum SOC in order to reach the lifetime goals can be considered to be a
costly alternative, as either the electric driving range is decreased or the battery costs are increased.
The quick introduction of price-variable electricity tariffs with, for example, a 24-hour prediction of
hourly electricity prices and regulations for the power-feedback of electric vehicles would foster the
introduction of electric mobility: Intelligent charging algorithms would then be able to reduce mobility
costs by minimizing electricity consumption costs and decreasing battery depreciation at the same
time.
Business models and consumer needs
Two approaches were used to model and forecast the adoption and diffusion of AFVs in general and
PHEVs and BEVs in particular, depending on varied surrounding conditions.
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First, the potential demand for privately used AFVs was analyzed by using discrete choice data from a
nation-wide survey in Germany and applying both a standard MNL model and an MXL model
specification. By expanding earlier studies and additionally taking recharging time, driving range, and
governmental incentives as crucial vehicle features into account, and, furthermore, considering PHEVs
and their unique characteristics as a vehicle alternative, we find that attributes impact vehicle choice
either positively, as in the case of driving range, fuel availability, and governmental monetary and nonmonetary incentives, or negatively, as in the case of purchase price, fuel cost, CO2 emissions, and
recharging time. Furthermore, we find that German car buyers are currently very reluctant towards
adopting AFVs, especially electric and hydrogen vehicles, which could be a great barrier in terms of
their fast and successful diffusion and for achieving the very ambitious goal of the German government
to get 1 million electric cars on the road by 2020. However, our results also show that PHEVs are far
less likely to be rejected than fully electric vehicles and that not all consumers have equally
pronounced reservations against AFVs. In other words, especially younger, highly educated, and
environmentally conscious consumers, and to some extent also urban drivers of small cars with access
to a parking lot equipped with a socket, are more prone to buy new vehicle technologies in general and
plug-in cars in particular. Hence, marketing strategies could be tailored such that they target
specifically these consumer groups for effectively increasing the adoption rates (or sales figures) of
certain AFVs. On the contrary, and in light of the ongoing demographic change resulting in an aging
population, our results could also lead to the opposite conclusion that the most relevant target group
for policy-makers and car manufacturers should be middle-aged and elderly people, as they still have
strong reservations against electric vehicles, and thus could threaten the prospects for individual
electric mobility of private vehicle users and, consequently, the ambitious goal of the German
government to become a lead market. Therefore, information campaigns or the possibility to test
electric vehicles in the field could be especially customized for these consumer groups to reduce their
unfamiliarity with, and reservations against, electric mobility.
Additionally, we find that German car buyers are willing to pay considerable amounts for an
improvement of the most important vehicle features. However, notable differences in the WTP can be
observed, depending on the consumer group or the respective vehicle alternative. For instance, the
marginal WTP for the mitigation of CO2 emissions is more than twice as large for highly
environmentally aware (potential) adopters, compared with adopters with low environmental
consciousness. A similar doubling can be observed for the driving range of electric versus other
vehicles, and for a reduction in battery recharging time between PHEVs and full electric cars. This
finding indicates that a fast-charging option is not equally important for all plug-in vehicles, and thus
could be relevant for the recharging infrastructure investment strategy. Furthermore, households with
low stated purchase prices (< €20,000) are only willing to pay about half the amount that households
without this budget constraint are willing to expend for the improvement of vehicle features.
The scenario analysis revealed that conventional vehicles remain dominant in terms of market share,
and that hybrid and natural gas vehicles are the AFVs most likely to be chosen. As these propulsion
technologies are currently the most renowned and available AFVs, and as they also have the farthestdeveloped refueling infrastructure and do not suffer from short driving ranges or high purchase prices
surcharges, this finding is not too surprising. Strikingly, however, our results show that choice
probabilities of some AFVs, such as PHEVs and biofuel vehicles, could be increased in a relatively
cost-efficient way by granting vehicle tax exemptions, or by allowing the usage of bus lanes and
presenting possibilities for free parking. Thus, to promote AFVs, the German government should think
about the introduction of these incentives and not limit these measures to electric vehicles. Contrary to
that finding, fully electric and hydrogen vehicles only gain in demand if multiple policy measures are
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implemented or at least the subsidization of the vehicle purchase is substantial. Thus, financial
incentives as they are used in some European countries today, and also lobbied for by German car
manufacturers, are found to be insufficient to significantly increase adoption rates. Furthermore, our
results suggest that an expansion of the refueling/recharging infrastructure density or the acceleration
of the recharging process alone is not sufficient for increasing the diffusion of electric vehicles, but that
these two measures should rather be implemented jointly. Finally, and also very interestingly, our
findings indicate that an increase in the driving range of fully electric vehicles to 750 km, leaving all
other vehicle attributes unchanged, affects the adopters’ choice probability in the same way as would a
market based multiple policy intervention strategy, comprising a purchase price subsidy, a tax waiver,
bus lane usage, free parking, and a widespread fast-charging infrastructure. However, it should be
noted that without substantial purchase price or electricity price surcharges these two potential support
schemes are not economically viable today and in the near future. Thus, in order to reach the very
ambitious electric mobility goal of the German government, the government could increasingly focus
on and promote PHEVs (e.g. with subsidies and non-monetary incentives), as they are not burdened
by limited cruising ranges and thus could serve as a means to make car drivers familiar with electric
mobility, without putting them at risk of being stranded due to an empty battery.
Finally, an ABM was constructed to model and project the future diffusion of alternative drive systems
and to review the influence of various parameters on the potential diffusion pathways. We focused on
electrified drivetrains, namely HEVs, PHEVs and BEVs, which were described by five attributes
(purchase price, fuel consumption, convenience, performance and emissions). Furthermore, we took
four consumer groups (majority, conformists, greens, petrolheads), which differed in their socioeconomic characteristics, into account. In a scenario based analysis we assessed the impact of
governmental incentives on the diffusion process of the different vehicle technologies. Our results
suggest that tax exemptions and convenience improvements can indeed help to promote PHEVs and
BEVs. However, different levels of effectiveness among the different promotion strategies occur, which
have to be considered. The diffusion of electrified vehicles can be promoted by both price cuts and
improvements in convenience. However, a simultaneous promotion of both PHEVs and BEVs does not
necessarily lead to higher market shares of both drivetrain technologies.
Nevertheless, this study shows that governments are able to promote alternative drivetrains, if the
support focuses mainly on the improvement of vehicle convenience, e.g. through the (publicly or
privately funded) provision of a comprehensive recharging infrastructure. However, as already
mentioned, the cost effectiveness of such an infrastructure expansion cannot be assumed today.

4 Further steps, future developments and proposed actions
Battery-aging behavior is crucial for the economic efficiency of offering V2G services. The
consideration of battery aging costs in charging management algorithms can be an important step for
the commercialization of that technology. Another interesting field of research is the interaction of
several PHEVs with V2G-capable chargers in a distribution grid. Investigations of the grid stability and
the proper functioning of the management algorithms for a fleet of vehicles should be conducted. In
future work, battery-lifetime modeling could be refined by extending the tests to further lithium-ion cell
chemistries and improving the battery-aging model. Mobility statistics about the driving behavior for a
whole year instead of one week could improve the accuracy of the simulation results. Grid simulations
could be performed by applying Monte Carlo simulation methods to generalize some of the results.
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Furthermore, a charging algorithm which optimizes revenues from energy trading, balancing power
delivery and lifetime extending effects in the vehicle battery could be implemented.
Further research is also needed with regard to the types of potential adopters that are particularly
influenced by the vehicle attributes currently disfavoring PHEVs and BEVs, e.g. short driving ranges
and lengthy recharging processes, and their respective WTP for their improvement, to individually
customize incentive and subsidization schemes or marketing and sales programs. Furthermore, up to
now very few studies have investigated the causal interactions between decisions of consumers and
vehicle manufacturers and governmental policies. Still, these dynamics have a major influence on the
development path a new technology forges and should be studied in more depth. To reach a better
understanding about these manifold interactions, we plan to refine our ABM of the diffusion of AFVs,
e.g. by diminishing the simplifying assumptions regarding vehicle attribute weights, fixed consumer
groups, and the adoption decision process. Furthermore, as in reality a large uncertainty about the
characteristics of vehicles with alternative drivetrains exists, the inclusion of this uncertainty in the
model would lead to more accurate results. The communication among agents and information flows
through mass communication should be implemented as well in future research. Furthermore,
interesting approaches for a more realistic distribution and linkage of agents exist (e.g. combination of
population density and the so-called ‘small-world’ network).
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Mitgliederinformation der Energietechnischen Gesellschaft des VDE, January 2013

6.5

Short CV of scientists involved in the project

Dipl.-Volksw. André Hackbarth studied Economics at Heidelberg University. Since October 2007 he is
working as a research associate at the Institute for Future Energy Consumer Needs and Behavior
(FCN) at RWTH Aachen University. Currently, his research is on the adoption and diffusion of
alternative-fuel vehicles in Germany with a special focus on attitudinal and economic factors and their
impact on consumer decision making.
Dipl.-Ing. Benedikt Lunz studied electrical engineering at the University Erlangen-Nürnberg and at KTH
Stockholm with a focus on electricity supply and power electronics. Since September 2008 he is
working as research associate at the Institute for Power Generation and Storage Systems within the
E.ON Energy Research Center at RWTH Aachen University. His work is focused on electro mobility
with special respect to Plug-in Hybrid Electric Vehicles and their grid integration.
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Prof. Reinhard Madlener studied Commerce and Finance as well as Pedagogics at the Vienna
University of Economics and Business Administration (WU Wien) and then also Economics at the
Institute for Advanced Studies Vienna (IHS). He obtained his PhD at WU Wien in the Economics and
Social Sciences (Dr. rer. soc. oec.), specializing in General Economics, Environmental Economics, and
Statistics. Before taking up his position at RWTH Aachen University in June 2007, he was Managing
Director of the Institute for Advanced Studies Carinthia (1999-2000), Assistant Professor at the Centre
for Energy Policy and Economics (CEPE), ETH Zurich (2001-2007), Lecturer at the Faculty of
Economics, University of Zurich (since 2003), and Senior Researcher at the German Institute of
Economic Research / DIW Berlin (2007). Among others, he was Visiting Fellow at the University of
Illinois (Urbana-Champaign), the European University Institute (Florence, Italy), and the University of
Warwick (Coventry, UK). Prof. Madlener is one of five full professors of the E.ON Energy Research
Center (E.ON ERC), established at RWTH Aachen University end of 2006, Director of the Institute for
Future Energy Consumer Needs and Behavior (FCN) founded by him in June 2007, Research
Professor at the German Institute of Economic Research (DIW Berlin), and RWTH Director of JARAEnergy, and President of the Swiss Association for Energy Economics (SAEE). He has published
extensively in energy economics and related fields.
Prof. Dirk Uwe Sauer received his diploma in Physics in 1994 from University of Darmstadt. From
1992-2003 he worked as a research scientist and senior scientist at Fraunhofer Institute for Solar
Energy Systems ISE in Freiburg/Germany. In 2003 he received his Ph.D. at Ulm University on battery
modeling and system optimization. From 10/2003 to 09/2009 he was Juniorprofessor at RWTH Aachen
University for “Electrochemical Energy Conversion and Storage Systems” at the Institute for Power
Electronics and Electrical Drives (ISEA), later as well Institute for Power Generation and Storage
Systems (PGS, E.ON ERC). In 10/2009 he was appointed Professor at RWTH Aachen University for
“Electrochemical Energy Conversion and Storage Systems” at the Institute for Power Electronics and
Electrical Drives (ISEA) and Institute for Power Generation and Storage Systems (PGS, E.ON ERC).
Prof. Sauer was member of the VDE/ETG Task Force on Energy Storage Systems (2006-2009). In
2010, he became member of the German National Platform for E-Mobility (NPE).
Prof. Rik W. De Doncker received his Ph.D. degree in electrical engineering from the Katholieke
Universiteit Leuven, Belgium in 1986. In 1987, he was appointed a Visiting Associate Professor at the
University of Wisconsin, Madison, where he lectured and conducted research on field-oriented
controllers for high-performance induction motor drives. In 1988, he was a General Electric Company
Fellow in the microelectronic center, IMEC, Leuven, Belgium. In December 1988, he joined the
General Electric Company Corporate Research and Development Center, Schenectady, NY, where he
led research on drives and high-power soft-switching converters, ranging from 100 kW to 4 MW, for
aerospace, industrial, and traction applications. In 1994, he joined Silicon Power Corporation (formerly
GE-SPCO) as Vice President, Technology. He worked on high-power converter systems and MTO
devices and was responsible for the development and production of 15 kV medium-voltage transfer
switch. Since October 1996, he has been professor at RWTH Aachen University, Aachen, Germany,
where he leads the Institute for Power Electronics and Electrical Devices. He has published over 180
technical papers and is holder of 20 patents, with several pending. Prof. De Doncker was member of
the IEEE IAS Executive Board and is Past President of IEEE Power Electronics Society (PELS). He is
member of the EPE Executive Council. He was founding Chairman of the German IEEE IAS-PELS
Joint Chapter. Prof. De Doncker is also the recipient of the IAS Outstanding Achievement Award and
the PES Custom Power Award. In 2006 he was appointed Director of the E.ON Energy Research
Center. In 2010, he became member of the German National Platform for E-Mobility (NPE) and led the
VDE/ETG Task Force Study on E-Mobility.

75

6.6

Project timeline

Since three parts of the project could not be finished in time, the project and its final report were split
into two parts. The delay during the processing of the three work packages occurred due to the
following reasons:
Battery lifetime: The battery tests started in time but due to the good aging behavior of the cells
tested a reliable extrapolation cannot be made.
Simulation of PHEVs in the distribution grid: The simulation of mobile storage devices (PHEVs)
in the distribution grid within the software DigSilent Powerfactory was very complex. A co-simulation of
Powerfactory and MATLAB had to be used which increased the implementation effort significantly.
Consumer preferences: The design and the implementation of our discrete-choice experiment
was very complex, since more variables were considered than in comparable studies. Additionally, the
modeling of future diffusion paths of AFVs was an extensive task as well.
Moreover, as one of the goals of the project was to build up knowledge and skills, we applied some
of the models and methodologies for the first time, which prolonged the finalization of the project

6.7

Activities within the scope of the project

Presentations at workshops and conferences:
Ernst, C.-S., Hackbarth, A., Lunz, B., Madlener, R., Sauer, D. U.,
Economic Analysis for Plug-in Hybrid Electric Vehicles in Germany,
2nd Technical Conference "Advanced Battery Technologies for Automobiles and Their Electric Power
Grid Integration", February 2010, Mainz, Germany
Hackbarth, A., Madlener, R.,
Consumer Preferences for Alternative Fuel Vehicles: A Discrete Choice Analysis
12th IAEE European Conference, September 2012, Venice, Italy
Lunz, B.,
Evolution of Batteries and Charging Concepts
Seminar Clean Mobility, Limburg Catholic University College, December 2008, Diepenbeek, Belgium
Lunz, B.
Elektrofahrzeuge: Speicherkraftwerke auf Rädern
Smart Grids - Eine Herausforderung für die Energieversorger und Netzbetreiber, March 2009, Mainz
Lunz, B., De Doncker, R. W., Sauer, D. U.,
Electric Vehicle Charging Concepts - User and Battery Aspects
Energy Delta Convention, EDC 2009, November 2009, Groningen, Netherlands
Lunz, B., Sauer, D. U.,
Ergebnisse der VDE-Speicherstudie
FVEE-Workshop "Elektrochemische Energiespeicher und Elektromobilität", January 2010, Ulm
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Lunz, B., Sauer, D. U.,
Technologie und Auslegung von Batteriesystemen für die Elektromobilität
Solar Mobility, February 2010, Berlin
Lunz, B., Sauer, D. U.,
e-mobility und erneuerbare Energien - eine win-win-Situation
Anwenderforum MobiliTec, MobiliTec2010, April 2010, Hannover
Lunz, B., Sauer, D. U.,
Energy Storage Systems for Electric Vehicles
Electrical Energy Storage Workshop, June 2012, Mondragón University, Mondragón, Spain
Madlener, R., Mazur, C.,
Assessing the Power Sector-related Environmental and Cost Impacts of Plug-in Hybrid Electric
Vehicles in Germany
33rd IAEE International Conference, June 2010, Rio de Janeiro, Brasil
Madlener, R., Mazur, C.,
Assessing the Power Sector-related Environmental and Cost Impacts of Plug-in Hybrid Electric
Vehicles in Germany
24th European Conference on Operational Research (EURO), July 2010, Lisbon, Portugal
Mazur, C., Madlener, R.,
Assessing the Power Sector-related Environmental and Cost Impacts of Plug-in Hybrid Electric
Vehicles in Germany
3rd International Workshop on “Empirical Methods in Energy Economics” (EMEE), June 2010,
Guildford, UK
Schürmann, G., Madlener, R., Hackbarth, A.,
Plug-in Hybridfahrzeuge: Marktentwicklung, Marktchancen und ökonomisch interessante
Fragestellungen
6th International Conference in Energy Economics (IEWT), February 2009, Vienna, Austria
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