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a b s t r a c t

We formulate and elicit Bayesian Belief Networks (BBNs) for assessing possible characteristics of the
2030 German new passenger car fleet, including market shares of different vehicle types, CO2 emissions,
user costs, and CO2 abatement costs for internal combustion engine vehicles including hybrid electric
vehicles (ICE); plug-in hybrid electric vehicles (PHEV); and battery electric vehicles (BEV). Seven tech-
nology and environmental experts from the German Original Equipment Manufacturers (OEM) sector
were elicited for key relationships and conditional probability values in the model, yielding seven dis-
tinct BBNs able to predict how different future technology, economic and policy scenarios will influence
model projections. The 2030 scenarios include differing amounts of technological advancement in bat-
tery development, regulation, and fuel and electricity greenhouse gas intensities. Across the expert
models, 2030 baseline fleet greenhouse gas emissions are predicted to be at 50–65% of 2008 new fleet
emissions. They can be further reduced to 40–50% of the emissions of the 2008 new fleet through a
combination of a higher share of renewables in the electricity mix, a larger share of biofuels in the fuel
mix, and a stricter regulation of car CO2 emissions in the European Union. The experts' BBNs predict that
the 2030 ICE will have lower user costs per kilometer than PHEV or BEV for most scenarios, and that ICE
will remain the dominant vehicle type in the 2030 German new fleet. According to all of the experts'
BBNs, CO2 abatement costs are negative for the 2030 ICE in all scenarios, but can be positive or negative
for PHEV and BEV, depending on the expert model and scenario assumed. Critical areas where expert
models agree and differ serve to highlight where reductions in uncertainty regarding future technology,
economic, environmental and regulatory relationships are most needed to improve our ability to predict
and anticipate future vehicle fleet composition and vehicle performance.

& 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Due to rising concerns about vehicle emissions and climate
change, as well as energy security, options for future mobility are
currently much debated. Road transport currently accounts for
around a fifth of total EU emissions (European Environment
Agency, 2014). The European Commission White Paper on
7, 21027 Ispra (Va), Italy.
use),
-potsdam.de (A. Haas),

work was performed. The
arch Center, Via Enrico Fermi

nt affiliation is: Institute for
67 Potsdam, Germany.
t affiliation is: Beijing Normal
cesses and Resource Ecology,
Transport has set the targets of a 60% reduction of transport car-
bon emissions by 2050 versus 1990 levels and the phase-out of
conventionally fuelled vehicles in cities by 2050 (European Com-
mission, 2011).

There is major uncertainty on many important aspects shaping
the future of mobility, including technology development, (inter-
national) regulatory forcing, consumer preferences, and resource
prices. The present analysis projects possible scenarios for the
development of the German new car fleet until 2030, focusing on
CO2 emissions and user costs of different vehicle types (internal
combustion engine, plug-in hybrid and battery electric vehicles),
their market shares, and CO2 abatement costs.

Many recent scenario studies, e.g. Pasaoglu et al. (2012),
Kampman et al. (2011), European Climate Foundation (2016),
Amsterdam Roundtable Foundation and McKinsey (2014), Shell
(2014) have analyzed different powertrain market penetration
scenarios, i.e, projections where market shares are aligned with a
bandwidth of corresponding assumptions on policy ambition,
technological, economic and infrastructure development. Insights
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into the link between market and policy conditions and market
penetration shares for alternative powertrains can be derived, e.g.,
from comparative cost studies and cost-benefit analysis (e.g., Ito
and Managi, 2015; Simmons et al., 2015; Bishop et al., 2014; Mi-
tropoulos and Prevedouros, 2015; Tseng et al., 2013), or from
system dynamics approaches, where different agents or sectors
and their behavior or preferences can be modeled (e.g., Pasaoglu
et al., 2016; Shafiei et al., 2015).

The present approach takes a novel perspective by focussing
explicitly on the role expert assessment can play under un-
certainty. Expert-based Bayesian Belief Networks (BBNs) are used
to combine the elicitation of expert assessments with scenario
analysis for key drivers. Each BBN depicts the assessment of an
individual expert and can be used to derive the sensitivity of fu-
ture development to key input variables such as policy, techno-
logical development or prices. It thus complements previous sce-
nario studies by parameterizing multiple BBNs to capture the
judgments of different experts, and by applying their models to
assess future technology scenarios, their principal drivers, and
their economic and environmental implications.
4 Reports available at http://www.epos-research.de/en/publications/.
2. Methods

2.1. Bayesian belief network methodology

A BBN is a form of influence diagram in which events are re-
presented by nodes. Causal influence is indicated by directed ar-
rows from upstream (or ‘parent’) nodes to downstream (‘child’)
nodes. Influence is propagated downstream through a conditional
probability table that specifies the probability that, for each of the
possible combinations of the parent node states, a child node is in
each of its possible states. Top nodes (with no parents) are spe-
cified by their prior, unconditional probabilities for each state.

Parameterization of a BBN involves the estimation of the ap-
propriate prior or conditional probabilities for each state in each
node. A number of approaches can be taken to obtain these esti-
mates, depending on the problem context and the data and
models available to determine the relationships between nodes. If
mechanistic or statistical models are available, the uncertainty in
these models can be used to characterize and sample the parent-
child probabilities. So, for example, a statistical consumer choice
model could be developed to predict the probability that con-
sumers purchase alternative vehicle types (e.g., ICE, PHEV, or BEV).
Similarly, mechanistic vehicle performance models with uncertain
parameters could be used to predict the probability of different
fuel efficiency values and emission rates for each vehicle type.
Examples of BBN parameterization using this type of approach are
found in Borsuk et al. (2004), Barton et al. (2008), Hossain and
Muromachi (2012), Xu et al. (2010), and Yang et al. (2012).

Often however, predictive models of this type are unavailable,
either due to a lack of fundamental theory and understanding
about important processes or a lack of sufficient data for model
fitting. This is especially true for models that attempt to predict
state outcomes for complex systems involving a mix of physical,
behavioral, and social processes in the intermediate or distant
future (such as future economic, energy, climate, and adaptation
outcomes). For these cases formal methods of expert elicitation
have been developed (Cooke, 1991; Morgan et al., 1992; Morgan,
2009; Morgan, 2014; O'Hagan et al., 2006; Martini and Boumans,
2014), and BBNs that have appeared in the literature have most
often been parameterized using this method (Stiber et al., 1999;
Stiber et al., 2004; Trucco et al., 2008; Richards et al., 2013; Ca-
tenacci and Giupponi, 2013; Cárdenas et al., 2013). Given the
complexity of the vehicle design, performance, regulation, and
market emergence processes addressed in our study, with
projections sought to the year 2030, we utilize such a formal,
rigorous, multi-expert elicitation method to parameterize our BBN,
and to explore how expert uncertainty and differences across ex-
perts affect model predictions.

Once the BBN is parameterized by specification of its prior and
conditional probability tables, the prior probabilities are propa-
gated to determine all probabilities associated with the prior state
of the network. Following this, new evidence (observed or as-
sumed for ‘what if’ analysis) may be entered into the network by
specifying: (i) the occurrence of particular states for selected
events; (ii) outcomes for which the relative likelihood is known
given alternative event states; (iii) downstream state probabilities
to which the network is calibrated; or (iv) the occurrence of ob-
served or elicited cases (each specifying the states of all or some of
the nodes). For any network beyond a few nodes, propagating the
updated event probabilities across the full network given these
different types of evidence is computationally infeasible using
standard spreadsheet or programming methods. However, various
software packages are now available for building and im-
plementing BBNs (e.g., Hugin, http://www.hugin.com/; Bayesia-
Lab, http://www.bayesia.com/; Agena, http://www.agenarisk.com/
, Genie/SMILE, https://dslpitt.org/genie/) and we utilize one such
program in this study (Netica, https://www.norsys.com/netica.
html).

2.2. The structure of the expert-based BBN

The BBN structure, shown in Fig. 1, was derived based on a
series of expert consultations and structured interviews and
elicitations.4

Interview results motivated the choice of the following three
groups of technologies represented within the BBN:

1. Internal combustion engine vehicles (ICE), which includes all
vehicles running on energy from conventional fossil fuels, ex-
clusively. In this definition, ICE include hybrid vehicles from
mild to full hybrids, as they do not use any original energy
sources except conventional fuel (electric propulsion relies on
energy generated from fuel on-board, only).

2. Plug-in hybrid electric vehicles (PHEV), i.e., cars which can
consume both conventional fuel and electric energy from the
grid, stored in a battery.

3. Battery electric vehicles (BEV), running only on electricity
charged into their batteries via plug.

The BBN consists of 46 nodes altogether, the colors of which
relate to their contents and the way their states are determined
within the BBN. There are:

� 4 (red) nodes to specify policy scenarios for future emission
limits (for ICE vehicles and PHEV), electricity price and con-
sumer incentives,

� 9 (blue) nodes containing scenario parameters and distributions
regarding technological development, prices, and CO2 in-
tensities of fuels,

� 12 (yellow) nodes for vehicle performance and cost parameters
that are conditioned on scenario assumptions. Conditional
probability tables (CPTs) for these nodes were elicited from the
seven participating experts (resulting in seven separate BBN
models), and

� 21 (grey) output nodes computing vehicle fleet composition,
costs and emissions.

http://www.hugin.com/
http://www.bayesia.com/
http://www.agenarisk.com/
https://dslpitt.org/genie/
https://www.norsys.com/netica.html
https://www.norsys.com/netica.html
http://www.epos-research.de/en/publications/
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Fig. 1. The Structure of the BBN for future automotive technologies, relative cost, market share and CO2 emissions; Red nodes: Policy scenarios, Blue nodes: Technology, price
and CO2 intensity scenarios, Yellow nodes: CPTs elicited from the experts, Grey nodes: Computed. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.).

J. Krause et al. / Transport Policy 52 (2016) 197–208 199
In the graphical model, the variables relating to the three
groups of technologies are roughly placed in three columns with
ICE on the left handside, PHEV in the middle, and BEV on the right
handside. In Fig. 1, variables relating to the three technology
blocks are marked by three vertically framed areas.

ICE were chosen because they are today's standard passenger
vehicles and techniques for improving their efficiency are under
way. PHEV and BEV were added because they are the currently
most debated and disputed technologies for possibly very high
CO2 emission reductions. In the first interview series, their pro-
spects both in regard to emissions and marketability remained
unclear, so that it seemed worthwhile to quantify experts' as-
sessments of those technologies. A catch-all variable (‘others’) was
included in the BBN to leave room for experts to consider tech-
nologies not explicitly modeled.

In Fig. 1, sets of variables relating to different steps are marked
by the five horizontally framed areas. These five steps are de-
termining battery parameters, fuel and energy consumption for
each vehicle type, vehicle overall costs (purchase and variable
costs), sales shares of vehicle types, and finally vehicle type and
overall fleet CO2 emissions.5
5 This chronological step-by-step logic is used here because it facilitates the
understanding of the BBN structure. Still, BBN allow for both forward and backward
induction. Evidence can be entered at any node, e.g., when entering a value for
2030 German new car fleet CO2 emissions, the network will find the most likely
combination of states of the other nodes given this value.
2.3. Parameterizing the BBN

The conditional dependencies for the twelve central variables
within the BBN (yellow nodes in Fig. 1) – battery energy, fuel and
electricity consumption, relative costs (i.e., vehicle prices at sale),
and market shares for each of the vehicle types – were elicited
from experts. Detailed elicitations were conducted with seven
highly-ranked R&D or environmental specialists of German Auto-
motive Original Equipment Manufacturers (OEM), each of whom
specified an own BBN. As the assessment of possible technology
pathways until 2030 is at the heart of the present investigation,
the choice of experts followed the aim of interviewing one high-
ranked R&D expert from each OEM producing cars in Germany.6

Where possible, we directly contacted the research branches or
specialized research centers of the respective OEM. We won four
R&D experts for an interview and in two more cases we were re-
ferred to top-level environmental officers. In one case, we inter-
viewed a technology communication officer. One of the OEM
contacted was unwilling to participate and one declared to be
unable to respond to the elicitation request within a useful time-
frame. The names and positions of experts cannot be disclosed, as
most experts preferred anonymity. In sum, seven experts from six
6 This includes the companies Audi, BMW, Daimler, Ford Europe, Opel/GM
Europe, Porsche, and Volks- wagen. Although not producing cars in Germany, we
included Toyota because of their special and possibly deviant position in regard to
hybridization/electrification of cars and because they have a major representation
in Germany.
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different OEM took part in the study. This set of experts is not
statistically representative. Thus, the present results will be taken
to stand for themselves, as the revealed assessments of seven
knowledgeable experts, and no attempt will be made at inferring
the possible predictions of larger entities from these. As all experts
in our sample were representatives of car OEMs in Germany, it is
likely that their assessments are influenced by the experts'
working context, including company interests and policies as well
as ‘institutional assumptions' held within the OEM. With the
present choice of experts, such effects could not be avoided, as it
was intended to grasp the expectations held by individual experts
within German OEMs.

As the experts were specialized on vehicle development, and as
they were available for a limited time only, they were asked for
future key vehicle characteristics only, but not for their assess-
ments of other key variables (e.g., battery development or prices).
Elicitation was done in face-to-face interviews of roughly one hour
per expert, during which experts were asked to specify conditional
probabilities within the given BBN, following a detailed interview
guideline. Expert assessments were directly entered into the net-
works, and key results were fed back to the experts at the end of
the interviews for evaluation.

For specifying battery parameters, conditional probabilities for
battery energy installed in PHEV and BEV were elicited from ex-
perts (i.e., conditional probability tables (CPT) were parameterized
by the experts). Battery energy is modeled as conditional on bat-
tery development, representing the finding from the first inter-
view series that technological development is important for BEV
(and PHEV) to become established, but uncertain. In the BBN, two
scenarios are proposed for battery energy density and battery
costs in 2030, respectively. The values were given to the experts as
inputs.

To illustrate the methodology for eliciting and inputting each
expert's judgment regarding the relationships between battery
cost, battery energy density (the two parent nodes) and battery
energy installed for PHEV and BEV (the respective child nodes),
Fig. 2. Conditional Probabilities for PHEV battery energy elicited from Expert 2 (a)
Fig. 2 shows conditional probability tables elicited for PHEV bat-
tery energy (Fig. 2(a) and (b) for Expert 2 and 3, respectively) and
BEV battery energy (Fig. 2(c) and (d) for Expert 2 and 3, respec-
tively). The left handside columns give the possible combinations
of parent node states, while the right handside columns of the
tables have been filled in by the experts and contain the condi-
tional probabilities (in %) they assigned to the child node, i.e.,
battery capacity, being in the respective states, given the parent
node configuration.

As can be seen, Expert 2 believes that future battery cost is
more important when predicting future battery energy installed
than is future battery energy density. This is indicated by a 5–10%
point shift of probabilities from the lowest to the medium battery
energy category for higher (2 kWh/kg) compared to lower
(1.2 kWh/kg) battery energy density, whereas the respective shift
related to higher versus lower battery costs is 20–25% points.
Moreover, the probability of battery energy taking the highest
state does not change for the battery energy density scenarios, but
differs slightly (5% points of difference) between the battery cost
scenarios. For Expert 3, in contrast, the difference is of the same
magnitude (10% points) for scenario variations in both parent
nodes. The experts have chosen different ranges and discretiza-
tions for battery energy density within their CPT, with Expert
3 considering higher PHEV battery energy than Expert 2.

With regard to BEV battery energy, Expert 2 provides a similar
assessment as for PHEV, suggesting that battery energy density
development will play a minor role compared to cost develop-
ment. His probability distribution over battery energy states does
not change at all for improved battery density within the low
battery cost scenario. For Expert 3, BEV battery capacity shifts
strongly towards higher values for lower battery costs as well, but
also reacts to energy density changes within each cost scenario,
and actually reacts more strongly to these within the lower cost
scenario than in the higher one, in contrast to Expert 2's
assessment.

Such elicited probability tables form the basis for each expert's
and Expert 3 (b), as well as for BEV battery energy for Expert 2 (c) and 3 (d).
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prediction of how the future vehicle fleet will respond to alter-
native policy and cost scenarios, based on their completed BBN.
Brief descriptions of the key conditional probability relationships
that were elicited from each expert are now provided, followed by
a specification of the scenarios used to generate 2030 fleet com-
position and performance characteristics from their resulting BBN
models.

Similar to battery capacity, fuel and energy consumption for each
vehicle type was elicited from the experts, with ICE consuming
only conventional fuel, BEV only electricity from the grid, and
PHEV both. The fuel and energy consumptions are dependent on
the policy scenario, as reflected in each expert's conditional
probability tables relating the policy and fuel/energy use variables.
In particular, based on a finding of the first series of interviews,
regulation is assumed to be important to bring down ICE fuel
consumption. Thus, there are policy regulation nodes, more pre-
cisely, nodes offering different states for a 2020 passenger car CO2

emission limit issued by the European Union, as parents of the ICE
and PHEV fuel consumption nodes. For the PHEV and BEV energy
Table 1
Model variable description.

Node name Var. type Variable values

Battery parameters:
Battery energy density 2030 Scenario 0.12; 0.2
Battery costs 2030 Scenario 200; 600
PHEV battery energy Elicitation 6–10; 10–15; 15–20
BEV battery energy Elicitation 10–20; 20–40; 40–6
PHEV battery weight Computed
BEV battery weight Computed

Vehicle fuel and energy consumption:
ICE emission limit 2020 Scenario None; 115; 95
PHEV emission limit 2020 Scenario None; 115
ICE fuel consumption 2030 Elicitation 1–3.5; 3.5–4; 4–5; 5
PHEV fuel consumption 2030 Elicitation 3–4; 4–5; 5–8
PHEV energy consumption 2030 Elicitation 10–15; 15–25; 25–40
BEV energy consumption 2030 Elicitation 10–15; 15–25; 25–40

Purchase and variable costs:
ICE 2030 cost increment Elicitation �1000 to 0; 0–1000
PHEV 2030 cost increment Elicitation �1000 to 0; 0–1000
BEV 2030 cost increment Elicitation �5000 to �3000;
Daily driving distance Distribution 3–212
PHEV electric range Computed
PHEV electric driving share Computed
BEV range Computed
Fuel price Distribution, Scenario 0.8–2
Electricity price Distribution, Scenario 0.12–0.25
ICE fuel costs Computed
PHEV variable costs Computed
BEV variable costs Computed
PHEV battery costs Computed
BEV battery costs Computed
PHEV annual cost difference to ICE Computed
BEV annual cost difference to ICE Computed

Vehicle type market shares:
PHEV sales/100 ICE sales Elicitation 0–10; 10–70; 70–130
BEV sales/100 ICE sales Elicitation 0; 0–5; 5–10; 10–30
Other sales/100 ICE sales Elicitation 0–5; 5–10; 10–30
ICE sales share 2030 Computed
PHEV sales share 2030 Computed
BEV sales share 2030 Computed
Other sales share 2030 Computed

Vehicle type and fleet CO2 emissions:
TTW CO2 intensity of fuel Scenario 2000; 2500; 2600
WTW CO2 intensity of fuel Scenario 2600; 2900; 3100
CO2 intensity of electric energy Scenario 300; 625; 950
ICE CO2 emissions Computed
PHEV CO2 emissions Computed
BEV CO2 emissions Computed
2030 new car fleet CO2 Emissions Computed
consumption CPT, battery weight is assumed to be the only parent
(influencing) node. Battery weight, in turn, is calculated from
battery energy and battery energy density determined in the
previous step.

CPT for incremental costs for each vehicle type as compared to
the costs of today's ICE are elicited (for PHEV and BEV, these costs
exclude the battery). For ICE and PHEV, these nodes are modeled
conditional on 2030 fuel consumption levels reached by the ve-
hicles, representing the finding that reducing fuel consumption
was considered costly by most experts in the first interview series.
For BEV, the cost increment is unconditional. Then, a number of
calculative and parameter nodes are introduced which allow
computation of annual cost differences for PHEV and BEV com-
pared with ICE. Purchase cost differences of the different vehicle
types are evaluated and distributed over an a expected useful
vehicle life of 12 years, and estimated annual variable costs are
added. The values derived for PHEV and BEV annual cost differ-
ences relative to ICE are then used as inputs for the experts' esti-
mation of their 2030 sales shares. Experts were asked to give sales
Unit

kWh/kg
€/kWh
kWh

0 kWh
kg
kg

gCO2/km TTW or WTW
gCO2/km TTW

–8 l/100 km
l/100 km
kWh/100 km
kWh/100 km

; 1000–3000; 3000–5000 €2008
; 1000–3000; 3000–5000 €2008
�3000 to �1000; �1000 to 0; 0–1000; 1000–3000 €2008

km/day
km
%
km
€/l
€/kWh
€/100 km
€/100 km
€/100 km
€
€
€/Year
€/Year

; 130–200 PHEV/100 ICE
; 30–100 BEV/100 ICE

Other Cars/100 ICE
%
%
%
%

gCO2/l
gCO2/l
gCO2/kWh
gCO2/km
gCO2/km
gCO2/km
gCO2/km



Table 2
Ten BBN scenarios.

BASE REN BAT Cpol EV1 EV2 FP BF RB RBC

ICE CO2 limit (g/km) 115a 115a 115a 95b 115a 115a 115a 115a 115a 95b

PHEV CO2 limit (g/km) 115c 115c 115c 115c 115c 115c 115c 115c 115c 115c

EV purchase incentive (€2008/car) None None None None 5000 None None None None None
Battery energy density (kWh/kg) 0.12 0.12 0.2 0.12 0.12 0.12 0.12 0.12 0.12 0.12
Battery costs (€2008/kWh) 600 600 200 600 600 600 600 600 600 600
Fuel price (€2008/l) 1.30–1.55 1.30–1.55 1.30–1.55 1.30–1.55 1.30–1.55- 1.30–1.55 1.75–2.00 1.30–1.55 1.30–1.55 1.30–1.55
Electricity price (€ct 2008/kWh) 18.5–20 18.5–20 18.5–20 18.5–20 18.5–20 12 18.5–20 18.5–20 18.5–20 18.5–20
CO2-intensity of energy (gCO2/kWh) 625 300 625 625 625 625 625 625 300 300

WTW CO2-intensity of fuel (gCO2/l) 2900 2900 2900 2900 2900 2900 2900 2600 2600 2600

Variables that differ from the BASE case are shown in bold.
a Tank-to-Wheel (TTW); 105 TTW for expert 5, who changed the suggested scenario according to his expectations.
b Well-to-Wheel (WTW); 95 TTW for expert 5, who changed the suggested scenario according to his expectations.
c Tank-to-Wheel (TTW).
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shares for PHEV, BEV, and other vehicles as a percentage of ICE
sales in 2030.

The remaining nodes are used to determine CO2 emissions. No
more expert inputs are needed in this section. Introducing a
number of scenarios for 2030 fuel and electricity CO2 content,
probability distributions for CO2 emissions can be determined by
these calculated nodes. CO2 intensities are used to first determine
the specific CO2 emissions of each vehicle type, and then vehicle
type emissions are weighed by sales shares to determine the
predicted 2030 German new car fleet average CO2 emissions.

In Table 1, the variables used in the model are listed, and their
respective type (Elicitation, Scenario, Distribution, or Computed
node) is specified along with their possible states and units. The
equations for all calculative nodes are given in the Appendix,
Section S1. A more-detailed description of the BBN and the sce-
nario analysis can be found in Krause (2011).

2.4. Scenario definition

The BBNs have been run for different hypothetical 2030 sce-
narios in order to conduct ‘what-if…’ analyses. Technically, sce-
nario analysis has been carried out by instantiating different nodes
in the BBNs and updating the models to that state of ‘knowledge’.
The information is propagated throughout the network, and the
states of all nodes are updated, linking the scenario input with the
elicited and calculated nodes.

As a starting point for scenario analysis, the following baseline
(BASE) scenario for 2030 has been defined (for the quantitative
values of variables in all scenarios, see Table 2):

� Regarding European car CO2 emission regulation, it is assumed
that a 2020 regulation tightening current standards will be is-
sued, but that the agreed limit will be interpreted in a relatively
weak way. The regulation extends to emissions from ICE as well
as to emissions from PHEV in a combustion engine mode.7

� Battery development will result in a modest decrease of battery
prices from today's level and in energy densities at the upper
7 After the elicitation was finished, the 2020 EU car CO2 emission limit and its
modalities have been specified. EU Regulation No 333/2014 of April 5, 2014 (see
http://eur-lex.europa.eu/legal-content/EN/TXT/? uri¼uriserv: OJ.
L_.2014.103.01.0015.01. ENG) sets a new fleet emission limit of 95 gCO2/km TTW as
of 2021, with a phase-in from 2020. Emission credits of up to 7 gCO2/km can be
granted for so-called eco-innovations. Thus, the new 2020 limit is in-between the
baseline assumption of no further regulation and the stronger regulations within
the Cpol (and RBC) scenario analyzed here. It can be assumed to have similar but
less strong effects than described for these scenarios. As even the stronger policy
regulation assumptions within the Cpol scenario result in emissions little below
baseline values, the analysis indicates that the new EU regulation alone will result
roughly in baseline 2030 emissions.
limit of today's best batteries.
� The fuel price will be in the range of 2008 fuel prices, and the

electricity price range will be slightly below 2008 prices.
� CO2 intensities of the fuel mix and of the electric energy mix are

assumed to be as in 2008.
� There are no incentives fostering the purchase of PHEV or BEV.

The baseline scenario parameters are assumed to stick closely
to verified past levels in order to obtain clear-cut results on the
effects of changes in different scenario parameters. For example,
the baseline scenario assumes that the 2030 German power plant
mix causes the same emissions as the one of 2005: 625 gCO2equ/
kWh (Öko-Institut, 2007). The corresponding share of renewables
in 2005 was 10.3%. Although the share of renewables has already
increased, similar electricity CO2 intensities can also be reached
with higher renewable shares, e.g., when combined with high
shares of lignite or coal.8

By varying different parameters, seven basic scenarios are de-
rived from the BASE scenario (for quantitative values, see Table 2):

� The renewables (REN) scenario assumes that in 2030, con-
siderably more renewable energy is used for electricity gen-
eration than today, lowering the carbon intensity of electricity.

� The battery development (BAT) scenario implies that batteries
make good progress until 2030, both in regard to improved
energy density and in regard to lowered costs.

� The CO2 policy (Cpol) scenario is used to examine the case that
the EU regulation of 2020 vehicle fleet CO2 emissions is stricter
than in the BASE case. The tightening of regulation applies to
ICE emissions, but not PHEV emissions.

� The EV1 scenario examines the effects of consumer incentives
for buying PHEV and BEV in the form of a subsidy offered by the
government for the purchase of new PHEV or BEV.

� EV2 assumes that as a purchase incentive for PHEV and BEV, the
price for electric energy used for vehicle propulsion is fixed at a
relatively low level.

� The fuel price (FP) scenario proposes a relatively high fuel price
in 2030.

� The biofuel (BF) scenario analyzes the effect of the introduction
of relatively large shares of biofuels into the 2030 fuel mix.

Two further scenarios have been created which combine the
elements that led to the most important fleet CO2 emission re-
ductions, i.e., there is a scenario combining renewables and
8 In 2011, German power generation emissions were 558 gCO2equ/kWh. Provi-
sional 2012 and 2013 values were slightly higher at 562 and 559 gCO2equ/kWh, and
2010 RES share was 16.6% (German Federal Environmental Agency, 2014).
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biofuels (RB), and one which adds a stricter EU CO2 policy on top of
these two elements (RBC). This was done in order to see how low
emissions could get in a case where several measures are com-
bined. Table 2 summarizes these ten scenarios and specifies
parameter values for the parent variables.

Finally, a low CO2 (LowC) case was generated (not displayed in
Table 2), which uses the ability of the BBNs to perform inference in
a ‘bottom up’ manner. Due to the symmetry of Bayes' Rule, BBNs
have the unique ability to draw inferences from information en-
tered anywhere in the network. Making use of this property, for
each BBN, the lowest possible fleet CO2 emissions were entered as
a finding in the bottom node of the BBN, with no other node in-
stantiated (no further findings entered). This was done in order to
see what is the most probable way to get to the lowest possible
emissions within each BBN. The lowest possible level varies across
the different expert BBNs.

For some scenarios to be realized, especially for REN and BF,
major changes need to occur outside the OEM sector. Major in-
vestments need to be made in the energy sector or in biofuel
production and distribution, and electricity or fuel price effects are
likely to occur which are not represented within the present BBNs
in order to keep complexity to a manageable level. Thus, the REN
and BF scenarios reflect relative vehicle-side cost changes between
the three vehicle types, and can be seen as complementary to an
energy-sector analysis. Similarly, all scenario results focus on ve-
hicle-side effects and do not include repercussions with other
sectors or the economy as a whole.
Table 3
Expert model predictions of 2030 WTW new car fleet CO2 emissions under the
baseline and the five most sensitive scenarios.

Scen. Exp. Values Fraction of 2008 One sd Interval Fraction of 2008
(gCO2/km) Emissions (%) (gCO2/km) Emissions (%)

BASE 96–128 50–65 80–140 41–72
REN 90–122 46–63 73–136 37–70
Cpol 92–120 47–62 69–137 35–70
BF 88–120 45–62 73–132 37–68
RBC 80–96 40–50 60–100 31–51
LowC 35–85 18–44 30–90 15–46

The ranges given in the table are the minimum–maximum values over all expert
models. First column: Range of expected values of 2030 WTWGerman new vehicle
fleet emissions for experts 1 through 5 (experts 2, 3 and 5 for Cpol); second col-
umn: 2030 WTW German new vehicle fleet emissions as a fraction of the corre-
sponding emissions of the 2008 new fleet (195 gCO2/km); third column: Range of
expected values of 2030 WTW German new vehicle fleet emissions 7 one stan-
dard deviation (sd), i.e., minimum and maximum one sd values over the BBN
models of experts 1 through 5 (experts 2, 3 and 5 for Cpol); fourth column: One sd
range as a fraction of the corresponding emissions of the 2008 new fleet (195 gCO2/
km).
3. Results

From the experts' BBN models, scenario outcomes for each
variable can be extracted. In the following, model projections of
2030 vehicle types' CO2 emissions, their user costs, market shares,
and CO2 abatement costs are presented.

3.1. 2030 german new car CO2 emissions

Five experts' BBN models yield results for well-to-wheel
(WTW) CO2 emissions of the 2030 German new car fleet under the
different scenarios, which are represented in Fig. 3. Two of these
experts did not consider the Cpol (and RBC) scenario. Two further
experts did not specify vehicle types' market shares such that no
fleet emissions could be calculated. Well-to-wheel emissions in-
clude emissions caused during resource extraction, transport, re-
fining, distribution and retail. The WTW concept is used for
making emissions from the different vehicle types comparable. As
a point of reference, in 2008, tank-to-wheel emissions of the
German new fleet were 165 gCO2/km (KBA, 2010). Roughly 18% or
30 gCO2/km of tank-to-wheel (TTW) emissions have to be added
for gasoline and diesel fuel, resulting in WTW emissions of
195 gCO2/km for the German 2008 new vehicle fleet (calculated
according to Bodek and Heywood (2008), building on Concawe
et al. (2007)).

Under the baseline scenario, the expected values of new fleet
CO2 emissions range from 96 to 128 gCO2/km for the different
experts' models; this is roughly 50–65% of 2008 new fleet emis-
sions. Consumer incentives for buying PHEV and BEV as modeled
in scenarios EV1 and EV2 do not alter the experts' model assess-
ments significantly, nor does the scenario of a higher fuel price
(FP). Under the BAT scenario, which assumes a favorable devel-
opment of battery energy densities, one expert model predicts
fleet emissions will increase and another predicts that they will be
reduced.

The expert models agree that the scenarios REN, Cpol and BF
are likely candidates for reducing fleet emission below BASE levels.
Reductions brought about by these single measures are predicted
to be relatively small, but when the three are combined in the RBC
scenario, emissions are predicted to be reduced to 80–96 gCO2/km
WTW, which is 40–50% of the emissions of the 2008 fleet.

Finally, the LowC scenario reflects the experts' beliefs that
technically, 2030 German new car fleet CO2 emissions can be re-
duced to a minimum of 35–85 gCO2/km or 18–44% of 2008 emis-
sions. However, this development cannot be triggered by any
combination of measures modeled in the BBNs alone but needs
further commitment. For the base case and the five scenarios with
the greatest emissions sensitivity, WTW fleet CO2 emissions (ab-
solute and as a fraction of 2008 emissions) are summarized in
Table 3. To describe uncertainty in the model predictions, the table
also shows the range of expected values plus/minus one standard
deviation.

2030 BBN model predictions for fleet CO2 emissions are cal-
culated as the emissions of the three car types, weighted by their
share in the 2030 new fleet. A representation of the experts' mean
assessments of 2030 WTW CO2 emissions for the different car
types is available in the Supplementary Material (see Fig. S1).

For ICE, expected emissions are roughly in the range expected
for the fleet emissions. They are strongly reduced within Cpol and
also react to the BF scenario, for all experts. Thus, the RBC scenario
is predicted to result in substantially reduced emissions.

For both PHEV and BEV, experts' CO2 emission assessments
diverge more strongly than for ICE. BASE ranges are roughly 100–
160 gCO2/km for PHEV and 60–160 gCO2/km for BEV. Under the
BASE scenario, where German 2005 electricity CO2 intensity is



Fig. 4. Assessments of 2030 ICE, PHEV and BEV User Costs from each Expert's BBN
Model (€/km).
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combined with vehicle energy consumption figures as elicited
from the experts, three out of seven BBN models propose BASE
BEV emissions to be higher than ICE emissions. For PHEV, three
out of five BBNs yield the result that they will emit more than ICE
under BASE circumstances.

Under the REN scenario, the share of renewable energies in the
2030 electricity mix is assumed to increase to roughly 65%, com-
pared to 10% under BASE. While this measure only has a small
impact on 2030 fleet emissions, it is helpful to reduce PHEV and
BEV emissions: The REN expected values of BEV CO2 emissions are
30–80 gCO2/km 15–40% of 2008 new fleet emissions). PHEV
emissions are 60–100 gCO2/km 30–50%). Thus, all BBNs which in-
clude these vehicle technologies suggest that under REN, both BEV
and PHEV will emit less CO2 per km than ICE, thus they will be
relatively low-emitting vehicles. Four out of seven BBNs also
propose that BEV will be very low-emitting vehicles under REN
conditions, with expected emissions between 30 and 50 gCO2/km,
i.e., 15–25% of the emissions of the average 2008 German new
vehicle. As a result, with a strongly increased share of renewable
energies, BEV and PHEV can contribute to emission reductions, if
meaningful shares of them are sold. If, however, mobility elec-
tricity carbon content is comparable to current average electricity
carbon contents, roughly half of the experts' models suggest that
BEV and PHEV will emit more than ICE.

3.2. User costs of the vehicle types

The experts' BBN models also contain assessments of 2030 user
costs for each vehicle type. User costs include depreciation of the
vehicles over their lifetime (including PHEV and BEV batteries), as
well as fuel and energy costs. Maintenance and insurance costs
have been assumed to be similar for the three vehicle types and
have not been considered. Depreciation has been calculated on the
basis of the experts’ assessments of 2030 vehicle type cost dif-
ferences, and the annual depreciation rate is calculated as
r¼0.1128, based on an assumed average vehicle life of 12 years
and an interest rate of 5%. Fuel and energy costs have been derived
from the experts' assessments of vehicle consumption and the
scenario assumption on fuel and energy prices.

The expert model assessments of vehicle type user costs under
different scenarios are presented in Fig. 4. Of the three vehicle
types, the 2030 ICE are predicted to have the lowest user costs per
kilometer for most experts and scenarios. BASE ICE user costs are
roughly in the range of 0.25–0.27 €/km. For comparison, the ICE of
2008 result in user costs of nearly 0.29 €/km at 2030 BASE fuel
prices. Interestingly, a stricter emission regulation as assumed
under Cpol (and under RBC) leads to a decrease in ICE user costs of
up to 0.02 €/km for most experts' BBN models. This indicates the
experts' expectation that a possible regulation would be met
through cost-reducing measures, e.g., downsizing, or that addi-
tional vehicle costs incurred to bring down fuel consumption
would be overcompensated by fuel savings. As such, the LowC
scenario reduces ICE costs even further for all BBNs where it can
be implemented. In two BBNs, no fleet averages could be calcu-
lated because the experts had not specified 2030 market shares,
and thus LowC could not be implemented. In contrast, the FP
scenario increases ICE user costs proportionally to their fuel con-
sumption, by up to 0.02 €/km.

BASE PHEV costs are higher than ICE costs, and the range of
assessments of the different experts is larger, from 0.27 to 0.4 €/
km. These tendencies are even stronger for BEV, where the BASE
cost range is from 0.27 to 0.57 €/km. As battery costs constitute a
substantial share of PHEV and BEV (summarized as EV) costs,
depending on the size of battery the respective expert has as-
sumed, EV costs can be strongly reduced under the BAT scenario
(by up to �0.1 €/km for PHEV and �0.22 €/km for BEV). Of the EV
incentive scenarios, EV1, which assumes a purchase subsidy, has
the stronger effect on PHEV and BEV costs. Depending on the
experts' specification of electric vehicle battery size and energy
consumption, this effect can be larger or smaller than the cost
reducing effect of the BAT scenario. As for ICE, LowC reduces EV
costs compared to BASE, but not as strongly as BAT does. The PHEV
or BEV are predicted to be cost-competitive with ICE only for
particular scenarios where EV user costs are low (BAT scenario) or
ICE costs are high (FP scenario), and then only for a few of the
expert models. This suggests that successful battery development
is necessary for fostering EV cost-competitiveness, but will not be
sufficient for achieving a strong market penetration in the view of
most experts.

3.3. Sources of uncertainty in user cost and CO2 emission predictions

While in the previous sections, mean BBN model predictions of
German vehicle CO2 emissions and costs have been discussed, the
set of BBN models can also be analyzed with respect to how much



Fig. 5. CO2 emission and user cost differences of (a) PHEV and (b) BEV minus ICE.
Bubble numbers refer to the following scenarios: 1-BASE, 2-REN, 3-BAT, 4-Cpol,
5-FP, 6-BF. The ellipses extend to plus and minus one standard deviation of the user
cost and emissions difference estimates in the horizontal and vertical directions,
respectively, reflecting the uncertainty in each expert's estimates for the indicated
scenario.

10 Full details and calculated ANOVA results are available in the Supplementary
Material (see Section S3).

11 Quantified sales shares are available in the Supplementary Information
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uncertainty is present within the predictions of each model, from
one expert model to another, and from one scenario to another.

Fig. 5 shows the predicted differences between (a) PHEV and ICE
user costs and emissions; and (b) BEV and ICE user costs and emis-
sions, for each expert model. Each elipse represents the model pre-
diction for a given expert (color) and scenario (number at the center
of each elipse). This center location depicts the mean estimate for
each prediction, while the size of the elipse corresponds to the un-
certainty of the prediction (the ellipses extend to plus and minus one
standard deviation of the user cost and emissions difference esti-
mates in the horizontal and vertical directions, respectively, as
computed by the BBN model for each expert and scenario).9

In both Fig. 5a and b the largest variations are evident from one
expert to another, followed by scenario-to-scenario differences for
each expert, followed by the uncertainty range for each expert/
scenario prediction, though in some cases the latter ranges are
quite large (especially for Expert 3's predictions for BEV-ICE dif-
ferences). The relative importance of expert vs. scenario variation
9 The means and standard deviations for the full set of expert/scenario model
predictions are available in the Supplementary Material (Table SIV through SVII).
is supported by an analysis of variance (ANOVA) for the expert/
scenario mean predictions. For the user cost means, differences
between experts account for 78–90% of the variance, while dif-
ferences between scenarios are not statistically significant. For the
mean emission predictions, differences between experts account
for roughly 50% of the variance, while differences between sce-
narios account for 25–40%.10

In terms of CO2 emissions, experts 2, 4 and 5 are most opti-
mistic with regard to electric vehicles, with predictions for almost
all scenarios confined to the lower halfs of the figures (corre-
sponding to PHEV and BEV emissions below those of the ICE ve-
hicles). PHEV and BEV emissions are predicted by other experts to
be either higher or lower than ICE emissions, depending on the
scenario (lowest electric vehicle emissions are consistently pre-
dicted for scenario 2, i.e., REN).

Fig. 5a shows that the experts generally agree that the PHEV will
require higher user costs than the ICE vehicles (with most points on
the right half of the diagram), except under scenario 3 (BAT) for
Experts 2 and 3, and under scenario 5 (FP) for Expert 2. In contrast,
Fig. 5b shows that for the BEV it is (only) Expert 4 and 5's models
that predict less user costs relative to the ICE vehicles, though again
under scenarios 3 (BAT) and 5 (FP). As shown in Fig. 5a, Expert 5 also
stands out from the others in predicting the highest user costs for
the PHEV (relative to the ICE vehicles) for all scenarios.

In terms of the uncertainty predicted by each expert model,
expert models with greater uncertainty in their emission esti-
mates also tend to have greater uncertainty in predicted user costs.
The greatest uncertainties are exhibited by the models for Experts
3 and 6, especially for the BEV comparisons in Fig. 5b (uncertainty
estimates are also significantly higher for Expert 3 for the BEV-ICE
vs. PHEV-ICE comparison). Given the large differences in predic-
tions between experts, those experts with models that exhibit
greater (within-expert) uncertainty may arguably be thought to
provide a more realistic (and less overconfident) portrayal of the
uncertainty in future technology and cost outcomes.

3.4. 2030 vehicle type market shares

Market shares of the different vehicle types depend in part on
the costs associated with their purchase and use. In turn, market
shares impact the fleet wide estimates for CO2 emissions. In the
present BBNs, annual user cost differences of the vehicle types are
used as the decision criterion for relative market share, and, for
BEV, their range is considered as well. As discussed in the previous
section, under BASE, BBN results show that both 2030 PHEV and
BEV will be more expensive than ICE. Thus, market shares of PHEV
and BEV depend on the willingness of consumers to pay more for
them than for an ICE vehicle.

As can be seen from the representation of expert model pre-
dictions for 2030 market shares of the different vehicle types in
Fig. 611 the broad picture is that most expert models predict a
dominance of ICE vehicles in the 2030 new fleet under a wide
range of scenarios. However, these predictions vary significantly
across experts.

Within the BBN models of experts 1 and 5, market shares do
not respond to any of the scenarios. They remain at 83% ICE, zero
PHEV and 15% BEV for expert 1, and 87% ICE plus 6% PHEV and
BEV, each, for expert 5.12 For the remaining experts' BBNs, 2030
(Table SIII).
12 This is due to the category schemes these experts have used for annual cost

differences. Expert 5 has excluded PHEV annual cost increments of less than 2000
€2008 compared to ICE, and both experts have assigned zero probability to BEV cost



Fig. 6. 2030 vehicle types' sales shares under different scenarios (expected values). Each bar gives one expert's expected values for ICE, PHEV, BEV and Others' market shares
in the 2030 new fleet. Blocks of bars relate to different scenarios. The five bars within the scenario blocks relate to experts 1 throughout 5, except for Cpol, where experts
1 and 4 have not provided any assessments. For some scenarios, there are no changes in market shares compared to BASE, which is the case whenever neither the cost
relations of the vehicles nor BEV ranges differ from BASE values. This applies to the scenarios REN and BF, which are therefore subsumed under the BASE scenario in this
figure.
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market shares vary over the different scenarios.
Under BASE, most expert models suggest that ICE will still be

the standard type of 2030 vehicles with market shares of around
80–90% (expected values), while one expert's model (that of expert
3) predicts similar importance for PHEV. Under the most EV-fa-
vorable scenarios BAT and EV1, three expert models still yield ICE
shares of more than 80%, but two result in 50–60% EV, pre-
dominantly PHEV.

With respect to PHEV, two experts think that they may have
significant market shares in 2030. Their BBN models show that
BAT and EV1 are the best and nearly equivalently effective mea-
sures for promoting PHEV, yielding market shares of slightly above
50% for both experts. For the same two BBNs, an increase in the
2030 fuel price (FP) leads to PHEV market shares of at least 40%. In
regard to BEV sales, three experts have produced BBN models
where predicted market shares react to scenario differences. All
three are pessimistic with respect to BEV shares in the 2030
German new vehicle fleet. No matter what scenario is applied, it
does not surpass 7%. There is no consensus on what measures do
best to promote BEV shares. The two BBNs with fixed BEV shares
suggest relatively high shares of BEV at 15% and 6%.

3.5. Vehicular CO2 abatement costs

Based on the BBN model outcomes, CO2 abatement costs are
estimated as the user cost increment of the respective vehicle type
(including depreciation and variable costs) over the user costs of
an average 2008 ICE, divided by the CO2 emission reduction
brought about by the respective 2030 vehicle compared to a 2008
ICE.

It can be argued that not all incremental costs of 2030 vehicles
are linked to CO2 emission reduction, but may, e.g., be due to new
comfort features, improvements in security, or price development
of inputs such as materials, labor and production technology.
However, experts have been asked to specify 2030 ICE and PHEV
costs conditional on their fuel consumption levels (and no other
variable), which should have moved their focus towards vehicle-
side emission reduction costs. Other cost-changing factors can be
assumed to occur autonomously and be of similar importance for
the different vehicle types, such that the possible error caused by
(footnote continued)
increments in the negative area. Consequently, the BBNs are unresponsive to re-
lative cost changes favorable to EV in the range occurring within the scenario
analysis.
this approach is likely to have little impact on the relative per-
formance of vehicles.

It has to be kept in mind that, apart from vehicle-side abate-
ment costs as calculated here, additional cost changes are likely to
occur in other sectors, e.g., the electricity sector when switching to
a REN electricity mix or in fuel production when introducing BF at
a large scale. These costs have not been accounted for in the
present approach, which is complementary to an energy sector
analysis.

As results on vehicle type emissions have shown, any 2030
vehicle specified by the experts emits less CO2 than an average
2008 ICE would, under any scenario – thus, emission reduction
always takes a positive value. Assumed user costs of a 2008 ICE are
0.29 €/km under all scenarios but FP, where they are 0.32 €/km.
Compared with this benchmark, the incremental user costs of
2030 ICE are negative for all experts and scenarios (technology
advancements yield lighter, more-fuel efficient, less-costly, lower
emitting ICE vehicles in the future). Within the baseline scenario,
abatement costs for 2030 ICE range from �430 to �160 €/tCO2 for
the different experts' BBN models.

For most experts, ICE emission reduction is relatively less cost-
effective under the Cpol scenario than under BASE. Although for
most experts, ICE user costs decrease under Cpol, the decrease is
overcompensated by the relatively stronger emission reduction. In
contrast, ICE abatement costs decrease under FP (and, although
less, under BF) compared to BASE. In the case of a higher assumed
fuel price, driving a 2008 ICE becomes relatively more costly than
driving a 2030 ICE which consumes less fuel, thus the ratio of user
cost savings to (constant) emission reduction becomes more
favorable.

Incremental costs of PHEV and BEV can be positive or negative,
depending on the expert models and scenarios. PHEV and BEV
abatement costs are positive for roughly half of the experts and
scenarios, and in some cases prohibitively high. Even under fa-
vorable scenarios, abatement costs of EV remain relatively high
compared to those of the 2030 ICE. Vehicle type abatement costs
for different experts and scenarios are shown in Fig. 7.

As regards the difference of PHEV and BEV abatement costs
compared to ICE, respectively, values are positive for most expert
models and scenarios, which means that ICE abatement costs are
lower than those of PHEV and BEV in most cases. The scenarios
BAT, EV1, EV2, FP and LowC bring down electric vehicle abatement
costs to relatively low levels. PHEV abatement costs are lower than
ICE abatement costs under BAT for two out of five models, under
EV1 for three out of five, and under the LowC scenario for two out



Fig. 7. Experts' assessments of 2030 ICE, PHEV and BEV CO2 abatement costs
(€2008/tCO2).
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of three BBN models. BEV abatement costs are lower than ICE
abatement costs for two out of seven models under BAT, for three
out of seven under EV1, and for one model under EV2, FP and
LowC. For all other experts and scenarios, CO2 emission reduction
is achieved at lower cost for ICE than for electric vehicles.13

Fleet average abatement costs are negative for most experts
and scenarios, but are slightly higher than those of an ICE-only
fleet. Just one expert has included a sufficient share of PHEV to
make CO2 abatement costly for a number of scenarios.14
4. Discussion and conclusions

The different expert BBNs predict that the 2030 German new
vehicle fleet will emit 50–65% of the CO2 emissions of the 2008
new fleet under the baseline scenario. None of the single measures
13 A representation of the difference of PHEV and BEV abatement costs com-
pared to ICE is available in the Supplementary Material (Fig. S3).

14 A representation of 2030 new vehicle fleet abatement costs is available in
the Supplementary Material (Fig. S2).
that have been implemented within the BBNs suffices for a further
emission reduction in the view of all experts. But a combination of
a higher share of renewables in the electricity mix, a larger share
of biofuels in the fuel mix, and a stricter regulation of car CO2

emissions in the European Union draws the range of 2030 ex-
pected new fleet emissions down to 40–50% of the emissions of
the 2008 new fleet.

When instantiating only the node for 2030 new vehicle fleet
emissions, it can be set to minimum values of 18–44% of the CO2

emissions of the 2008 German new vehicle fleet. Reaching such
low emissions is possible within the BBNs specified by the experts,
but improbable. Such a development is thus unlikely to be trig-
gered by any combination of measures modeled in the BBNs alone
but needs further commitment.

It is useful to compare BBN results to projections of future fleet
composition, vehicle fuel and energy consumption and GHG
emissions in the literature. As regards new fleet composition,
driven by lower costs, most experts think that ICEs are likely to
remain the dominant vehicle type until 2030. The lower costs of
the ICE and the uncertain CO2 emission reductions brought about
by PHEV and BEVs that are recharged by grid electricity yield
higher effective abatement costs for the electric vehicles predicted
for most scenarios in the expert models. A comparison with lit-
erature shows that there is a wide range of assumptions on the
future market penetration of electrified powertrains. In their re-
ference scenario, Pasaoglu et al. (2012) consider zero PHEV, BEV
and FCEV sales shares in the EU-15 and EU-12 in 2030. The further
slightly, moderately and highly decarbonized scenarios include
increasing shares of these powertrains, with maximum sales
shares of 36% (EU-15) and 23% (EU-12) of advanced electrified
vehicles in 2030. The scenarios covered by Kampman et al. (2011)
include an extreme range of an 80% sales shares of conventional
ICE in 2030 in the ICE breakthrough scenario down to an only 16%
share in the EV breakthrough scenario. A comparison of scenario
assumptions in different studies included in European Climate
Foundation (2016), reveals an even larger range of scenario as-
sumptions on advanced EV market shares in 2030, ranging from
15% to 85%. The same study includes scenarios which have 2030
advanced EV market shares of 14% (8% PHEV, 5% BEV and 1% FCEV),
24% (13% PHEV, 8% BEV and 3% FCEV), and 39% (22% PHEV, 12%
BEV and 5% FCEV). In sum, the extremely wide range of 2030
electrified vehicle market penetration rates considered in current
studies underlines that there is major uncertainty on future de-
velopment. This is in line with the EV market shares produced by
the BBNs, presented in Section 3.4, which vary considerably among
different experts and scenarios.

In many recent scenario studies, CO2 emission reduction is
linked to the degree of deployment of electrified vehicles. Eur-
opean Climate Foundation (2016) define a central, high and low
ambition scenario for transport CO2 standard development in the
EU. Within these, CO2 emission reductions of 25%, 29% and 21% are
reached by 2030 compared to 2005, linked to a 24%, 39% and 14%
share of advanced electrified vehicles in 2030. This indicates that,
for realizing emission reductions beyond 20%, an increasing share
of electrified vehicles is deployed. Amsterdam Roundtable Foun-
dation and McKinsey (2014) provide another example of a study
where increasingly strict vehicle CO2 regulation scenarios for
Europe lead to higher market uptake of electrified vehicles. For
Germany, Shell (2014) define two scenarios, a trend scenario
where real driving CO2 emissions decline by roughly 37% from
2013 through 2030, and an alternative scenario where the re-
duction is roughly 45% throughout the same period. By 2020, the
reduction reached in both scenarios is similar, in the order of
magnitude of 30%. It is explained in the study that the 2020 effi-
ciency increases are realized mainly through optimization of
conventional drivetrains, whereas in the period 2020–2030,
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further efficiency gains are increasingly due to electrification and
hybridization of drivetrains. Similar to European Climate Founda-
tion (2016), the larger CO2 emission reduction in the alternative
scenario is linked to a higher penetration of electrified drivetrains.
This is partly in contrast with findings from some of the BBNs,
where BEV (and PHEV) are not generally low-emitting vehicles.
For the BEV configured by three out of the seven experts and for
the PHEV configured by three out of five experts, BBN predict that
they will emit more than the 2030 ICE if electricity is as carbon
intensive as baseline electricity. Only with a strong increase of the
share of renewable energy do all experts agree that the 2030 BEV
and PHEV will be relatively low-emitting vehicles. While under
some scenario conditions, BBN tend to put more weight on ICE
efficiency increase as a means of CO2 emission reduction than the
above studies focussing on electrification, the important role of
regulation for driving down emissions is largely confirmed by the
BBN.

The above findings show that there is a certain inertia in the
expectations of German OEM experts. Most of the experts elicited
think that ICE will remain the dominant car type under baseline
conditions. ICE are also attributed the strongest CO2 emission re-
ductions and the lowest user costs and abatement costs. As all
experts in our sample were representatives of German car OEMs, it
is possible that the results have been influenced by the experts'
working environment. It was intended to grasp the expectations
held by individual experts within German OEMs, and while it is
difficult to determine how far personal expectations or institu-
tional expectations have played a role, the resulting overall expert
assessments are at the heart of the present analysis.

The present approach has been somewhat experimental in that
few BBN models have been specified by individual experts pre-
viously, and none of them has been employed for analyzing pos-
sible future and thus truly uncertain development. The BBN
methodology has been demonstrated to be a versatile tool for
making experts' expectations for the future explicit, combining
them with scenario analysis, and quantifying the impacts of main
drivers. They are a valuable tool for stakeholder-based science,
where the implications of different beliefs among multiple deci-
sion makers and experts must be considered.
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