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Abstract: We present an optimization model for the passenger car vehicle fleet transition—the
time-dependent fleet composition—in Germany until 2050. The goal was to minimize the cumulative
greenhouse gas (GHG) emissions of the vehicle fleet taking into account life-cycle assessment (LCA)
data. LCAs provide information on the global warming potential (GWP) of different powertrain
concepts. Meta-analyses of batteries, of different fuel types, and of the German energy sector are
conducted to support the model. Furthermore, a sensitivity-analysis is performed on four key
influence parameters: the battery production emissions trend, the German energy sector trend,
the hydrogen production path trend, and the mobility sector trend. Overall, we draw the conclusion
that—in any scenario—future vehicles should have a plug-in option, allowing their usage as fully
or partly electrical vehicles. For short distance trips, battery electric vehicles (BEVs) with a small
battery size are the most reasonable choice throughout the transition. Plug-in hybrid electric vehicles
(PHEVs) powered by compressed natural gas (CNG) emerge as promising long-range capable solution.
Starting in 2040, long-range capable BEVs and fuel cell plug-in hybrid electric vehicles (FCPHEVs)
have similar life-cycle emissions as PHEV-CNG.

Keywords: fleet transition; optimization; life-cycle assessment; greenhouse gas; global warming
potential; vehicle powertrain concepts

1. Introduction

The world community concurred to the goal of limiting global temperature rise to ideally 1.5 °C
compared with the pre-industrial age during the United Nations climate conference in Paris in 2015.
According to this, the German government set the goals of reducing greenhouse gas (GHG) emissions
by 40% in 2020 (compared to 1990). The climate protection report of 2018 states that these climate
targets will be missed. In contrast to the two main contributors—the energy sector and the industry
sector—that will achieve almost a 40% GHG emission reduction by 2020, the GHG emissions of the
mobility sector have only been reduced by 5% [1]. Consequently, in this sector there still is a lot of
unlocked potential for climate protection.

This study addresses this issue focusing on the vehicle fleet transition and minimizing its GHG
emissions. In contrast to this study, previous studies have made prognostics of the German vehicle
fleet transition following different approaches without minimizing the GHG emissions. Supported
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by the Transport Emission Model (TREMOD), a project of the German Federal Environment Agency
(UBA), Knorr et al. predict 7.5 and 44 million vehicles with plug-in option for the years 2020 and 2035
respectively [2]. In 2035, this corresponds to roughly 90% of the fleet according to their calculations.
This model has been developed over 20 years ago and since then been improved and expanded several
times. Its main goal was to calculate the emissions of the German transport sector. The German
Aerospace Center (DLR) has developed the simulation model VECTOR?21 [3]. They predict that by
2040 only 35% of the fleet will have a plug-in option. The simulations are based on the customer
perspective and reflect the limited acceptance these powertrain classes currently have. The model
includes a total cost of ownership approach, which calculates the lifelong costs which have to be
covered by the respective owners. VECTOR21 minimizes this cost and this way determines the future
fleet composition. Interestingly, Harrison et al. conclude that even assuming high user acceptance, by
2050 only 50% of the fleet will have a plug-in option [4]. Their model was specifically developed to gain
insights in influences on the adoption rates of new technologies that can be applied in a policy context.
Therefore, they modeled several agents of the automobile sector including their interactions. Plotz et al.
determine the vehicle fleet transition with special focus on the resulting electricity demand. Similar to
VECTOR?21, their model relies on a total cost of ownership approach. They base the distribution of
annual vehicle kilometers travelled over different vehicle classes on a large dataset of driving profiles
from Germany. They predict that in 2050 approx. 60%—or 25 million vehicles—will have a plug-in
option [5]. Overall, the prognostics have very differing outcomes depending on who performed
them and what their modelling approach was. When comparing different studies and prognostics
regarding the German vehicle fleet, one finds that most of them predict a transition to more hybrid
electric vehicles (HEVs) without plug-in option, plug-in hybrid electric vehicles (PHEVs), battery
electric vehicles (BEVs), and fuel cell electric vehicles (FCEVs). However, as the outcomes of most
studies predict, even in the next 20 to 30 years, these alternative powertrain classes will not replace
conventional internal combustion engines vehicles (ICEVs) completely. In some studies, the purchasing
behavior plays an important role. According to the studies, only a limited customer segment feels
comfortable switching to PHEVs, BEVs, and FCEVs.

In the present paper, we focus on the minimum achievable GHG emission potential—hereinafter
referred to as ecological potential—of passenger car vehicles in the vehicle fleet. For this purpose, we
research available life-cycle assessment (LCA) data. An essential difficulty in LCAs of passenger car
vehicles lies in the many varying factors that influence its GHG emissions. Especially for PHEVs the
differing charging behavior of different users can lead to very different outcomes when looking at the
GHG emissions. This uncertainty adds to the fact that the GHG emissions caused by the electrical
consumption differ depending on the energy sector composition in every region.

A series of studies have performed LCAs on series production vehicles, which is a common
approach to assess the life-cycle GHG emissions of current state-of-the-art powertrain technologies [6-
8]. However, when explicitly comparing the ecological potential of different powertrain concepts,
the meaningfulness of these studies has to be questioned. This is because series production vehicles
were not dedicatedly designed to minimize their GHG emissions and, therefore, will not represent the
true ecological potential of their powertrain concept. Further, a powertrain concept can have different
parametrizations, thus, the LCA of one specific series production vehicle does not allow generalized
conclusions on the powertrain concept. In [9] an optimization framework was introduced, that allows
to design the powertrain concepts so that the ecological potential is achieved. Using this approach,
we ensure that no powertrain concepts are excluded from the fleet transitions due to non-optimal
powertrain parametrizations.

Our team conducts comprehensive analyses of the production phase, the operational phase—taking
into account the energy mix for electricity production—and the end-of-life (EoL) phase. We model the
German fleet transition until 2050 and calculate the cumulative GHG emissions, including all life-cycle
phases of all vehicles. The cumulative GHG emissions serve as objective value for an optimization
problem, which enables us to determine the GHG-optimal fleet transition. This way, we are able to
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make a precise time-based assessment of the GHG emissions of different powertrain concepts taking into
account the dynamic interaction of the vehicle fleet with the energy sector. Furthermore, the results serve
as guideline as to which powertrain concepts should be introduced at which point in time in order to
reduce the GHG emissions of the German vehicle fleet as a whole. Unlike other prognostics, this study is
not intended to show the most likely transition of the German vehicle fleet. Instead, the GHG-optimal
transition paths for different scenarios are identified and analyzed to gain comprehensive knowledge
about similarities in different scenarios that can be used as a guideline for decision makers.

In Section 2.1, we discuss relevant technology parameters, such as the specific energy and the
GHG emissions of battery production. In addition, different fuel types are analyzed regarding their
GWP19p—the GWP over a time span of 100 years—and the expected energy sector transition to more
renewable energy sources in Germany will be addressed. Section 2.2 covers the different future scenarios
that will be optimized and 2.3 describes the vehicle and its life-cycle GHG emissions. In Section 3, we
identify the optimal fleet transitions for various scenarios and in Section 4 we draw our conclusions.

2. Optimization Model of the Vehicle Fleet Transition

As mentioned earlier, the present paper aims at identifying the GHG-optimal fleet transition
in Germany. On one hand, our model shows some similarities with the models of previous studies
mentioned in the introduction. In fact, we are talking about a replacement model in all cases, because
existing vehicles are replaced by new vehicles once they achieve their specific lifetime mileage. On the
other hand, our model differs significantly in other aspects. In particular, user acceptance has a very
limited effect in our model. The only relevant aspect is that most users expect their vehicles to have a
minimum range. Other than that, we make an accurate assessment of the GHG emissions stemming
from electricity production considering the interaction with the electricity demand of the vehicle fleet.
This way, we can precisely assess the GHG emissions of the operational phase of electrified powertrain
classes. A detailed discussion on the German energy sector can be found in Section 2.1.3.

The powertrain concepts that we consider for the fleet transition are listed in Table 1. Under the
powertrain class of conventional ICEV, four concepts are taken into consideration. The ICEV-E10 and
ICEV-B7, which are powered by E10 and B7 respectively. E10 is a blend of petrol with 10% bioethanol
and B7 is a blend of diesel and 7% biodiesel. Then we consider the ICEV-CNG and ICEV-LPG, which
are powered by compressed natural gas (CNG) and liquefied petroleum gas (LPG) respectively. We
only consider one hybrid powertrain concept without plug-in option: the mild hybrid electric vehicle
powered by E10 (mHEV-E10). Further, we account for PHEV variants that are powered by E10, CNG,
and hydrogen. For E10 and CNG there are three variants of the powertrain class with varying battery
size (PHEV10 possesses a 10 kWh battery). Finally, we have the BEV with two different battery size
variants and two fuel cell electric vehicles (FCEVs), one of them having a plug-in option and a battery
size of 20 kWh (FCPHEV20). Regarding the different concepts, the BEV20 is the only concept that is not
considered as long-range capable, which will become relevant to fulfill the user acceptance constraints
during the fleet optimization. Furthermore, as explained in the introduction, each powertrain concept
is parametrized to achieve minimal GHG emissions using the approach presented in [9]. This way, we
ensure that no powertrain concepts are excluded due to non-optimal powertrain parametrizations.

Table 1. Powertrain concepts considered for the identification of greenhouse gas (GHG)-optimal vehicle
fleet transitions.

Powertrain In]tie;;;;ecsj(;/n;}l:iljtel:n Hybrid Electric l;lelt%r-ll?\lfi i,\?crll:s Battery Electric  Full Cell Electric
Class (ICEV) Vehicles (HEV) (PHEV) Vehicles (BEV)  Vehicles (FCEV)
ICEV-E10 mHEV-E10 PHEV10-E10 BEV20 FCHEV
ICEV-B7 PHEV15-E10 BEV100 FCPHEV20
Powertrain ICEV-CNG PHEV20-E10
concepts ICEV-LPG PHEV10-CNG
PHEV15-CNG

PHEV20-CNG
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2.1. Meta-Analysis of Life-Cycle GHG Emissions

The following subsections give an overview of meta-analysis results regarding the battery
production GHG emissions and the fuel-related GHG emissions. In addition, the emission factors of the
German energy sector and their contribution to the mean specific GHG emissions factor are described.

2.1.1. Meta-Analysis of the Life-Cycle GHG Emissions of Batteries

In general, for powertrain classes with a high voltage battery—which includes all vehicles with
plug-in option in this study—the GHG emissions of the battery production represent a very important
factor. Relevant battery characteristics for the considered use case—a mobile energy storage unit—are
the following: specific energy, specific power, time to fully charge, self-discharge, memory-effect, and
lifetime expectancy. Since lithium-ion (li-ion) batteries have proven by far as the most apt technology in
the market regarding these requisites, we focus on them [10]. The two most important factors relevant
for the present study are the production emissions and the specific energy. In the Supplementary Data,
Table S1 [11], we have performed a meta-analysis of different studies regarding characteristics of li-ion
batteries used in vehicles as traction batteries. These data points allow for a confident estimation of
the GWP(9 and the specific energy in present and future scenarios. The left side of Figure 1 shows
the distribution of researched values regarding the GHG emissions of current and future battery
production in 2025. The median value is approx. 16 kgCO,-equivalents (CO»-eq.) per kg battery.
On the right side, we find the distribution of researched values regarding the specific energy of li-ion
battery systems that can be reached nowadays. Further, prognostics for 2030 and 2040 predict specific
energies of 500 and up to 700 Wh/kg battery. These prognostics include lithium-sulfur batteries—a
different, lithium-based battery type. The median values marked in red are used in Section 2.2.1 as
reference values for the first years of the fleet transition. The consideration of future technological
improvements is also presented in Section 2.2.1.
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Figure 1. (a) Boxplot of the GWP;q values of battery production considered relevant for this work;
(b) boxplot of the specific energy of li-ion batteries. The boxes include all values between the 25%
quantile and the 75% quantile of the data. Minima and maxima are displayed with a short horizontal
dash. Refer to Supplementary Data, Table S1 for more details [11].

2.1.2. Meta-Analysis of the Life-Cycle GHG Emissions of Fuels

For the optimization process in Section 3, we need to gain insights regarding the operational
phase of the vehicles. Therefore, we are comparing the characteristics of conventional fuels, i.e.,
petrol and diesel, with CNG, LPG, and hydrogen resulting from a meta-analysis of available research.
Furthermore, we are considering biofuels and conventional fuels blended with biofuels. Supplementary
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Data, Table S2 contains all researched data points regarding the fuels [12]. Figure 2 shows the lower
heating value for all fuel types considered. Only in the case of CNG, there are significant variations in
the literature. This is due to the fact that the chemical composition of CNG slightly varies depending
on its region of origin.
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Figure 2. Boxplots of the data points regarding the lower heating values of all fuels considered. Refer
to Supplementary Data, Table S2 for more details [12].

The densities of liquefied fuels are listed in Table 2.

Table 2. Densities of liquefied fuels [2,13-15].

Fuel Type Petrol Diesel Bioethanol  Biodiesel Liquefied Petroleum Gas (LPG)
Density ~ 0.745kg/L  0.837kg/L.  0.786kg/L  0.879 kg/L 0.590 kg/L

In Figure 3 we compare the GHG emissions of the state-of-the-art fuel supply for all fuels. Our
research lead to relatively accurate results for most fuels, except for hydrogen, which has the highest
and most scattering specific emission values during fuel supply in the literature. The values vary
strongly, because they highly depend on the chosen production path.
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Figure 3. Boxplots of the data points regarding the fuel supply emissions. Refer to Supplementary
Data, Table S2 for more details [12].

Hydrogen production nowadays has a very high GWP;pp when compared to other liquid fossil
fuels, due to the currently dominant production paths. The three main production paths are steam gas
reformation, coal gasification, and electrolysis. All of these processes are very energy intensive and add
to the energy expenses for subsequent compression. In theory, electrolysis powered with renewable
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energy would lead to the lowest production emissions of all fuels. Unfortunately, the German energy
sector is not yet carbon neutral and there is currently not enough capacity for electrolysis on a large
scale within Germany. In 2006, electrolysis represented only 4% of global hydrogen production [16].
There are several studies predicting an efficiency increase of electrolysis from 65% in 2017 to 68% in
2025 [17,18]. Optimistic studies even predict a 95% efficiency in 2050. One main advantage of hydrogen
is that there are no direct emissions during the operational phase of a FCEV.

Very optimistic low hydrogen supply emission values, i.e., electrolysis with carbon neutral
electricity, are not displayed in Figure 3, because this production path is not representative of current
hydrogen production. Its GHG emissions would be reduced to transport and compression—approx.
2.4 kgCOs-eq./kg hydrogen. This represents a great opportunity for future reduction of its GWPgg
during fuel supply.

Figure 4 compares the direct emissions of the different fuels. Because of their chemical composition,
gaseous fuels like LPG and CNG have lower GHG emissions per energy unit than liquid fossil fuels.
CNG, whose main component is methane, has the lowest direct emissions—apart from hydrogen.
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Figure 4. Boxplots of the data points regarding direct fuel emissions. Refer to Supplementary Data,
Table S2 for more details [12].

In the context of the fleet transition modeled within this work, GHG emissions from fuel supply
and the direct fuel emissions remain constant over the years with the exception of hydrogen. Because of
its high variability during fuel supply depending on the chosen production path and further increases
in electrolysis efficiency, hydrogen related GHG emissions are modelled separately. Detailed insights
can be found in Section 2.2.3.

The chemical composition of synthetic natural gas (SNG)—either biomethane or methane
synthesized via electricity-powered methanation (e-methane)—is almost identical to the one of
CNG. This means that it can theoretically replace CNG in fuel tanks and gas pipes by 100% [19]. Similar
to hydrogen, if the production of SNG is powered by carbon neutral electricity, there is ecological
potential to be exploited. Since in 2012 biomethane was only present in niche markets representing
0.1% of total fuel consumption in Germany and there is not enough e-methane production capacity in
Germany, it is not explicitly modelled in Section 2.2 [20].

2.1.3. Emissions Factors of the German Energy Sector from Today till 2050

The modelling of the German energy sector is of central relevance for conducting a reliable
analysis and optimization. Figure 5 displays the energy mix in terms of installed capacity. Dominant
trends are the gradual reduction of installed capacity related to coal, the out-phasing of nuclear energy,
and the further expansion of wind power [21-23].
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Figure 5. Development of the installed capacity in the German energy sector divided by all energy
sources [21-23]. Other includes energy sources like waste incineration, which only account for a
negligible part of electricity production.

The actual energy output of a power plant over a given period of time divided by the theoretically
maximum possible energy output over that same period of time is defined as load factor. Figure 6
displays the load factors of German power plants for 2018 divided by energy source. The electricity
production of renewable energies precedes other energy sources by law and, therefore, is mostly
independent of economic criteria. Thus, the load factors of renewable energies are mainly influenced by
climatological phenomena and not by economic considerations. We assume them to be constant over
the time horizon considered in this study. The remaining load factors depend on several other factors.
Important to mention are the flexibility of different power plants in reacting to demand variations
and the cost of operating different power plants. A closer look at the actual electricity production
in 2018 reveals that hard coal, gas, and oil show greater variations than other non-renewable energy
sources [24]. This leads to the conclusion that they are more likely to be used for satisfying demand
variations. Consequently, in our model, most load factors remain constant—as in 2018—while the
load factors of hard coal, gas, and oil will be adapted on a yearly basis in order to match the actual
electricity demand.
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Figure 6. Load factors of German power plants in 2018 divided by energy source [25].

The UBA expects a slight decrease of electricity demand in Germany from 512 TWh in 2018 to
465.8 TWh in 2050 [26]. We assume a linearly decreasing trend until 2050. In Figure 7, we calculate
the actual electricity production that matches the expected demand. Note that this does not include
additional electricity demand from the vehicle fleet, which will be considered in the results in Section 3.
For all energy sources—except hard coal, gas, and oil—the available installed capacity is multiplied by
the load factor, which gives us the electricity production on a yearly basis. This electricity production
partly covers the annual electricity demand. In order to satisfy the remaining electricity demand,
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the load factors of hard coal, gas, and oil are slightly adapted in every year, based on the reference load
factors of 2018. As can be seen in Figure 7, this leads to the electricity production exactly matching the
demand. Figure 7 also reveals the yearly mean specific GHG emissions of the energy sector resulting
from the energy mix. As we will see in Section 3, considering the additional energy demand of the
vehicle fleet leads to an increase of mean specific GHG emissions of the energy sector.
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Figure 7. Electricity production in Germany matching electricity demand projected by the German
Federal Environment Agency (UBA) divided by energy source and the resulting mean specific GHG
emissions of the energy sector.

The out-phasing of hard coal and lignite allows for a drastic reduction of the mean specific GHG
emissions of the energy sector. The underlying emission factors of all energy sources are listed in
Table 3.

Table 3. Emission factors of power plants in Germany divided by energy source [27-29].

Energy Source Emission Factor in 2018 in gCO;-eq./kWh
Lignite 944.23
Hard coal 805.29
Oil 651.94
Other ! 520.00
Gas 386.75
Solar 93.19
Hydropower 38.00
Biomass 32.49
Nuclear 22.37
Wind onshore 9.62
Wind offshore 5.10

! Includes energy sources like waste incineration, which only account for a negligible part of electricity production.

2.2. Scenarios for the Sensitivity-Analysis of Key Influence Parameters

Given the fact that some parameters of the vehicle fleet transition are subject to great uncertainty,
we introduce different scenarios—pessimistic, neutral, and optimistic—for four parameters with key
influence on the outcome of the optimization process. In the following four subsections, we take a
closer look at the three possible scenarios for each key influence parameter.

2.2.1. Battery Production Scenarios

The GHG emissions during battery production per battery capacity constitute the first key
influence parameter. Based on our research data in Supplementary Data, Table S1 [11], we generate the
neutral scenario which can be seen in Figure 8. In case of a more pessimistic or optimistic scenario we
adapt the emission reduction rate accordingly to be slower or faster.



Vehicles 2020, 2 83

1 | 1 1 1 1

- 150

E pessimistic
= e neutral

@ optimistic

o

S

% 100 r
~

&

2]

=1

8
2

E 50 r
=1
8

k3]

]
|
£

0 T T T T T T
2020 2025 2030 2035 2040 2045 2050
Year

Figure 8. Scenarios of production emissions per capacity of li-ion batteries.

2.2.2. Energy Sector Scenarios

The second key influence parameter is the energy sector transition in Germany. Our neutral
scenario assumes that political projects and promises like the out-phasing of nuclear and coal power
take place as planned, refer to Figure 9. Power plants that are currently in their planning or
construction phase are taken into account. A market research on the possible expansion of wind power
conducted by the Federal Ministry for Economic Affairs and Energy (BMWi) plays an important role
in our scenarios [21]. In pessimistic and optimistic scenarios, we slightly adapt the out-phasing and
construction dates accordingly, as well as the magnitude of expansion or reduction.
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Figure 9. Development of installed capacity in the German energy sector (a) for the pessimistic scenario;
(b) for the optimistic scenario. The neutral scenario is shown in Figure 5.
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Our model adapts the yearly electricity production to the demand from the vehicle fleet added
to the projected demand presented in Figure 7. The mean specific GHG emissions of the electricity
production is thereby changing every year. The biggest influence stems from the German energy
transition, which results in a drastic lowering of the GHG emissions until 2050. The additional
electricity demand of the vehicle fleet counters this trend, since it is satisfied using conventional energy
sources as explained in Section 2.1.3. With this model, we are able to assess the GWP1q values for
different powertrain concepts in every year until 2050. The GWPjq of the electrical consumption
of vehicles is based on the mean specific GHG emissions of the energy sector. This contrasts with
other assessment methods that exclusively allocate the GHG emissions of the marginal energy source
covering the additional electricity demand to the consumer causing it—in this case the vehicle fleet.
The resulting transition of the electricity production in the energy sector is presented for each of the
investigated scenarios in Section 3.

2.2.3. Hydrogen Production Path Scenarios

The third key influence parameter is the production of hydrogen, because it has a significant
influence on the GHG emissions of FCEV. We assume that in future scenarios a bigger share of hydrogen
is produced via electrolysis, see Figure 10a. Again, we generate three scenarios. On one hand, this
leads to less GHG emissions from fossil fuels during hydrogen production. On the other hand, this
further increases electricity demand when hydrogen is produced, although the latter is attenuated by
an increase in electrolysis efficiency, displayed in Figure 10b.

100% 60

electrolysis - pessimistic
electrolysis - neutral
80% electrolysis - optimistic

w
(=]

\

'
o

60%

40%

20% ol

Global share of hydrogen production
Electrical consumption of electrolysis
inkWh/kg H,

W
o

0%

0
2020 2030 2040 2050 2020 2030 2040 2050
Year Year

(a) (b)

Figure 10. (a) Share of electrolysis in hydrogen production; (b) projected electrical consumption of
electrolysis subject to efficiency increases.

As for the additional electricity demand of the vehicle fleet, the electricity demand of electrolysis
is covered by the energy sector and, thereby, worsens its GWP1.

2.2.4. Mobility Trend Scenarios

The German vehicle fleet comprises approx. 47 million vehicles in 2019 [30]. For the optimization,
weneed to determine the trend in absolute vehicle numbers until 2050. Assuming that in Germany there
is a yearly passenger-distance to be satisfied, one can split it according to the means of transportation
that serve it. The German Ministry of Transport and Digital Infrastructure (BMVI) provides short and
mid-term prognostics for the main means of transportation—individual motorized mobility, railway,
flights, and public transport [31]. For our work, we focus on the individual motorized mobility, which
mainly refers to passenger car vehicles. In 2019, the cumulative passenger-distance of all passenger car
vehicles is approx. 950 billion passenger-kilometers. The effect of people switching to other means of
transportation and the further expansion of carsharing in Germany—on average more people utilizing
the same vehicle—is subject to high uncertainty. This is especially true for prognostics over the next
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30 years. Consequently, we generate three scenarios of future passenger-distance demand for passenger
car vehicles, shown in Figure 11. This is our fourth key influence parameter.
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Figure 11. Three scenarios of passenger-distance carried out by passenger car vehicles.

In addition, the penetration of carsharing in the German market leads to less vehicles serving the
same amount of passenger-distance, because these vehicles have a higher rate of utilization during
their lifetime.

The initial situation of having approx. 30 million petrol and 15 million diesel-powered vehicles
in the German vehicle fleet in 2019 has a great influence on the future transition. Having 47 million
vehicles in 2019 and an average lifetime expectancy of 12.5 years, approx. 3.76 million vehicles would
have to be replaced every year, if the number of vehicles were to stay the same. The initially present
vehicles leave the fleet according to their age and their expected lifetime.

2.3. Modelling the Vehicle Behavior and Its Life-Cycle GHG Emissions

At this point, we will take a closer look at the different life-cycle phases of vehicles and the GHG
emissions that have to be allocated to each one of them.

The GHG emissions of the production of vehicle components is based on the optimization
framework for the comparative evaluation of the eco-impact of powertrain concepts [9]. This framework
parametrizes the vehicle components in a way that leads to the minimum GHG emissions over all
life-cycle phases. Main achievement of this method is that all vehicle parameters are adapted in such
a way that their combined GWP;pp—production, operational, and EoL phase—is minimized. This
approach enables a proper comparison of the ecological potential of different powertrain concepts on
a common evaluation basis. We further use this idea within this work to identify the GHG-optimal
transition paths of the German vehicle fleet. Table 4 contains the production emissions associated to
the different powertrain concepts. Since the battery production emissions are subject to more detailed
modelling, the production emissions of Table 4 exclude them.

The lifetime expectancy of the vehicles is assumed to be equal for all different powertrain concepts.
The probability of reaching its EoL is described by a Weibull curve. Pl6tz et al. estimated this
distribution based on data from the Federal Motor Transport Authority (KBA) [32]. With the shape
parameter of the Weibull function being 2.4 and the scale parameter 14.1, the average lifetime expectancy
becomes 12.5 years, as shown in Figure 12.
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Table 4. Production emissions of vehicle components excluding the battery.

Production Emissions Production Emissions
Powertrain Concept (Without Battery) in Powertrain Concept (Without Battery) in

kg CO;z-eq. kg CO;z-eq.
ICEV-E10 8130 PHEV10-CNG 9349
ICEV-B7 8171 PHEV15-CNG 9349
ICEV-CNG 8130 PHEV20-CNG 9349

ICEV-LPG 8130 BEV20 8945 (8802) !

mHEV E10 9410 BEV100 9247 (8941) !
PHEV10-E10 9381 FCHEV 8957
PHEV15-E10 9381 FCPHEV20 9195

PHEV20-E10 9381 - -

1 Values in parenthesis represent projected values in 2050.
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Figure 12. Probability density function of a vehicle reaching its end-of-life (EoL) and the resulting
vehicle lifetime.

With an average lifetime expectancy of 12.5 years and knowing that the average annual mileage is
13,922 km, we conclude that the average lifetime mileage is approx. 173,906 km [33]. Additional data
from the KBA regarding the annual mileage vehicles perform at different stages of their lifetime is also
considered. As can be seen in Figure 13, once a vehicle enters the market, it will perform a high share
of its lifetime mileage in the first three years [34]. Thereafter, mileage slowly decreases year by year.
For optimization purposes we smoothened the data.
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Figure 13. Annual driving distance of vehicles depending on their age.
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During the operational phase of the vehicles, we have to consider the fuel consumption, which
leads to direct GHG emissions preceded by the emissions during fuel supply. Electrical consumption
does not lead to direct GHG emissions. However, the electrical consumption leads to an increase in
electricity demand, which ultimately causes additional GHG emissions in the energy sector. These
emissions will be allocated to the vehicle, according to the mileage it performs in every year, using
the mean specific GHG emissions of the energy sector in the corresponding years, as explained in
Section 2.2.2.

The consumption values are also determined with the optimization framework of Esser et al.
mentioned earlier [9]. For this work, we use driving cycles resulting from the ARTEMIS project,
in which real world data was used to generate representative driving cycles [35]. The driving data is
segmented into different driving cycles, depending on the driving situation. For the purpose of this
work, we differentiated a short-range driving profile and an all-range driving profile, weighting the
driving cycles as in Table 5.

Table 5. Distance travelled on each driving cycle and weighting of the driving cycles for each driving profile.

ARTEMIS-Driving Cycles Distance Travelled  All-Range Profile = Short-Range Profile
City cycle 0-60 km 29.3% 39.6%
Rural cycle 100 km 44.7% 60.4%
Highway cycle (150 km/h version) 200 km 26% -

Each powertrain concept has to perform both driving profiles. This way, we obtain four different
consumption values for each powertrain concept—two electrical and two fuel consumption values.
Obviously, for ICEVs the electrical consumption is zero and for BEVs the fuel consumption is zero.
In the case of PHEVs, the fuel and electrical consumption vary relatively strong depending on the
driving profile. For example, the PHEVs can drive with a higher electrical percentage on the short-range
profile, compared to the all-range profile, which leads to a reduced electrical demand and increased
fuel consumption on the all-range profile. Important to notice is that, for determining the consumption
values of PHEVs, we assume them to be fully charged before starting out. Table 6 presents all
consumption values for all powertrain concepts.

Table 6. Fuel and electrical consumption values for all powertrain concepts in present day.

Short Range Driving Profile All Range Driving Profile
Powertrain Fuel Electrical Fuel Electrical
Concept Consumptionin  Consumptionin  Consumptionin = Consumptionin
in kg/100 km in kWh/100 km in kg/100 km in kWh/100 km
ICEV-E10 481 0 4.59 0
ICEV-B7 4.86 0 4.46 0
ICEV-CNG 4.24 0 4.03 0
ICEV-LPG 4.36 0 415 0
mHEV E10 3 0 3.35 0
PHEV10-E10 1.1 10.8 191 8.27
PHEV15-E10 0.2 16 1.19 124
PHEV20-E10 0.0745 17.4 0.932 14.1
PHEV10-CNG 1.02 10.6 1.69 8.27
PHEV15-CNG 0.21 15.9 1.05 124
PHEV20-CNG 0.013 17.4 0.815 142
BEV20 0 17.4 (16.6) 1 - -
BEV100 0 23.4 (20.9) 1 0 23.1 (20.4) 1
FCHEV 0.874 0 0.935 0
FCPHEV20 0 204 0.227 16.2

! Values in parenthesis represent projected consumption values in 2050.
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The consumption values are constant over the years with the exception of BEVs. It is considered
that innovative technologies, i.e., BEVs with two speed transmissions, lead to more efficiency. Less
power is lost during energy transmission, the operation points of electric machines can be better adapted
to the load behavior, and, consequently, other vehicle components can also be adapted to be more
efficient. For the BEV20 we assume that, on fleet-average, a consumption value of 16.6 kWh/100 km
will be achieved by 2050. Regarding the BEV100, in 2050 we evaluate a short-range consumption value
of 20.9 kWh/100 km and an all-range consumption value of 20.4 kWh/100 km using the optimization
framework. Between 2019 and 2050, the average consumption values of BEVs in the fleet are assumed
to follow a linear trend.

Considering that in Germany 75% of vehicle-distance is performed over distances under 100 km
and only 25% over larger distances, we allocate the short-range consumption values presented in
Table 6 to the number of vehicles responsible for the former 75% of the vehicle-distance per year [36].
Consequently, the remaining vehicles have the all-range consumption level. This distribution is equal
for all powertrain concepts except the BEV20, which can only drive short distances.

Finally, the EoL phase of the vehicle has comparatively low GHG emissions, which is modelled as
10% of the production emissions in Table 4. This value represents the GHG emissions that are released
after the operational phase of the vehicle when it is disassembled. Again, this refers to all vehicle
components except batteries. The EoL emissions of batteries are modelled with 1.2 kgCO,_eq./kWh.

3. Identification of the Optimal Vehicle Fleet Transitions

The optimization process is implemented in MatLab. We make use of the nonlinear optimization
function fmincon. The objective value of the optimization is the cumulative amount of GHG emissions
until 2050 stemming from all life-cycle phases of the German vehicle fleet. Further details on the
optimization process are to be found in the MathWorks description [37].

In the first place, we ran our model assuming that there would not be any transition in the vehicle
fleet. In this business-as-usual scenario, considering everything remains as is until 2050, there would
be approx. 15 million diesel and 30 million petrol powered vehicles in any given year. Alternative
powertrain concepts would only represent a negligible part. We assume the mobility trend evolves
according to the neutral scenario. The remaining key influence parameters do not affect the cumulative
GHG emissions of this fleet transition. In this case, taking into account only vehicles introduced into the
market since the beginning of 2019, the cumulative life-cycle GHG emissions of all vehicles until 2050
amount to 4299 million tons of CO,-eq.—operational and EoL phases beyond 2050 are also considered.

Secondly, we ran our model for three specific scenarios. In our base scenario, all key influence
parameters evolve according to their neutral scenario. In addition, we analyzed both cases in which all
key influence parameters evolve according to the pessimistic or optimistic scenarios respectively. We
refer to them worst- and best-case scenario.

Thirdly, we ran our model for all 81 possible scenario cross-combinations of the four key influence
parameters. The results of this exhaustive sensitivity-analysis are presented in aggregated manner in
Section 3.4.

3.1. Optimal Vehicle Fleet Transition for the Base Scenario

In the following, we take a closer look at the base scenario, in order to better understand the
interconnected behavior of the vehicle fleet and the energy sector. As can be seen in the optimization
results shown in Figure 14, apart from the vehicles of the initial situation in 2019, no more conventional
ICEVs are introduced into the fleet.
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Figure 14. Optimal vehicle fleet transition for the base scenario.

PHEVs play a very important role during the fleet transition. Two types of PHEVs powered
by electricity and CNG are the most relevant concepts. At the start, the concept with the 15 kWh
battery is introduced, and, beginning in 2026 onwards, the concept with a slightly higher battery
capacity—20 kWh—takes over. Shortly after 2019, BEV20 are gaining their share in the fleet until
they reach their maximum share of 25% implemented in the mobility trend scenario. This constraint
represents the limited user acceptance for short-ranged vehicles in the base scenario.

Our model permits analyzing the yearly life-cycle emissions for all powertrain concepts for every
given fleet transition scenario. This way, regardless of being introduced into the fleet, we can estimate
the life-cycle emissions of any given powertrain concept. In fact, for this base scenario, we identify
that BEV100 and FCPHEV20 are causing a similar amount of GHG emissions as PHEV20-CNG when
looking between 2040 and 2050. Even though the use of PHEV-CNG concepts is optimal for this
scenario, the introduction of BEV100 or FCPHEV20 starting in 2040 would lead to similar cumulative
emissions. Figure 15 reveals that the production emissions during this time interval barely differ
between the powertrain concepts. Further, the long-range capable vehicles PHEV20-CNG, BEV100,
and FCPHEV20 are mainly driven electrically during their operational phase. Given the similarity
of their electrical consumption, they all interact in a similar way with the energy sector, only slightly
changing its mean specific GHG emissions. This renders the vehicles interchangeable, with little impact
on the objective value. In summary, the ecological potential of the BEV100 and FCPHEV20 concept
should not be underestimated—especially considering the uncertainty that accompanies the prediction
of technical boundary parameters over long time periods. Figure 15 shows the life-cycle emissions of
the PHEV15-CNG (a), the PHEV20-CNG (b), the BEV20 (c), the BEV100 (d), the FCPHEV20 (e), and the
ICEV-E10 (f) in every year for the base scenario transition.
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Figure 15. Life-cycle emissions of (a) the PHEV15-CNG,; (b) the PHEV20-CNG; (c) the BEV20; (d) the
BEV100; (e) the FCPHEV20; and (f) the ICEV-E10 for the base scenario fleet transition.

Table 7 contains the life-cycle emissions of the PHEV15-CNG, the PHEV20-CNG, the BEV20,
the BEV100, and the FCPHEV20 in the year 2050. The small magnitude of the differences between
the long-range capable powertrain concepts remarks the fact that BEV100 and FCPHEV20 could also
be considered at the end of the time-horizon in the context of a near-optimal fleet transition instead
of PHEV20-CNG.
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Table 7. Life-cycle GHG emissions of the PHEV15-CNG, the PHEV20-CNG, the BEV20, the BEV100,
and the FCPHEV20 in 2050 for the base scenario.
Powertrain Concept PHEV15-CNG PHEV20-CNG BEV20 BEV100 FCPHEV20

Life-cycle GHG emissions in

kg CO,.eq./km 96.83 92.49

80.60 92.71

94.23

We already saw the electricity demand in Germany corresponding to expected scenarios of the
UBA in Figure 7, Section 2.1.3. Figure 16 shows us the combined electricity demand of the projection

and the additional demand from the vehicle fleet. The additional energy demand, caused by the
vehicles with a plug-in option, is mainly satisfied by an increased usage of gas power plants. As can be

seen, the mean specific GHG emissions of electricity production are higher than in Figure 7, but still

follow the same trend of declining sharply during the out-phasing of coal-based power plants.
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Figure 16. Electricity production for the base scenario including the additional electricity demand of

the vehicle fleet.

Figure 17 shows the cumulative GHG emissions caused by the entire vehicle fleet starting in 2019.

The cumulative GHG emissions of ICEVs soon reach a plateau, because they are all replaced.
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Figure 17. Cumulative greenhouse gas emissions for the base scenario.

For this transition, the cumulative amount of GHG emissions of all life-cycle phases of the fleet
until 2050 amounts to approx. 2046 million tons CO,-eq. This is less than 50% of the cumulative

emissions compared to the business-as-usual scenario.
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3.2. Optimal Vehicle Fleet Transition for the Worst-Case Scenario

In the worst-case scenario—all key influence parameters evolving according to their pessimistic
scenario—the optimal fleet transition identified by the developed model looks similar to the base
scenario, see Figure 18. Regarding the BEV20, we notice two main effects compared to the base
scenario. They are introduced later and their maximum share in the fleet is limited. The former effect
is due to a slower energy transition, which leads to higher GHG emissions resulting from electrical
consumption, and the fact that battery production emissions cannot be reduced as fast as in the base
scenario. The second effect is due to limited user acceptance of short-ranged vehicles implemented by
a 10% cap for these concepts.

As in the base scenario, the rest of the fleet is constituted by PHEV-CNG. However, we notice a
shift in the introduction of PHEV20-CNG when comparing to the base scenario. This shift results for
the same reasons that lead to the later introduction of BEV20. Overall, the optimal fleet transition in
the worst-case scenario leads to approx. 2,463 million tons of CO,-eq.—which is a reduction of about
40% compared to the business-as-usual scenario.
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Figure 18. Optimal vehicle fleet transition for the worst-case scenario.

3.3. Optimal Vehicle Fleet Transition for the Best-Case Scenario

Now we have a look at the best-case scenario, in which all key influence parameters evolve
according to their optimistic scenario. The mobility trend in Germany has a major influence on the
transition. Firstly, people switch to other means of transport and thereby lower the demand for
vehicles. Secondly, carsharing penetrates the market and thereby raises the average lifetime mileage
of the vehicles putting a higher weight on the operational phase of the vehicles. Thirdly, a higher
user acceptance for short-ranged vehicles increases their maximum fleet-share to 50%. As can be seen
in Figure 19, the optimal transition mainly consists of BEVs. In fact, BEV20s gain a big share of the
fleet very quickly. The fast developments of battery technologies and the effective energy transition
to more renewables reduce the role of PHEVs in favor of BEVs. Nevertheless, the former are still
relevant for the fleet transition. The PHEV15-CNG now takes a minor role and beginning in 2025 the
PHEV20-CNG replaces the former achieving a significant fleet-share of around 50%. Furthermore,
production emissions of batteries can be reduced in such a way and the expansion of wind power is
such, that, starting in 2039, BEV100 are part of the optimal fleet transition.
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Figure 19. Optimal vehicle fleet transition for the best-case scenario.

Overall, the best-case scenario would lead to approx. 1680 million tons of COy-eq. as cumulative
emissions until 2050—which is a reduction of about 60% compared to the business-as-usual scenario.

3.4. Sensitivity-Analysis of Key Influence Parameters

The results suggest that future powertrain concepts need to be equipped with a plug-in option.
ICEV concepts and even HEV concepts are not part of the presented optimal transition scenarios.
PHEVs are present in all three transition scenarios previously considered. They offer a great compromise
between electrical and fuel consumption. PHEV-CNG appear more advantageous than PHEV-E10,
because their direct emissions are lower. Concerning the short-range vehicles, BEV20 are introduced
for all considered scenarios. BEV100 and FCPHEV20 powertrain concepts both show potential to
reduce GHG emissions in the optimal transition for the best-case scenario with optimistic boundary
conditions and would lead to almost similar results in the base scenario if introduced after 2040.

At this point, we conduct a sensitivity-analysis of all possible future scenario-combinations of
the four key influence parameters. Each parameter having three possible scenarios leads to a total
of 81 possible combinations for future scenarios. We performed the analysis for all 81 combinations
and found 81 optimal fleet transitions. Sequentially, we analyze the four key influence parameters by
grouping the results according to their scenarios in every instance. For example, when looking at the
mobility trend, there are 27 scenarios in which the trend evolves in a pessimistic way, 27 for the neutral
scenario, and 27 for the optimistic scenario. In the end, we have four different ways of grouping the
results into three groups of 27 each.

First, we analyze the objective value of the optimization function: the cumulative GHG emissions
of the vehicle fleet until the year 2050. Generally, as can be seen in Figure 20, the groups containing the
results for the pessimistic scenario of the key influence parameters correlate with higher cumulative
emissions. After comparing the median values and their variation within one key influence parameter,
we conclude that the mobility trend, followed by the trend in the energy sector are the primal
determinants to reduce GHG. This is no surprise since less vehicles result in lower cumulative GHG
emissions. In addition, more renewable energy for electricity production has a positive impact on
PHEVs, BEVs, and FCPHEV20s, which have reduced GHG emissions during their operational phase.
Battery production plays an important role as well. The sooner production emissions per kWh
can be reduced, the sooner vehicles with a higher battery capacity can be introduced into the fleet.
The electrical range from PHEVs can be increased, thereby reducing the distance travelled with fossil
fuels. The key influence parameter regarding the hydrogen production path has no impact on the fleet
transition, because no FCEVs are introduced in any scenario. This is due to the significant emissions
during the supply of hydrogen as presented in Figure 3, that are not compensated by the positive
developments presented in Section 2.2.3.
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Figure 20. Sensitivity-analysis of the cumulative GHG emission values of 81 optimization processes.
The boxes include all values between the 25% quantile and the 75% quantile of the data. Minima and
maxima are displayed with a short horizontal dash.

Next, in Figure 21, we present the composition of the fleet transitions. Since analyzing all
81 fleet transitions one by one would exceed the scope of this work, we merged 27 scenarios at a
time following the same grouping procedure as above. Prior to merging, we normed the absolute
vehicle number in all years to one, because vehicle numbers for the same year differ between different
scenarios. The key influence parameter regarding the hydrogen production path is no longer part of
our sensitivity-analysis, since there is no influence in our study, as shown by the former results.
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Figure 21. Sensitivity-analysis of battery, energy, and mobility trends on the vehicle fleet transition.
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On first sight, we notice the strong similarity with the base, worst-, and best-case scenarios
discussed earlier. The trend of the battery production emissions and the trend in the energy sector both
have a similar effect on the fleet transition. In more optimistic scenarios, the introduction of BEV20 and
PHEV20-CNG takes place earlier. Consequently, the role of the PHEV15-CNG is moderately reduced.
In very optimistic cases, BEV100 are introduced into the fleet starting in 2039. Regarding the mobility
trend, we observe that in more optimistic scenarios the PHEV15-CNG are out-phased earlier and
the PHEV20-CNG are introduced slightly later. This is due to higher user acceptance of short-range
vehicles—BEV20—and the fact that it takes several years until the BEV20 reach the maximum share of
50% short-ranged vehicles of the fleet (optimistic case).

4. Conclusions

We presented an optimization model to identify optimal vehicle fleet transition paths for given
scenarios with the cumulative amount of GHG emissions caused by all vehicles of the fleet taking into
account all life-cycle phases of the vehicles. This way, the relevance of powertrain concepts can be
compared in the context of a fleet transition over a 30-year time period. Furthermore, the identified
optimal transitions give important insight about suitable timing and rates of introduction of new
powertrain concepts. Special focus lies on the interaction of the fleet with the energy sector. Note
that, for all powertrain concepts, the vehicles were parametrized in a way that reduces their life-cycle
GHG emissions, as in [9]. The results do not represent the most likely fleet transitions, for which
different prognosis have been performed as presented in Section 1, but rather reveal the hidden
ecological potential of the mobility sector and serve as guideline for decision makers that want to
achieve GHG-optimal results.

Aspects that have not been considered in this study are the costs of ownership of the different
powertrain concepts and the user convenience, for which the charging infrastructure is essential. These
two levers are of major relevance for policy in order to influence the composition of the vehicle fleet.
At the same time, these levers will hinder the optimal fleet transition, if disregarded.

In particular, we analyzed the situation in Germany and modeled several parameters with yearly
resolution. For four key influence parameters of interest, we modelled several scenarios, followed by
an extensive sensitivity-analysis. The battery production emissions trend, the energy sector transition,
and the mobility trend highly influence the cumulative GHG emissions of the fleet.

Interestingly, the optimal fleet transitions for different scenario parameters show various
similarities, which allow to draw generic conclusions on how the transition of the German vehicle fleet
should be organized. Based on our results, short-ranged BEVs with moderate battery capacities—like
the BEV20 considered in this study—should soon be introduced into the fleet. As Esser et al. already
confirmed in their previous work, this powertrain concept has the lowest life-cycle GHG emissions on
short-range driving profiles [6]. Furthermore, we conclude that PHEVs are of central relevance for
an optimal fleet transition—bear in mind that this fleet transition optimization aims at showing the
ecological potential of different powertrain concepts and therefore, as mentioned earlier, PHEVs are
assumed to be fully charged previous to every ride. In general, they represent a great compromise
between mostly driving electrically on short distances—like BEV20—whilst having the possibility to
drive longer distances as well. This behavior overlaps with the driving habits of most car owners
in Germany. More in detail, our optimization finds that as time passes and the GWPyq of battery
production gets lower, an increase of battery capacity of PHEVs leads to an overall reduction of
cumulative GHG emissions. This effect is further strengthened—or conditioned by—the successful
transition of the energy sector to more renewable energy sources. If PHEVs are not charged regularly,
their good ecological potential will not be reached and their relevance for an optimal fleet transition is
reduced. Therefore, regulations or incentives to ensure regular charging of the vehicles are essential.
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The PHEVs powered by CNG emit less GHG compared to their petrol-powered counterparts. This
is due to lower direct operational emissions of CNG. Nevertheless, deeper analyses of high-pressure
tanks for natural gas should be conducted. In this paper, their GHG emissions have not been explicitly
determined for the production phase of these vehicles.

When focusing on the time period between 2040 and 2050—assuming the energy transition in
Germany is mostly completed—we find that the powertrain concepts PHEV20-CNG, BEV100, and
FCPHEV20 show very similar life-cycle emissions. By that time, these three powertrain concepts lead
to very similar GHG emissions and result in similar cumulative fleet emissions. Other factors, i.e.,
synergy effects between the mobility and the energy sector, should be further analyzed to determine
the best powertrain concepts and fleet transition. This is because CNG and hydrogen can act as energy
buffer and energy carriers between both sectors—globally optimizing the resource utilization.

The developed optimization model for the identification of optimal fleet transitions was applied
to the German vehicle fleet. The representativeness of the driving profiles for Germany can be further
increased, if the ARTEMIS cycles are substituted by actual driving cycles based on fleet driving data
covering Germany as in [9]. This would permit a more precise assessment of the GHG emissions
during the operational phase of the vehicles using representative driving cycles resulting in the true
environmental impact of GHG emissions during the whole life-cycle of vehicles—the real ecological
impact (REI) of considered powertrain concepts. Furthermore, the approach can be generalized and
applied on further global regions. Future works on this topic can increase the meaningfulness of the
results by integrating the GHG emissions of other means of transportation into a global mobility sector
optimization environment that also considers different scenarios regarding policy incentives.
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