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a Industrial Process and Energy Systems Engineering Group (IPESE), École Polytechnique Fédérale de Lausanne
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Abstract:
A successful decarbonisation of the European Union, coupled with a high integration of renewable energy and
ambitious targets for energy efficiency, can only be reached with a significant contribution from the transporta-
tion sector. It currently represents a quarter of the total greenhouse gas emissions and is shifting from fossil
fuels to alternative energy carriers (biofuels, e-hydrogen, electricity) and propulsion systems (hybrid, electric
and fuel-cell vehicles). Decarbonising this sector can follow multiple pathways, each having different costs, im-
pacts and implications for the other sectors (industry, residential and services). This paper presents a method
to analyse the impact of each decarbonisation pathway in the mobility sector on the overall energy system,
using the EnergyScope model. The proposed methods include: (i) an estimation of the hourly demand profiles
for short- (local) and long-distance mobility, using annual projections and traffic measurements; (ii) the devel-
opment of black-box vehicle models of road, rail and aviation technologies; (iii) the modelling of the associated
infrastructures, from the fuel conversion processes to the charging stations; and (iv) the use of Monte-Carlo-
based tools to account for technical and economic uncertainties. This method allows to assess the effects of
mobility decarbonisation pathways on the energy system, from the large-scale deployment of vehicle-to-grid
technologies to the integration of biofuel- and hydrogen-based vehicles. France has been taken as case study,
considering 2050 as time horizon. The results showed the importance of a holistic approach to suggest cost-
and energy-efficient decarbonisation pathways in the transport sector that can affect the overall energy system.
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1. Introduction
The primary world energy consumption has been more than doubled in the last forty years (factor 2.4) and is
covered at more than 80 % by fossil fuels [1]. The same trend can be observed in Europe, with 74% of the
primary energy consumption from fossil fuels, 10% from nuclear energy and 15% from renewable sources in
2018. These increases can largely be attributed to the global economic growth, with the largest rise in primary
and final energy-demand coming from non-OECD countries. This development is expected to build on the use
of fossil fuels, the driving force behind the OECD countries’ development in the past [2]. At the European
level, this dynamic is different, as population and economic growth grows moderately, which goes in parallel
to the energy consumption.
The European Union has drawn up an ”Energy Roadmap 2050”, within the ”European Green Deal” in 2019,
which has the goal of a greenhouse gas emission free economy by 2050. This transition requires a shift from
fossil fuels to renewable energies and a reduction in the final energy consumption in all sectors (energy, industry,
residential, services and mobility) [3].
In the last years, the transportation sector has accounted for about a third of the final energy consumption
and a quarter of the total greenhouse gas emissions of the European Union. Private mobility relies heavily, at
about 90%, on the use of petroleum fuels (diesel and gasoline) [4]. The ecological awareness of the population
is reflected in the change of composition of the new vehicles fleet. Compared to 2018, 22.9% more electric
vehicles, 159.8% more hybrids and 33.6% alternative drives were sold in 2019. The emissions of electric
vehicles, trains, and alternative vehicles, are correlated to the energy mix of the electric grid, which varies
strongly from one country to another.
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Energy system modelling can focus either on a specific sector or take into account all sectors. The impact of
the end-use energy demands in different sectors on the design and operation of our energy systems should be
assessed by modelling the whole energy system. A greater penetration of electric vehicles is likely to occur in
parallel with an intensified electrification of the industrial, service and residential sectors, for example with the
integration of heat pumps for heating. These shifts will result in greater electricity consumption, with a possible
competition between the different sectors, large deployment of renewable energies and integration of storage
technologies.
Several energy models have been developed to analyse the impacts of possible energy transition pathways and
to guide decision-makers and stakeholders. A review of the existing large-scale models is presented in Limpens
et al. [5] (Table A1 1), with the new mobility models added in different time resolutions for comparison.

Green mobility technologies are fairly recent and the impact of a large deployment has not been investigated
in details. Biresselioglu et al. [6] identified the driving forces and barriers pushing the evolution towards green
mobility, while Shafiei et al. [7] focused on the correlation between taxes and electric vehicles’ (EV) pene-
tration for 2010-2017. The energy use associated with electric vehicles was modelled by Nematchoua [8] for
the city of Liege (BE), London (GB) and Chicago (USA) by Mohammadi et al. [9]. Their focus was on the
correlation between socio-economic parameters and spatial energy consumption variation due to mobility.

Bracco [10] developed a model to analyse the interactions between vehicle-to-grid (V2G) technologies and
intermittent renewable sources and assess the variations of the electricity and heat consumption. Calise et al.
[11] investigated the possibility of combining photovoltaics and batteries to charge the electric vehicles in the
cities of Naples and Salerno (IT). Laurischkat and Jandt [12] conducted a thermo-economic optimisation of
sustainable mobility, photovoltaic systems and battery storage, while Muratori et al [13] stressed the impor-
tance of a multi-sectoral approach to the energy system when analysing the effect of vehicle fleet changes, as
the energetic dependencies of the heating system, electricity demand and mobility are related, due to similar
primary energy consumption for example.

The aim of this paper is to investigate various technological options for moving towards green mobility and
their impact on the whole energy system with the inter-sectoral connections. These alternatives, together with
their efficiencies, costs and impacts are implemented in the Mixed Integer Linear Programming (MILP) model
EnergyScope, initially developed with a monthly resolution [14, 15]. It has been further developed with a
hourly resolution [5] and to include CO2 flow balances [16].
Different scenarii for future mobility are derived, simulated and optimised, considering their benefits in terms of
renewable energy share and greenhouse gas reduction under uncertainty based on the reference scenario. This
methodology allows to model the hourly and annual mobility demands based on socio-economic parameters in
2050, assess the economic, environmental and system impacts on the energy system due to the renewable mo-
bility integration and identify the parameters subject to the highest uncertainty. The effect of the electrification
of the transport sector and the corresponding electricity demand are assessed, and the stabilisation and relive of
the electricity system by using V2G technologies or different charging strategies are analysed.

2. Methods
Figure 1 summarises the methodological steps. The pre-calculation allows to determine the model’s demands
and times series input, by (i) selecting the technologies and scenario-dependent vehicles and infrastructure
parameters, (ii) specifying additional constraints per case study and vehicle scenario, allowing (iii) to run the
model and store the output variables for Pareto generation or sensitivity analysis. These variables are (iv)
post-calculated in order to convert into figures, results and key performance indicators.

2.1. Modelling framework

Modelling electric vehicles and the impact of their charging/discharging behaviours on the energy system re-
quires a hourly basis to correctly estimate the size and operation of vehicles and storage technologies. The
framework of EnergyScope TD developed by Limpens et al. [5] was used: the end-use energy demands were

1additional material can be found https://infoscience.epfl.ch/record/287243?&ln=en
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Figure 1: Overview of the computational framework, consisting of (i) pre-calculation with demands and time series
definition, (ii) modelling of scenarios and case studies, (iii) computation of Pareto and sensitivity and (iv) the post-
calculation.

divided into electricity, heat and mobility, which was on itself split into passenger & freight mobility. In the
present work, passenger mobility was further split into long- and short-distance mobility: these demands are
independent from each other, present different time variations and can be associated with different vehicle fleets
(short-range electric vehicles can be associated only with short-distance mobility, whilst vehicles running on
synthetic fuels can be used for both). Figure A2 shows how to derive the hourly demand profile based on the
annual end-uses demands.
EnergyScope figures as energy balance between the hourly demands on one side, and the resources on the other
with technologies converting resources to demands under costs and emissions. The modelling framework is
depicted in Figure A1, where the red categories correspond to the mobility-related improvements compared to
Limpens et al. [5].
Mobility EnergyScope is expressed in MILP, with the key decision variables F and FMultt , determining the
size and the hourly utilisation of the technologies respectively. The model optimises according to two extreme
objectives as below and the parametrised Pareto curve.

Economic optimisation The primal objective is the total cost Ctot (Equation 1) consisting of the sum of
the technologies’ (tec ∈ T EC) annualised investment Cinv and maintenance Cmaint (Equation 3), as of the
resources (res ∈ RES) operation cost Cop (Equation 4). The investment cost consists of the multiplication
of the specific investment cost cinv with difference of the size parameter F and the already installed size fext
(Equation 2).

Ctot =
∑
tec

Cinv(tec) · τ (tec) + Cmaint(tec) +
∑
res

Cop(res) (1)

Cinv(tec) = cinv(tec) · (F(tec)− fext(tec)) (2)

Cmaint(tec) = cmaint(tec) · F(tec) (3)

Cop(res) =
∑
h,td

cop(res) · Ft(res, h, td) · top(h, td) (4)

∀ res ∈ RES, tec ∈ T EC, h ∈ H, td ∈ T D

Environmental optimisation The minimisation of the total greenhouse gases emissions is the second objec-
tive, measured by the GWP (Global Warming Potential), determined in a similar manner as the total cost where
it is split between the emissions caused by construction of technologies GWPconstr and the emissions due to
the use of resources GWPop (Equations 5-7).

GWPtot =
∑
i

GWPconstr(i) +
∑
j

GWPop(j) (5)

GWPconstr(i) = gwpconstr(i) · F(i) (6)

GWPop(j) =
∑
h,td

gwpop(j) · Ft(j, h, td) · top(h, td) (7)

∀ res ∈ RES, tec ∈ T EC, h ∈ H, td ∈ T D
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2.2. Mobility demands

2.2.1. Hourly demand

The mobility demand is expressed in [pkm] for passenger transport and [tkm] for freight transport, and is usu-
ally given on an annual basis in European statistics. It can be split into long- and short-distance mobility, using
a threshold value of 80 km according to RTE [17]. As for heating systems, which are designed knowing ther-
mal profile demands and possible extreme days in terms of temperature and irradiation, it is essential to derive
hourly variations of the mobility demand for sizing adequately the mobility infrastructure and predict peak de-
mands. This is approached, in the present work, by using hourly vehicle counting measurements and deriving
mobility profiles. A number of 1513 vehicle counting measurement points in Germany for long distance (BAST
[18]) and of 367 in France for short distance mobility (Opendata Paris [19]) were used - depending on the street
type and geographical localisation.

2.2.2. Demand prediction

Energy system modelling for future years involves the estimation of demands, in particular mobility demand,
which has been estimated by regressing the historical demand according to three OECD economic outlook [2]
parameters (GDP, number of households, population) in order to determine the weight of the different socio-
economic parameters. The parameters’ weights have been determined by minimising the difference of the
historic mobility demand fMob

t and the correlated weighted mobility demand fMob∗
t

min
2019∑

t=1990

|fMob∗
t − fMob

t | , fMob∗
t =

∑
n

wn · fn,t (8)

where
∑

nwn = 1 are the weights and fn,t the data of the OECD socio-economic parameter n at year t.

2.3. Mobility technologies

2.3.1. Vehicles

Vehicles are considered as goods (freight) or people (private and public) transporting units over an annual
distance by consuming resources. The vehicle specific parameters have been characterised by assuming that
people’s behaviour in terms of mobility will not change significantly by 2050. The annually travelled distance
dannual and the load per vehicle nlpv were assumed constant. This allowed to determine the specific energy
demand evehicle of a given vehicle (private, public and freight mobility) to generate one useful unit of mobility,
expressed in pkm for passenger and tkm for freight mobility.

evehicle [
GWh

Mpkm
] = Evehicle ·

8760 · cvehiclep

nload per vehicle · dvehicleannual

(9)

The evolution of vehicle costs in the future was estimated using learning curves, which illustrate the relationship
between greater production volume and maintenance & investment costs. They are expressed following a power
function of the type:

P (xt) = P (x0) · (
xt
x0

)b (10)

with P (xi) being the cumulative production of the reference year x0 and the target year xt. The slope parameter
b < 0 can be estimated using the learning rate LR:

LR = (1− 2b) (11)

The different vehicle types are at distinct development states: the learning curve studies of Weiss et al. [20]
were used for EV, Ruffini et al. [21] for FCV and no learning curve for ICE vehicles due to their technology
readiness level according to Zhao et al. [22]. The maintenance and investment costs for private mobility vehi-
cles were estimated as in Table A2.

The global warming potential related to the LCA analysis of the vehicles was estimated using the EcoInvent
database, following the LCIA methodology of the IPCC 2017. The vehicles emissions have been split in the
propulsion unit, battery and other units such as fuel cells etc. as visible in Appendix Table A3.
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2.3.2. Infrastructure

A shift in mobility behaviour and vehicle fleet will induce modifications to the current infrastructure, with
possibly more maintenance of railways and roads, deployment of fuel production units and charging stations,
etc. It is assumed that the investment costs of the current roads, railways and waterways are depreciated, and
that additional investments are required only if an increase of the end-use mobility demand results in a traffic
greater than the planned capacity. Similarly, the investment costs of current gasoline and diesel stations were
assumed depreciated, and that these stations could already be used for charging of vehicles running on biofuels.
These additional costs for rolling grounds were calculated based on marginal cost estimates of historical data
[23], [24] represented in Table 1.

Table 1: Marginal costs of the transportation infrastructure (France).

croadmarg c2017maint d2017s EUD2017
mob

[C/pkm] [C/km] [km] [pkm]

Long Distance 3.25× 10−3 58 200 20 662 3.7× 1011

Short Distance 1.11× 10−1 58 200 1 082 789 5.66× 1011

With complementary fuel technology vehicles, fuel processing units are added, following the technology char-
acterisation in EnergyScope by Moret et al. [14]. The efficiencies of the fuel processes are illustrated in Figure
A3 with the specific parameters summarised in Table A4 with output the synthetic fuels in Table A5.

2.4. Modelling of electric vehicles

The fuelling process of liquid and gaseous fuels as the temporary impact on the energy system can be neglected
compared to electric vehicle charging, as the maximum equivalent fuelling speeds corresponds to 17 000 km/h,
compared to 150 kW charging stations for EVs being 20 times slower. While electricity generation technologies
have been taken from EnergyScope TD by Limpens et al. [5], the process of charging for each hour (h ∈ H)
of the typical day (td ∈ T D) had to be modelled. Two types of EVs have been integrated: V1G and V2G
vehicles, where V2G are able to use the stored electricity for other purposes and discharge it in the grid, while
V1G correspond to the standard vehicles where the battery is used for mobility purposes only.

2.4.1. Electric vehicle storage

The total electric vehicle storage capacity F(b), b ∈ B(EV) is assumed to be proportional to the number of
electric vehicles in use F(v), the fleet size fcar,circulation · PCar(v)2 and the specific energy per car evehicle(v)
for all electric vehicle types v ∈ EV(equation 12). While the amount of electricity stored in the electric vehicles
batteries StoOut is equal to electricity needed to power the vehicle for V1G cars, the stored electricity can be
used for other purposes for V2G cars (equation 13).

F(b) =
F(v) · evehicle(v)

fcar,circulation · PCar(v)
(12)

∀ v ∈ EV, b ∈ B(EV)

∑
b

StoOut(b1,2,
′ELEC ′, h, td)

{
= −

∑
v1
f(v1,

′ELEC ′) · Ft(v1, h, td)

≥ −
∑

v2
f(v2,

′ELEC ′) · Ft(v2, h, td)
(13)

∀ vi ∈ EV, b ∈ B(EV), h ∈ H, td ∈ T D

2.4.2. Peak demands

Peak mobility demand results in fuel and electricity loads on the energy system, leading to spiky and volatile
loads on the electricity system in absence of load regulation. The peak demand MaxXmob,demand therefore
not only depends on the hourly mobility of the V2G and V1G vehicles (Ft(v1,2, h, td) v1,2 ∈ EV), but also

2fcar,circulation is the fraction of vehicles in circulation, which has been taken as 5%, according to the RTE 2018 data [25]
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Figure 2: Charging stations modeling illustration with technologies, transfer and levels.

on the number of charges3, as for the charging strategy. Peak definition (Equation 14) allows therefore to
dimension the electric network, the charging stations, power plants and batteries of the electric vehicles (b ∈
B(EV)).

MaxXmob,demand ≥

{
−
∑

v f(v1,2,
′ELEC ′) · Ft(v1,2, h, td)

−
∑

v f(v1,2,
′ELEC ′) · Ft(v1,2, h, td) +

∑
b Stoin(v2,

′ELEC ′, h, td)
(14)

∀ vi ∈ V, b ∈ B(EV), h ∈ H, td ∈ T D

2.4.3. Charging stations

Following the peak demand, electric vehicles are charged (StoIn) at power stations (c ∈ C) . The connection
Transfer between the power stations, the vehicle batteries (b ∈ B) and the grid is summarised in Figure 2.
First balance is modelled between electricity exchange of the charging stations and the charging of the batteries
(Equations 15 & 16). The additional variable Transfer is created to limit the charging station power type to
the different vehicles (Equations 17 & 18), with the peak power charging output limited in Equations 19 & 20.

∑
c

Ft(c, h, td) · top =
∑
b

StoIn(b,′ELEC ′, h, td) · top(h, td) (15)∑
c

F(c) ≥
∑
b

StoIn(b,′ELEC ′, h, td) (16)

Transfer(b, c, h, td) ≤
∑
j

StoIn(b,′ELEC ′, h, td) · top(h, td) (17)

Transfer ≤ caccess,t(h, td) · F (c) (18)∑
c

Transfer(c, b, h, td) = StoIn(b,′ELEC ′, h, td) (19)

F(c) ≥
∑
b

Transfer(c, b, h, td) (20)

∀ c ∈ C, b ∈ B, h ∈ H, td ∈ T D

2.4.4. Charging strategies

The piloting of the charging of electric vehicles batteries (b ∈ B(EV)) allows to flatten the peak demand on
the electric grid. Two manual charging strategies have been added, avoiding the charging during hours with a
high general electricity demand (Equation 21). The second one aims to avoid trivial charging and discharging,
by fixing the charging after the vehicle use t3; t4 in to be at least equal to what was discharged in the previous
period t1; t2 (Equation 22).

3The daily number of charges is assumed to be 1 for a private car and 2-5 for public transport vehicles according to RTE [17].
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StoIn(b,′ELEC ′, h∗, td) = 0 (21)
t4∑

h=t3

StoIn(i,′ELEC ′, h, td) ≥
t2∑

h=t1

StoOut(b,
′ELEC ′, h, td) (22)

∀ b ∈ B(EV), h ∈ H, td ∈ T D, hend ≥ h∗ ≥ hstart ∈ H

2.5. Validation

The validation of the model has been achieved by comparing the model’s output to the energy systems of France
in 2017 (Table 2). The major differences between the statistics and the model output can be brought back to (i)
efficiencies of the thermal power plants and Diesel vehicles being modelled for future projections with higher
efficiencies, (ii) simplified modelling of biomass processes, (iii) lack of data in non-energy, agriculture and
aviation purposes on fuel use and carbon emissions and (iv) non-inclusion of power curtailment for photovoltaic
panels and wind-mills.

Table 2: Model validation: MILP model output vs. actual 2017 values for the France energy system.

Primary Energy [TWh] Mobility [Mpkm]
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Actual 2017 114 92 414 446 75 378 9 26 2 0 3 117 520 256 80 311
MILP 23 102 450 479 127 386 8 21 2 0 3 115 512 251 79 310

∆ -91 10 36 33 52 8 -1 -5 0 0 0 -2 -8 -5 -1 -1

2.6. Sensitivity & Uncertainty

2.6.1. Sensitivity

A Morris screening method [26] was applied in order to rank the different parameters on the model’s objective
function value. Despite the drawback of the quantitative nature of the screening, the method allows to classify
the parameters in influential and non-influential parameters with a small number of iterations, compared to
Sobol methods.
The Morris screening consists of seven steps, where (1) the complete space of possible values of the k input
parameters x is discretized in a p-levels grid, while (2) taking an initial value set from the k input parameters
within the p-level grid allowing to calculate (3) the model’s objective function value y. (4) A new set of
parameters is generated varying only one value within its p-level, calculating the model’s output and repeating
these steps r-times. (5) The variation of the model output y due to the input x can be determined by the
elementary effect (EE) for the j-th variable and the i-th valuation:

EE
(i)
j =

∂y

∂xj
' y(x1, x2, xj + δxk)− y(X)

δ
(23)

(6) The scaling of the elementary effects allows to normalise the inputs parameters variation according to the
standard deviation of the models inputs and outputs, allowing (7) to classify the the local derivatives of the
solutions compared to the sensitivity of the model according to the indicators (i) µ∗, the mean values of the
distribution of the standardised absolute elementary effects SEE [27]. The larger µ∗ is, the more sensitive the
output of the j-th input is. µ∗ is defined as:

µ∗j =
1

r

r∑
i=1

| SEE
(i)
j | (24)

and (ii) σ, which is the standard deviation of the distribution of the elementary effects SEE. σ measures the
nonlinear effects of the jth input on the model output, as well as the effect on the other k − 1 parameters. σ is
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defined as

σj =

√√√√1

r

r∑
i=1

(
SEE

(i)
j −

1

r

r∑
i=1

SEE
(i)
j

)2

(25)

Non-influential factors are the group of points being close to the origin (small µ∗ and σ). Their effects can
be neglected on the models output result in comparison to the other factors, while less-influential factors are
values which are located close to the line σ = µ. influential non-interacting, are factors below the separation
line σ = µ. Their influence on the optimisation result is more of additive nature, with influential interacting
factors are above the separation line and have a non-linear effect on the result.

3. Results and discussion
In order to verify the consistency of the modelling approach, the methodology is applied to the case studies of
France in 2050.

3.1. Mobility estimation

In a first step, the hourly mobility profile for long and short distance is estimated. Figure 3 identifies the different
day type clusters applied to the case of France 2015, with holidays, weekdays and workdays in long distance
mobility and missing holidays in short distance mobility, as holidays and weekday cannot be distinguished with
the k-means clustering.

(a) Short Distance (b) Long Distance (c) Annual mobility demand evolution

Figure 3: Mobility estimation: (a) &(b) on the hourly profile estimation with quartiles deviation (transparent), (c) on the
Specific annual mobility demand evolution Germany & France 1990-2050 (dotted SD, dashed, LD, line FR).

In a second step, the annual mobility demand evolution is extrapolated, based on the the OECD parameters
where the weights are represented in Table 3. A strong correlation between freight and GDP is visible for
both countries, while the population is more influencing the passenger mobility. By extrapolating the mobility
demands in 2050 (Figure 3(c)), one can observe a higher specific short distance passenger mobility demand for
Germany (11.2%) while the trend is inverted for long distance mobility (-93.25%).

Table 3: Weighting parameters mobility demand extrapolation.

France Germany
SD LD Freight SD HD Freight

GDP 0.27 0.26 0.68 0.15 0.32 0.73
Number of Households 0.24 0.28 0.14 0.17 0.27 0.12
Population 0.54 0.46 0.18 0.68 0.41 0.15

3.2. Electric vehicle charging

The effect of vehicle charging on the energy system can be observed by setting the road fleet to 100% electric
vehicles. Figure 4 displays the charging and discharging of electric road vehicles, with the hourly averaged
power for different day types. While on a sunny day in Spring, the renewable resources (PV panels and hydro
power) provide enough electricity for the energy system, the EV power curves follow only the mobility demand
purposes (Figure 4(a)), V2G and G2V is activated on a cloudy winter day with low renewable potential, allow-
ing to store inter-daily shifted energy production and consumption (Figure 4(b)).
Figure 4(c) corresponds to the subtraction of the mobility-induced power charging and discharging of Figure
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4(b). The differences in use if certain technologies can be explained by (1) the availability of the vehicles during
the day, as (2) their capacity to be charged at different charging levels. While PV panels generate electricity
at low voltage, wind production is at medium voltage, necessitating V2G vehicles with high-voltage charging
capabilities such as trucks or buses. The general trend allows to identify the use of LR vehicles to be charged
during midday (people at home or lunch break), while discharged in the early morning or afternoon. Long
range BEVs are mainly charged shortly before lunch, to compensate the missing electricity during lunch and
the afternoon.

(a) Sunny spring weekend (b) Cloudy winter weekday (c) Winter weekday (V2G & G2V only)

Figure 4: Daily profile of charging (-) and discharging (+) of electric vehicles with 50% V2G vehicles share for extreme
typical days.

3.3. Decarbonisation pathways

Different vehicles technologies penetrations allow to assess the economic-ecological optimisation of the tech-
nology, visible in Figure 5. BEV correspond to the reference solution in economic and environmental terms
(Figure 5(a)) and are compensated by fuel cell vehicles (Figure 5(b)) when reducing the EV share. Figure
5(c) shows the impact of synthetic and bio fuels on internal combustion engines, where the shares of bio and
synthetic fuels are varied. With increasing share, the Pareto front moves backwards, with a bend being visible
in high shares, which can be explained by reaching the biomass potential as carbon source, switching towards
CCS and DAC technologies, being more expensive but reducing the carbon footprint of the overall system.

(a) Electric vehicles (b) Fuel Cell vehicles (c) Internal combustion vehicles with
biofuels

Figure 5: Pareto curves per vehicle type penetration

The specific primary energy consumption is represented in Figure 6. The reference scenario allows to compare
the models’ solutions without scenario constraints. France’s renewable energy share varies between 27-42%,
as the France’s energy policy plans to stick to nuclear power of 61 GW baseline, defining already 58% of the
reference scenarios primary energy consumption.
The lowest consumption that is for all objectives and countries is the scenario without fossil fuel import. The
nuclear baseline of France was replaced by more efficient renewable energy technologies generating electricity.
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This results in a primary energy consumption of 10 MWh per year and person for France.
Highest primary energy consumption are the ICE driven scenarios with SF with 40% higher consumption for
the GWP optima and 20% for the GWP minimisation than the reference scenario. This increase can be brought
back to the SF conversion technologies.

(a) Total Costs (b) Total GWP

Figure 6: Primary energy consumption per 100% share scenario by objective function.

3.4. Sensitivity

The Morris screening method was proved to be efficient to conduct a preliminary identification of influential
and non-influential parameters, as the identification of their nature. The sensitivity analysis has been conducted
on both extreme objective functions: total cost and total emissions.

Total Costs Figure 7(a) depicts the 10 most influential parameters of the total costs sensitivity analysis, al-
lowing to classify them according to their influence nature. While influential additive parameters such as the
operating cost of Uranium (CUranium

op ) are influencing the total cost objective, the non-linear influential param-
eters are barely modifying the objective, but inducing modifications on the energy system itself: Photovoltaic
panels (CPV

inv & CPV
maint) are in concurrence with Wind (CWind

inv ) and Hydro Dams (CHD
inv ) & Rivers (CHR

inv ).

Total GWP In contrary to the total costs sensitivity analysis, all parameters are located in the linear influen-
tial zone (Figure 7(b)). While most effect (µ∗ > 75%) are observed with the household heating and electricity
demand (EUDElec

HH & EUDSH
HH) and the renewable energy potential (fWindoff

max & fPVmax), all costs and efficiency-
related parameters have a negligible influence. The absence of emission- & CO2-related parameters can be
explained by the low deviation of those parameters around their base value, as in contrary to the cost evolution,
the carbon content of the resources will remain the same.

The absence of mobility-related technologies within the influential parameters underlines the previously shown
effect of the electric vehicles as reference scenario in the Pareto fronts. The optimality of electric vehicles in
the freight and passenger transport on roads is not as highly sensitive to uncertainty as the renewable power
plants, the resources operating costs and the population energy demands.

4. Discussion
Each type of vehicle is characterised by a different type of resource, energy use and environmental impact,
which results in different trends and impacts on the energy system.
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(a) Total Costs (b) Total GWP

Figure 7: Sensitivity analysis reference scenario France 2050 with Morris screening (zoom in Appendix 2).

Battery electric vehicles While battery electric vehicles are the most environmental (42 Mt CO2-eq/year)
& economic (81 BC/year) optimal vehicle technology for the whole energy system, its large-scale deployment
results in a greater electricity demand, being partially covered by the renewable energy potential (17−24%) and
completed by possible electricity imports (1− 15%) or nuclear power (68− 75%). This enters in competition
with the electrification of the heating sector, where heat pumps are being promoted. Smart charging systems and
the V2G possibility depends strongly on the proportion of vehicles on the road and allows the temporary storage
of electricity from renewable sources, for up to 35 GW peak power and an annual capacity of 1700 GWh for
the economic optimum. Smart charging systems can help in levelling down the power peaks (−49%), especially
those induced by needs for short-distance mobility.

Synthetic fuels and biofuels While increasing the share in synthetic fuels (diesel and gasoline), the cost
and the emissions of the energy system increase by 112% in system costs and 328% in emissions compared
to electric vehicles. In fact, the limiting parameter is the availability of CO2 to synthesise diesel or gasoline.
Hydrogen on the other side can be generated from various sources, either from natural gas through steam
methane reforming, or from water and renewable electricity with electrolysis. The amount of carbon required
in hydrocarbon-based fuels is limited - it is more economic to recover it from biomass, then from carbon capture
on power plants and industrial factories. At high shares of synthetic fuels without fossil fuel import, it becomes
necessary to integrate direct air carbon capture technologies, which are still under development.
The production of ethanol and other biofuels is a possibility to continue with the existing vehicle fleet and use
ICE. The production of biofuels and the use of ICE are by far less efficient (ecologically and economically) than
alternative propulsion systems. Large-scale deployment is also limited because of the lack of carbon sources
besides biomass and the power/cement industries, which forces the use of unconventional technologies such
as direct air capture. The advantage of these fuels is that the mobility energy vector is independent of the
electrical renewable energies and therefore electricity can be used in heat pumps, decarbonising the residential
and industrial sectors.

Fuel cell vehicles Despite the initial high investment and maintenance costs, Hydrogen FCV are in compe-
tition with BEVs in term of economical optimisation (25 %). By increasing the FCV share, the smaller the
electricity demand for BEV gets and the more Hydrogen is generated from electrolysis, allowing to be in con-
currence with electric vehicles from an environmental point of view (38%). At low FCV penetration, the share
of BEV is high, forcing the system to use fossil fuels for heating, inducing the trade-off between electric hy-
drogen synthesising (electrolysis) and steam methane reforming.
Fuel cell vehicles are the only passenger technology being able to concurrence the battery electric vehicles,
while the difference is lowest at long distance mobility, where the vehicle weight starts playing a role.

5. Conclusion
In this paper, the modelling framework for the assessment of green mobility in energy systems modelling is
presented and applied to the real-world case of two European countries in 2050, by extrapolating based on their
socio-economic characteristics and energy policies.
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The adapted approach with higher resolution within the mobility sector allows deeper analyses of the transport
system, by quantifying the emission and energy consumption in the transport sector, and in interplay with
the other sectors. The integration of green mobility vehicles with their corresponding infrastructure allows to
assess the impact of different mobility pathways on the energy system, such as the concurrence between the
electrification of sectors, opportunities in system regulation and interplay with renewable energies under the
policy induced regulations by states.
The modelling framework allows to integrate further vehicle technologies and to assess their impact on the
energy system, as to compare their position to other state of the art vehicles, as for example novel technologies
such as carbon capture trucks and hybrid fuel-cell electric vehicles.
Future model development will allow to assess the impact of regional differences within a case study, the
exchanges on large and small scale regions, as well as further deepening in precision on the other sectors, such
as households, industry and services with their respective interplay.
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