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Abstract: The importance of a flexible and comprehensive vehicle fuel consumption model cannot
be understated for understanding the implications of the modal changes currently occurring in the
transportation sector. In this study, a model is developed to determine the tank-to-wheel energy
demand for passenger and freight transportation within Germany for different modes of transport.
These modes include light-duty vehicles (LDVs), heavy-duty vehicles (HDVs), airplanes, trains,
ships, and unmanned aviation. The model further estimates future development through 2050.
Utilizing standard driving cycles, backward-looking longitudinal vehicle models are employed to
determine the energy demand for all on-road vehicle modes. For non-road vehicle modes, energy
demand from the literature is drawn upon to develop the model. It is found that various vehicle
parameters exert different effects on vehicle energy demand, depending on the driving scenario.
Public transportation offers the most energy-efficient means of travel in the forms of battery electric
buses (33.9 MJ/100 pkm), battery electric coaches (21.3 MJ/100 pkm), fuel cell electric coaches
(32.9 MJ /100 pkm), trams (43.3 MJ /100 pkm), and long-distance electric trains (31.8 MJ /100 pkm).
International shipping (9.9 MJ /100 tkm) is the most energy-efficient means of freight transport. The
electrification of drivetrains and the implementation of regenerative braking show large potential for
fuel consumption reduction, especially in urban areas. Occupancy and loading rates for vehicles play
a critical role in determining the energy demand per passenger-kilometer for passenger modes, and
tonne-kilometer for freight modes.

Keywords: transport energy demand; longitudinal vehicle models; battery electric vehicle; fuel cell
electric vehicle; vehicle electrification; vehicle fuel consumption

1. Introduction

A 2019 report by the Intergovernmental Science-Policy Platform on Biodiversity and
Ecosystem Services found that around one million global plant and animal species are
currently under threat of extinction. Some projections suggest that in the coming decades,
the global temperature rise will become the single largest agent in the changing of ecosys-
tems globally [1]. In 2019, the German transportation sector accounted for 20.4% of the
country’s total emissions of 810 million tonnes of CO, equivalent [2]. Germany has set
the target of becoming climate-neutral by 2045 [3]. Up until now, the transport sector has
shown the least improvement with respect to emissions reduction [4]. Therefore, the sector
in Germany is undergoing a massive transformation to meet its climate targets. One of the
measures that Germany has taken to reduce its transport sector’s emissions and energy use
is subsidizing electric vehicle adaption [5].

To better understand these transformations and their impacts, a model of the energy
demand of all possible transportation modes within Germany must be made available.

Energies 2022, 15, 2232. https:/ /doi.org/10.3390/en15062232

https:/ /www.mdpi.com/journal/energies


https://doi.org/10.3390/en15062232
https://doi.org/10.3390/en15062232
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0002-9215-8125
https://orcid.org/0000-0002-0605-8356
https://orcid.org/0000-0002-3108-8880
https://doi.org/10.3390/en15062232
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en15062232?type=check_update&version=1

Energies 2022, 15, 2232

2 of 24

Therefore, this paper aims to develop an approach to determine the vehicle-specific energy
demand for passenger and freight transportation. The model can distinguish between the
key possible means of transportation available in Germany and the different drivetrains for
each transport mode. Additionally, it can consider future developments in energy demand
through 2050.

By including light-duty vehicles (LDVs), heavy-duty vehicles (HDVs), aviation modes
as well as trains and ships, this paper goes beyond the status of model-based analyses
presented in the literature. Moreover, the consideration of varying occupancy and loading
rates, as well as the effects of driving conditions, simplifies comparative assessments of
the energy demands of all relevant different transportation modes. This is particularly
beneficial for projecting future energy demands across the entire transportation sector.
The energetic comparison of different transport modes, including the influence of varying
occupancy and loading rates, was not present in the literature and is the main outcome of
this paper.

The model is divided into on-road and non-road transportation modes. The on-road
modes include LDVs and HDVs, which are further subdivided into buses and trucks. The
non-road modes include airplanes, unmanned aviation, trains, and ships. Longitudinal
vehicle models, in conjunction with efficiency estimates, are used to determine the energy
demand for all on-road vehicle modes. Energy demand from the literature is used to build
the models for the non-road vehicle modes. The model outputs the energy demand per
vehicle-kilometer traveled, as well as the energy demand per passenger-kilometer traveled
(for passenger modes) and tonne per kilometer (for freight modes).

In Section 2, a discussion of the models used to determine transport energy demand in
the literature is presented in order to determine knowledge gaps and outline the importance
of the developed model.

Section 3 presents a detailed description of the developed model for on-road transport
energy demand. Section 4 specifies the data preparation and validation, using data from
various publications, for the select on-road modes and is followed by a discussion of the
non-road modes. Section 5 discusses the different results obtained using the model. It
includes multiple parameter variations to analyze their effects on energy demand, as well
as a comparison of different transport modes” energy demands. The paper closes with
conclusions drawn from the findings of the study outlined in Section 6.

2. Literature Review

In this section, some of the models in the literature for determining transportation
energy consumption are discussed.

2.1. On-Road Transport Modes

In the literature, many ways of modeling vehicle energy demand are reported. One
of the most widely used is the longitudinal vehicle energy model. In this approach, the
vehicle’s lateral and vertical dynamics are neglected, with the assumption that these do not
significantly affect its energy demand [6]. A backward-looking model is used whereby the
model starts with the traction energy required at the wheels to follow a driving cycle in
order to determine the vehicle’s fuel energy demand [7].

Autonomie is one of the most widely used vehicle simulators and was developed by
the Argonne National Laboratory (ANL) in the USA [8]. It is a MATLAB/Simulink-based
model library that aims to facilitate the modeling of complex vehicle architectures using
“plug-and-play” component models. Autonomie can also be used to study powertrain
configurations, control system design, component sizing, parameter tuning, and hardware-
in-the-loop, among others [9].

Ahmad et al. (2014) carried out the modeling and validation of the longitudinal vehicle
model. The longitudinal model includes different subsystems for tire, engine, automatic
transmission, and braking components. It was then validated against an experimental vehi-
cle equipped with embedded sensors. The model results were compared with experimental
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data for sudden braking and throttle-imposed motions. It was found that the model results
were similar to the experimental ones, with an acceptable level of error [10].

Edwardes et al. ([11,12]) utilized the Virginia Tech Comprehensive Power-Based
Fuel Consumption Model (VI-CPFM) to model vehicle energy demand. The VI-CPFM
employs a longitudinal vehicle model that considers the effects of aerodynamic drag,
rolling resistance, inertial effects, and road gradient. Edwardes et al. (2014) modeled diesel
and hybrid buses and calibrated their model using publicly available bus information.
Incorporating the Orange County bus cycle dynamometer test, the model results had
an average error of less than 5% [11]. The authors also modeled diesel buses [12]. Park
et al. (2013) validated the VT-CPFM using real-world fuel consumption measurements and
calibrated their model using the United States Environmental Protection Agency’s (EPA)
city and highway fuel economy ratings [13].

Gao et al. (2007) highlight the need for modeling battery electric vehicles (BEVs)
and hybrid electric vehicle (HEVs) [7]. Vagg et al. investigated the modeling of the
latter, employing dynamic modeling to optimize the controller and also discussing the
disadvantages of dynamic models [14].

Abousleiman et al. [15], Fiori et al. [8], and Luin et al. [16] analyze the energy demand
for electric vehicles (EVs). Abousleiman et al. (2015) utilize a longitudinal vehicle model
and compare the results obtained with data from driving the modeled vehicle in real-
world driving conditions. The impacts of auxiliary loads are also considered with respect
to the vehicle’s heating, ventilation, and air conditioning (HVAC) power demands, as
well as the power needed for battery conditioning and other drivetrain-related power
requirements [15]. Fiori et al. (2016) develop a model to estimate the instantaneous power
requirements for EVs based on second-by-second vehicle speed, acceleration, and road
grade data as model inputs. The model adopts a quasi-steady-state, backward-looking
longitudinal approach due to its fast simulation times [8]. Luin et al. (2019) develop a
model to simulate the energy consumption of EVs and use a longitudinal vehicle energy
model to determine vehicle energy demand [16].

Several published studies have analyzed the effects of regenerative braking on the
energy demand of vehicles. Abousleiman et al. (2015), for instance, use a constant efficiency
value to model regenerative braking power [15]. Hayes et al. (2014) assume that if the
regenerative power is less than or equal to 20 kW, all of the energy is returned to the
battery pack [17]. Fiori et al. (2016) also calculate instantaneous energy regeneration from
braking, showing that EVs can regenerate higher energy in urban driving conditions than
highway ones [8].

Ambient temperatures can affect the energy demand of vehicles through various
mechanisms. The HVAC system for the passenger compartment is one of the major con-
sumers. Fiori et al. (2016) consider the effects of auxiliary systems such as air conditioning
and heating systems and demonstrate that the use of HVAC systems can reduce the EV
range [8]. Abousleiman et al. (2015) model HVAC power requirements using a function that
varies with the ambient temperature. According to this model, the power demand for cabin
HVAC is negligible for ambient temperatures between approximately 14 and 27 °C [15].
In turn, Grube et al. (2018) utilized a simplified thermal model to determine the vehicle
cabin’s HVAC energy requirements [18].

Ambient temperatures also affect fuel consumption when the engine is started at
temperatures lower than its normal operating ones, which is known as a cold start.
Bielaczyc et al. (2011) experimentally determine the effects of low ambient temperatures on
the cold-start emissions and fuel consumption of various spark ignition and compression
ignition passenger vehicles across the New European Driving Cycle (NEDC). The fuel
consumption was found to be approximately 20% higher at an ambient temperature of
—7 °C compared to 24 °C above the NEDC from cold starts [19]. In addition to the ambient
temperature, the effects of cold starts also depend on various other parameters, including
the volume of the engine, the type, and the elapsed time since its last use. The effects of
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cold starts are not considered in this model due to the large number of parameters that
affect fuel consumption during cold starts.

Various studies have analyzed the effects of different standard driving cycles in order
to determine fuel demand for passenger vehicles. Grube et al. (2018) analyzed the impact
of driving cycles and auxiliary power on passenger cars’ fuel energy demand. The analysis
included internal combustion engine vehicles (ICEVs), HEVs, BEVs, and fuel cell electric
vehicles (FCEVs) and focuses on reducing fuel consumption using electric power [14].
Duarte et al. (2016) compared real fuel consumption from on-road data with those obtained
under standard driving conditions for vehicle certification. The findings revealed that
on-road fuel consumption levels were 23.9% and 16.3% higher, respectively, than the results
obtained using the NEDC and Worldwide Harmonized Light Vehicles Test Procedure
(WLTP) Class 3 cycle [20]. This highlights the discrepancy between the certified and real-
world fuel economy of vehicles and shows that the newer WLTP standard is closer to the
real world than the older NEDC.

2.2. Non-Road Transport Modes

Between 1990 and 2018, international aviation saw the highest relative increase, at
124.6%, compared to other transportation modes, in terms of energy consumption within
the EU [21]. Globally, aviation was responsible for 2.8% of all CO, emissions from fossil
fuel combustion in 2019 [22]. Therefore, airplane fuel energy demand must be considered
in any holistic model of the transport sector.

Burzlaff (2017) develops a model for determining aircraft fuel consumption that can
evaluate type-specific fuel consumption using publicly available airplane information [23].
Park et al. (2014) model the airplane fuel burn for different models globally and find that
flight lengths of between 1500 and 2000 nautical miles are the most fuel-efficient [24].

Peeters et al. (2005) assess the change in commercial airplanes’ fuel efficiency from the
1930s to the 2000s [25]. In turn, Kharina et al. (2015) discuss the fuel efficiency trends for
airplanes from 1960 to 2014 [26].

Xu (2017) models the energy demand of differently sized freight unmanned avia-
tion [27]. Meanwhile, Bauhaus Luftfahrt determines the energy demand for passenger
unmanned aviation [28].

The energy demand for railways must be further evaluated in order to save energy on
the back of environmental concerns and high energy costs [29].

Salvador et al. (2018) develop a dynamic model for estimating the energy consumption
of diesel trains. A comparison of the model results against real operational data reveals an
error rate of less than 9% [30].

Wang et al. (2017) build a model for determining the energy consumption of electric
trains. The model is calibrated using data from Oregon in the United States and validated
using data from the National Transit Database. The model’s results are sufficiently accu-
rate and show that the use of regenerative braking can reduce energy consumption by
around 20%. The model can also take into account the effects of train models, routes, and
operational parameters [31].

The shipping industry is responsible for transporting the vast majority of global
trade volumes [32]. Jeon et al. (2018) predict ships” fuel consumption by employing
artificial neural networks to analyze big data collected from ships. The paper reports
this method as being more accurate and efficient than polynomial regression and support
vector machines [33].

Yang et al. (2019) model the fuel consumption for ships using a genetic algorithm-
based grey-box model, whose advantages over other grey-box models include that it can
better account for oblique weather directions [34].

One of the main differences between the model being developed in this paper and
those presented in the literature is the number of different modes of transport included.
Germany’s different transport modes must be modeled in order to obtain an overview of the
German transport network’s energy demand. Most models to be found in the literature only
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simulate specific transport modes. The model developed in this paper incorporates LDVs,
HDVs (buses and trucks), aviation modes (including conventional fixed-wing airplanes
and electric unmanned aviation), trains, and ships. These modes are further subdivided
into passenger and freight classifications. Therefore, a single model can be easily used to
determine the energy demand for any transport mode, which simplifies the applicability
of the model to complex projects. Another specialty of this model is that it can analyze
the effects of different occupancy rates, i.e., the energy requirements for transporting each
passenger, or a tonne of cargo, can be analyzed. The model also considers the effects
of driving conditions such as ambient temperatures and driving scenarios for on-road
transport modes. This simplifies the comparison of energy demand between different
modes of transport and facilitates a parameter analysis.

3. Methodology

This section outlines the physics behind the implemented model used to determine
the on-road vehicle’s mechanical energy demand, followed by a discussion of the effects
of regenerative braking systems and the model used to determine the vehicle’s final fuel
energy demand.

The physics behind the simulation used for on-road vehicles are extensively discussed
and will also be the most detailed aspect of the final model. This is undertaken because
German road transportation underlies approximately 90% of the country’s entire trans-
port sector energy demand, with only cars and light trucks accounting for 63.0% for the
year 2017 [35].

A vehicle’s drivetrain converts the energy stored in the fuel into mechanical en-
ergy, which is then used to overcome driving resistances. There are three main types of
driving resistances [36]:

1.  Aerodynamic friction;
2. Rolling friction;
3.  Energy dissipated by braking.

These resistances can be represented in a differential form, as follows:

me,v%v(t) = Firac(t) — (Fa(t) + F(t) + Fg(t) + Fa(t)) ¢y
where:

F, = aerodynamic friction;

F. =rolling friction;

Fg = gravitational force for non-horizontal roads;

F; = disturbance forces;

Fiy4c = traction force at the wheel;

e,y = equivalent mass of the vehicle and its occupants;

v = speed of the vehicle.

This model is referred to as the longitudinal vehicle model because it only considers
the dynamics with respect to the vehicle’s longitudinal axis. It does not consider the lateral
forces affecting it.

Equation (1) conveys a general overview of the energy pathways of a vehicle. F;
represents any external forces acting on the vehicle. Fy, is the force being generated at the
wheelbase to propel the vehicle. The effects of vertical lift force are neglected.

The aerodynamic friction, rolling resistance, and gravitational forces are calculated thus [36]:

1
Fa(v)zi'pﬂ'Af'Cu'Uz ()

F=c¢ my-g 3)
Fg(lX) =My -g-& 4)
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where v is the vehicle speed, p, is the density of the air, Ay is the frontal area, ¢, is the
aerodynamic drag coefficient, 1, is the vehicle’s mass, along with passengers and cargo,
g is the gravitational acceleration, and « is the road gradient.

The rolling resistance c, is assumed to be dependent on the vehicles” speed alone [37].

_ v v \4
cr = 0.0088 4 0.0017 - = +0.00028 - (m) ®)
Equation (S1) is used to determine the equivalent vehicle mass ., (see the Supple-
mentary Information). Multiplying the equivalent vehicle mass by the vehicle’s acceleration
yields the force required for the vehicle’s acceleration, also known as the motive force [38].
Traction force is that which the wheel must exert on the road to propel the vehicle
against the resisting forces. A no-slip condition is assumed to hold between the tire and
road. Thus, the wheel’s torque is fully transferred to the road [39].
Therefore, to determine the traction force, the driving mode must first be determined.
There are three possible driving conditions [36]:

1.  Traction mode—the engine is doing the work of moving the vehicle;
2. Braking mode—the brakes are dissipating energy to slow down the vehicle;
3. Coasting mode—the vehicle is moving under its own stored mechanical energy.

The vehicle’s coasting velocity can be calculated using Equation (1), assuming no

disturbance force and setting the traction force to zero. It results in the following equation
for calculating the coasting velocity [36]:

d 1 ,
- :2'me,v.pa.Af.Ca.vc(t)_g.cr_g.lx (6)

The above equation can be easily solved using a numerical method—in this case, the
forward Euler method [40]. By comparing the result with the actual vehicle velocity v(t)
during the driving cycle, the driving mode can be determined [36].

A vehicle is in traction mode if v(t) > v.(t), in braking mode if v.(t) > v(t), and in
coasting mode if v.(t) = v(t), for a finite time interval.

According to this model, the vehicle speed and road gradient must be predetermined
to determine the wheels’ traction force. The predetermined speed is provided by the
standard driving cycles, which are discussed in Section 4.1.1.

The vehicle’s mechanical energy demand is the energy that the vehicle requires to
follow the chosen driving cycle. The key parameter used in this calculation is the mean
tractive force, Ftyqc. The mean tractive force is defined as:

Ftrac = L : / F(t) ' U(t)dt (7)
Xtot t etrac
where trac is the time intervals in which Fy,;c > 0—in other words, those parts of the
cycle when the vehicle is in traction mode—and x;; is the total distance traveled during
the cycle.

During the parts of the driving cycle when the vehicle is in the braking (F; < 0) or
coasting modes (Ftqc = 0), it does not require any mechanical energy from the drivetrain.
The energy needed for aerodynamic and rolling resistances is provided by the decrease in
the vehicle’s mechanical energy.

Next, the 0% and 100% brake energy recuperation scenarios are considered.

If the vehicle is not fitted with a braking energy recuperation device, Equation (1) is
applicable. Thus, there are four significant contributions to the traction force:

thc = ftrac,a + ftrac,r + Fi?rac,m + Ft‘rac,g (8)

Please refer to the Supplementary Information for a detailed breakdown of Equation (8)
and further discussion on the effects of recuperation efficiency.
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As 100% efficiency is not feasible in a real-world scenario, the model will interpolate
the actual energy demand based on the “No Recuperation” and “Perfect Recuperation”
energy demands:

thc(ﬂrec = rec) = thc(ﬂrec = 100%) + (1 - rec) : (Ftrac(ﬂrec = 0%) - ftrac(’?r@c = 100%)) (9)

where 7 is the recuperation efficiency, rec is the actual recuperation efficiency of the vehi-
cle as a fraction, #y.c = 0% is the “No Recuperation” scenario, #,.c = 100% is the “Perfect
Recuperation” scenario, and #.. = rec is the scenario for the given recuperation efficiency.

Finally, the mechanical energy demand E, ., of the vehicle is calculated based on the
mean tractive force, which is equal to the average energy consumed per distance traveled.
When the mechanical energy demand is expressed in units of MJ/100 km, the relationship
between the quantities is as follows:

Eech = ftrac cv-h (10)

After calculating the vehicle’s mechanical energy demand, the next major sources of
energy demand must be considered. These include the power needed for the vehicle’s
HVAC system and other essential components. In this model, these systems are combined
into one and referred to as the auxiliary power P,y demand, which is used as an input.
The auxiliary energy E,,x demand is then calculated as follows:

n
Eaux = Z Paux -h (11)
i=1

where F is the time interval between the discrete data points and the summation is carried
out throughout the driving cycle. Therefore, the energy provided by the drivetrain is the
summation of the E,,,.;, and E,;, demand of the vehicle. The drivetrain efficiencies are then
applied to the summation of the mechanical and auxiliary energy demands to determine
the final fuel energy demand for the vehicle.

Figure 1 shows the structure of the model developed to determine the energy demand
for the on-road transport modes.

Frontal area
Aerodynamic __
Aerodynamic drag Model
drag
coefficient
s Inertia Model —
peed vs. P
Time Lo e Mechanical
H> vehicle > Energy
Rolling model
Vehicle and Resistance —
Occupant Model
Mass
— . = Final
Gravitational | Drivetrain
Gradient vs. force Model efficiencies ™ ENeray
Time Demand
Ambient
HVAC Model
temperature —» (Buses)
(Buses)
Auxiliary _ Auxiliary
power " Energy
HVAC power HVAC
(LDV & > Enersy
Trucks)

Figure 1. Structure of the model of the on-road transport mode energy demand.
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In cases where the vehicle has two different energy stores or motors, the mechanical
and auxiliary energy demands are shared based on the driving share ratios. The final fuel
energy demands are then calculated separately for individual storage and the motor.

4. Data Preparation and Validation

In this section, the data used to build the model are discussed. The validation of the
model’s elements is also discussed.

4.1. On-Road Transport Modes

This section outlines the data used to build the on-road vehicle models.

4.1.1. Standard Driving Cycles

Standard driving cycles are the speed versus time profiles that aim to mimic real-world
vehicle operation [41]. The Worldwide Harmonized Light Vehicles Test Cycle (WLTC) was
developed to provide better laboratory estimates for real-world vehicle emissions and fuel
consumption for LDVs [42].

The WLTC Class 3b is divided into four distinct driving scenarios, namely low,
medium, high, and extra-high speed regions, representing urban, suburban, rural, and
highway scenarios, respectively. Figure 2 shows the driving cycle [42].

120
100 [

Speed [km/h]
D 0
o O

N B
o O

o

0 300 600 900 1200 1500 1800
Time [s]

Figure 2. WLTC Class 3b with different driving scenarios (adapted from [42]).

As can be seen from Figure 2, the driving cycle features distinct driving characteristics
for the four different scenarios. WLTC Class 3b is used by the default to model the energy
demand of all LDVs. Other driving cycles are also made available within the model to
simulate different driving conditions.

4.1.2. Light-Duty Vehicles

LDVs are subdivided into five modes: small car, medium car, large car, sport utility
vehicles (SUVs), and light commercial vehicles (LCVs). The different modes are identified
on the basis of EC regulation number 4064/89 [43]. The different modes and their EC
classifications are displayed in Table 1.

The top 30 best-selling vehicles in Germany for the year 2019 were researched to
find their aerodynamic drag coefficients ¢, and frontal areas A;. The average values
were assumed to be for the year 2020. Islam et al. (2020) predict the percentage drag
coefficient reduction through 2050 [44]. The average mode-specific values for each decade
are presented in Table 1.

Table 2 shows all the different drivetrain efficiencies that are applicable for LDVs.
Hybrid drivetrain efficiency is assumed to be 4% higher than its conventional counter-
part [45]. Hybrid vehicles are divided into electric and conventional/fuel cell modes. In
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our model, efficiencies are assumed to be constant. This simplification was chosen to make
the model more flexible regarding scenario calculations and sensitivity analyses. In reality,
however, efficiency is a function of the powertrain’s load spectrum, which is specific for
driving cycles and would also include the consideration of onboard auxiliary loads, such
as air conditioning.

Table 1. LDV modes’ EC classification and the average aerodynamic parameters.

Mode EC Classification Af (m?) ca )
2020 2030 2040 2050
Small Car A and B 2.16 0.309 0.286 0.245 0.239
Medium Car C 2.25 0.271 0.251 0.215 0.210
Large Car D 2.21 0.262 0.242 0.208 0.203
SsuUv J 2.45 0.327 0.302 0.259 0.253
LCV M 3.17 0.349 0.322 0.276 0.270

Table 2. Drivetrain efficiencies for LDVs, based on data from different sources.

Drivetrain 2020 2030 2040 2050 Sources
ICEV-g 0.26 0.31 0.34 0.36 [44,46,47]
ICEV-d 0.27 0.36 0.39 0.40 [44,46,47]
HEV-g 0.30 0.35 0.38 0.40 [44-47]
HEV-d 0.31 0.40 0.43 0.44 [44-47]
PHEV-g 0.30 0.35 0.38 0.40 [44-47]

PHEV-d 0.31 0.40 0.43 0.44 [44-47]
PHEV-fc 0.47 0.52 0.56 0.59 [44,46,48-50]

REEV-g 0.30 0.35 0.38 0.40 [44-47]

REEV-d 0.31 0.40 0.43 0.44 [44-47]
REEV-fc 0.47 0.52 0.56 0.59 [44,46,48-50]
BEV 0.75 0.81 0.85 0.87 [44,46,48-50]
FCEV 0.47 0.52 0.56 0.59 [44,46,48-50]

ICEV-cng 0.26 0.31 0.34 0.36 [44,46,47]

The recuperation efficiency is determined based on the electric drivetrain efficiency,
which is responsible for recuperating the braking energy. The electric drive shares for
PHEVs and REEVs are taken to be a function of their yearly driven distance [51]. The
average occupancy for all LDVs is assumed to be 1.3 passengers per vehicle, which is the
average value for Germany [52].

The density of air p, is taken as 1.225 kg/m?, assuming a temperature of 15 °C and
standard atmospheric pressure [53]. This is used for all LDV and HDV modes.

According to the European Union’s Aviation Safety Agency, the European average pas-
senger weight is 83 kg, which includes the mass of a person and accompanying luggage [54].
This is used for all LDV and HDV modes.

4.1.3. Buses

A similar analysis was carried out for the other on-road modes. For buses, an addi-
tional model is built to determine their auxiliary power demand as the auxiliary power
of buses can be a significant portion of the total fuel consumption. This is especially true
when HVAC power is required during extreme weather conditions. Cox (2018) reports an
average power rating of 13.05 kW for a medium bus with, and 6.15 kW without, HVAC
power demand [55]. Since the HVAC power demand for buses is significant, it was decided
to consider it in more detail. Knote et al. (2017) report the HVAC energy consumption per
distance traveled as a function of the ambient temperature for medium buses. Figure 3
shows this relation for different cruising velocities [56].

The HVAC energy consumption values shown in Figure 3, reported for ambient
temperatures between —4 °C and 17 °C, approximately, are assumed for medium buses.



Energies 2022, 15, 2232

10 of 24

HVAC energy is assumed to be the same for lower ambient temperatures as the one for
—4 °C and the same as for 17 °C for higher temperatures. This is assuming that, at lower
temperatures, the HVAC system has reached its power limitations. For higher temperatures,
the HVAC system still needs to maintain ventilation functions, for which the minimum
energy is required. However, the model is best suited to estimate energy needs within the
specified range of ambient temperatures.

1
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Ambient temperature [°C]

Figure 3. HVAC energy consumption as a function of ambient temperature (adapted from [56]).

4.1.4. Validation

Here, the model results for the ICEV, FCEV, and BEV drivetrains of the chosen modes
are compared with data from the literature and real vehicles to confirm the model’s validity.

Figure 4 shows the ICEV-g, FCEV, and BEV energy demands of medium cars as predicted
by the model compared to energy demand data reported for various vehicle manufacturers.

300

E 250 -
8
< 200 | —ICEV-g
= —FCEV
190" 1 —BEV
) e
5 100 A . X Real ICEV-g
3 l . . A e RealFCEV
T 50 - = AA 4o A M, A Real BEV

0

1000 1200 1400 1600 1800 2000
Vehicle mass [kg]

Figure 4. Comparison of manufacturers’ data (WLTC) and model energy demand for medium cars
for different vehicle masses ([57,58]). The solid lines represent the model’s results.

As can be seen from Figure 4, the model results are in good agreement with the values
reported for real vehicles in the market. The Pearson correlation coefficient between the
model results and those reported for real vehicles is 0.953 for ICEV-g and 0.952 for BEVs,
which represents a high degree of correlation. Due to the lack of sufficient datapoints for
FCEVs, it was not possible to calculate a valid correlation coefficient; however, the model
results fall within the range of reported data for real vehicles.
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Next, the results for buses and trucks are validated using data reported for current
vehicles in the literature. Due to their prominence, medium buses and large trucks are
chosen to represent their respective modes. The results for medium buses (Figure 5)
and large trucks (Figure 6) are validated using data reported for the current vehicles in
the literature.

Drivetrain:
21007 BN (CEV-d
1800 - . B FCEV
B BEV
1500 x;t Occupancy Rates:
1200 - 100%
! Average
900 A 0%
600 - thera“ture:
§ X Hulsmann (2014)
300 - e Cox (2018)
* Biebuyck (2018)
0 BtV FCEV CEv-d A Dunnebeil (2015)
+ Roland (2015)
Figure 5. Model vs. literature energy demand for medium buses [59,60]. The solid lines represent the
fuel energy demand for the average occupancy rate. The shaded area represents the energy demand
for varying occupancy rates of between 0% and 100%, according to the model.
1800 A Drivetrain:
A I CEV-d
1500 A B FCEV
3 BN BEV
2004 Occupancy Rates:
o 100%
900 1 * Average
i 0%
600 -
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300 1 X Hulsmann (2014)
*  Wietschel (2019)
0 T T T e Vijayagopal (2019)
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Figure 6. Model vs. literature energy demand for large trucks [59,61,62]. Solid lines represent the
fuel energy demand for the average occupancy rate. The shaded area represents the energy demand
for varying occupancy rates of between 0% and 100%, according to the model.

In Figures 5 and 6, the range of values is shown by the shaded region representing the
energy demand for different occupancy rates for buses and loading rates for trucks. The
solid line indicates the energy demand for the average occupancy rate in Germany. As can
be observed, the results from the model match well with those reported in the literature.

If the literature data are assumed to be normally distributed, the fraction of literature
data falling within the range of model results can be determined. In Figure 5, 65% of
BEV, 99% of FCEV, and 75% of ICEV-d literature data fall within the range of the model
results. In contrast, in Figure 6, 98% of BEV, 100% of FCEV, and 85% of ICEV-d literature
data fall within the scope of the model results. As none of the literature mentioned
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the occupancy /loading rates for the vehicles, it is difficult to determine the sources of the
fluctuations. However, for each drivetrain, for buses and trucks, the average of the literature
data falls within the range of model results. Additionally, all of the FCEV literature data
are within the range of the model results. Therefore, it can be concluded that the model
results are valid.

4.2. Non-Road Transport Modes

In this section, the data used to build the non-road vehicle models are outlined. The
future development scenarios are also justified.

4.2.1. Airplanes

Due to the complex physics entailed by airplane flight, a different approach is consid-
ered for the aviation fuel demand model. First, the German aviation sector must be better
understood. The Lufthansa Group has the largest market share, at 87.1% as of 2018 [63], of
the national industry and the second-largest in Europe [64]. In addition to the airplanes of
the Lufthansa Group’s fleet, other widely used models in the industry are also considered
to increase the robustness of the fuel demand results.

The impact of flight distances on fuel consumption is considered by using the Avi-
ation Emissions Calculator (AEC) accompanying the EMEP/EEA air pollutant emission
inventory guidebook. The fuel demand is thereby determined for the selected airplane
models and for different flight distances [65]. Figure 7 shows the total seating and cargo
capacity as a function of the flight distance incorporated in the model.
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2 250 L 100 ©
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8 150 - -60 9
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£ 100 - 40 8
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o
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0 2000 4000 6000 8000 10,000 12,000 14,000
Flight distance [km]

—Total seats Total Cargo

Figure 7. Seating and cargo capacity as a function of the flight distance.

For each discrete flight distance, multiple possible airplane models are chosen. Future
improvement in energy demand per decade is approximately 10% [26].

4.2.2. Unmanned Aviation

Xu (2017) models the energy demand of differently sized freight unmanned aviation.
Figure 8 displays the energy demand for delivery as a function of the flight distance [27].

Bauhaus Luftfahrt reports on the energy demand for the two major passenger un-
manned aviation configurations, namely multicopter and lift+cruise. The results indicate
that multicopter unmanned aviation requires less energy, although their flight range is
limited compared to lift+cruise models. Figure 9 shows the energy demand per passenger-
kilometer for different flight distances for unmanned aviation with a maximum capacity of
four passengers [28].
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Figure 8. Freight unmanned aviation energy demand for Amazon Prime Air with a maximum
capacity of 2.3 kg [27].
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Figure 9. Passenger unmanned aviation energy demand for unmanned aviation with a maximum
capacity of four passengers [28].

Figure 9 also reveals the resulting curve used to model the energy demand for passen-
ger unmanned aviation.

4.2.3. Trains

Trains are an important mode of transportation. Rail transport was responsible for
4.5% of the sector’s total carbon emissions for the year 2014 in Germany [66]. The railway
model is based on data in the literature and considers four different modes: trams, short-
and long-distance trains, and freight trains.

With respect to trams, Kuminek reports the energy consumption values for electric
catenary trams [67]. Energy demand for electric and diesel short-distance trains and
freight trains can be found in the Global Emissions Model for Integrated Systems (GEMIS)
database [68]. The data on long-distance trains are drawn from Deutsche Bahn’s Integrated
Report [69]. The FCEV freight train data are based on Briindlinger et al. [70].

4.2.4. Ships

The importance of ships in global freight transport cannot be understated. Shipping
accounts for approximately 75% of global freight transportation, and it is the most energy-
efficient means of carrying cargo [71].
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As with trains and aviation models, the shipping model is based on data from the liter-
ature. The energy demand for international shipping is derived from the IEA [71], whereas
that for national shipping (inland waterway transport) is based on Briindlinger et al. [70].

4.3. Occupancy and Loading Rates

The occupancy and loading rates for the various transport modes are taken from the
literature. Table 3 shows the default occupancy and loading rates for all transport modes
used in the model.

Table 3. Default occupancy rates for the different modes [52,69,72-74].

Mode Occupancy/Loading Rate [%] Sources
LDV 26 [52]
Bus 19 [72]
Coach 57 [72]
Small truck 32 [72]
Medium truck 32 [72]
Large truck 35 [72]
Semi-truck 45 [72]
Airplane 82 [73]

Drone 82 -

Tram 18 [74]
Short-distance train 21 [74]
Long-distance train 56 [69]
Freight train 38 [74]
National shipping 50 [72]

International shipping 80 -

5. Results and Discussion

The results obtained from the developed model are discussed in this section. First,
the effects of varying vehicle parameters are analyzed for different driving conditions in
Section 5.1. A modal analysis was carried out for both passenger and freight transport
modes. Next, the energy consumption of different drivetrains for medium cars is analyzed.
The effects of electrification on the energy demand of a vehicle are then discussed. Next, the
effects of the driving environment on the energy demand for trucks and buses are assessed.
The section concludes with a comparison of the results from the model with those from
other studies.

5.1. Parameter Variation

In this section, the effects of changing a vehicle’s mass, aerodynamic properties, and
rolling resistance on a medium-sized BEV’s fuel energy demand are evaluated. The effects
were analyzed for urban and highway driving conditions and are shown in Figure 10.

The left panel of Figure 10 shows that reducing the vehicle mass has the largest
effect on urban driving conditions due to the stop-and-go driving style prevalent in urban
conditions. A 10% reduction in vehicle mass resulted in a 6.7% lower fuel energy demand.
If the vehicle did not have regenerative braking, the effects would be more pronounced.
Changing the aerodynamic drag had the lowest impact on the final energy demand due to
the low average speed in urban conditions. The aerodynamic drag force is proportional to
the square of the vehicle’s velocity.

The right panel of Figure 10 shows that changing the aerodynamic drag had the
highest impact on the energy demand for highway driving conditions due to the higher
speeds of highway driving, which results in a higher proportion of the total energy demand
being used to overcome aerodynamic drag. A 10% improvement in vehicle aerodynamics
reduced energy consumption by 5.5%. Meanwhile, variation in rolling resistance has the
lowest impact on vehicle energy demand for highway driving conditions.
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Figure 10. Effects of parameter variation on fuel demand for BEVs for urban (left) and highway
(right) driving scenarios.
5.2. Modal Analysis
This section discusses the fuel energy demand for conventional, hydrogen, and electric
drivetrains among the different modes. The discussion is further divided into passenger
and freight modes.
5.2.1. Passenger Modes
Figure 11 shows the fuel demand for selected short-distance passenger transport
modes in terms of energy per 100 passenger-kilometers (pkm) for varying occupancy rates.
The default occupancy rates for 2020 are highlighted for each drivetrain [72].
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Figure 11. Fuel energy demand vs. occupancy rate for selected short-distance passenger modes.

As is shown in Figure 11, unmanned aviation features the highest energy consumption
for short-distance passenger transport, 217 MJ /100 pkm for the average occupancy rate.
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After unmanned aviation, ICEV-g medium cars (158 MJ /100 pkm) feature the highest
energy consumption rates for all occupancies. In contrast, battery electric cars and buses,
fuel cell buses, and trams have some of the lowest, at 50, 34, 52, and 43 MJ/100 pkm,
respectively, at average occupancy for Germany in the year 2020.

Overall, Figure 11 clearly shows the effects of occupancy rates on fuel demand per
100 pkm. The exponential rise in energy demand for low occupancy rates underlines
the importance of high occupancy rates on reducing the overall transport sector energy
demand while still maintaining passenger capacity.

Figure 12 displays the fuel demand for select long-distance passenger transport modes
in terms of energy per 100 pkm, for varying occupancy rates. The default occupancy rates
for 2020 are highlighted for each drivetrain [72].
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900 - Mode:
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......... Hydrogen (FCEV)

- = =Electric (BEV, OH-wire)
® Occupancy Germany 2020

0.35 0.55 0.75 0.95
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Figure 12. Fuel energy demand vs. occupancy rate for select long-distance passenger modes.

Figure 12 shows that airplanes have the highest energy demand among all occupancy
rates, with national flights yielding the highest values (241 MJ/100 pkm).

After airplanes, ICEV-g medium cars (158 MJ/100 pkm) have the highest energy
consumption for all occupancies, whereas BEV and FCEV coaches and long-distance trains
have the least, at 21, 33, and 32 M] /100 pkm, respectively.

5.2.2. Freight Modes

Figure 13 displays the fuel demand for select freight transport modes in terms of
energy per 100 tonne-kilometer (tkm) transported for varying loading rates. The default
loading rates for 2020 are highlighted for each drivetrain [72].

Figure 13 shows that the aviation modes have the worst energy consumption of all
freight transport modes, of between 1174 and 8327 MJ/100 tkm for the average load-
ing rates. Unmanned aviation features the additional benefit of fulfilling door-to-door
transport needs.

Figure 13 also shows that fuel energy depends on the different modes’ loading rates.
After the aviation modes, ICEV-d large trucks (203 MJ /100 tkm) have the worst energy con-
sumption values, whereas international shipping has the best (9.9 MJ /100 tkm). National
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shipping is also one of the most energy-efficient modes, although the availability of accessi-
ble inland water bodies must be considered. Electric freight trains (23 MJ /100 tkm) and
BEV semi-trucks (45 MJ /100 tkm) offer the best solutions for on-land freight transportation.
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Figure 13. Fuel energy demand vs. loading rate for selected freight modes.

5.3. Drivetrain Analysis

Fuel Energy [MJ / 100vkm]

In this section, the energy demands for the different drivetrains of medium cars are
presented. The energy demand for the different drivetrains through 2050 is shown in
Figure 14 in terms of energy per 100 vehicle-kilometers (vkm).
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Figure 14. Energy demand for different drivetrain medium cars through 2050. For PHEV and REEV,
fuel and electricity demand are summed up according to the respective driving shares.
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Figure 14 shows that, of all of the different drivetrains, ICEVs have the highest energy
demand. HEV-g exhibits lower energy consumption values due to having better drivetrain
efficiencies and the use of regenerative braking. PHEV-g and REEV-g show lower energy
consumption values due to the all-electric driving option. BEVs have the lowest energy
consumption values.

Furthermore, the HEV-g exhibits the most significant relative improvement of 45.7%
through 2050, whereas BEVs show, with 39.6%, the least. In terms of energy demand, the
ICEV-cng and ICEV-g both reduce their energy demand by roughly 80 MJ/100 vkm to
reach around 120 MJ /100 vkm by 2050. The fuel energy demand decreases more slowly
between 2040 and 2050 because of the lower efficiency gain in this timeframe compared to
the period 2020-2040 (cf. Table 2).

5.4. Electric Share
In this section, the change in fuel energy demand in accordance with increased drive-
train electrification is analyzed. An HEV-g medium car is considered for a vehicle with a
0% electric drive share, whereas a BEV represents a vehicle with a 100% electric share. A
PHEV-g car is used to model electric drive shares in between. Figure 15 displays the results
of this analysis.
180
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0 T T T T
0 20 40 60 80 100

Electric share [%)]

Fuel demand [MJ / 100vkm]

Figure 15. Fuel energy demand vs. electric share for a medium car. The assumption here is that the
electric share is only influenced by the driver’s behavior.

Figure 15 shows how the fuel energy demand drastically decreases with the increase
in the electric share. A drivetrain with a 100% electric share has almost 60% lower fuel
demand than a drivetrain with a 0% electric share. It is assumed that a PHEV has the same
configuration (battery capacity) and, therefore, the same vehicle mass. Only user behavior
leads to different electric shares.

5.5. Effects of the Driving Environment

In this section, the effects of the driving environment on the fuel energy demand of
different trucks and medium buses are discussed.

5.5.1. Trucks for Different Purposes

In this section, the energy demands for the trucks used for different functions are first
analyzed. A small truck used for urban cargo delivery is evaluated using the urban and
rural parts of the World Harmonized Vehicle Cycle (WHVC) [75]. A large truck used for
urban waste collection is assessed using the Neighborhood Refuse Truck Cycle [76]. Finally,
a semi-truck used for long-haul freight transportation is considered using the highway
segment of the WHVC. Default loading rates are assumed for all modes. Figure 16 displays
the results obtained from this analysis.
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Figure 16. Fuel energy demand for a small truck (urban cargo), garbage vehicle, and semi-truck
(long-haul).

Figure 16 shows that urban waste collection is the most energy-intensive, whereas
long-haul freight transport is the least energy-intensive for all drivetrains. Urban cargo and
waste collection benefit the most from drivetrain electrification, with roughly a 60% drop
in fuel energy demand. This is due to the prevalence of stop-and-go driving conditions
for these vehicles. Long-haul cargo is the least energy-intensive due to the vehicles” higher
loading rates and the lack of stops, which significantly impact the trucks’ energy demand
due to their large masses.

5.5.2. Effects of Ambient Temperature on Buses

The impact of ambient temperature variations on the fuel energy demand for a medium
bus is analyzed next, over a temperature range of —10 to 25 °C, as depicted in Figure 17.
Only the energy demand for heating and ventilation is considered.
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Figure 17. Fuel energy demand for medium buses for varying ambient temperatures.

Figure 17 shows that the energy demand for ICEV-d does not change with temperature
variations, assuming that the engine’s waste heat meets the thermal energy requirements.
For FCEVs and BEVs, the energy demand depends on ambient temperatures of between
approximately —5 and 17 °C. It is assumed that the vehicle only needs to use ventilation
at higher temperatures; for lower temperatures, it is assumed that the vehicle’s heating
capacity is reached. Moving from a temperature of 20 °C to —5 °C, the fuel energy demand
for the BEV increases by almost 50%, rising from 511.0 to 745.8 MJ /100 vkm, whereas the
ICEV-d energy consumption remains constant at 1572.8 MJ /100 vkm.
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5.6. Change in Occupancy through 2050

The effects of increased autonomous driving on occupancy rates and fuel energy
demand are discussed in this section. Harb et al. (2018) assessed the effects of occupancy
rates and vehicle miles traveled by providing 13 subjects with chauffeur services for a week.
The study found that the vehicle miles traveled tended to increase as the subjects sent their
vehicles for errands. These trips would equate to a 0% occupancy rate trip for autonomous
vehicles [77]. This indicates that the average occupancy rates are lower for private vehicles
with the emergence of accessible autonomous driving.

On the other hand, autonomous driving could facilitate increased ridesharing. The
effects of shared self-driving urban mobility in the city of Lisbon, Portugal were modeled
by Martinez and Viegas, the results of which showed that the occupancy rates of these
shared vehicles could be between 40% and 60% [78]. Raposo et al. (2018) report that the
occupancy rates can vary between 19% and 40%, depending on how many of the trips
are shared [79].

Taking the occupancy rates reported in Raposo et al. (2018) to be for the year 2050,
the effects of changes in occupancy rates on the fuel energy demand per passenger in a
medium car are depicted in Figure 18. It is estimated that the occupancy rates will change
linearly from 2020 through 2050. The figure also indicates the energy demand for a constant
occupancy rate of 26% for the car. BEVs and FCEVs were chosen for this analysis based
on their anticipated future importance. The energy demand for battery electric and fuel
cell medium buses and an electric short-distance train are also represented for comparison.
The occupancy rates for the buses and trains are assumed to be constant at 19% and 27%,
respectively [72], over the timefame.

FCEV Medium Car

BEV Medium Car

BEV Medium Bus

——FCEV Medium Bus

OH-wire Short-dist.
Train

20 1 o Occupancy rate:

o4 | === 19%

0 ! ! ! ! ! 26%
2020 2025 2030 2035 2040 2045 2050 - = —40%

Year

Figure 18. Change in energy demand for medium cars due to changes in occupancy rates in the future,
brought about by autonomous vehicles. The figures for buses and trains are shown for comparison.
For the model’s default values, please see Table 3.

Figure 18 highlights the importance of future user behavior for reducing the energy
demand per pkm. User behavior, which changes the average occupancy rate, can vary the
energy demand from 20.0 to 40.8 M] /100 pkm for BEVs, and from 29.4 to 60.1 MJ/100 pkm
for FCEVs by 2050. For the higher occupancy rates, the energy demand for a BEV car can
be better than that for a battery electric bus in 2050, assuming that the occupancy rates for
buses do not significantly change.
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6. Conclusions

The German transport sector is currently in the midst of undergoing a massive trans-
formation as part of the country’s attempt to meet its climate targets. It is expected that
there will be profound modal shifts in the transport sector. This paper aims to build a
tank-to-wheel energy model for the major modes of transport in Germany. Furthermore,
future efficiency improvements were also considered for the various modes. The results
were validated through a comparison with data reported for real vehicles and those from
the literature.

Driving conditions were the most important criterion when comparing the vehicle
energy demand across drivetrains. On the other hand, occupancy rates were the most
critical indicator when comparing energy demand between the different modes.

For both short- and long-distance passenger transport, public transportation was
often found to be the most energy-efficient means. For short-distance journeys, battery
electric buses (33.9 MJ/100 pkm) and trams (45.8 M]/100 pkm), and for long-distance
journeys, battery electric coaches (21.3 MJ /100 pkm) and electric trains (31.8 MJ/100 pkm),
represented the highest energy efficiencies. The aviation modes considered in this model
generally featured the highest energy consumption, at between 110 and 217 MJ /100 pkm.

With respect to freight transportation, international shipping (9.9 MJ/100 tkm) was
the most energy-efficient, whereas national flights (1726 M] /100 tkm) exhibited the lowest
energy efficiency. For national freight transport, electric trains (35.2 M] /100 tkm), as well as
battery electric (45.1 MJ/100 tkm) and fuel cell (64.2 MJ /100 tkm) semi-trucks, represented
some of the best modes.

In future transport, the first aim should be to increase occupancy rates. This will be
challenging to implement, but it is a free upgrade, as no additional technology investment
is required to decrease the energy intensity of transport. Furthermore, the increased
electrification of drivetrains will reduce the final energy demand for the transport sector.
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