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Abstract

This paper determines a simulation model to create realistic driving patterns for a fleet of vehicles (availa-
bility analysis) and a model to calculate the energy consumption (Wh/km) of electric vehicles (EVs). The
first model creates a unique driving behavior for each vehicle in the fleet, based on Flemish data on travel
behavior. The second model calculates the energy consumption of EVs based on representative driving
cycles and vehicle characteristics based on data sheets from manufacturers.
The main contribution of this paper is to show the decoupling of both models. The results of the energy
consumption calculations can be used as an input for the availability analysis to calculate the energy
demand and to determine the battery state of charge (SoC). As such, it is not necessary to have the drive
cycles as an input for the availability analysis, which would drastically slow down these simulations
because of a different time scale (second versus minute scale).
Both models will be used to analyze the battery sizing for battery electric vehicles (BEVs). Since the spe-
cific energy consumption depends on several vehicle parameters. The sensitivity to these parameters on
the energy requirements (from the availability analysis) will be discussed. Also the power requirements
(from the energy consumption calculations) will be checked.

Keywords: BEV (battery electric vehicle), energy consumption, mobility modeling, passenger car

1 Introduction
The interest in electric vehicles (EVs) experi-
ences a strong growth. Battery electric vehicles
(BEVs) use only an electric motor for propul-
sion and batteries as an energy storage system.
Since the batteries of BEVs must be able to de-
liver enough energy between two charging peri-
ods, these batteries need to be dimensioned ap-
propriately. To achieve an optimal battery sizing
for each vehicle, a detailed model (availability
analysis) has been created to model the travel be-
havior of each vehicle in the fleet (see Section 2).
Here, the model is applied to BEVs. This model
is based on Flemish data on travel behavior and
is an extension of the model, with data from
the Netherlands, used in [1, 2, 3]. In literature,

other simpler models for mobility behavior can
be found. In [4], German data is used to simulate
the start and end of respectively the first and last
trip to assess the economic impact of Vehicle-to-
Grid (V2G) regulation reserves. In [5, 6], data
from the United Kingdom is used.
Results from the availability analysis can also be
used as a realistic input in analyses of EVs to as-
sess the impact of (un)coordinated charging and
discharging (V2G) on the grid, etc.
Another important parameter is the specific ener-
gy consumption (kWh/km) of EVs. A detailed
model to calculate this parameter for a specific
vehicle for different representative driving cycles
is discussed in Section 4 and a sensitivity ana-
lysis is performed. Both models are described
in detail. Since they have a different time scale,
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Table 1: Number of vehicles per household [7]

Number of cars % of households
0 18.21
1 53.65
2 24.75

≥ 3 3.39

they can be used separately.
Apart from the energy requirements, which de-
termine the size of the batteries, the power re-
quirements must be taken into account as well.
The charging and discharging rates of batteries
is a function of the driving cycle and the battery
size. This will be discussed in the Section 5.

2 Availability analysis

An availability analysis is developed to deter-
mine the driving behavior for each vehicle in the
fleet. With this analysis, it is known when each
vehicle is driving, when it is at home, at work
or another activity. In [1] and [2], an availability
analysis based on data from the Netherlands was
used to analyze the impact of charging and dis-
charging (V2G) plug-in hybrid electric vehicles
(PHEV) in a distribution grid. This availability
analysis has been further improved and adapted
with recent Flemish data on travel behavior [7].
The Netherlands and Flanders1 (Northern part
of Belgium) are quite similar regarding geogra-
phy, climate and urbanization, but people from
both regions have a different driving behavior.
The main difference between Dutch and Flemish
travel behavior is the fact that Flemish people
use their car more often than Dutch people for
very short trips. About 75% of all vehicle trips
of Flemish people are less than 15 km [7].

2.1 Flemish statistical data on travel
behavior (OVG)

The 3rd Flemish Mobility Study (OVG3) has
been conducted between September 2007 and
2008 among 8,800 people (≥ 6 years old) [7].
This research is commissioned by the Flemish
government. The people surveyed, were asked to
keep track of all their trips (all transport means):
number of trips per day, distance, duration, mo-
tif, departure and return times, etc. In this con-
text, only the vehicle trips are considered. A dis-
tinction is made between weekdays and weekend
days, since the travel behavior is different.
Since 2008, the 4th OVG study is conducted.
The reports of the first two years are available
in OVG4.1 and 4.2. However, some numbers
indicate that these studies might be affected by
the global economic crisis and rising fuel prices,
causing a negative trend in number of trips and

1On January 1, 2010, Flanders had a population of
6,251,983 people (about 80% ≥ 18 years) [8].

Table 2: Probability for a motif [7]

Motif Week Weekend
Business 8.54 % 2.07 %
Visits 12.50 % 19.38 %
Shopping 23.82 % 28.45 %
Education 10.52 % 0.82 %
Recreation 23.56 % 32.42 %
Others 21.06 % 16.86 %

average kilometers traveled each day. Therefore,
OVG3 is used. Other data is from [8] and [9].

2.1.1 Number of vehicles per household
In 2009, the Flemish vehicle fleet consisted of
3,093,843 cars [9]. Table 1 gives the number of
vehicles per household [7]. The average number
of vehicles per household is about 1.1. There-
fore, only one vehicle per household is assumed.

2.1.2 Motifs of trips
There are work and non-work trips. In Table 2,
non-work trips are categorized in several motifs.2
This table also includes the probability of a motif
to take place during the week and weekend3.

2.1.3 Number of vehicle trips
According to [7], there are 3.14 trips per day per
person by all transport means, of which about
65 % by car (as a driver and as a passenger).
Of these vehicle trips, 1.47 trips are as a driver.
Considering an average of 2.3 inhabitants [8] and
assuming one vehicle per household in Belgium,
this results in 3.39 trips per day per vehicle. Du-
ring the week this number is higher, namely 3.60
(versus 2.85 in the weekend).
A trip is defined as the trip from home to the ac-
tivity and back home, since about 73.4 % of the
trips are limited to one activity and going back
home [7]. However, it is possible to start another
trip while being at another activity.4

2.1.4 Duration of trips
OVG provides data for the duration (indirectly
this means the distance5) of an average vehicle
trip [7]. Fig. 1 shows this distribution of the ave-
rage number of trips of a certain duration. The
sum is equal to the average number of trips per
day per vehicle, which is 3.39 trips per day.
Fig. 1 has to be adapted for the difference in num-
ber of trips between week and weekend days.
Also, the duration of the trip has to be adapted for

2Others: e.g. picking up someone, a doctor visit, etc.
3Saturdays and Sundays are supposed to be identical.
4Except at work, where only a business trip can start.
5The average speed of vehicles is 42 km/h [7].
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Figure 1: Distribution of average number of trips as a
function of the duration of a trip [7]

Table 3: Scale factors for the different motifs [7]

Motif Factor Motif Factor
Work 1.37 Education 1.13
Business 1.92 Recreative 1.00
Visits 0.99 Others 0.76
Shopping 0.51

each motif, since some trips have longer/shorter
distances than the average trip. For instance,
shopping trips are on average shorter than work
or business trips. Table 3 shows the scale factors.
Both the average driven distance for each motif
as well as for all trips together are given.

2.1.5 Work trips
The most important subdivision are the work
trips versus the non-work trips, since the priority
of the work trips is the highest. No other trips but
business trips may overlap during the trip to work
and the presence at work. Therefore, work trips
will be treated separately from the other trips.
Trips to and from work are very predictable and
can be scheduled in time well in advance. It is
also important to simulate these trips accurately,
because work trips form a great part in the ab-
sence of vehicles. Furthermore, it is possible in
the future that vehicles can be charged at work.
The average distance from home to work in Flan-
ders is 18.82 km. 82 % of the people live at a
distance of less than 30 km from their work. The
distance of the work trips is defined with Fig. 1
and is fixed for a vehicle during the year. Fig. 1
will be normalized, since it is assumed that a ve-
hicle is only used for a maximum of one work
trip a day.
On weekdays, the probability of a work-related
trip is 65.81 %, while in the weekends only
13.01 % of the working people go to work [7]. In
2010, about 67.1 % of all working people, trave-
led to work by car [10]. According to [8], about:
• 54 % of the Flemish population (≥ 18 years

old) were active on the labor market.
• 69.9 % of the Flemish population (18 – 64

years old) were active on the labor market.
This results in 36.2 % – 46.9 % of all vehicles be-
ing used for work, with the assumption that there

Table 4: Probability for a work shift [3]

Shift Probability Shift Probability
Day 73.3 % Night 6.8 %
Morning 3.7 % Part-time 12.5 %
Afternoon 3.7 %

Table 5: Fixed activity duration [min]

Motif Duration Motif Duration
Visits 180 Others 60
Shopping 120

is only one vehicle per household. The actual
number is expected to be closer to 46.9 %. An
analysis will be performed to check the sensiti-
vity of this number. Generally, the average num-
ber of vehicles in households with working peo-
ple (higher net income) is higher than one [7].
This will be improved in future work.
A fixed work shift is assigned to each vehicle
(see Table 4). Depending on the work shift, the
departure and return hour are defined according
to the distribution functions given in Fig. 2 [3].
Similar to the distance and the shift, this depar-
ture and return hour (on hourly basis) are fixed
for each vehicle. This is an acceptable approxi-
mation, since about 82 % of the population has
fixed working hours [7]. To introduce some vari-
ation, the exact moment of departure and return
(on minute basis) is variable. A uniform proba-
bility distribution function is used to determine
the exact minute of departure and return. It is
assumed that the return trip is within 24h.6

2.1.6 Other trips
Different motifs are available for non-work trips
(see Table 2). For each motif, OVG provides
a distribution function for the departure and re-
turn times [7]. However, the distribution function
for the return times is not given as a function of
the departure times, nor a distribution of the to-
tal activity duration (including the trip duration)
is available. This could result in less reliable re-
sults (e.g. picking up someone takes a whole day,
even if the distance is limited). Therefore, the
data from OVG is adapted [7]. The following as-
sumptions have been made:
• Variable activity duration: Probability

distribution functions for both the departure
and return hours are used. It is assumed that
education trips end the same day.
Motifs: Business, education, recreative
• Fixed activity duration: The total duration

of the activity (trip and presence at the ac-
tivity) is fixed (see Table 5). The probability
distributions for the departure hour are used.
Motifs: Visits, shopping, others

The cumulative probability functions are shown
in Fig. 3 (a) and (b) for week and weekend days.

6This is also valid for the other trips in Section 2.1.6.
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Figure 2: Cumulative probability density function for
departure and return hour for work shifts [3]
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Figure 3: Cumulative probability density function for
departure and return hour for other motifs

For the motifs with a fixed activity duration, only
the distribution function for the departure hour
is shown. The first graph of each motif repre-
sents the departure, the second represents the re-
turn trip. Business and recreative trips may end
during the first hours of the next day.
For the days where a vehicle has a work trip,
Fig. 1 has to be scaled in such a way that the
average number of trips of that day is not higher
than given in Section 2.1.3. With the scale fac-
tors from Table 3, the duration of each other trip
is defined.
As mentioned earlier, the work trips are schedu-
led first. Afterwards, the characteristics of the
other trips (number of trips, distance, departure
and return time) are defined. A distinction is
made between business trips and other motifs
(visits, shopping, etc.) regarding the scheduling
of the trips in time:

• Business trips can overlap with work trips.
They can also take place on days without a

work trip. Furthermore, it is not only possi-
ble to start a business trip at work, but also
on the way to or from work.
• Other trips have more constraints. There is

no overlap between these trips, trips to work
and the time at work. These trips will be
placed before or after work. It is also im-
portant to take into account any work trip
during the next day.

Since work trips are scheduled first, it is impor-
tant to check if a trip can be scheduled before
leaving for work when a departure hour is found
before work. If not, the trip will be done after
work. These non-work trips are allowed to over-
lap with each other, e.g. shopping after a visit.

2.2 Results
This section discusses the results of the availabi-
lity analysis model. A distinction is made be-
tween week and weekend days. The base results
assume 46.9 % of all vehicles are used for work
trips. A sensitivity analysis is included in this
section with only 36.2 % of all vehicles being
used for work trips7 (see Section 2.1.5).
Fig. 4 (a) shows the average percentage of vehi-
cles on the road during a day. The results from
Fig. 4 (a) are further divided in vehicles on the
road for work trips and other trips in Fig. 4 (b)
and Fig. 4 (c) for week and weekend days res-
pectively. It is clear that on average more vehi-
cles are on the road during the week compared
to the weekend since there are on average more
trips per day during the week. However, on ave-
rage less than 10 % of the fleet is on the road
simultaneously. This is comparable with the re-
sults from [5, 11]. On the one hand, there is a
clear morning and evening peak during the week.
This is due to the working trips, since most of the
people work in normal day shifts and part-time
shifts. On the other hand, during the first part of
the evening, more vehicles are on the road during
the week compared to the weekend. This can be
explained by the fact that trips take place earlier
compared to the weekend (see Fig. 3). Since edu-
cation trips are supposed to end at the end of the
day, there is a small peak in number of vehicles
on the road at the end of a weekday. In the week-
end, people generally use their vehicle at a later
time than during the week.
The impact of the number of vehicles used for
work trips, has mainly an effect during the week,
since less people work during the weekend. The
morning and evening peak is clearly lower in the
”less vehicles for work” case. On the other hand,
more vehicles are on the road in the daytime be-
tween these peaks.
Fig. 5 shows for (a) week and (b) weekend days
how many vehicles are at home, at work and at
another location. The latter ones include the pre-
sence at another activity and driving to the acti-
vity or work and back. On average, a minimum
of 22 % of the fleet is at home during a weekday
and 32.5 % in the weekend. The amount of vehi-
cles at home is at its maximum during the night,

7This is further denoted as less vehicles for work.

EEVC European Electric Vehicle Congress 4



0 200 400 600 800 1000 1200 1400
0

5

10

Time of day [min]
(a) Average number of vehicles on the road

%
 o

f 
th

e
 f

le
e
t 

[%
]

 

 

Week

Weekend

Week − less vehicles for work

Weekend − less vehicles for work

0 200 400 600 800 1000 1200 1400
0

2

4

6

8

Time of day [min]
(b) Week

%
 o

f 
th

e
 f

le
e
t 

[%
]

0 200 400 600 800 1000 1200 1400
0

2

4

6

8

Time of day [min]
(c) Weekend

 

 

Work trips Other trips Work trips − less vehicles for work Other trips − less vehicles for work

Figure 4: Average number of vehicles [% of the fleet] on the road (a) during week and weekend days, further
divided to vehicles on the road for work and other trips during (b) week and (c) weekend days

with more than 95 % parked at home. During the
evening and night, only a few vehicles are parked
at work. During the day, a maximum of 24 % and
5.5 % of the fleet is at work for respectively week
and weekend days. This is respectively 18.5 %
and 4 % for the ”less vehicles for work” case.
As can be seen from Fig. 5, during the first part
of the night, a lot of people are still at an acti-
vity (business or recreation) or are driving back
home from these activities. The amount of vehi-
cles on the road at these moments are the same
in the weekend, since there are relatively more
recreative trips in the weekend.
Fig. 5 can be used to check how many EVs are
connected to the grid at home and/or at work.
On the one hand, EVs will be connected to the
grid to charge their batteries. On the other hand,
EVs can also be used to support the grid (vehicle-
to-grid, V2G) [2, 4, 5]. This figure shows that,
on average, not a single moment is found where
no EVs are connected to the grid. This gives
a fleet of EVs the flexibility to charge and dis-
charge their batteries when connected to the grid.

3 Segmentation of vehicles

In the current fleet, there is a large difference in
behavior regarding number of kilometers driven
each year between vehicle segments. For in-
stance, gasoline cars drive on average 8,545 km
per year, versus 19,340 km for diesel cars [8,
9, 12]. To make the driving patterns from Sec-
tion 2.1 more realistic, the vehicles are divided
in segments, based on the present vehicle cha-
racteristics.8 This does not necessarily mean that
a future fleet will use the same fuels, but it is
assumed that mobility behavior will not change

8Further in the text, the vehicles will be denoted as ve-
hicles with gasoline or diesel characteristics.

Table 6: Segmentation of the vehicles according to
the engine displacement

(a) Distribution of vehicles
Engine Gasoline Diesel
< 1.4 l 22.64 % 4.86 %
1.4− 2.0 l 14.36 % 44.40 %
> 2.0 l 3.00 % 10.74 %
Total 40.00 % 60.00 %

(b) Average distance of vehicles
Engine Gasoline Diesel
< 1.4 l 7,960 km 18,045 km
1.4− 2.0 l 9,095 km 19,565 km
> 2.0 l 10,335 km 18,955 km
Total 8,545 km 19,340 km

when switching to EVs.
In Flanders, the share of diesel vehicles is rela-
tively high: 60 %. The small fraction of lique-
fied petroleum gas (LPG, less than 1%) is ne-
glected [9, 12]. Table 6 (a) gives the distribu-
tion of the vehicles according to the fuel type and
engine displacement [9]. Small engine displace-
ments are typically found in gasoline cars. Ta-
ble 6 (b) shows the average yearly distance trave-
led by each vehicle, based on the following data:

• For each year in the period 2002 – 2009:
the average number of kilometers driven as
a function of the vehicle age and fuel [8].
• The age of the vehicles in the fleet and the

number of vehicles [12].

This results in a yearly average of about 15,000
km per vehicle in the fleet, which is consistent
with [7] (sample of 8,800 people: 15,900 km per
year) and [9] (estimates 15,000 km per year).
Three vehicle types are used to differentiate be-
tween small, middle-class and large vehicles. For
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Figure 5: Average number of vehicles [% of the fleet] at home, at work or at another location (another activity or
driving to/from an activity and work) during (a) week and (b) weekend days

each type, two representative vehicles are taken:

• Small vehicle: Mitsubishi i-MiEV and
Smart Electric Drive
• Middle-class vehicle: Nissan Leaf and

Chevrolet Volt
• Large vehicle: Toyota RAV4 EV and eRUF

Cayenne

The characteristics (mass m, frontal surface S
and drag coefficient Cx) of these vehicles are
listed in Table 7 and come from specification
sheets. The other parameters, as listed in Sec-
tion 4.1, are identical for all vehicles. It is as-
sumed that the three vehicle types coincide with
the engine displacement categories, facilitating
the link between the availability and efficiency
model (see next section).

4 Energy consumption

The specific energy consumption (kWh/km) of
EVs is an important parameter to calculate the
SoC of batteries. In literature, a large range of
values is presented. Here, this parameter is calcu-
lated for different driving cycles (velocity v(t))
and vehicles. The calculations are based on the
battery model used in [13]. In future work, the
more advanced model, described in [14], will be
used for forward simulations.

4.1 Calculation of the specific energy
consumption

The energy consumption is calculated with phy-
sical parameters of the vehicles (weight, size,
drag coefficient, etc.) and drive cycle (urban, ru-
ral, highway or mixed). These parameters have
a significant impact on the energy consumption.
Thus, it is important to define them accurately.
The power P [W] at each time step (second) is
calculated from the resulting forces on the vehi-
cle (1) – (5): the air Fa, rolling Fr, inertia Fi and

Table 7: Characteristics of vehicles

m [kg] S [m2] Cx [-]
Mitsubishi i-MiEV 1,100 2.37 0.33
Smart Electric Drive 975 2.40 0.35
Nissan Leaf 1,521 2.70 0.28
Chevrolet Volt 1,800 2.55 0.28
Toyota RAV4 EV 2,000 3.10 0.33
eRUF Cayenne 2,670 3.30 0.36

slope resistance Fs [N].

Fa =
S · Cx · ρ · v2

2
(1)

Fr = m · g · fr · cos(α) (2)
Fi = m · a (3)
Fs = m · g · sin(α) (4)
P = (Fa + Fr + Fi + Fs) · v (5)

with:

• ρ: volumetric density of the air [kg/m2]
• fr: rolling resistance coefficient [−]
• a: acceleration of the vehicle [m/s2]
• g: gravity constant [9.81 m/s2]
• α: angle of the road [rad]

A positive P in a time interval tn means ener-
gy is consumed to propel the vehicle (P bat

out,tn).
For negative values, the battery will be recharged
(P bat

in,tn
). A battery has a maximal charging rate

(P bat
c,max) and the fraction of recuperation of bra-

king energy (erec) is limited, since a part of bra-
king occurs mechanically (see Section 4.2).
The following efficiencies (see Section 4.2) are
taken into account: charging (ηin) and dischar-
ging (ηout) efficiencies of the power electronics,
the energy storage charging (ηc) and discharging

EEVC European Electric Vehicle Congress 6



(ηd) efficiencies9 and the efficiency of the elec-
trical motor (ηEM ).
Using these parameters, the power flow from/to
the battery can be calculated (6) – (7). When the
batteries are charged with brake energy, the elec-
tric motor acts as a generator (GEN).

P bat
out,tn =

P

ηEM
(6)

P bat
in,tn = min

(
(erec · |P | · ηEM ),

P bat
c,max

)
(7)

In the next step, the energy flows are calcu-
lated (8) – (10): the charge energy (Ebat

c,tn), the
discharge energy (Ebat

d,tn
) and netto energy flow

from/to the battery (∆Ebat
tn ). The auxiliary power

consumption (Paux) is also taken into account.

Ebat
d,tn =

1

ηout
· (P bat

out,tn + Paux) ·∆t (8)

Ebat
c,tn = ηin · P bat

in,tn ·∆t (9)

∆Ebat
tn = Ebat

c,tn · ηc − E
bat
d,tn ·

1

ηd
(10)

The state of charge (SoC) of the battery can be
updated with ∆Ebat

tn , including battery standby
losses (δsb) (11) – (12). Each vehicle has a cer-
tain usable battery capacity10 (Ebat

nom).

∆SoCtn−1
tn =

∆Ebat
tn

Ebat
nom

(11)

SoCtn = SoCtn−1 − δsb
+∆SoCtn−1

tn (12)

∆Ebat
cycle = Ebat

end − Ebat
start (13)

The energy consumption of the total drive cycle
is denoted as ∆Ebat

cycle (13). By dividing this ener-
gy consumption by the cycle distance (dcycle) and
taking into account the charging efficiency, the
specific energy consumption (E kWh

km
) is calcu-

lated (14). Also, the electric range (drange) of
the vehicle can be calculated (15). This range
depends on the energy efficiency of the vehicle
and the usable battery capacity.

E kWh
km

=
∆Ebat

cycle

dcycle · ηin · ηc
(14)

drange = dcycle ·
∆SoCstart

end

SoCrange
(15)

9Typically, ηc and ηd are considered together because of
the physical meaning of this parameter.

10To prevent rapid battery wear, batteries are not allowed
to fully discharge (SoCrange). Therefore, the total battery
capacity will be higher than the usable.

Table 8: Parameters for base results

Paux 500 W erec 90 % fr 0.01
α no slope ηEM 90 % slope 0◦

Table 9: Typical efficiencies of the power electronics
and Li-ion battery [13]

η [%]
Power electronics: ηin 95

ηout 98
Battery (Li-ion): ηc 95

ηd 95

4.2 General parameters
As discussed in Section 3, three vehicle types are
used to differentiate between small, middle-class
and large vehicles. Here, the fixed parameters for
each vehicle type are discussed (see Table 8).
The rolling resistance of a vehicle depends on
the rolling resistance factor fr (2). This coeffi-
cient is not readily available in vehicle specifica-
tion sheets, since it depends on the type of tire.
In [15], measurement results on the rolling re-
sistance are presented. Here, an fr of 0.01 for
modern tires with low resistance is considered.
The kinetic energy recuperation factor erec de-
fines the amount of kinetic energy that can be re-
cuperated during regenerative braking. This fac-
tor includes the fraction of mechanical braking,
friction in bearings, etc. Efficiencies of the elec-
tric elements (generator, batteries, power elec-
tronics) are not included. No specific data on
erec is available. A value of 90 % is chosen. Ac-
cording to [16], the overall recovery rate is in the
range of 50 % – 60 %. With a value of 90 % for
erec, an average overall recovery rate is found in
this range due to the losses in the system.
The efficiencies of the power electronics (ηin and
ηout) and the batteries (ηc and ηd) are listed in
Table 9. It is assumed that all vehicles have Li-
ion batteries.
The efficiency of the electric motor (ηEM ) is set
to 90 %. When brake energy is recuperated, the
electric motor acts as a generator (GEN). It is as-
sumed that ηEM = ηGEN .
Besides the energy required for propulsion, dif-
ferent auxiliary loads require electrical power
(Paux), which has a significant impact on the
specific energy consumption. These loads in-
clude lights, entertainment and navigation sys-
tems, air conditioning, etc. According to [17],
Paux = 500 W for hybrid electric vehicles.

4.3 Driving cycle
A representative drive cycle is composed with the
following American test cycles. The American
cycles (see Fig. 6) are preferred instead of artifi-
cial European cycles for emission testing, since
they are based on real traffic behavior [18].

• Urban: New York City Cycle (NYCC) re-
presents a dense urban area with low ave-
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Figure 6: The driving cycles: (a) urban cycle, (b) rural cycle and (c) highway cycle

rage speed (11.42 km/h) and lots of stop-
and-go traffic.
• Rural: Federal Test Procedure (FTP) repre-

sents extra-urban traffic with a significant
share of high-speed driving (average v of
34.11 km/h).
• Highway: Highway Fuel Economy Dri-

ving Schedule (HWFET)11 represents high-
way driving with no stops (average v of
104.94 km/h).

A first option is to make a composition, in which
the three cycles occupy the same amount of time.
This choice is similar to the approach used to
set up the European Transient Cycle (ETC) [19].
This distribution is not representative for Flan-
ders. The ETC drive cycle composition has a
higher specific energy consumption. A more re-
presentative distribution of the three cycles, is
to make use of transport measurements in Flan-
ders. The distribution of driven kilometers for
each cycle type is known: urban (23.72 %), rural
(39.82 %) and highway (36.46 %) traffic [20].

4.4 Results
The energy consumption of different vehicles
and vehicle categories is discussed in this sec-
tion, using the parameters from Table 8). In Sec-
tion 4.5, a sensitivity analysis is performed.
Table 10 gives the base results for the energy con-
sumption. The energy consumption for all vehi-
cles and the average for the three vehicle cate-
gories is given. The results are shown for each
separate driving cycle and the weighted combina-
tion of these cycles. One of these combinations
is the European Transient Cycle (ETC) based cy-
cle, while the other is based on the Flemish cycle
data (see Section 4.3).
The results of the Flemish composition is used
in further simulations, since they are based on
realistic behavior in Flanders. They result in
15 % less energy consumption compared with the
ETC-based composition. This is due to the lower
amount of highway driving in the Flemish com-
position. The efficiencies for charging the battery

11A scale factor of 1.35 has been taken into account to
adjust for European highway speeds.

are included in the results, which is the so-called
AC energy consumption.
Significant differences can be observed between
the different vehicle categories. Larger vehicles,
with a higher mass and larger frontal surface,
consume considerably more energy: the least ef-
ficient vehicle uses approximately 75 % more
energy, when driving according to the Flemish
behaviour, compared to the most efficient one.

4.5 Sensitivity analysis
The energy consumption of EVs is determined by
different parameters, as discussed in Section 4.1.
A sensitivity analysis is performed for the pa-
rameters for which an assumption has been made
(see Table 8). In the following subsections, the
sensitivity of the massm of the vehicle, the auxi-
liary load Paux, the slope of the road α, the
rolling resistance coefficient fr and the amount
of kinetic energy recuperation erec is discussed.

4.5.1 Mass of the vehicle

The impact of the mass (passengers, luggage,
etc.) on the specific energy consumption is quasi
linear and the relative impact is less for heavier
vehicles (see Table 11). Without taking losses
(ηEM , ηc, ηd, ηin and ηout) into account, this im-
pact is sub-linear since the air resistance is not
mass dependent.

4.5.2 Auxiliary Load

The auxiliary loads are responsible for an in-
crease in electric energy consumption, depending
on the drive cycle. The impact of the auxiliary
loads are more significant for drive cycles with a
lower average speed, since more energy is con-
sumed for a given distance.
The specific increase in energy consumption is
given in Table 12 for the different drive cycles.
The values are given as an extra consumption per
kilometer (kWh/km) per kW installed auxiliary
loads. There is a quasi proportional increase with
the amount of installed auxiliary loads. The in-
crease of the energy consumption for the NYCC
(urban cycle) is considerably larger. Neglec-
ting these loads would thus lead to an unrealis-
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Table 10: Energy consumptions (kWh/km) of each vehicle and the average for each vehicle category for all driving
cycles, including the combined cycles

NYCC FTP HWFET ETC Flanders
Mitsubishi i-MiEV 0.135 0.120 0.213 0.186 0.158
Smart Electric Drive 0.124 0.115 0.219 0.188 0.155
Small vehicles 0.130 0.118 0.216 0.187 0.157
Nissan Leaf 0.153 0.137 0.227 0.201 0.174
Chevrolet Volt 0.201 0.167 0.236 0.217 0.200
Middle-class vehicles 0.177 0.152 0.232 0.209 0.187
Toyota RAV4 EV 0.190 0.179 0.303 0.266 0.227
eRUF Cayenne 0.215 0.258 0.365 0.320 0.270
Large vehicles 0.203 0.219 0.334 0.293 0.249

tically low energy consumption. The incorpora-
tion of the auxiliary loads reduces the differences
in energy consumption between urban, rural and
highway drive cycles.

4.5.3 Slope of the road

Realistic driving results in an average slope α
of 0◦. The slope of the road is an important
parameter, because the required power depends
on the increase and decrease of potential energy.
The impact on the energy consumption is investi-
gated by applying a fixed slope on a drive cycle,
for both positive and negative values and avera-
ging the two result. The results for different road
slopes (up to five degrees) are given in Table 13.
The results indicate a significant impact, which
cannot be neglected when evaluating the energy
consumption. The electrification of vehicles in a
region with more hills requires more energy than
a flat region. Because the extra power require-
ment for a slope is proportional to vehicle mass,
the impact increases for heavier vehicles. How-
ever, it seems that the heavier vehicles may have
an advantage in the downhill sections, since the
results in Table 13 indicate that the relative in-
crease in energy consumption is lower for large
vehicles compared to middle-class vehicles.

4.5.4 Rolling resistance

The base value of the rolling resistance is 0.01.
In Table 14, the sensitivity on the energy con-
sumption is shown by multiplying respectively
dividing the value by two. The impact of the
rolling resistance is higher for heavier vehicles,
because of the linear relationship between the ve-
hicle mass and the required power to overcome
friction. The effective rolling resistance depends
on tire conditions, which means user behavior on
tire maintenance (tire pressure, tire wear, etc.)
can have a significant impact on the energy con-
sumption.

4.5.5 Kinetic energy recuperation

In the reference case, 90% of the energy is
recuperated during braking. In Table 15, the

Table 11: Specific energy consumption increase for
(a) small, (b) middle-class and (c) large ve-
hicles for an increase/decrease in mass

- 200 kg - 100 kg + 100 kg + 200 kg
(a) - 8.2 % - 4.1 % + 4.2 % + 8.5 %
(b) - 7.2 % - 3.6 % + 3.7 % +7.4 %
(c) - 5.0 % - 2.5 % + 2.5 % + 5.1 %

Table 12: Specific energy consumption (kWh/km) in-
crease per kW installed auxiliary load

NYCC FTP HWFET ETC Flanders
0.105 0.035 0.011 0.024 0.043

Table 13: Specific energy consumption increase for
(a) small, (b) middle-class and (c) large ve-
hicles for different slopes

± 1◦ ± 2◦ ± 3◦ ± 4◦ ± 5◦

(a) 0.8 % 3.7 % 8.9 % 17.4 % 30.1 %
(b) 1.5 % 6.9 % 17.8 % 33.8 % 54.0 %
(c) 1.4 % 6.2 % 15.0 % 28.5 % 47.2 %

Table 14: Impact of the rolling resistance on the spe-
cific energy consumptions for (a) small, (b)
middle-class and (c) large vehicles

0.005 0.02
(a) - 10.8 % + 20.4 %
(b) - 13.6 % + 27.5 %
(c) - 14.9 % + 29.7 %

sensitivity of the specific energy consumption
is shown for 0, 50 and 100 % recuperation of
energy. The results indicate a higher sensitivity
for heavier vehicles, because more kinetic energy
is lost. The increase in energy consumption be-
tween 0 and 100 % recovery rate varies between
15 and 22 % for the different segments.
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Table 15: Impact of the amount energy recuperated
during braking on the specific energy con-
sumptions for (a) small, (b) middle-class
and (c) large vehicles

0 % 50 % 100 %
(a) + 13.4 % + 3.8 % - 1.3 %
(b) + 17.6 % + 5.3 % - 1.1 %
(c) + 23.3 % + 8.4 % - 1.8 %

5 Battery requirements

In order to fulfil the mobility needs, as defined
with the availability analysis, the battery package
of BEVs has to fulfil the energy and power re-
quirements. The energy requirements follow
from the driven distance, whereas the power re-
quirements depend on the drive cycle.

5.1 Energy requirements
The battery package has a certain usable energy
capacity, which determines the range of the BEV
for a certain specific energy consumption. To ful-
fil the mobility needs, it is supposed that the bat-
tery package has to be able to deliver the required
energy for the day with the most driven kilome-
ters. This means that it is only necessary to be
able to fully charge batteries once a day.
Fig. 7 shows a distribution for the maximum dis-
tance each vehicle in a fleet of 1,000 vehicles
travels a day according to the results of the avai-
lability analysis. The results are divided into ve-
hicles with (a) gasoline and (b) diesel characte-
ristics. The difference in the maximum distance
between vehicles with gasoline and diesel cha-
racteristics is clear. The maximum distance is,
especially for vehicles with diesel characteristics,
quite high, which means the required battery
sizes for BEVs will be high. Table 16 gives for
each segment the average of the maximum dis-
tance traveled per day, including the required e-
nergy (the required usable battery capacity).
Table 6 states that the average kilometers traveled
per year is 8,545 km and 19,340 km for vehi-
cles with respectively gasoline and diesel cha-
racteristics. With the specific energy consump-
tions from Table 10, this results in an average

80 100 120 140 160 180 200 220 240 260

Maximum distance [km]

(a) Gasoline characteristics

200 250 300 350 400 450

Maximum distance [km]

(b) Diesel characteristics

Figure 7: Distribution of the maximum distance per
day for vehicles with (a) gasoline and (b)
diesel characteristics

Table 16: (i) Average usable battery capacity [kWh]
and (ii) average extra yearly household
energy consumption [kWh] for (a) small,
(b) middle-class and (c) large vehicles with
gasoline or diesel characteristics

Gasoline Diesel
(i) (ii) (i) (ii)

(a) 17.7 1,239 40.5 2,918
(b) 25.2 1,694 50.5 3,748
(c) 40.4 2,810 65.5 5,053

Average 22.1 1,520 52.4 3,914

extra yearly household energy consumption of
1,520 kWh and 3,914 kWh respectively (see Ta-
ble 16). Dividing these consumptions by the
usable battery capacity, this results in a yearly
average energy consumption of 68.8 kWh and
75.3 kWh for each installed usable kWh battery
capacity. This indicates that the yearly energy
consumption is rather low compared to the bat-
tery size, since these batteries will not be fully
depleted each day. This capacity margin could be
used for grid-related ancillary services, for unidi-
rectional and bidirectional energy flows [11].

5.2 Power requirements
The battery package must be able to deliver the
required power for the representative driving cy-
cle. The power requirements are calculated for
both input (energy recuperation during braking)
and output (discharging) power. For each case,
the absolute peak and the 10 second averaged
value (running average) are given in Table 17.
This averaged value is a conservative approach
to differentiate continuous behavior from pulses.
These can be compared to the continuous C-rates
of batteries given in technical documentation.
The output peak power occurs in the FTP cycle,
while the other values all occur in the HWFET
cyle, for all vehicles. The averaged values are
up to 50% smaller than the peak values, which
is a significant difference for assessing the power
requirements of batteries.

5.3 Charge and discharge C-rates
The C-rate is the speed of charging and dischar-
ging, which are typically different. It is the ra-

Table 17: The peak and 10 second average output and
input power for (a) small, (b) middle-class
and (c) large vehicles

Output power Input power
Peak Average Peak Average

(a) 57.0 kW 36.2 kW 33.9 kW 21.4 kW
(b) 89.5 kW 45.4 kW 58.6 kW 36.6 kW
(c) 126.1 kW 65.4 kW 81.9 kW 51.1 kW
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Table 18: Maximum C-rates for the peak and 10 se-
cond averaged output and input power

(a) Gasoline characteristics
C-rate Vehicle

Peak output 3.65 Chevrolet Volt
Averaged output 1.82 Nissan Leaf
Peak input 2.42 Chevrolet Volt
Averaged input 1.51 Chevrolet Volt

(b) Diesel characteristics
C-rate Vehicle

Peak output 2.02 eRUF Cayenne
Averaged output 1.03 eRUF Cayenne
Peak input 1.32 eRUF Cayenne
Averaged input 0.83 eRUF Cayenne

tio of the charging or discharging power and the
battery capacity [h−1]. In this section, the maxi-
mum C-rates are discussed with the peak and 10
second averaged values from the previous sec-
tions.
The resulting C-rates, given in Table 18, are well
below the limits of current Lithium chemistries
used for EV batteries [21, 22, 23]. This implies
that the energy requirement, determined by mo-
bility behavior and vehicle parameters, is the de-
termining factor for sizing the battery package.

6 Conclusions
This paper gives a thorough overview of two de-
tailed models. First, the travel behavior of peo-
ple, based on Flemish statistical data, is mode-
led. This availability analysis gives information
on where each vehicle is at each moment. On
average less than 10 % of the fleet is on the road
simultaneously. As a result, the flexibility for
grid-connected vehicles in their charging and dis-
charging behavior can be applied for grid sup-
porting services.
Secondly, the specific energy consumption
(kWh/km) is determined for realistic driving cy-
cles and based on real vehicle parameters. Three
vehicle types (small, middle-class and large) are
used to have a realistic distribution of the vehicle
fleet, since a difference in energy consumption
can be observed. Furthermore, the vehicle be-
havior is differentiated for the current diesel and
gasoline travel behavior because of the large dif-
ference in kilometers traveled. Results show that
the European cycle composition (urban, rural and
highway) results in a 15 % higher energy con-
sumption compared to the Flemish composition.
The sensitivity analysis shows that the sensitivity
of parameters (mass, auxiliary loads, slope of the
road and rolling resistance) cannot be neglected.
With the decoupled modeling approach, the re-
quired usable battery size of battery electric ve-
hicles is determined. Both energy and power
requirements are discussed. With the Lithium
chemistries currently found in EVs, the energy

requirements are the determining factor for the
battery sizing.
In future work, these models will be used to as-
sess the impact of electric vehicles on the grid,
to study the flexibility of EVs for coordinated
charging and ancillary services to support the
grid. With the availability analysis, each vehicle
has a unique behavior.
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