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Nomenclature

Acronyms and abbreviations

BEV Battery electric vehicle

BMS Battery management system

EV Electric vehicle

HEV Hybrid electric vehicle

ICE Internal combustion engine

MAE Mean absolute error

MAPE Mean absolute percentage error

OCV Open circuit voltage

OPD One pedal driving

OSM Openstreetmap

PLC Programmable logic controller

PR Parallel regenerative braking

RLS Recursive least square

SRTM Shuttle radar topography mission

SDPE Standard deviation percentage error



ii Nomenclature

Symbols and letters

Symbol Description Unit

ax vehicle longitudinal acceleration m/s2

ay vehicle lateral acceleration m/s2

Af vehicle frontal area m2

Cd aerodynamic drag coefficient

E100km energy consumption per 100 km for constant speed
driving

kWh/100km

Eac AC energy extracted from the power socket kWh

Echa DC energy charged into the battery kWh

Econs battery energy consumption for constant speed
driving of a road segment

kWh

Edc cumulated DC energy at battery terminals kWh

Edc net battery net DC energy kWh

Ediff H energy consumption caused by height difference kWh

Ediff v energy consumption caused by speed difference kWh

Edis battery discharging energy kWh

Ek,p kinetic and potential energy at wheels kWh

Ek,p esti estimated kinetic and potential energy at wheels kWh

EOPD energy consumed by one-pedal-driving kWh

EPR energy consumed by parallel regenerative braking kWh

Er energy caused by resistance force at wheels kWh

Ereg battery regenerative braking energy kWh

Er esti estimated energy caused by resistance force at
wheels

kWh

Evmin minimum energy consumption per kilometer kWh/km

Ew cumulated energy consumption at wheels kWh

Ep energy consumption per kilometer for past driving kWh/km

Ef energy consumption per kilometer for future driving kWh/km

fr rolling resistance coefficient

Faero aerodynamic drag force N

Ffric friction force in the vehicle powertrain N

Fg gravitational force N
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Symbol Description Unit

Fr rolling resistance force N

Ftyre tyre tangential force N

Fx vehicle propelling force N

Fhw Force caused by head wind N

g gravitational acceleration m/s2

H elevation m

ig gear reduction ratio

I battery current A

Icha battery current during charging A

Idri battery current during driving A

Jm motor inertia kgm2

Jw wheel inertia kgm2

L length of a road segment m

m vehicle mass, including occupants and cargo kg

Paux auxiliary system power usage W

Pbat power at the battery terminals W

Pcons battery output power for constant speed driving W

Pdrum drum mechanical power W

Pdrum f friction power in drum bearing W

Pelec motor electric power W

Pidle motor idling power loss W

Pmech motor mechanical power W

Pptloss powertrain power loss W

Pslip tyre slip power W

Pwheel mechanical power at wheels W

rb drum radius m

R battery internal resistance Ω

Re tyre effective rolling radius m

Rturning vehicle turning radius m

s distance km

t time s

tcha battery charging time s
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Symbol Description Unit

tdri vehicle driving time s

Tamb ambient temperature ◦C

Tb eff drum effective torque Nm

Tm motor torque Nm

Tw wheel mechanical torque Nm

v speed m/s

Voc open circuit voltage V

Vout battery output voltage V

vslip tyre slip speed m/s

W wind speed in the vehicle driving direction m/s

α road slope rad

β angle between two road segments rad

ρ air density kg/m3

∆EOPD energy saved by OPD compared to PR algorithm %

ηcharger charger efficiency %

ηbat battery efficiency %

ωm motor angular speed rad/s

ωw wheel angular speed rad/s

ηpt powertrain efficiency %



Societal summary

Battery electric vehicles (BEVs) have received increasingly attention because of
the increased focus on environmental issues and sustainable energy. BEVs have
advantages in energy cost and local emissions compared to internal combustion
engine vehicles. However, the spread of BEVs is limited by a high initial price,
long charging time, few charging stations and limited driving range. The limited
driving range and long charging time of batteries make the driver more concerned
about whether they can reach the destination based on the current battery state
of charge; this is called range anxiety. Range anxiety is considered as one the
major factors that affect the acceptance of BEVs. The aim of this thesis is to
provide means to reduce the driver’s range anxiety and to extend the driving
range of an electric vehicle where possible.

In this thesis, the energy consumption of a battery electric vehicle is ana-
lyzed, modelled and validated through driving tests on the public road. Then
the regenerative braking control strategy of the vehicle is changed to a one-
pedal-driving algorithm to improve the vehicle powertrain efficiency and driving
experience. Subsequently, the energy consumption along a chosen route is pre-
dicted based on the route information, and an online algorithm is developed
that can adjust the energy consumption prediction based on measurements dur-
ing driving. Finally, an advanced route searching algorithm to find the most
energy efficient route for the specific BEV is developed. Besides the most energy
efficient route, an energy efficient route which makes a compromise between the
energy consumption and time saving is also presented. The energy consumption
prediction algorithm and route searching algorithms are verified by simulations
and driving tests on the public road.





Summary

Battery electric vehicles (BEVs) are considered as cars of the future to solve
the energy shortage and environmental problems. However, the driving range
of BEVs is not comparable with internal combustion engine vehicles because of
the limited energy density of battery. Besides this, the long charging time and
limited number of charging stations will contribute to the driver’s range anxiety.
The battery density is improving day by day and carrying a big battery can
increase the driving range, it is however expected that for future mass adopted
BEVs, the battery capacity will still be constrained due to weight and cost
issues. To improve the driving range and reduce the range anxiety, three methods
can be taken: improving the vehicle energy efficiency, predicting the energy
consumption accurately and choosing an energy efficient route. In this thesis,
these three items have been investigated. This research is based on an battery
electric vehicle: the TU/e Lupo EL. It is built by the Dynamics and Control
group of Eindhoven University of Technology.

In order to improve the energy efficiency and make an accurate energy con-
sumption prediction, the energy consumption of different components of the
vehicle have to be identified first. The rolling resistance coefficient is obtained
from coast down tests on the public road. Measurements show that the influence
of road surface on the rolling resistance is more important compared to the ambi-
ent temperature. The powertrain efficiency is measured through a dynamometer
test in a lab. The battery efficiency is calculated through measurements from
driving tests. The energy consumption model of the Lupo EL is built by putting
energy consumption models of different components together, which is finally
verified by driving tests on the public road. Comparison results show that the
energy consumption model can calculate the energy consumption with an error
of smaller than 5% under different circumstances.

Regenerative braking is an effective approach to improve the energy efficiency
for BEVs. However, additional friction braking of parallel or series regenerative
braking will lead to energy waste through heat dissipation. To improve the



viii Summary

energy efficiency, a one pedal driving (OPD) algorithm is designed to replace
the parallel regenerative braking (PR) algorithm initially used. With the OPD
algorithm, the vehicle can be driven using the accelerator pedal alone in most
cases and the brake pedal is only applied in emergency situations. Subjective
tests confirm that the OPD algorithm can provide a much improved driving
experience compared to the PR algorithm. A coasting area is designed in the
OPD algorithm to make the driver can easily coast during driving, which is es-
sential for driving efficiently. The difference in the energy consumption between
the OPD and PR algorithm is analyzed through measurements and simulations.
Comparison results show that the OPD algorithm can save up to 8.5% energy
compared to the PR algorithm based on the same speed profile.

An accurate energy consumption prediction along a chosen route can reduce
the driver’s range anxiety and remind the driver to take some measures to reduce
the energy consumption. The energy consumption for a future trip of a BEV is
determined by some uncertainly factors, e.g. driving behavior, route informa-
tion, weather condition and traffic situation. An energy consumption prediction
algorithm, including an offline and an online algorithm is built considering these
influence factors. The purpose of the offline algorithm is to provide informa-
tion for the driver to make future driving plans. The offline algorithm is built
based on route information and weather condition, and can predict a nominal
energy consumption value and a possible energy consumption range before a
trip begins. The online algorithm is designed to adjust the energy consumption
prediction result based on the current driving, which considers the influence of
driving behavior, wind and road slope, vehicle load and tire condition. The
energy consumption prediction algorithm is verified by driving tests.

Modern navigation systems are able to provide a shortest or a fastest path to
the driver. However, neither the shortest nor the fastest path is the most energy
efficient route in some cases, particularly with many traffic lights, different road
types and significant road elevation. Therefore, finding the most energy efficient
route can increase the driving range of BEVs. Because of the regenerative brak-
ing, the vehicle kinetic energy can be recuperated into the battery which means
the energy consumption of some road segments is negative when the vehicle is
decelerating or driving downhill. To solve the negative edge cost problems, a
heuristic route searching algorithm, the A* algorithm, is applied for the route
planning. Three advanced roue searching algorithms are presented, including
the most energy efficient route which edge cost is calculated by a mesoscopic
model, the most energy efficient route which edge cost is calculated based on a
microscopic model and an energy efficient route within a time constraint. Sim-
ulations show that the most energy efficient route can save up to 9% energy
compared to the shortest route in some cases. The energy efficient route search-
ing algorithm with a time constraint can provide a route, which can make a
compromise between the energy consumption and time saving. Driving tests by
four drivers in the Eindhoven area have proven the accuracy of simulations.



Chapter 1

Introduction

1.1 General introduction

The advent of road vehicles has significantly changed human life. In 2010 the
population of motor vehicles in use in the world, excluding off-road vehicles and
heavy construction equipment, has passed one billion according to the estimation
of the US publisher Ward’s [96]. The annual production of motor vehicles keeps
increasing, according to the statistics of OICA more than 90 million vehicles
are produced in 2015 [4]. The internal combustion engine (ICE) vehicles have
become an integral part of modern life.

As the number of ICE vehicles increases, they constitute one of the largest
source of air pollution and greenhouse gas emissions. According to studies [99,
101], road transport contributes almost 90% CO, 40% NOx, 25% PM2.5 and 25%
CO2 emissions. Air pollution significantly damages people’s health. The WHO
reports that in 2012 about 7 million people died as a result of air pollution and 3.7
million people died because of outdoor air pollution [5]. Today’s concern about
the environment, in particular exhaust emissions, stimulates the automotive
industry to renew their interest in battery electric vehicles (BEVs).

1.1.1 History of battery electric vehicles

While ICE vehicles are prevalent in our world nowadays, BEVs were more pop-
ular than other vehicle alternatives in the early 1900s. BEVs appeared in the
1830s, and were powered by primitive motors and disposable batteries. The
first generation of BEVs was unsuitable for practical exploitation because of
the poor efficiency of the motor and battery [36]. Half a century elapsed be-
fore the rechargeable battery and DC electric motor were developed. The first
generation of practically usable electric road vehicles was built in 1880s. By
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the end of 19th century, with mass production of rechargeable batteries, BEVs
became fairly widely used [53]. At the start of the 20th century BEVs must
have looked a strong contender for future road transport. They showed high
functionality compared to two other types of vehicles: steam engine and gaso-
line vehicles. Steam engine vehicles were well established, powerful, fast and
reliable, but suffered long start-up time (25-45 minutes), short range due to the
need for water refilling and required a skilled operator. Gasoline vehicles were
noisy, smelly, unreliable, vibrating heavily, required different gear changes and a
manual crank-start. Conversely, BEVs were silent, simple to drive and easy to
start.

BEVs continued to be attractive until the 1920s, with peak production oc-
curring in 1912. By the 1920s several hundred thousand electric vehicles had
been produced for usage as cars, vans, taxis, delivery vehicles and buses [53].
However, improvements in intercity road quality propelled the need for ICE ve-
hicles, which were capable of operating over a longer distance. At the same time,
new discoveries of oil reduced the price of gasoline, making ICE vehicles more
affordable to consumers. Moreover, the invention of an electric starter made
the use of ICE vehicles more convenient, whereas the long recharge time and
expensive battery packs made BEVs less attractive to consumers. As a result,
the market for BEVs gradually disappeared by the 1930s.

Moving forward in time, cars became less of a luxury and more of a necessity
for daily life. The increased use of ICE vehicles has changed city landscapes
and lifestyles. As ICE vehicles increase in number, they constitute one of the
largest sources of air pollution and greenhouse gas emissions. To reduce the
air pollution, vehicle emissions standards have been published to restrict the
exhaust emissions since 1990s [75] and a catalytic converter is used to reduce
toxic pollutant in the exhaust gas. The annual greenhouse gas emissions (GHG)
and future targets in Europe are shown in Figure 1.1 [6]. The greenhouse gas
emission from transport including international aviation should be reduced by
20% in 2030 compared to emissions in 2008 and the emissions should be reduced
by 60% in 2050 compared to emissions in 1990.

Furthermore, oil prices began to rise in the 1970s, along with increased public
awareness of the limited availability of oil resources. This led to a pressing need
for alternative powered vehicles. The afore-mentioned issues made governments
to take several legislative and regulatory actions to give policy incentives for the
adoption of electric vehicles [119]. In the early 1990s, the California Air Resource
Board (CARB) began a push for more fuel efficient and lower emissions vehicles,
with the ultimate goal being a move to zero emissions vehicles [97]. As a result
of these changes, the automotive industry began to renew their attempts to
develop BEVs, such as Chrysler TEVan, Rord Ranger EV pickup truck, GM
EV1 and so on. It should be mentioned that General Motors EV1 was the first
mass-produced modern electric vehicle, which uses a lead-acid battery. However,
the BEV market could not achieve success without the support from customers.
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Figure 1.1: Greenhouse gas emissions from transport in Europe [6].

The primary limitation was their restricted performance capability compared to
gasoline powered vehicles. Moreover, the BEVs’ high initial cost and charging
infrastructure shortage led to a lack of commercial success.

A new type of powertrain appeared in the late 1990s: hybrid electric vehicle
(HEV), which combines a conventional ICE with an electric propulsion system.
The presence of the electric powertrain is intended to obtain a better energy
efficiency compared to ICE vehicles and recuperate the vehicle kinetic and po-
tential energy [59]. Toyota Prius is the first mass produced HEV, which was
launched in Japan in 1997. After that, for example Honda Insight and Ford
Escape Hybrid were produced. HEVs can be considered as a transition between
ICE vehicles and BEVs [47].

Stimulated by the advent of mobile phones and laptop computers in the
1990s, battery technology improved dramatically. New battery technologies were
commercialized, such as nickel cadmium, nickel metal hydride and more recently
lithium-ion batteries. With the development of battery technology, BEVs have
become a commercially available product since the late 2000s. As of May 2015,
more than 500,000 highway capable full electric passenger cars and light utility
vehicles have been sold worldwide since 2008, out of total global sales of about
850,000 light duty plugin electric vehicles [25]. As of early December 2015, the
Nissan Leaf, with 200,000 units sold worldwide, is the world’s top selling highway
capable BEV in history, followed by the Tesla Model S with global deliveries of
about 100,000 units.
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1.1.2 Environmental impact

BEVs have several benefits over conventional ICE vehicles. They do not emit
harmful tailpipe pollutants such as particulate (soot), volatile organic com-
pounds, hydrocarbons, carbon monoxide, ozone, lead and various oxides of ni-
trogen and greenhouse gases [47]. However, the clean air benefit may only be
local. Depending on the source of the electricity used to recharge the batteries,
air pollutant emissions may be shifted to the location of the generation plants.
This is sometimes referred to as the ”long tailpipe” of BEVs. Therefore, the
environmental impact of BEVs should be evaluated by the life cycle assessment
(LCA) methodology, which includes the extraction of raw materials, the manu-
facturing of components, the assembly, the use stage, the maintenance and the
end of life treatment [42,73].

Emissions of BEVs depends on the production process, the emission inten-
sity of power sources used to generate the electricity, the energy efficiency of
charging process and the vehicle usage efficiency. According to research in [72],
the overall impact of BEVs on the greenhouse emission is just slightly better
than a modern highly efficient ICE vehicle when coal is burnt for generating
electricity, but BEVs produce more air pollution emissions (NOx, SO2 and PM
emissions) [46]. There is however more flexibility in the choice of fuels at the
power plant that generates the electricity, if the European electricity mix and
natural gas electricity are used, the CO2 and air pollution emissions can be re-
duced up to 50% compared to ICE vehicles [46]. If all the energy is obtained
from alternative energy sources such as hydro, wind, tidal or solar power, there
will be almost zero emissions.

It should be mentioned that more pollutants and CO2 emissions are produced
in manufacturing process of BEVs compared to ICE vehicles. The magnets
in motors and batteries of BEVs contain rare earth metals. According to the
calculation of MIT researchers in 2012, two rare Earth metals, neodymium and
dysprosium, would need to increase 700% and 2600% respectively over next 25
years to keep pace with various green-tech plants [24], this is also a challenge for
future development of BEVs. The materials used in motors and batteries, such as
lithium, copper and rare metals are mined from the earth and the processing can
also release toxic components [90]. However, recycling of motors and batteries
can reduce the pollution significantly [72].

1.1.3 Powertrain characteristics

In a battery electric vehicle all energy to propel the vehicle is stored in batteries,
which has major consequences for the vehicle design and performance. Table 1.1
gives an impression of the different possibilities for energy storage and it is clear
that the energy density of fossil fuels is orders of magnitude greater than that
of the battery technologies available today [82]. For the batteries a utilization
factor has to be taken into account, as it is a good practice to limit the the
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depth of discharge to 80% of the nominal battery capacity in order to achieve
an acceptable cycle life. Internal combustion engines are relatively inefficient for
propelling a vehicle and most of the energy is wasted as heat. On the contrary,
electric motors are more efficient in converting the stored energy to propel the
vehicle. Normally, conventional gasoline engine only use about 20% energy for
driving, while BEVs have an efficiency of around 80%.

After considering these factors, the mass and volume of different energy car-
riers, which can provide 10 kWh at wheels are listed in Table 1.2. It can be
seen that carrying energy in the form of batteries is 13 to 113 times heavier than
petrol, for the volume factors ranging from 8 to 43 apply. Typically, the weight
of the batteries takes up to 20-25% of the total vehicle mass of a BEV [18]. De-
spite the significant mass and volume of batteries, the amount of energy which
can be carried in a BEV is still smaller compared to the fuel tank of a ICE
vehicle.

Table 1.1: Comparison of energy density in different carries.

Wh/kg Wh/L
Powertrain

efficiency
Utilisation

factors
Petrol 12100 9120 18% 100%
Diesel 11800 9970 22% 100%
Battery (lead-acid) 30-40 60-110 80% 80%
Battery (NiMH) 30-80 140-175 80% 80%
Battery (LiFePO4) 80-120 180-250 80% 80%
Battery (LiCoO2) 100-265 240-350 80% 80%

Table 1.2: Mass and volume of different energy carriers when propelling
energy is 10 kWh at the wheels.

Energy Mass Volume Relative to petrol
[kWh] [kg] [L] Mass Volume

Petrol 55.6 4.6 6.1 1.00 1.00
Diesel 45.5 3.9 4.6 0.84 0.75
Battery (lead-acid) 12.5 390-520 142-260 85-113 23-43
Battery (NiMH) 12.5 195-520 89-112 42-113 15-18
Battery (LiFePO4) 12.5 130-195 63-87 28-42 10-14
Battery (LiCoO2) 12.5 59-156 45-65 13-34 8-11

It should be pointed out that regenerative braking is one of the advantages
of BEVs compared to ICE vehicles. During braking, the electric motor works as
a generator to convert kinetic and gravitational potential energy into electrical
energy again, which is returned to the battery. In practice, regenerative braking
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can reduce up to 25% of the total energy usage of the vehicle, depending on the
driving cycle and control strategy [114].

Besides the limited driving range, it will also take longer time to recharge
a battery than to refill a fuel tank. At a regular fuel station the petrol flow is
around 40 litres per minute [19]. In the Netherlands a maximum current of 16 A
at 230 V can be drawn from a regular power socket. With a charging efficiency
of 80%, the power charged into the batteries is 2.9 kW. For a petrol vehicle the
energy transfer is more than 2000 times faster compared to charging a BEV on a
regular power socket. When considering state-of-the-art level 3 DC fast charging
(50 kW), the battery can be recharged to 80% in 30 minutes. For example the
Nissan Leaf, BYD e6, Tesla Model S and BWM i3 offer this possibility. For Tesla
the superchargers can deliver up to 120 kW of power directly to the battery now.
The Porsche Mission E, a concept car released in 2015, can charge 80% of the
battery capacity with 15 minutes via a 800 V DC charging. Although the fast
charging is still relatively time consuming compared to refueling, in practice it
often matches well with normal driving, where the driver will take a rest after
driving a few hours, this provides an opportunity to recharge the car. However,
fast charging stations have not spread as widely as fuel stations yet.

Although the weight, limited driving range and long charging time are dis-
appointing at first, it should be noted that over the last 20 years the battery
energy density has increased by a factor 3 to 4. The improvement of battery
technology makes that a BEV today is a much viable option compared to earlier
attempts in the late 20th century.

1.1.4 Available battery electric vehicles

There are more than 30 models of highway legal battery electric passenger cars
and utility vans available for retail sales now, mainly in the United States, China,
Japan, Western European countries. The characteristics of some BEVs launched
on the market from the year 2009 to 2016 are listed in Table 1.3, including mass,
battery capacity and range. The range of most vehicles are evaluated by the U.S.
Environmental Protection Agency (EPA) [2, 8]. The evaluated driving cycle is
a combination of city driving (55%) and highway driving (45%). Alternatively
several vehicles are evaluated using the New European Driving Cycle (NEDC).
It should be mentioned that there are a lot of constant speed cruises and idle
events in the NEDC and the acceleration is soft. Thereby the range obtained by
the NEDC test is higher compared to the EPA result.

It can be seen that the battery capacity of most BEVs are between 20 and
30 kWh, which lead to a range of 120-170 km. For the Tesla Model S and Model
X, the driving range can reach 335 to 473 km with a battery capacity of 60 to
90 kWh. For future released electric cars, e.g. Chevrolet Bolt and Tesla model
3, the battery capacity will be larger than 60 kWh and the driving range will be
more than 300 km. However, a big battery capacity will lead to a heavy vehicle,



1.2 Motivation and objectives 7

Table 1.3: Battery electric vehicles characteristics.

Launched
year

Mass
[kg]

Battery
[kWh]

Range [km]

Mitsubishi i MiEV 2009 1080 16 100 (EPA)
Nissan Leaf 2010 1493 24 117 (EPA)
BYD e6 2010 2295 75 205 (EPA)
Renault Fluence Z.E. 2011 1543 22 185 (NEDC)
Ford Focus Electric 2011 1674 23 122 (EPA)
Renault Zoe 2012 1468 22 210 (NEDC)
Toyota RAV4 EV 2012 1830 41.8 166 (EPA)
Tesla Model S 2012 1961 60 335 (EPA)
Tesla Model S 2012 2108 85 426 (EPA)
Chevrolet Spark EV 2013 1356 21.3 132 (EPA)
VW e-up! 2013 1085 18.7 160 (NEDC)
BWM i3 2013 1195 22 130 (EPA)
VW e-Golf 2013 1538 26.5 134 (EPA)
Honda Fit EV 2014 1475 20 132 (EPA)
Mercedes-Benz B250e 2014 1780 36 137 (EPA)
Kia Soul EV 2015 1492 30.5 150 (EPA)
Tesla Model S AWD-90D 2015 2109 90 473 (EPA)
Nissan leaf 2016 1538 30 172 (EPA)
Tesla Model X AWD-90D 2016 2391 90 414 (EPA)
Chevrolet Bolt 2017 1624 60 322 (estimate)
Tesla model 3 2017 1905 60 346 (estimate)
Porsche Mission e 2020 - − 500 (estimate)

which will drop the vehicle energy efficiency. Beside this, a bigger battery will
make the vehicle more expensive.

It is clear that over time the electric vehicle will develop further. The solar
electric vehicle Stella Lux, built by the Solar Team Eindhoven, gives an inter-
esting perspective. This car was designed to participate in the World Solar
Challenge. It is the second iteration of the world’s first solar powered family
car, as shown in Figure 1.2. It has a battery capacity of 15 kWh and a curb
weight of 380 kg [10]. As an energy positive family car, it can generates more
energy than consumes during the entire year, even in Dutch weather conditions.
The range of Stella Lux can almost reach 1000 km in the summer.

1.2 Motivation and objectives

BEVs are not widely accepted by the public now, because of the high price,
limited driving range and long charging time. The limited driving range and
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Figure 1.2: The solar powered family car Stella Lux.

long charging time will make the driver more concerned about whether they
can reach the destination based on the current state of battery, which is called
”range anxiety”. In fact, range anxiety has been identified as one of the main
obstacles for the expansion of BEVs [80].

Many researches have been done to increase the acceptance of BEVs. They
mainly focus on overcoming technical barriers such as battery technology limita-
tions [40,58,62,68], charging infrastructure problems [88,91,93,95] and improving
electric motor and powertrain performance [35, 92]. Obviously a large battery
can give an extended driving range, but the weight and cost will also increase.
Although the battery technology is improving day by day, it is nevertheless ex-
pected that the battery capacity of mass adopted BEVs will still be constrained
by weight and cost issues in the future. The building of fast charging stations
will require investments and charging stations can not spread as wide as fuel
stations on short notice. Improving the performance of regenerative braking is
an effective approach to increase the driving range [100], most researches on
regenerative braking concentrate on developing a control strategy, for example
fuzzy logic control [67, 114] or model predictive control [63]. Another approach
to increase the driving range is to use a range extender, like the gasoline engine
used in a BWM i3. However, the range extender will increase the initial cost of
the vehicle and leads to increased complexity and maintenance costs.

The aim of this thesis is to improve the BEVs energy efficiency and to reduce
the driver’s range anxiety based on current hardware technology. To improve
the vehicle energy efficiency, the energy consumption of different vehicle pow-
ertrain components need to be identified first, including road load, powertrain,
regenerative braking, auxiliary system and battery. After the energy consump-
tion of various vehicle components is understood, the vehicle powertrain energy
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efficiency is improved by developing a one-pedal-driving algorithm.
To reduce the driver’s range anxiety and remind the driver to take some

measures to reduce the energy consumption during driving, an energy consump-
tion prediction along a chosen route should be provided. To predict the energy
consumption accurately, the influence of driving behavior, route information,
weather condition and traffic situation is taken into consideration to build the
energy consumption prediction algorithm.

Another approach to increase the driving range of BEVs is to find a more
energy efficient route. The shortest or fastest route may be the most energy
efficient route in most cases. However, there are some cases where this may be
not true, particularly on routes with many traffic lights, different road types or
significant road slope. To increase the driving range of BEVs, an advanced route
searching algorithm to find the most energy efficient route is proposed.

1.3 Contributions

The research in this thesis is based on a prototype battery electric vehicle: the
TU/e Lupo EL. It is a research platform built by the Dynamics and Control
group of the Eindhoven University of Technology. The main contributions of
this thesis, based on aforementioned objectives, are given below.

1. The energy consumption of different vehicle components has been tested.
The influence of weather condition to the vehicle energy consumption is
analyzed. An energy consumption model considering the influence of am-
bient temperature and road surface dependent rolling resistance is built,
which can calculate the energy consumption with an error smaller than 5%
under different circumstances based on measured driving speed profiles.

2. A one-pedal-driving (OPD) algorithm is designed to replace the former
parallel regenerative braking (PR) algorithm. The OPD algorithm allows
the vehicle to be driven using the accelerator pedal alone in most cases
and the brake pedal is only applied in emergency situations. The OPD
algorithm provides a range of accelerator pedal positions for coasting the
vehicle. Comparisons show that depending on the route, driving using
the OPD algorithm can save approximately 2% to 9% energy compared to
using the PR algorithm.

3. An energy consumption prediction algorithm is built for a given route.
The algorithm includes an offline part and an online part. The offline
algorithm determines a speed profile using the route information. It can
provide a nominal energy consumption to the driver before a trip begins.
The online algorithm is designed to adjust the offline energy consumption
prediction while driving by considering the influence of current driving
behavior, auxiliary system usage and vehicle parameters.
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4. A heuristic estimation route searching algorithm, called A* algorithm is
used to built advanced route searching algorithms for BEVs. The influence
of road type, road slope, traffic lights and road curvature is taken into
consideration to calculate the energy cost on every road link. The route
searching algorithm can solve negative energy cost problems caused by
regenerative braking. A most energy efficient route and an energy efficient
route within a time boundary can be found by the algorithm.

1.4 Outline of the thesis

This thesis discusses the energy consumption of BEVs and contains 8 chapters.
The research in this thesis is based on a battery electric vehicle: TU/e Lupo
EL, which is introduced in Chapter 2. The vehicle components selection and
dynamic performance are discussed. The battery capacity and driving range of
the Lupo EL is compared with other BEVs on market.

In Chapter 3 the energy consumption of different vehicle components are
measured. The rolling resistance coefficient is obtained from coast down tests
on various public roads at different temperatures. The powertrain efficiency is
measured through a dynamometer test. The parallel regenerative braking control
strategy is introduced. The battery efficiency is calculated using measurements
from driving tests.

A one-pedal-driving (OPD) algorithm is introduced in Chapter 4. The OPD
algorithm is designed to improve the energy efficiency and driving experience.
An coasting area is designed in the OPD algorithm, which can save energy during
driving, proved by an optimization code. Driving tests on the public road are
used to compare the OPD algorithm and PR algorithm.

In Chapter 5 the vehicle energy consumption models are verified by driving
tests on the public road. The influence of ambient temperature on the vehicle
energy consumption is analyzed.

In Chapter 6 an energy consumption prediction algorithm for a given route
is presented. The algorithm includes an offline part and an online part. First the
offline algorithm based on route information is described. After this, the online
algorithm to adjust the prediction result based on current driving behavior is
introduced. Finally, the energy consumption prediction algorithm is verified by
driving tests.

In Chapter 7 an advanced route searching algorithm to find the most energy
efficient route is presented. The methodology to calculate the energy cost be-
tween two nodes is introduced first, then the route searching algorithm is given.
Next the algorithm to find the energy efficient route with a time constraint is
introduced. Finally, the route searching algorithms are verified by simulations
and driving tests.

Finally conclusions and recommendations for future research are given in
Chapter 8.
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Chapter 2

The TU/e Lupo EL

2.1 Introduction

The research in this thesis is based on a prototype battery electric vehicle: the
TU/e Lupo EL, where ”EL” is the abbreviation of ”Electric Lightweight”. It
is built by the Dynamics and Control group of the Eindhoven University of
Technology as a research platform for electric mobility. The vehicle is designed
using a VW Lupo 3L as a donor vehicle. As a research vehicle, it is equipped
with a large number of sensors and a very flexible, programmable control system
[18, 107]. The Lupo EL is allowed to drive on public roads since Spring 2011.
After that almost 15,000 km has been travelled, various experiments have been
executed and much experience was gained regarding various aspects of electric
vehicle driving.

In this chapter, the components of the Lupo EL are introduced. The perfor-
mance of the Lupo EL is evaluated. Battery capacity and driving range of the
Lupo EL are compared to other BEVs on the market.

2.2 Vehicle components

The design objective of the battery electric vehicle is to build a small family
car with four seats, which can achieve a driving range of 150 to 200 km. Ve-
hicle components including prototype vehicle, battery, charger, motor, inverter
etc., are selected to fulfill these objectives. The available hardware budget is
approximately 30,000 euro for the realisation of this vehicle. Details of vehicle
components are discussed following.
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2.2.1 VW Lupo 3L

The VW Lupo 3L is a remarkable vehicle: it can achieve an average fuel con-
sumption of 3.1 litres of diesel per 100 km and has a CO2 emission of 81 g/km
in the NEDC drive cycle according to the manufacturer. To achieve this low
fuel consumption, many modifications are made compared to the standard Lupo
[108,109]:

� The drag coefficient is reduced from 0.32 to 0.29.

� It is equipped with specifically developed tyres with a very low rolling
resistance coefficient.

� Many parts are made out of aluminium (e.g. side doors, rear door, bonnet,
front sills, frame of seats, disk/drum brakes) or magnesium (e.g. steering
wheel, rims, parts of the rear door) to reduce vehicle weight.

� Thinner glass is used for all windows.

The curb weight of the VW Lupo 3L equals 829 kg and the overall length is
just over 3.5 m. An overview of the main dimensions of the vehicle is shown in
Figure 2.1 [7].

Figure 2.1: Main dimensions of the VW Lupo 3L in mm [7].
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2.2.2 Battery/Charger/BMS

The required capacity of the batteries is determined by two demands: range
and charging time. The target of the driving range is 150 to 200 km. Electric
vehicles having the size of the Lupo normally use 15 kWh DC battery energy
every 100 km, so the usable battery capacity in the vehicle should be larger
than 22.5 kWh to meet the range requirement. To ensure sufficient battery life,
80% of the battery nominal capacity is used, so the maximum battery capacity
becomes 28.1 kWh. In the Netherlands a maximum current of 16 A at 230 V can
be drawn from a single phase power socket, which equals a power of 3.68 kW.
To make sure the vehicle can be fully recharged during daytime when the driver
is working or during night when the driver is sleeping, a maximum charging time
of 8 hours is considered. A first calculation of the battery capacity would be:
8 hours of charging at 3.68 kW with an efficiency of 80% results in 23.5 kWh.
Considering the battery utilisation factor of 80%, the maximum battery capacity
should thus become 29.4 kWh [18].

Taking into consideration the battery price and performance, the Thunder-
sky TS-LEP90AHA cell is chosen. The chemistry is lithium iron phosphate
(LiFePO4), which is considered to be a safe solution for automotive application.
For the battery pack 91 cells are put in series resulting in a pack voltage of 300
V, a nominal capacity of 27 kWh and a weight of 273 kg. Based on the recom-
mendation of the battery manufacturer, 80% of the battery capacity is used to
guarantee a battery life of at least 2000 cycles, this leads to the usable battery
capacity equals 21.6 kWh. It should be mentioned that the battery selection is
made in 2009, since then, the battery technology has developed rapidly. The
energy density of battery in 2016 is almost twice compared to the value in 2009.

The battery is split into three packs, two of them are mounted beneath the
rear seats and trunk. The third battery pack as well as all other powertrain
components, like motor, inverter and charger are mounted in the engine bay.
All battery packs are mounted outside the interior space.

The Thundersky batteries can be charged with a current up to 3C, indicating
that fast charging would be a possibility. For normal charging a Brusa NLG 513
has been selected, which has a charging power of 3.52 kW and an efficiency of
over 90%. This device is carried on board and is water cooled. The charging
plug is according to the IEC 62196-2 standard, a so called ”Mennekes plug”.
An Elithion battery management system (BMS) is used to monitor the voltage,
current, temperature and state of charge of individual cells. It can also perform
some pack balancing by dissipating energy from the cells with highest charge.

2.2.3 Motor/Gearbox/Inverter

The maximum engine power of VW Lupo 3L is 45 kW according to the vehicle
specification. To maintain this performance, the value of 45 kW is considered
as a lower bound to chose the motor. Considering the available budget and
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increased vehicle mass due to batteries, the choice was made to use the following
components:

� MESDEA 200-200 W water cooled AC induction motor, with a nominal
power of 24 kW and a peak power of 50 kW.

� MESDEA TIM 600W water cooled inverter, with an input voltage of 80 to
400 V, a nominal output current of 236 A and a maximum output current
of 400 A.

� Carraro fixed ratio reduction (8.654:1).

The MESDEA motor and inverter combination performs well in terms of
power output. In practice up to 70 kW electrical power input during traction
and up to 60 kW electrical power output during regenerative braking have been
tested for periods of more than 10 seconds [18]. Therefore, the peak power of
the motor is more than sufficient.

2.2.4 User interface

The original VW Lupo 3L dashboard is used as the main interface to the driver
and adapted to display the most important functions and warnings. The dash-
board is controlled by CAN bus. All the necessary CAN addresses are obtained,
making a full adaptation of the original VW dashboard possible. The mod-
ified dashboard displays the traction and regenerative power on the modified
tachometer. The battery state of charge is displayed on the modified fuel gauge.
The current drive modus as well as possible errors are made visible using the
integrated warning lights [107].

Furthermore, a 7 inch Android tablet is mounted in the centre console to
display more detailed information on the powertrain, as shown in Figure 2.2.
The software ”Torque”, as shown in Figure 2.2(a), is used to display signals
from CAN bus. For example, the driving speed, hydraulic braking pressure,
battery output current and battery other status are shown in Figure 2.2(b).
The measured data transfer is done via Bluetooth.

2.2.5 CAN bus

Various components of the electric powertrain (inverter, charger, BMS) are com-
municating with each other via a CAN bus. The original Lupo 3L also employs
a CAN bus on which for example dashboard indicators, gear lever, airbag and
ABS signals are exchanged. In the final configuration two separate CAN buses
are utilized in the vehicle to minimize interference and maximize redundancy of
the system. A programmable logic controller (PLC) is connected to these two
CAN buses in the vehicle, one CAN bus for the original Lupo components and
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(a)

(b)

Figure 2.2: The touchscreen in the Lupo EL.

one for the electric drivetrain components. The PLC is used as the main con-
troller for all components, enabling a very flexible and customizable operation
of the vehicle. Figure 2.3 gives an overview of the electrical systems layout and
CAN bus connections in the vehicle.

2.2.6 Vehicle mass

The powertrain components of the Lupo EL and Lupo 3L are shown in Figure 2.4.
Also the size and location of three battery packs of the Lupo EL are shown in
this figure.

The vehicle and component weight of the Lupo EL are analyzed, the final
result is compared to the original Lupo 3L and listed in Table 2.1 [107]. It can
be seen that the final weight of the Lupo EL equals 1060 kg. This is more than
the original one of 847 kg, but nonetheless it still has a low weight for an BEV
with a battery capacity of 27 kWh.
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Figure 2.4: Lupo 3L with the diesel and electric powertrain.
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Table 2.1: Vehicle mass comparison between Lupo 3L and Lupo EL [107].

Lupo 3L Lupo EL
Vehicle mass (no powertrain) 599 595 kg
Engine + gearbox + drive shafts 180 85 kg
Cooling (radiator, hoses, etc.) 10 7 kg
Exhaust 15 kg
Power electronics 25 kg
Fuel tank + cooler + filter 9 kg
Diesel (7 liters) 6 kg
Battery pack front (8.3 kWh) 84 kg
Battery pack center (7.7 kWh) 78 kg
Battery pack rear (11.0 kWh) 111 kg
Battery 12 V 20 6 kg
Miscellaneous 8 69 kg
Complete powertrain 248 465 kg
Total vehicle mass 847 1060 kg
Distribution (front/rear) 64/36 58/42 %

2.3 Vehicle performance

The vehicle performance including dynamic performance and energy consump-
tion and range of constant speed driving is analyzed through driving tests on
the public road.

2.3.1 Dynamic performance

The Lupo EL can accelerate from 0 km/h to 100 km/h in 13 seconds, which
is better than 15 second of the original VW Lupo 3L. Figure 2.5 shows the
measured acceleration performance.

It can also be seen from Figure 2.5 that the electric vehicle top speed is about
130 km/h. Actually, the top speed is electronically limited by the maximum
engine speed of 10500 rpm [19].

The Lupo EL is able to climb hills up to 40% when considering the available
motor torque. The hill climbing performance at 30%, including a start-stop
maneuver, has been tested at the RDW providing grounds in Lelystad, the
Netherlands, see Figure 2.6.

2.3.2 Energy consumption and range

Normally a driving cycle, like the NEDC, is used to assess the vehicle energy
consumption. However, the energy consumption for constant speeds driving is
preferred here. There are several reasons for this: many of the available driving
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Figure 2.5: Lupo EL acceleration performance.

Figure 2.6: Test on a 30% road slope.

cycles cannot truly represent daily driving conditions and have a too low average
speed and acceleration [61]. Furthermore for a BEV the range becomes really
important for highway driving, where the battery is depleted comparatively fast.
Highway driving is mostly done at fairly constant speeds. Finally constant speeds
driving tests are simple and easy to execute.

The DC energy consumption of the vehicle measured at the battery termi-
nals in constant speed tests is expressed in the units kWh/100km. Measure-
ments of the energy consumption for constant speed driving tests are shown
in Figure 2.7(a). Measurements show a discontinuity between 70 km/h and
80 km/h, this is because the tests below 70 km/h were executed on a rural road
and the tests equal and above 80 km/h were executed on a highway. The dif-
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Figure 2.7: Constant speed driving energy consumption and range. The
square point in (b) is the measured maximum driving distance
on a single charge.

ference in rolling resistance coefficient on these two kinds of road results in the
energy consumption being higher on the rural road in comparison to the high-
way for the same driving speed. The difference of rolling resistance coefficient
on various types of road has been measured and will be discussed in Chapter
3.2.2.

With a usable battery capacity of 21.6 kWh and knowing the battery output
DC energy consumption for constant speeds, the range can be calculated. The
results are shown in Figure 2.7(b). It can be seen that the vehicle can achieve a
driving range of 200 km when the vehicle speed is below 85 km/h for constant
speed driving, but this value will decrease to 130 km when the driving speed
increases to 120 km/h. The maximum distance driven on a single charge so far
is 228 km, with an average speed of 69 km/h, as indicated by the square point in
Figure 2.7(b). In this case 83.6% (22.56 kWh) of the nominal battery capacity
was used, which is a little over the recommended 80%.

2.4 Comparison with other BEVs

2.4.1 Vehicle mass and battery capacity

The TU/e Lupo EL is designed to have a low mass and large battery capacity in
order to maximize the range. A comparison of vehicle mass and battery capacity
with other BEVs on the market is given in Table 2.2. The overall vehicle length
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and vehicle mass are specified in order to get an impression of the vehicle size.
For Mitsubishi i-Miev, Lupo EL and Nissan Leaf the mass is determined in the
TU/e Automotive Engineering Science lab [19]. The mass of other vehicles is
obtained from reference [102] and manufacturer specifications.

Two values of battery capacity are specified in Table 2.2: the nominal battery
capacity Enon and the usable battery capacity Euse. The energy required from
AC electricity to recharge a fully depleted battery is given by Echa. The data
of the Lupo EL is tested indoor at an ambient temperature of 20 ◦C, for other
vehicles the data is taken from reference [102], which are tested at the same
condition as the Lupo EL. It can be seen that the specified nominal battery
capacity of many vehicles only loosely reflects the usable battery capacity, while
the vehicle actual driving range is determined by the usable battery capacity.

Table 2.2: Battery electric vehicle characteristics.

Length
[m]

Mass
[kg]

Enom
[kWh]

Euse
[kWh]

Echa
[kWh]

Euse/mass
[kWh/kg]

Smart ED 2.695 1010 17.6 17.8 23.0 0.0176
i-Miev 3.475 1132 16.0 14.8 18.3 0.0131
A-class E-cell 3.883 1635 36.0 34.7 45.7 0.0212
Nissan Leaf 4.445 1540 24.0 19.4 24.2 0.0126
Lupo EL 3.529 1060 27.0 21.6 27.0 0.0204

Compared to other BEVs on the market, the Lupo EL has a relatively low
mass with an large battery capacity. Although, as a one-off prototype vehicle,
the Lupo EL is not equipped with a power steering system, electric windows
or air conditioning, things which customers would expect from a modern car.
Nevertheless it is still a remarkable electric vehicle built with a limited budget.

2.4.2 Energy consumption and range

Figure 2.8(a) shows a comparison for the DC energy consumption for constant
speed driving of a number of BEVs [19]. The Lupo EL data is obtained from
measurements on the public road, for the other vehicles measurement data from
reference [102] is used. It can be seen that the DC energy consumption of the
Lupo EL at low speeds is fairly similar to other small BEVs and for higher speeds
the results are even better. This may be caused by the lower aerodynamic drag
of Lupo EL, which will make the vehicle more efficient at high speed driving
compared to other vehicles. Besides this, measurements of the Lupo EL are
done on rural road and highway road respectively for low speeds and high speeds
driving. The comparably bigger rolling resistance coefficient on the rural road
will lead to a higher energy consumption at low speeds.

Combing these DC energy consumption values with the usable battery ca-
pacity (Table 2.2), the range for constant speed driving is calculated, as shown
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in Figure 2.8(b). It can be observed that the Lupo EL has a good range, due
to the comparatively large usable battery capacity, low vehicle mass and good
aerodynamic properties.
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Figure 2.8: Constant speed driving energy consumption and range for dif-
ferent BEVs.

2.5 Conclusions

In this chapter the research vehicle TU/e Lupo EL is discussed. The performance
of the vehicle is in line with, or even exceeds those of BEVs on the market. As
a research vehicle, it is equipped with a large set of sensors, which can measure
various quantities during operation. The vehicle will be used as a platform to
model and predict the energy consumption of BEVs throughout this thesis.





Chapter 3

Energy consumption analysis

3.1 Introduction

The energy consumption of the vehicle for various driving conditions needs to be
identified for future powertrain efficiency improvements and energy consumption
prediction. There are two methodologies for determining the energy consump-
tion: creating vehicle models based on physics [78, 113] or building statistical
models based on real world driving measurements [27, 87, 94]. Using real world
driving measurements can result in more realistic values for the energy con-
sumption, but it relies on real world data and cannot reflect changes of vehicle
parameters and environmental conditions. While some vehicle parameters may
change from trip to trip, such as vehicle mass, rolling resistance coefficient and
auxiliary system usage, which can influence the energy consumption of a BEV.
The weather condition, including ambient temperature, wind speed and direc-
tion can also influence the vehicle energy consumption. A physical model makes
the identification of the influence of vehicle characteristics and weather on the
energy consumption more clear. In this chapter, a physical model considering
the influence of the weather conditions is presented.

The energy flow of a BEV can be divided into two processes: charging and
driving, see Figure 3.1. For the charging process, the energy is taken from the
power socket. A small part of the energy is used for the vehicle auxiliary system,
while most of the energy is stored in the vehicle high voltage battery. For the
driving process, the electric energy is taken from the high voltage battery, a
small part is used by the auxiliary system, but most of the energy is transferred
via the electric powertrain into mechanical energy, which is used to overcome
the road load.

Therefore, the energy consumption model can be divided into two parts: the
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vehicle driving model and the vehicle charging model. The vehicle driving model
consists of four parts: the road load model, the powertrain model, the regenera-
tive braking model and the auxiliary system model. The vehicle charging model
includes two parts: the battery model and the AC energy calculation model. In
this chapter, extensive measurements have been done to obtain parameters of
these energy consumption models.

Wheel

Charging

AC energy 

usage

DC energy 

usage

Charger

Battery

of nominal

capacity

Inverter

Driving

Motor Reduction

Drive 

shaft80%

Auxiliary 

system

Figure 3.1: Energy flow of an battery electric vehicle.

3.2 Road load

When a vehicle is driving, the road load will influence the vehicle longitudinal
motion. The resistance forces include: rolling resistance force Fr, aerodynamic
drag force Faero and road slope force Fg, as shown in Figure 3.2.

Figure 3.2: Outside forces acting on a driving vehicle.

The vehicle’s longitudinal dynamic equation according to Newton’s second
law is given as

meffax = Fx − Fr − Faero − Fg (3.1)
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where ax is the vehicle acceleration (m/s2); Fx is the propelling force at wheels
(N). The vehicle effective mass meff is the sum of the vehicle mass and the
equivalent mass of the motor and wheels inertia. It can be calculated as

meff = m+
4Jw
R2
e

+
Jmi

2
g

R2
e

(3.2)

where m is the vehicle mass (kg) including occupants and cargo; Jw is the wheel
inertia (kgm2); Jm is the motor inertia (kgm2); Re is the tyre effective rolling
radius (m) and ig is the gear reduction ratio (-).

The rolling resistance Fr equals

Fr = frmgcos(α) (3.3)

where fr is the rolling resistance coefficient (-); g is the gravitational acceleration
(m/s2) and α is the road slope (rad). The aerodynamic drag force Faero is given
by

Faero =
1

2
ρCdAf (v −W )2 (3.4)

where ρ is the air density (kg/m3); Cd is the aerodynamic drag coefficient (-);
Af is the vehicle frontal area (m2); v is the vehicle speed (m/s) and W is the
wind speed in the vehicle driving direction (m/s). The force originating from
the road slope Fg is

Fg = mgsin(α) (3.5)

The propelling force at the wheels Fx thus equals

Fx = frmgcos(α) +
1

2
ρCdAf (v −W )2 +mgsin(α) +meffax (3.6)

Table 3.1: Variability of vehicle longitudinal dynamic parameters.

Parameters Dependency Variability
g, Cd, Af - stable

m load low
ρ weather low
fr road, weather high
α road high

ax, v traffic, road, driver extremely high
W weather, route extremely high

To build the road load model, all the parameters in (3.6) should be deter-
mined. Since the variability of these parameters are different, see Table 3.1,
parameters will be determined separately. The stable parameters can be tested,
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which are given in Appendix A. Parameters with an extremely high variability
should be measured during driving, the vehicle mass m is dependent on the vehi-
cle loading condition, and the road slope α can be determined based on the road
information. However, the air density ρ is changing with the weather condition
and the rolling resistance coefficient fr is determined by the ambient temper-
ature, road condition and also tyre inflation pressure. Therefore, air density
and rolling resistance coefficient are changing for different driving conditions.
To model the energy consumption, values of these two parameters at a specific
driving condition should be identified.

3.2.1 Air density

The air density ρ is a function of ambient air pressure, relative humidity and
ambient temperature. According to the equations published in [85], the humidity
has a minor influence on the air density at high temperatures. The value of air
density as a function of ambient temperature and pressure is shown in Figure 3.3,
where the humidity is 80%. As can be seen, the air density will decrease with a
temperature increase and air pressure decrease.
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Figure 3.3: Air density as a function of ambient temperature and air pres-
sure [22].

3.2.2 Rolling resistance coefficient

Coast down tests have been performed to obtain the rolling resistance coefficient
fr. During a coast down test, the propulsion is removed when the vehicle reaches
a certain speed, then the resistance force, including rolling resistance, aerody-
namic drag and vehicle powertrain friction will slow down the vehicle until it
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comes to a standstill [52]. The differential equation describing the longitudinal
dynamics in a coast down test on a level road is

meffax = −frmg −
1

2
ρCdAf (v −W )2 − Ffric (3.7)

where Ffric is the powertrain friction force at wheels (N), the value is obtained
from a vehicle wheel free rolling test [65]. In this test, the vehicle was lifted from
the ground and the wheels are accelerated to a speed, just above 100 rad/s.
Then the motor is turned off and the wheels are slowed by the friction in vehicle
powertrain. Test results show that the equivalent friction force at wheels is
approximately 15 N.

The MATLAB/Simulink Parameter Estimation Tool is used to calculate the
rolling resistance coefficient fr through minimizing the difference between mea-
surement and simulation. The Gradient Descent method and Interior Point algo-
rithm are applied in the optimization process. A comparison between simulation
and measurement of coast down tests on the highway at different temperatures
is shown in Figure 3.4. The summer test was done on 1st August 2013, the
ambient temperature was about 29 ◦C and the rolling resistance coefficient fr
is determined to be 0.0095. The winter test was done on 11th December 2013,
the ambient temperature was about 2 ◦C and the fr is then determined to be
0.0132. Thus the increase of fr is about 39% from 29 ◦C to 2 ◦C.
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Figure 3.4: Coast down test on highway road for different ambient tem-
peratures.

The rolling resistance coefficient fr is dependent on the road surface, ambi-
ent temperature, driving speed and tyre inflation pressure [74]. To obtain the
relationship between the rolling resistance coefficient fr and these influence fac-
tors, coast down tests are done on various road surface in the neighborhood of
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Figure 3.5: Coast down test routes in the Eindhoven region. Route 1 is
a city smooth asphalt road, route 2 is a highway, route 3 is
Belgium blocks, route 4 is a rural coarse road and route 5 is
a rural smooth asphalt road.

Eindhoven at different time throughout the year. The coast down test routes
are shown in Figure 3.5. The test date, ambient temperature, road type and
rolling resistance coefficient fr results are shown in Table 3.2.

Table 3.2: Coast down test results - rolling resistance coefficient.

Date
Temp
[◦C]

Highway
City

smooth
Rural
smooth

Rural
coarse

Belgium
block

20150715 28 0.0102 0.0105 0.0115 0.0130 0.0135
20150717 22 0.0108 0.0115 0.0127 0.0145 -
20151008 12 0.0117 0.0125 0.0132 0.0160 0.0160
20160229 6 0.0125 0.0148 0.0143 0.0157 0.0183
20160216 2 0.0130 0.0152 0.0147 0.0165 0.0187

Some empirical equations are adopted in [83] and [103] to obtain the relation-
ship between rolling resistance coefficient fr, ambient temperature and driving
speed. In both of these two references, the heat generated by tyres during driv-
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ing is also taken into consideration. However, it was not possible to monitor the
tyre temperature during driving in our tests. According to these two papers,
the increase of tyre temperature is within 15 ◦C during normal driving, and the
tyre temperature is related to ambient temperature and speed, which is difficult
to predict accurately. Therefore, the tyre temperature is not considered in this
research. According to [103], the variation of rolling resistance coefficient fr
caused by the speed is smaller compared to the temperature effect. Therefore,
only the road surface and ambient temperature are considered to determine the
rolling resistance coefficient fr in this research.

The ambient temperature in the Netherlands is within the range of -10 ◦C
to 30 ◦C normally. An algebraic equation is used to describe the relationship
between the rolling resistance coefficient fr and the ambient temperature Tamb,
which is expressed as

fr = 8.53× 10−7T 2
amb − 1.50× 10−4Tamb + 0.0135 (3.8)

where the unit of fr is (-) and the unit of Tamb is (◦C).
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Figure 3.6: Effect of ambient temperature and road surface on rolling re-
sistance coefficient.

The relationship described by (3.8) and results from experiments are shown
in Figure 3.6. Michelin also did research in this field [74] and the result is
also shown in Figure 3.6. It can be seen that the trend of rolling resistance
coefficient fr with the ambient temperature is similar, but the trend is more
steep in our measurements compared to Michelin. The influence of the road
surface on the fr is more important compared to the ambient temperature. The
relative relationship of fr on various road surfaces are estimated based on the
measurement data in Table 3.2. If the value of the rolling resistance coefficient
fr on the highway is considered to 100%, then the scaling factor is 105% on a
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city smooth road, 115% on a rural smooth road, 135% on a rural coarse road
and 140% on a Belgium block road.

3.3 Powertrain

The vehicle powertrain consists of a MES-DEA TIM 600 inverter, a MES-DEA
A200-200W water cooled AC induction motor, a Carraro reduction gear differen-
tial, drive shaft and wheels. The conversion from electrical energy to mechanical
energy is not 100% efficient, so the energy losses within the powertrain have to
be considered. The motor and inverter losses are considered together, as it is
difficult to determine them individually. The energy loss can be divided into
four parts: copper loss, iron loss, friction and windage loss and stray loss. Each
type of energy loss is determined by different factors, which makes it difficult to
be calculated by physical or mechanical laws and also detailed information on
the motor is required. To determine the power loss, a dynamometer test is done
in the TU/e AES lab [112]. The motor loss, inverter loss and powertrain friction
loss are considered together as the powertrain loss and an empirical equation is
used to describe this.

3.3.1 Dynamometer experiment

The dynamometer experiment is demonstrated in Figure 3.7 [55]. During the test
the vehicle’s front wheels are put on the dynamometer and the vehicle is fixed to
the ground in the longitudinal direction. The control system of the dynamometer
maintains a constant drum speed. A sensor is presented to measure the torque
applied at the shaft of the drum. When the drum is running at a constant speed,
the output of the vehicle motor is changed by adapting the inverter control signal
(PWM). When the PWM signal is bigger than 50, the vehicle is in traction mode,
and the vehicle is in regenerative braking mode when it is smaller than 50. If
the PWM signal equals 50, the vehicle is neither propelling nor braking.

A schematic figure of the experiment is shown in Figure 3.8. Three power
values can be measured in this test: Pbat, Paux and Pdrum. Pbat stands for the
power measured at the terminals of the high voltage battery pack (kW); Paux
is the power used by the 12 Voltage auxiliaries of the vehicle (kW), the value
at the high voltage side of the DC-DC converter is measured and Pdrum is the
drum mechanical power (kW).

The electric power Pelec to the inverter is Pbat minus Paux, given as

Pelec = Pbat − Paux (3.9)

The mechanical power available at the wheels Pwheel can be calculated as

Pwheel = Pdrum − Pdrum f − Pslip (3.10)
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Figure 3.7: Dynamometer test in the AES lab.
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Figure 3.8: Schematic figure of the dynamometer test.

where Pdrum f is the drum friction loss and Pslip is the tyre slip loss.
The drum bearing friction power loss Pdrum f is measured in a reference test.

In the reference test, the drum is running at some specific constant speeds with-
out the vehicle being present. The drum power measured in the reference test
is to overcome the friction in the drum shaft, the result is shown in Figure 3.9.

During the dynamometer test, the slip between the tyre and drum is signifi-
cant when the motor output torque is large and the speed is low. The propor-
tion of the wheel slip power loss can even reach 20% of the wheel mechanical
power [55]. The wheel slip power loss can be calculated as

Pslip = Ftyrevslip (3.11)

where Ftyre is the tyre tangential force during experiment (N); vslip is the speed
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Figure 3.9: Drum friction power with speed.

difference between the vehicle wheel and drum (m/s).
The longitudinal tyre force can be calculated as

Ftyre = Tb eff/rb (3.12)

where rb is the drum radius, which equals to 1 meter; Tb eff is the drum effective
torque (Nm), which is the difference between the drum measured torque and
drum friction torque. The drum friction torque can be calculated based on data
in Figure 3.9.

When the vehicle wheel speed is 62 km/h, as an example, the motor electric
power Pelec and wheel mechanical power Pwheel at different inverter control
signals is shown in Figure 3.10. The powertrain power loss Pptloss is the difference
between the electric power Pelec and wheel mechanical power Pwheel, which can
be calculated as

Pptloss = Pelec − Pwheel (3.13)

The measured powertrain power loss Pptloss is depicted in Figure 3.11 as
a function of the wheel mechanical power. When the wheel mechanical power
is negative the vehicle is in regenerative braking mode and the vehicle is in
traction mode when the wheel mechanical power is positive. It can be seen
that the power loss in the regenerative braking mode and traction mode are not
exactly the same, with more loss for the regenerative braking case in comparison
to traction.

3.3.2 Powertrain loss empirical equations

To avoid using look-up tables, algebraic equations are developed to describe the
powertrain power loss. Since the power loss for the traction and regenerative
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Figure 3.10: The method of calculating the powertrain loss.
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Figure 3.11: The relationship between the powertrain loss and the wheel
mechanical power at different speeds.

braking mode are different, separate empirical equations are used. When the
electric motor is idling (PWM=50), there is still some power loss, which is caused
by the friction loss and magnetic flux loss. The idling loss is only related to the
motor angular speed. The relationship between the motor idling loss and wheel
speed in the dynamometer test is depicted in Figure 3.12. The motor idling test
is the same as a vehicle coast down test. The power consumption of the vehicle
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during a coast down test is also given in Figure 3.12.
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Figure 3.12: The electric motor idling loss.

It can be seen that although the motor idling power loss of the dynamometer
test is not the same as the coast down test measured power, the trends of the
power loss with the speed are similar. The vehicle coast down tests have already
been conducted many times, and the measurement results are consistently the
same, while the motor idling test on the dynamometer has only been performed
once. Therefore, the measured power of a coast down test is assumed to represent
the motor idling loss Pidle. As can be seen the motor idling power loss is more
than 0.8 kW when the speed is above 30 km/h, which is rather high. However,
it reduces to 0.17 kW when the vehicle is at standstill. The reason for the
high value of motor high speed idling loss is not understood at this moment,
but the measured value will be used in the empirical equations to calculate the
powertrain loss. The relationship between the idling power loss Pidle (W) and
speed v (m/s) is given as

Pidle = 0.06v3 − 4.85v2 + 116.93v + 170 (3.14)

The MATLAB/Simulink Parameter Estimation Tool is used to get an em-
pirical equation structure and to optimize the parameter values. The Gradient
Descent method and Interior Point algorithm are applied in the optimization
process. For the traction mode, the empirical equation is

Pptloss = (2.20× 10−10ω3
w − 1.87× 10−8ω2

w + 4.60× 10−7ωw)T 3
w

+ 4.20× 10−3T 2
w + Pidle (3.15)

For the regenerative braking mode, the empirical equation is

Pptloss = 2.98× 10−3T 2
w + 9.94× 10−2|Tw|ωw + Pidle (3.16)
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where Pptloss is the powertrain loss (W); Tw is the wheel mechanical torque (Nm)
and ωw is the wheel angular speed (rad/s).

The difference of the powertrain loss between the empirical equations and
measurements is depicted in Figure 3.13. It can be seen that the error is smaller
than 0.5 kW in most cases. The empirical equations are considered to be suffi-
ciently accurate and can therefore be used to determine the powertrain loss for
various conditions.
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Figure 3.13: The powertrain power loss difference between simulations
and measurements.
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Figure 3.14: The powertrain efficiency map.



38 Chapter 3. Energy consumption analysis

The powertrain efficiency is calculated based on (3.15) and (3.16). The me-
chanical power at wheels Pwheel (W) is

Pwheel = Twωw (3.17)

In traction mode, the powertrain efficiency ηpt can be calculated as

ηpt =
Pwheel

Pwheel + Pptloss
(3.18)

While in regenerative braking mode, the powertrain efficiency η can be described
as

ηpt =
|Pwheel| − Pptloss

|Pwheel|
(3.19)

To take the limits of the motor torque and angular speed into consideration,
the powertrain efficiency map is described in terms of motor torque Tm (Nm)
and angular speed ωm (rad/s), which are given as

Tm = Tw/ig, ωm = ωwig (3.20)

where ig is the gear reduction ratio (-). The powertrain efficiency map is shown
in Figure 3.14. It can be seen that the efficiency is better in the traction mode
than in the regenerative braking mode at the same torque and angular speed.

3.4 Regenerative braking

Initially a parallel regenerative braking control strategy was applied in the TU/e
Lupo EL, and will be described in this section. At a later stage this was changed
to a one-pedal-driving algorithm, see Chapter 4. The existing VW Lupo 3L hy-
draulic braking system, including ABS functionality, is not modified. Regener-
ative braking by the electric motor is added to the existing hydraulic braking
system. To ensure a reliable braking, the regenerative braking is completely
disabled in case of the ABS system becoming active. To model the energy re-
cuperation, the proportion of the regenerative braking force in the total braking
force should be identified for different conditions.

3.4.1 Hydraulic braking

The characteristics of the hydraulic braking system are measured on a brake
test bench [22]. The relationship between the brake force and brake pressure,
obtained from measurements, is depicted in Figure 3.15(a). The relationship
between the brake pedal travel and brake pressure of the hydraulic braking
system is depicted in Figure 3.15(b).
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Figure 3.15: Hydraulic braking characteristics.

The brake pressure is not the same in the press and release phase for the
same brake pedal travel because of hysteresis effects. To simplify the model,
the mean value of brake pressure between the press and release phase will be
used. The brake pressure is almost zero when the brake pedal position is below
20%, this is most likely because of the required free movement of the brake pedal
before the friction material contacts the brake discs. This free stroke is utilized
to maximize regenerative braking when pressing the brake pedal.

3.4.2 Parallel regenerative braking

A parallel regenerative braking control strategy has been designed based on
brake pedal travel. The relationship between the regenerative braking force at
wheels and brake pedal travel is shown in Figure 3.16(a). At the beginning of
the brake application, the force is increased quickly to maximize the regenerative
braking, but when the brake travel is more than 60%, the regenerative braking
force will decrease to zero to ensure vehicle stability in emergency cases.

However, the regenerative braking force is not only controlled by the brake
travel, but also is restricted by motor and inverter settings. The maximum
available regenerative braking power at various speeds is obtained from driving
tests and is depicted in Figure 3.16(b). With these limitations, the relationship
between the regenerative braking force and brake pedal travel at some specific
speeds is obtained and shown in Figure 3.17. It can be seen that the relationship
between the maximum regenerative braking force and speed is nonlinear, which
may provide a consistent brake pedal feel.
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Figure 3.16: Regenerative braking characteristics. (a) is the designed re-
generative braking force at wheels with brake pedal travel.
(b) is the maximum regenerative braking power at various
speeds measured during driving tests.
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Figure 3.17: Regenerative braking force versus brake pedal travel.

For a specific speed, the sum of regenerative braking force and hydraulic
braking force provides the total braking force, which can be shown as a function
of brake pedal travel, as in Figure 3.18. With this information the regenera-
tive braking power can be calculated based on the vehicle driving speed and
deceleration.
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This parallel regenerative braking control strategy has two disadvantages.
The first issue is that the maximum regenerative braking force is dependent on
the speed and the relationship is nonlinear, which may not provide a consistent
brake feel. The second issue is that the hydraulic braking system is nearly always
working during braking, which results in part of the energy being transferred into
heat.
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Figure 3.19: Auxiliary system power consumption.
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3.5 Auxiliary system

The high voltage from the battery is converted with a DC/DC converter to 12 V
to supply the auxiliary system. The actual power consumption of the auxiliary
system depends on the components which are active. The power consumption
of the auxiliary system components is depicted in Figure 3.19 [107]. Charging
and driving measurements show that the auxiliary systems demand about 83 W
from the low voltage system when the vehicle is charging and 150 W when the
vehicle is driving, which are also proved by Figure 3.19. The average efficiency
of the DC/DC converter is approximately 72% according to measurements, but
on some occasions lower values, for example 60%, were also seen. The auxiliary
power demand from the high voltage system is selected as 210 W during driving
process and 115 W during the charging. It should be noted that the Lupo EL
is not equipped with an electric heater or air conditioning, which will have a
significant impact on the auxiliary systems energy usage.

3.6 Battery

3.6.1 Battery model

Since limited measurement data is available for the battery, a simple equivalent
circuit model is used to model the battery, as shown in Figure 3.20. The re-
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Figure 3.20: A simple battery equivalent circuit model.

lationship between the current and voltage in the simple circuit model can be
written as

Voc = Vout + IR (3.21)
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where Voc is the battery open circuit voltage (V), Vout is the battery output
voltage (V), I is the battery output current (A) and R is the battery internal
resistance (Ω).

The Voc is in fact not constant; the value is affected by the battery state of
charge and temperature [57]. The Lupo EL is always parked in the AES lab and
the temperature is almost constant and equals 20 ◦C. When the vehicle is driving
outside, the battery will generate some heat and the vehicle coolant system
will work. According to measurements for driving tests, see Figure 3.21, the
temperature increase of the battery pack for all tests is below 10 ◦C. Therefore,
the influence of temperature on the battery is neglected in this research.
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Figure 3.21: The increase of battery temperature in driving tests.

The Voc of a battery cell is obtained from a battery cell discharge test. The
whole battery pack Voc is then obtained by multiplying the number of cells,
which equals to 91. The relationship between the battery pack Voc and the
battery discharging capacity is depicted in Figure 3.22.

The relationship between the battery output voltage and current during a
driving test is depicted in Figure 3.23. The measured current has both positive
and negative values; the positive value is the discharging current, measured
when accelerating or driving at constant speeds, while the negative value is the
charging current, measured during regenerative braking. The graph shows that
the battery internal resistance is almost the same for the regenerative braking
and traction.

The measurements of several driving tests are used to determine the battery
internal resistance based on (3.21). Because of the hysteresis phenomenon in bat-
teries, the battery internal resistance is measured during steady state conditions,
e.g. constant speed driving. According to Figure 3.23, the internal resistance is
almost the same for the regenerative braking and traction. Therefore, an empir-
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Figure 3.22: The relationship between the Voc and battery discharging
capacity.
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Figure 3.23: The relationship between the battery output voltage and cur-
rent during a driving test.

ical equation is used to represent the relationship between the internal resistance
R (Ω) and the battery output current I (A), including charging and discharging,
given as

R = −3.84× 10−7|I|3 + 2.04× 10−5|I|2 − 3.7× 10−3|I|+ 0.41 (3.22)

The result of the empirical equation and measurements in discharging is shown in
Figure 3.24. This characteristic is used for both positive and negative currents.
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Figure 3.24: The relationship between the battery internal resistance and
discharging current.

3.6.2 Battery efficiency

Measurements
The battery internal resistance will result in energy loss during charging and
discharging. To simplify the calculation, the battery charging efficiency and
discharging efficiency are combined together into an overall battery efficiency.
Thereby, the energy discharged from the battery should equal to the energy
charged into the battery multiplied by the battery efficiency ηbat,

ηbat =
Edis

|Ereg|+ Echa
(3.23)

where Edis is discharged energy measured at the high voltage battery terminals,
Ereg is the energy from the regenerative braking and Echa is the DC energy
charged into the battery from the AC grid.

The battery discharged energy Edis, regenerative braking energy Ereg and
DC charged energy Echa can be measured directly at the battery high voltage
terminals. To evaluate the battery efficiency, four driving tests have been done
on the public road in October 2015, including city and rural driving. The driving
distance and energy consumption results are listed in Table 3.3. In test 2 and
4, regenerative braking was disabled. The battery efficiency can be calculated
based on (3.23) and the results are also listed in Table 3.3.

It can be seen that the battery efficiency with regenerative braking is lower
than without regenerative braking. This can be explained by the higher currents
occurring during regenerative braking, the increased battery current combined
with the battery internal resistance leads to higher loss. The mean value of bat-
tery efficiency of these four tests is 93.2%. The battery efficiency from simulation
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is also listed in Table 3.3, which is discussed in next part.

Table 3.3: Energy and battery efficiency measurements on rural and city
road tests.

Measurements Unit
Rural road City road

Test 1
regen

Test 2
no regen

Test 3
regen

Test 4
no regen

Distance [km] 101.2 99.0 67.2 66.9
Regenerative energy [kWh] −2.72 −0.03 −4.85 0.00
Discharging energy [kWh] 14.75 13.80 13.86 11.04
DC charged energy [kWh] 12.90 14.55 10.27 11.74
Battery efficiency [%] 93.7 94.7 90.3 93.9

Simulation battery
efficiency

[%] 92.6 94.7 89.3 94.7

Simulations
For simulations, the DC energy Echa charged into the battery is calculated based
on the measured battery voltage and current at battery terminals during driving,
the equation is given as

Echa = Edis − |Ereg|+
∫ tdri

0

(I2driR) dt+ I2chaRtcha (3.24)

where tdri is the driving time; Idri is the battery current measured during driving;
Icha is the charging current, its value equals to 10.8 A and tcha is the charging
time.

The battery efficiency is then calculated using (3.23). The results are listed in
Table 3.3. According to simulations, the mean value of the battery efficiency of
four tests is 92.8%, which is close to the measured value of 93.2%. Therefore, we
can draw the conclusion that the battery internal resistance empirical equation
is accurate enough to calculate the battery loss and about 93 % of the charging
energy measured at the high voltage battery terminal can be extracted again
and be used for propulsion.

3.6.3 AC energy calculation

During charging, besides the battery internal loss, there are also losses for the
charger and vehicle auxiliary system, as shown in Figure 3.25. The majority of
the energy is used to charge the battery, but a small part is used to power the
vehicle auxiliary systems, e.g. the water coolant pump.

The AC energy Eac taken from the power socket can be calculated as

Eac = (Echa + Pauxtcha)/ηcharger (3.25)
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where Paux is the auxiliary system power usage during charging, which equals
115 W and ηcharger is the charger efficiency, which has been determined based
on measurements and equals 90.4%.

Charger
Stored 
energy

Resistance

Auxiliary 
system

Battery

Figure 3.25: The energy flow from the power socket to the battery.

3.7 Conclusions

In this chapter the energy consumption of different components of the Lupo EL is
analyzed and modelled through measurements, including road load, powertrain,
regenerative braking, auxiliary systems and battery model. Measurements show
that the regenerative braking control strategy can be improved to increase the
energy efficiency, which is discussed in Chapter 4. These models can be assem-
bled together to calculate the vehicle energy consumption based on the driving
speed. The full vehicle energy consumption model is verified by driving tests on
the public road, which will be discussed in Chapter 5.





Chapter 4

One-pedal-driving algorithm

4.1 Introduction

Regenerative braking is an effective approach for electric vehicles (EVs) to im-
prove energy efficiency and to extend the driving range. The most common form
of regenerative braking involves an electric motor, which works as an electric gen-
erator when braking [53]. In regenerative braking mode, the kinetic energy is
transferred to electrical energy, and stored chemically in batteries. The stored
energy can be used to propel the vehicle again.

Generally speaking, for the sake of safety, regenerative braking has to be used
in conjunction with friction braking. Several reasons are listed as follows [26,44]:

� Friction braking is a necessary backup in the event of regenerative braking
failing.

� Regenerative braking is less effective at low speeds and may fail to stop
the vehicle in the required time or distance.

� Regenerative braking can only be applied if the battery is not fully charged.

� The motor cannot fully recuperate the energy if the braking power is too
large in an emergency event.

In the brake system design for EVs, two problems need to be solved. Firstly,
the brake force should be applied properly to slow the vehicle in time while
maintaining vehicle stability and controllability; the second challenge is to re-
cuperate as much energy as possible to improve the overall energy efficiency of
the vehicle [37]. The first requirement also has to be solved for an internal com-
bustion engine vehicle design. Most researches on regenerative braking design



50 Chapter 4. One-pedal-driving algorithm

are focused on developing the control strategy to let regenerative and friction
braking cooperate together [23,26,63,66].

Initially a parallel regenerative braking control strategy (PR) was used in
the Lupo EL, as introduced in Chapter 3.4. A schematic representation of
powertrain control is shown in Figure 4.1. The driver’s commands are passed
through a Programmable Logic Controller (PLC) to the inverter. PWM is the
inverter control signal, its value is within the range of 0 to 250. When the PWM
signal is bigger than 50 the vehicle is propelling and the vehicle is braking when
it is smaller than 50. While if PWM equals 50, no motor torque is applied and
the vehicle is coasting.

PLC Inverter MotorPWM signal

0-250
50: coasting

Position: 0-100%

Brake pressure

Position: 0-100%

Vehicle speed

brake

accelerator

Figure 4.1: A schematic layout of the powertrain of the Lupo EL.

In this PR control strategy, the amount of regenerative braking is related
to the brake pedal travel. When braking, the brake pedal position determines
the amount of regenerative braking; the brake pressure determines the amount
of conventional friction braking. The applied braking force is a combination of
friction and regenerative braking. Therefore, a part of kinetic energy is still
dissipated to heat through the friction braking.

To avoid the energy waste caused by the friction braking and to improve
the energy efficiency, a one-pedal-driving algorithm (OPD) is designed in this
chapter which allows full regenerative braking for daily driving conditions. A
comparison of the energy efficiency of the OPD algorithm and the PR algorithm
will be made through measurements and simulations.

4.2 The benefit of coasting

Although the regenerative braking can recuperate kinetic energy, it should be
noted that the efficiency of converting kinetic energy to chemical energy in bat-
tery and vice versa is not 100%. According to the analysis in Chapter 3.3, the
powertrain efficiency is dependent on the speed and wheel torque. Measurements
for city driving show that the average powertrain efficiency is 82% in traction
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mode and 73% in regenerative braking mode, considering a battery efficiency of
93%, then only 56% of the vehicle kinetic energy, recuperated by regenerative
braking, can be available at the wheels at a later stage. Therefore, to save energy
the best thing to do is neither to propel or brake the vehicle, but just let the car
roll freely with minimal energy being discharged from the battery, this is called
coasting. The benefit of coasting is verified by numerically minimising energy
consumption for driving over a fixed time constrained distance.

4.2.1 Optimization problem

To cover a given driving distance within a fixed time, different speed profiles
are possible, which lead to different energy consumption. To obtain the minimal
energy consumption, a most efficient driving speed profile should be determined.
The MATLAB function FMINCON with the Interior Point Algorithm is used to
optimize the acceleration profile to obtain the most efficient driving speed profile
in this section.

The driving scenario is that a vehicle has to drive a distance in a fixed amount
of time on a straight flat road. Two driving styles are considered, one is called
”constant speed driving”, the other one is called ”optimal speed driving”. For
the constant speed driving, the vehicle accelerates to a constant speed, then
maintains this speed and finally decelerates to standstill at the destination. The
acceleration for the constant speed driving is set to 3 m/s2 and -2 m/s2 for
decelerating, but these values are also limited by the motor setting at high
speeds. The maximum motor output power is 50 kW for traction and 24 kW for
regenerative braking. For the optimal speed driving case, the driving speed is
optimized to achieve the minimum energy consumption. The simulation is based
on an energy consumption model, which is going to be discussed in Chapter 5.
The method to find the optimal driving speed profile is described next.

The vehicle acceleration is chosen as the design variable, because the accel-
eration value at a specific time is not correlated with the value at another time,
it is only dependent on the vehicle motor output power and external resistance
forces. The acceleration value at time i − 1 doesn’t have any influence on the
value at time i as shown in Figure 4.2. Because there is no traffic flow influence
in this driving scenario, the vehicle should be driven as steady as possible to save
energy. Therefore, the vehicle is accelerating at the beginning, and decelerating
at the end of the trip, while in the middle section, the driving speed should stay
stable and the acceleration should almost be zero. An example of a longitudinal
acceleration profile along the route can be seen in Figure 4.2.

For the optimization calculation, if the driving distance and time is short, the
acceleration value can be set every second one value. However, if the driving time
is long, for example 10 minutes, 600 acceleration values need to be optimized,
which will be time consuming for the optimization code. Thereby, to simplify
the calculation for a long time trip, the acceleration is chosen every second one
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value for the first and last 50 seconds of the trip when the vehicle is accelerating
and decelerating. In the middle section of the trip the driving speed is almost
constant, the time interval of acceleration is set to be 60 seconds.

Figure 4.2: The longitudinal acceleration profile along the route for the
driving scenario.

The vehicle speed v (m/s) is obtained by the integration of the acceleration,

v(t) = v(0) +

∫ td

0

ax(t) dt (4.1)

where td is the driving time (s) and ax is the longitudinal acceleration (m/s2).
The optimization problem is to find the acceleration profile as a function of time
and to minimize the net battery DC energy consumption. The energy extracted
from the battery when propelling the vehicle is

Edis =

∫
Pbat(v(t), ax(t))dt if Pbat ≥ 0 (4.2)

The regenerative braking energy is as

Ereg =

∫
Pbat(v(t), ax(t))dt if pbat < 0 (4.3)

where Pbat is the battery output power, it is determined by the vehicle speed
and acceleration, as illustrated in Chapter 5.2. The net battery DC energy
consumption can be calculated as

Edc net = Edis + Eregηbat (4.4)

A value of 93% is used for ηbat, which is substantiated by the measurements
presented in Chapter 3.6.
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The following equality constraints apply: the integration of vehicle speed
is equal to the distance of the route sd, the vehicle speed at the start and
destination are zero. The inequality constraints are that the driving speed is
within the range of [0, 120] km/h, and that the motor electric power Pelec is
within the allowed power range of [-24, 50] kW [106].

4.2.2 Optimization results

A comparison is made for a distance of 500 meters and a driving time of 50
seconds to analyse the energy consumption difference between constant speed
driving and optimal speed driving. The acceleration profiles of constant and
optimal speed driving are shown in Figure 4.3. The speed and energy consump-
tion results are shown in Figure 4.4. The optimal speed driving profile results
in a decrease of the energy consumption of 11.6% compared to constant speed
driving. The vehicle is coasting for about 28.8% of the driving time.
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Figure 4.3: Acceleration profiles for two driving styles.

Other simulations with different driving distance and time are also made,
they can be classified as city, rural and highway driving. The details on these
simulation scenarios and results are listed in Table 4.1. It can be seen that
the optimal speed driving can save about 10% energy in city driving, but this
value will decrease with the increase of driving distance for rural and highway
driving. The coasting percentage may reach a value of 30.8% in city driving with
a distance of 500 m, and it decreases to 15.2% in rural conditions with a distance
of 2.0 km. The value will decrease even further to 1.1% in highway driving when
the distance equals 20 km. From the above analysis, we can conclude that using
optimal speed profile can save energy compared to constant speed driving, and
coasting is essential for reducing the energy consumption.
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Figure 4.4: Speed profiles and energy consumption results for two driving
styles.

Table 4.1: Comparison between the constant and optimal speed profiles.

Distance
[km]

Time
[s]

v
[km/h]

Ec
[Wh]

Optimal
∆E
[%]

Eop
[Wh]

Cp
[%]

City

0.1 14 25 20.3 18.3 7.2 10.7
0.2 21 34 32.2 29.0 12.4 9.8
0.3 31 35 38.1 33.4 21.3 12.1
0.5 50 36 53.8 47.8 30.8 11.1

Rural
1.0 69 52 109 101 21.8 7.6
1.5 103 52 150 141 18.8 5.8
2.0 130 55 198 189 15.2 4.3

Highway
5.0 185 97 732 712 5.4 2.8

10.0 359 100 1409 1389 2.9 1.4
20.0 712 101 2738 2718 1.1 0.8

Note: v is the average driving speed; Ec is the energy consumption of
constant speed driving; Eop is the energy consumption for the optimal
speed profile; Cp is the percentage of coasting; ∆E is the energy saving
of optimal compared to constant speed driving .
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4.3 OPD design

In the one-pedal-driving (OPD) algorithm, the accelerator pedal is used to per-
form regenerative braking to a certain level without the need of using the brake
pedal and application of the friction brakes. The friction brakes are only used
in emergency cases. This concept is already applied for example in Tesla Model
S and BWM i3 and is rated quite positively by the drivers. The OPD algo-
rithm applied in the Lupo EL has been designed by master student J.J.P. van
Boekel [106] and the control strategy will be introduced briefly in this section.

4.3.1 General requirements

After analyzing the limitations of the parallel regenerative braking system, as
described in Chapter 3.4, a list of requirements has been created:

� Under ”normal” driving conditions the driver should be able to control the
acceleration and deceleration by the accelerator pedal only. The vehicle
should be able to come to a full stop without using the brake pedal. (e.g.
stop in front of a traffic light)

� The driver is able to freely select the desired deceleration level, with the
accelerator pedal not being overly sensitive and having sufficient travel to
adapt the deceleration level.

� There is no change in deceleration when fully releasing the accelerator
pedal and applying the brake pedal.

� The brake pedal is only needed in emergency cases. For these rare con-
ditions energy recuperation is considered not important and the friction
brake is used to achieve the desired deceleration. Regenerative braking
may be gradually switched off, depending on the deceleration and ABS
becoming active.

� The brake lights will be switched on when the vehicle deceleration corre-
sponds to brake application in a normal ICE car. High frequent flashing
of the brake of the brake lights will be prevented.

� Switching off the cruise control will gradually introduce regenerative brak-
ing, thus giving the driver some time to apply the accelerator.

� When cornering at high lateral acceleration the level of regenerative brak-
ing will be reduced to ensure vehicle stability. In particular oversteer re-
actions should be avoided.

� A coasting mode with minimal energy usage can be selected by the driver
easily.
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4.3.2 Inverter settings

Before focusing on the Human Machine Interaction (HMI) design of the OPD
algorithm, the overall powertrain limits have to be set to define the maximum
acceleration and deceleration levels. These limits are controlled by parameters
settings in the inverter software.

The acceleration at low speed is controlled by a current limitation in the
inverter, it is selected such that no wheel spin of the front wheels will occur
on a dry road. The acceleration at high speed is limited by the peak power
setting and the desire to have an acceptable acceleration time of approximately
13 seconds from standstill to 100 km/h.

The deceleration levels are determined by the driver’s requirement in regular
traffic. It appears that a deceleration of 2 m/s2 is more than sufficient to slow
down the vehicle at low speed in normal traffic. At high speed the decelera-
tion is reduced and controlled by a regenerative power limitation setting in the
inverter software. When full regenerative braking is applied, a deceleration of
approximately 1.5 m/s2 at 100 km/h is obtained. For normal highway driving
this is still too much and the high speed deceleration will be reduced further by
the OPD algorithm.
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Figure 4.5: Longitudinal acceleration comparison between the Lupo EL
powertrain limits and different driving cycles. (Green/red:
driving cycle completely within powertrain limits; blue: some
points outside).

The maximum acceleration and deceleration determined by the powertrain
limits is shown in Figure 4.5. The acceleration values of various driving cycles
are also shown in this figure. It is interesting to note that the acceleration limits
agree quite well with the extremes found in the acceleration profiles of various
driving cycles. So with the selected inverter settings the vehicle will be able
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to drive only using regenerative braking in nearly all driving cycles, which is
beneficial for the energy consumption.

The main idea of the OPD algorithm is to apply a positive or negative motor
torque with respect to the accelerator pedal position. The accelerator pedal
position p is expressed as a percentage of the maximum accelerator pedal stroke.
To be able to prescribe the motor torque linearly, an inverter torque request
signal τ is defined. The values of inverter torque request signal τ is defined
as following: if τ = 0% the motor output torque is zero; τ = 100% relates
to the maximum motor output torque and τ = −100% requests the maximum
regenerative braking torque, as shown in Figure 4.5. For other torques request,
the inverter signal is interpolated linearly.

4.3.3 Accelerator pedal control strategy design

In the OPD algorithm, the motor can provide either a positive or a negative
torque to the wheels depending on the accelerator pedal position. Thus, there
will also be an accelerator pedal position where the motor torque is zero and the
vehicle is coasting. To make the driver coast the vehicle more easily, the coasting
point is extended into a coasting band. Some characteristic points are used to
define the accelerator pedal control strategy, as shown in Figure 4.6. The vehicle
will coast if the accelerator pedal travel is in the range of [pcl(v), pcu(v)], the
regenerative braking is working if the accelerator pedal travel is smaller than
pcl(v) and the motor will output positive torque if the accelerator pedal travel
is bigger than pcu(v).
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Figure 4.6: Accelerator pedal control strategy.
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When the accelerator pedal is fully released, the inverter will receive a max-
imum regenerative braking torque request τp0(v), for other accelerator pedal
positions in the range of [0, pcl(v)], the shape of the inverter torque request
signal τ is determined by a function and exponent ψ in particular. When the
accelerator pedal position reaches pm(v), the inverter will receive a maximum
traction torque request τm(v), for other accelerator pedal positions in the range
of [pcu(v), pm(v)], the shape of the inverter request signal is determined by a
function and coefficient γ(v). Since characteristic points are speed dependent,
look-up tables are used to define their values at different speeds, which will be
discussed next.

Coasting
The coasting band is speed dependent, as the motor torque should be delivered
immediately upon the application of the accelerator pedal when the vehicle is
standstill. Two polynomial functions are used, which prescribe the ”upper coast-
ing line” pcu and ”lower coasting line” pcl as a function of the vehicle speed v.
The upper coasting line is

pcu = φ

(
v

vmax

) 1
2

(4.5)

The lower coasting line is given,

pcl = φ

(
v

vmax

) 1
2

− v

vmax
c (4.6)

where v is the vehicle speed; vmax is the maximum driving speed, the value is set
to 130 km/h; φ is chosen as 35% and c equals 10%. The width of the coasting
band ∆pc is the difference between pcu and pcl, given as

∆pc = pcu − pcl =
v

vmax
c (4.7)

Note that the length of coasting band is increasing linearly with speed.
It can be seen that by using two parameters φ and c, the coasting character-

istics can be shaped in a flexible way. The upper and lower coasting lines used
in Lupo EL are shown in the Figure 4.7.

Regenerative braking
A basis requirement of the OPD algorithm is that the maximum required de-
celeration can be obtained with a fully released accelerator pedal (p = 0). The
maximum deceleration determined by the electric powertrain, see Figure 4.5,
meets the requirements for low speeds, but for high speeds the deceleration is
too big. Thereby, a look-up table is used to reduce the maximum deceleration
as a function of speed, see Figure 4.8.

For a specific driving speed the accelerator pedal lower coast position pcl and
the maximum regenerative braking torque request τp0. The relationship between



4.3 OPD design 59

0 10 20 30 40 50 60 70 80 90 100
0

20

40

60

80

100

120

C
oa

st
in

g

Accelerator pedal position [%]

V
eh

ic
le

 s
pe

ed
 [k

m
/h

]

 

 

TractionRegen

Coasting
p

cu
 (φ = 35%)

p
cl
 (c = 10%)
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Figure 4.8: Inverter torque request signal τp0(v) when fully releasing the
accelerator pedal.

the pedal position p and inverter torque request τ at a given speed can be plotted
in a τ −p diagram, as shown in Figure 4.6. To describe the relationship between
torque request τ and accelerator pedal position p in regenerative braking mode,
a polynomial function is used:

τ = arp
ψ + brp+ cr (4.8)

The exponent ψ controls the sensitivity of the pedal position with regard to
the applied regenerative torque, as illustrated by Figure 4.6. Three boundaries
conditions determine the three parameters ar, br and cr. Except the accelera-
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tor pedal fully released point (0, τp0) and lower coast point (pcl, 0), the third
boundary is that when releasing the accelerator pedal from the lower coasting
position pcl, a continuous and ”smooth” increasing regenerative braking is en-
sured. Three boundaries are given as

τ = τp0, when p = 0

τ = 0, when p = pcl

dτ

dp
= 0, when p = pcl

(4.9)

After these three boundaries are considered, the parameters are obtained as

ar =
τp0

pψcl(ψ − 1)

br = − ψτp0
pcl(ψ − 1)

cr = τp0

(4.10)

where pcl is shown in Figure 4.7, τp0 is shown in Figure 4.8, and a constant value
of 2 is used for ψ. Note that since pcl and τp0 are speed dependent that ar, br
and cr are also speed dependent and their numerical values have to be calculated
for each speed.

Traction
In general an electric motor is able to apply maximum torque from standstill.
Look-up tables are used to describe the maximum motor torque signal τm and
corresponding acceleration position pm as a function of the vehicle speed v as
shown in Figure 4.9. To avoid the need of fully press the accelerator pedal to
achieve the maximum torque, an additional look-up table is introduced that
describes the pedal position pm as a function of the vehicle speed v. To avoid
wheel sip at low speeds and to offer a more ”controlled” way of driving away from
standstill, the maximum torque request signal τm is limited at low speeds. Ad-
ditionally, a kickdown switch is incorporated that prescribes 100% motor torque
when fully pressing the accelerator pedal to achieve the maximum acceleration.

Similar to (4.8), a polynomial function is used to determine the intermediate
value of inverter torque request τ in traction mode, which is given by

τ = min

(
τm, τm

(
p− pcu
pm − pcu

)γ(v))
(4.11)

The exponent γ determines the sensitivity of the pedal position with regard to
the motor torque, as shown in Figure 4.6, is given by

γ =
γh − γl
vmax

v + γl (4.12)
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where γl equals 0.9 and γh is 1.2 in the OPD setting. Note that pcu, pm and γ
are speed dependent.
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Figure 4.9: Maximum motor torque input and accelerator pedal position
characteristics.

4.4 Accelerator pedal maps

After the OPD control strategy has been designed, the characteristics of the PR
algorithm and OPD algorithm are illustrated by accelerator pedal maps. The
accelerator map shows vehicle longitudinal acceleration ax on a level road as a
function of forward speed and accelerator pedal position. When ax is positive
the vehicle is accelerating and the vehicle is decelerating when it is negative.

The accelerator map of the PR control strategy is shown in Figure 4.10. In
the PR algorithm, only a very limited amount of the braking force is presented
when releasing the accelerator pedal. The maximum deceleration in the PR
accelerator map is mainly caused by external resistance forces.

The accelerator map of the OPD algorithm is shown in Figure 4.11. It can be
seen that the relationship between accelerator pedal position and constant speed
driving (ax = 0) is almost linear and also other acceleration lines are more linear
compared to the PR algorithm. A coasting range exists in the accelerator map,
in this region the vehicle is neither propelled nor braked electrically, indicated
with the green area in Figure 4.11.

The relationship between the acceleration and speed in a driving test with
the OPD algorithm on a public road is shown in Figure 4.12. It can be seen
that regenerative braking can achieve a maximum deceleration of approximately
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2 m/s2 at a forward speed below 40 km/h, and the brake pedal is seldom used
during this test.

−0.5
−0

.2
5

−0
.2

5

−0.25

0

0

0

0.
25

0.
25

0.25

0.
5

0.
5

0.5

0.5

0.75

0.
75

0.7
5

0.75

1

1
1

1

1.25

1.
25

1.25

1.
5

1.5

1.5

1.
75

1.75

1.75

2

2

2

2.25

2.25

2.25

2.5

2.5

2.5

2.75

2.75

2.75

3

3

3
3.

25
3.25

3.
5

3.5

3.75

3.75

4

4

4.25

4.25

4.5

Accelerator pedal position [%]

D
riv

in
g 

sp
ee

d 
[k

m
/h

]

Longitudinal acceleration [m/s2]

 

 

C
on

st
an

t s
pe

ed

0 10 20 30 40 50 60 70 80 90 100
0

20

40

60

80

100

120

Figure 4.10: PR accelerator pedal map.

−
1.

75
−

1.
5

−1.25

−1
.2

5

−
1

−
1

−
0.

75

−
0.75

−0
.7

5

−0
.5

−
0.

5

−0
.5

−0
.2

5

−0
.2

5

−0
.2

5

0

0

0

0.
25

0.
25

0.
25

0.25

0.
5

0.
5

0.
5

0.5

0.5 0.
75

0.
75

0.
75

0.75

1

1

1

1

1.
25

1.
25

1.25

1.
5

1.
5

1.5

1.
75

1.75

1.75

2

2

2

2.25

2.25

2.5
2.5

2.75 2.
753

3.
25

3.
5

3.
754

4.
25

4.
5

Accelerator pedal position [%]

D
riv

in
g 

sp
ee

d 
[k

m
/h

]

Longitudinal acceleration [m/s2]

 

 

C
oa

st
in

g

C
on

st
an

t s
pe

ed

0 10 20 30 40 50 60 70 80 90 100
0

20

40

60

80

100

120

Figure 4.11: OPD accelerator pedal map.
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Figure 4.12: The relationship between the acceleration and speed during
a driving test with the OPD algorithm.

4.5 Verification by measurements

The energy efficiency of the OPD and PR algorithms have been evaluated by
driving tests on the public roads in 2014. The driving route in this comparison
only includes a city route and a rural route, because on the highway the vehicle
speed is mostly constant with very limited regenerative braking. The vehicle
is driven on the same route twice by one driver, with OPD algorithm and PR
algorithm respectively. In total four drivers are involved in this test. The city
driving route and rural driving route are shown in Figure 4.13 and Figure 4.14
respectively. The length of the city driving is 7.9 km and 18 km for rural driving.

The test dates, average speed and battery output DC energy consumption
results of the city route and rural route for four drivers are listed in Table 4.2.
The net DC energy Edc net extracted from the battery can be calculated as

Edc net = Edis + Eregηbat (4.13)

where Edis is the battery discharging energy; Ereg is the regenerative braking
energy measured at battery terminals and ηbat is the battery efficiency. The
energy savings of the OPD algorithm in comparison to the PR algorithm can be
calculated as

∆EOPD =
EPR − EOPD

EPR
× 100% (4.14)

where EPR is the net battery DC energy consumption using the PR algorithm
and EOPD is the net battery DC energy consumption using the OPD algorithm.

The energy saving of the OPD algorithm for four drivers are listed in Table 4.2.
It shows that the OPD algorithm leads to energy savings in nearly all cases, there
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Figure 4.13: City route in Eindhoven centre.
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Figure 4.14: Rural route in Eindhoven area.
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is however one exception. The average driving speed values of one route for dif-
ferent tests are not the same, even for one driver. The variation of speed profiles
for different tests will lead to different energy consumption, which affect the
energy consumption comparison between the OPD and PR algorithm.

Table 4.2: Average driving speed and net DC energy consumption in city
and rural driving tests.

Driver Driver 1 Driver 2 Driver 3 Driver 4

Date 20141120 20141125 20141202 20141203

C
it

y
ro

u
te

PR
Speed [km/h] 19.08 16.31 19.32 17.44
Energy [kWh] 1.13 1.00 1.16 1.17

OPD
Speed [km/h] 17.32 17.48 19.32 17.28
Energy [kWh] 1.02 0.99 1.07 1.06

OPD energy save
compared to PR

[%] 9.73 1.00 7.76 9.40

R
u
ra

l
ro

u
te PR

Speed [km/h] 43.54 37.66 41.80 36.04
Energy [kWh] 2.09 1.97 2.22 1.99

OPD
Speed [km/h] 41.69 39.10 37.29 34.28
Energy [kWh] 1.95 1.90 2.15 2.07

OPD energy save
compared to PR

[%] 6.70 3.55 3.15 −4.02

To offer a better insight in the energy consumption difference of these two
accelerator pedal maps, the discharged energy Edis, regenerative braking energy
Ereg and net DC energy consumption Edc net per kilometer are calculated and
the results are shown in Figure 4.15. It can be observed that the energy consump-
tion per kilometer for city driving is higher than on rural driving. All drivers
can recuperate more energy using the OPD algorithm. However, it appears that
with OPD algorithm the discharging energy also increases, which seems to in-
dicate that a somewhat more aggressive driving style is applied when the OPD
algorithm is used. For the OPD algorithm the energy saving of regenerative
braking are about 23% for city driving and 13% for rural driving. For the PR
algorithm these numbers are 14% and 9% for city and rural driving respectively.

To reduce the influence of traffic flow, the battery output power at a spe-
cific speed and acceleration is calculated. The relationship between the battery
output power and acceleration of these two algorithms at a speed of 25 km/h
is shown in Figure 4.16 as an example. It can be seen that the battery output
power is almost the same in traction mode, but for regenerative braking, the re-
cuperated power of the OPD algorithm is higher than the PR algorithm, which
explains the higher energy efficiency seen with the OPD algorithm.

The amount of vehicle coasting is expressed as a fraction of the total driving
time. The coasting percentage results of these 16 tests are listed in Table 4.3. It
can be seen that the mean percentage of coasting for the OPD algorithm is about
6.6% in the city route and 8.6% in the rural route, compared to 0.9% in the city
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route and 1.2% in the rural route for the PR algorithm. This demonstrates that
the driver can coast more easily using the OPD algorithm in comparison to the
PR algorithm for both city and rural driving, which also contributes to a lower
energy consumption.
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Figure 4.15: Energy consumption per kilometer for different drivers in city
and rural route.
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Table 4.3: Coasting percentage in city and rural driving tests.

Driver Date
City route Rural route
PR OPD PR OPD

Driver 1 20141120 0.8 5.8 1.9 9.2
Driver 2 20141125 0.7 5.6 1.1 8.3
Driver 3 20141202 1.4 8.9 0.9 9.1
Driver 4 20141203 0.7 6.2 0.7 7.8

4.6 Verification by simulations

To fully eliminate the difference in speed profiles and traffic conditions, simu-
lations are used to evaluate the difference in energy consumption. The energy
consumption for a measured driving speed profile is calculated using two energy
consumption models, which are built using the PR algorithm and OPD algo-
rithm respectively. These two energy consumption models will be discussed in
Chapter 5. As discussed in Section 4.5, four drivers are involved in this verifica-
tion and for each driver four speed profiles are measured. For every measured
speed profile, the PR and OPD simulation model are used to calculate the net
energy consumption. One example of city driving is shown in Figure 4.17. It can
be seen that OPD algorithm results in less energy compared to PR algorithm.
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Figure 4.17: Energy consumption in city driving.

The energy saving of the OPD algorithm in comparison to the PR algorithm
for each measured speed profile is listed in Table 4.4. The average energy saving
of the OPD algorithm is 6.0% for city driving and 2.2% for rural driving. These
results confirm that the OPD algorithm can results in some energy saving in
comparison with the PR algorithm for the same driving speed profile. The
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advantage is bigger for city driving compared to rural driving.

Table 4.4: Percentage of energy saving of the OPD algorithm compared
to PR algorithm in simulations. ”PR” and ”OPD” in this table
refer to the speed profile measured during driving tests.

Driver Date
City route Rural route
PR OPD PR OPD

Driver 1 20141120 6.5 8.5 2.4 3.3
Driver 2 20141125 5.3 6.6 2.1 2.2
Driver 3 20141202 6.5 7.2 3.2 2.8
Driver 4 20141203 3.2 4.1 0.6 1.4

4.7 Conclusions

In this chapter, a one-pedal-driving algorithm is discussed, aiming to improve
the energy efficiency. A comparison of the accelerator map of the OPD algo-
rithm and PR algorithm suggests that constant speed driving and acceleration is
more linear with the accelerator pedal travel in the OPD algorithm, which sub-
jectively provides a more comfortable driving experience. A coasting area has
been introduced in the OPD accelerator map, the benefit of coasting is shown
by optimizing the energy consumption for a given trajectory.

The energy efficiency of the OPD algorithm is verified by driving tests on
public road and simulations. Measurements demonstrate that the battery output
power of the OPD algorithm and the PR algorithm are almost the same for
traction, but the OPD algorithm can recuperate more energy during braking.
The energy saving of the regenerative braking for city route are 14% and 23%
for PR and OPD algorithm respectively; for rural route the energy saving are
9% and 14% for the PR and OPD algorithm respectively. Simulation results
suggest that the OPD algorithm can save up to 3.3% to 8.5% energy compared
to the PR algorithm based on the same driving speed in rural and city driving.



Chapter 5

Energy consumption model
verification

5.1 Introduction

The energy consumption of a BEV can be modelled using a dynamic approach
(”forward simulation”) or a quasi-static approach (”backward simulation”) [38,
84]. The dynamic approach is formulated using a set of differential equations.
In this approach, the inputs to the powertrain model are specified as a function
of time. A module that simulates the driver’s behavior is necessary. Although
this approach accurately describes the driving process of the vehicle, it requires
high computational effort to solve differential equations.

The quasi-static approach is based on algebraic equations. The inputs are the
vehicle speed, acceleration and route data as a function of time. The force acting
on the wheels is calculated based on a road load model and is processed backward
through the powertrain. This approach decreases the computational burden, and
is well suited to model the energy consumption of complex powertrain structures.
The physical causality of the system is not respected, but the followed driving
profile has to be known a priori in the quasi-static approach.

The energy consumption model of the Lupo EL is built using the quasi-
static approach, which means the vehicle driving speed, acceleration and route
data are the model inputs and the energy required from the power socket is the
model output. The model is built by combining energy consumption models
of vehicle components together, including road load, powertrain, regenerative
braking, auxiliary system and battery, which are described in Chapter 3. Because
the regenerative braking control strategy of the Lupo EL was changed from
a parallel regenerative braking (PR) algorithm to a one-pedal-driving (OPD)
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algorithm in 2014 to improve the energy efficiency. Two energy consumption
models are built regarding to these two different regenerative braking control
strategies, but the rest of these two energy consumption models, like road load,
powertrain and battery are all the same.

The energy consumption model is verified by driving tests on the public road.
During these tests two energy consumption values are measured: the battery DC
energy and AC energy. The battery DC energy is the measured power at the
battery terminals integrated over time during driving. The AC energy is drawn
from the power socket during charging. Thereby, the vehicle energy consumption
model can be divided into two parts to be verified: vehicle driving and vehicle
charging. The vehicle driving model can calculate the battery DC energy based
on driving speed and route data. The vehicle charging model can calculate the
AC energy drawn from the power socket based on the battery DC energy from
driving.

In this chapter, the vehicle energy consumption model is verified by 36 driving
tests, the details of these tests are discussed. The accuracy of the vehicle driving
model, the vehicle charging model and the full vehicle energy consumption model
is discussed by comparing measurements and simulations.

5.2 Vehicle driving model

The driving model is the combination of road load, powertrain, regenerative
braking and auxiliary system, which can calculate the power Pbat and DC energy
consumption Edc of the battery based on the driving speed and route data. The
battery power can be calculated as

Pbat = Fxv + Pptloss + Paux (5.1)

where Fx is the propelling force at the wheels, calculated by equation (3.6),
Pptloss is the powertrain loss, discussed in Chapter 3.3 and Paux is the auxiliary
system power. The equation to calculate the battery DC energy Edc is

Edc =

∫ tdri

0

Pbat dt (5.2)

where tdri is the driving time.
One rural driving test will be used to illustrate how to calculate the energy

consumption. The test was done in Eindhoven area on December 3rd 2014,
the driving route is shown in Figure 4.14. The ambient temperature is about 0
◦C. The average wind speed is 4.6 m/s and the wind direction is 45◦ NE. The
measured driving speed profile and distance are given in Figure 5.1, and the
other inputs of the vehicle driving model are also shown in this figure.

The road types along this route are obtained from OpenStreetMap. It can
be seen that most of the trip is secondary road and primary road. The rolling
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Figure 5.1: The inputs of the vehicle driving model.

resistance coefficient on the highway is calculated in terms of the ambient tem-
perature and an empirical equation (3.8), and then the values on various road
types are estimated based on the road type information, as illustrated in Ta-
ble 3.2. The height data is obtained from Shuttle Radar Topography Mission
(SRTM) based on the geographic coordinates of the route. It can be seen that
it is a level route with a height difference of 7 m.

The outputs of the vehicle driving model are shown in Figure 5.2. The battery
power difference between measurements and simulations is made, which shows
that most of the power difference is smaller than 3 kW, but some values can reach
up to 10 kW. The power difference larger than 3 kW may be caused by time delay
in the powertrain and measurement errors. For example, it takes time for the
accelerating signal sent from the accelerator pedal to the Programmable Logic
Control system and also the power delivered from the battery to the wheels.
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However, the battery DC energy consumption from the simulation is close to
the measurement, with an error of -2.60%.
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Figure 5.2: The outputs of the vehicle driving model.

5.3 Vehicle charging model

The vehicle is charged with a constant AC power of 3.52 kW from normal AC
grid, as shown in Figure 5.3. When the battery packs are almost fully charged,
the battery management system will start to balance battery cells by dissipating
energy from the cells with highest charge, as shown in Figure 5.3 when the time
is close to 4 hours.

The vehicle charging model is a combination of the battery and AC charger,
which are explained in Chapter 3.6. In this model, the inputs are the DC current
and voltage measured at battery terminals during driving and the output is the
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Figure 5.3: The charging power from the AC grid.

AC energy extracted from the power socket during charging. The AC energy
can be calculated as

Eac =

∫ tdri
0

(VdriIdri) dt+
∫ tdri
0

(I2driR) dt+ I2chaRtcha + Pauxtcha

ηcharger
(5.3)

where Eac is the AC energy from the power socket; tdri is the driving time; Vdri
is the voltage measured at battery terminals during driving; Idri is the current
measured at battery terminals during driving; R is the battery internal resis-
tance, which is calculated by the empirical equation (3.22); Icha is the charging
current, which equals 10.8 A; tcha is the charging time; Paux is the auxiliary sys-
tem power usage during charging with a constant value of 115 W and ηcharger
is the charger efficiency, which is 90.4%.

5.4 Verification by measurements

5.4.1 Driving tests

Driving tests on the public road have been made to verify the energy consump-
tion model. 36 driving tests are considered from 2013 to 2015, including highway,
rural, city and hilly area driving. The details of these tests and measured energy
consumption values are listed in Table 5.1. The first 18 tests are made with the
PR algorithm and the other 18 tests are made with the OPD algorithm. It can
be noted that for some highway tests, the average speed is lower than 80 km/h,
this is because other types of road are also included in these tests. The ambient
temperature ranges from 0 ◦C to 26 ◦C and the driving range varies from 7 km
to 228 km in these tests. It is assumed that these tests represent realistic driving
conditions in the Netherlands.
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Table 5.1: The details and energy measurement results of driving tests on
the public roads.

Test Date
Tamb
[◦C]

v
[km/h]

s
[km]

Edc
[kWh]

Eac
[kWh]

P
R

al
go

ri
th

m

H
ig

h
w

ay

1 20130506 21 65.77 228.08 22.56 27.86
2 20130516 11 66.83 59.18 8.12 9.94
3 20130521 12 83.76 113.69 14.93 18.05
4 20130522 11 89.96 113.65 17.51 21.39
5 20130527 17 89.65 113.61 16.61 20.46
6 20130528 20 81.47 113.61 13.77 16.81
7 20130530 16 71.56 113.80 11.92 14.42
8 20130617 22 98.02 113.41 18.50 23.00

C
it

y

9 20130605 21 22.23 47.49 5.20 −
10 20130606 24 22.29 49.38 5.44 −
11 20131127 6 23.83 50.08 6.76 8.58
12 20141125 7 16.31 7.89 0.99 −
13 20141202 1 19.32 7.91 1.14 −

R
u

ra
l

14 20130607 24 34.99 33.63 3.67 −
15 20130712 17 35.10 114.15 14.55 17.60
16 20141120 7 43.54 17.96 2.07 −
17 20141125 7 37.66 17.96 1.96 −
18 20141202 1 41.80 17.97 2.21 −

O
P

D
a
lg

or
it

h
m

H
ig

h
w

ay

19 20140606 22 45.80 60.24 6.70 −
20 20140619 18 51.67 46.05 6.32 −
21 20140902 20 87.24 106.78 15.60 −
22 20150413 12 74.06 116.68 17.60 −
23 20150528 17 95.20 86.18 13.09 −
24 20150706 23 65.70 117.97 15.67 19.74

C
it

y

25 20140626 26 17.14 6.85 0.65 −
26 20141120 7 17.32 7.90 0.97 −
27 20141203 0 18.44 7.90 1.33 −
28 20151027 14 29.50 70.03 9.06 11.87

R
u

ra
l 29 20140502 11 45.22 20.67 2.48 −

30 20140606 22 39.44 25.41 2.61 −
31 20150416 14 29.22 7.71 0.94 −
32 20151019 10 47.96 103.70 11.92 14.95

H
il

ly

33 20150630 26 44.96 9.04 0.97 −
34 20150630 26 50.36 10.91 1.16 −
35 20150630 26 50.69 54.53 5.73 −
36 20150630 26 27.73 14.43 1.60 −
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For some driving tests, the vehicle was not charged in a controlled way before
and after driving, so the AC energy consumption of some driving tests is missing.
The model error is calculated as

Error =
Esimulation − Emeasurement

Emeasurement
× 100% (5.4)

where Esimulation is the energy consumption value calculated by energy con-
sumption models and Emeasurement is the measured energy consumption.

5.4.2 Driving model verification

The detailed vehicle driving model takes the influence of ambient temperature,
wind and road surface dependent rolling resistance coefficient into consideration.
To verify the contribution of this, a simplified vehicle driving model is also used to
calculate the energy consumption result. In the simplified model, air density and
rolling resistance coefficient are constant. The air density is set to 1.2 kg/m3 and
the rolling resistance coefficient equals 0.012, which are average values obtained
from driving tests. The energy consumption errors of simulations in comparison
with measurements are depicted in Figure 5.4. It can be seen that the maximum
error of the detailed model is approximately 5%, this value will increase to 13%
for the simplified model. The mean absolute error (MAE) of the detailed model
is 2.8%, while for the simplified model the value of MAE is 4.7%. This justifies
including the ambient temperature, wind and road surface dependent rolling
resistance.
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Figure 5.4: The calculation error of the vehicle driving model.

The relationship between the energy consumption calculation error of the
simplified model and the ambient temperature is shown in Figure 5.5. It can be
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seen that at high ambient temperatures the calculation of the simplified model
is higher compared to measurements, while for low ambient temperatures the
actual energy consumption is higher than calculated. The minimum error is
obtained when the ambient temperature is about 15 ◦C. It can be seen that the
increase of energy consumption is approximate 10% when the ambient temper-
ature decreases 15 ◦C.
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Figure 5.5: The relationship between the energy consumption calculation
error of the simplified model and ambient temperature.

5.4.3 Charging model verification

As mentioned in Chapter 3.6, the battery internal resistance in the detailed
vehicle charging model is dependent on the battery current, the relationship is
described in an empirical equation (3.22). To verify the effect of the empirical
equation of battery internal resistance, a simplified vehicle charging model with
a constant internal resistance is used to calculate the AC energy. The constant
internal resistance is set to 0.35 Ω, which is the mean value of the measurements.

The errors in the energy consumption of simulations compared to measure-
ments are shown in Figure 5.6. It can be seen that the model with the empirical
battery internal resistance equation can calculate the AC energy with an error
smaller than 1.8%; while the model with a constant battery internal resistance
can calculate the required AC energy with an error smaller than 2.6%. So some
improvement is seen by using a more elaborate model.

5.4.4 Full energy consumption model verification

The full vehicle energy consumption model is a combination of the detailed vehi-
cle driving model and charging model. The detailed vehicle driving model takes
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Figure 5.6: The calculation error of the vehicle charging model.
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Figure 5.7: The calculation error of the full vehicle energy consumption
model.

the influence of ambient temperature, wind and road type dependent rolling
resistance into consideration. The detailed charging model uses an empirical
equation to calculate the battery internal resistance. To verify the detailed vehi-
cle energy consumption model, a comparison with a simplified approach is made.
The simplified vehicle energy consumption model is built with constant rolling
resistance coefficient, air density and battery internal resistance.

The AC energy from power socket is calculated by these two vehicle energy
consumption models. The errors in the energy consumption between simulations
and measurements are shown in Figure 5.7. It can be seen that the maximum
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error for the detailed energy consumption model is approximately 5%, compared
to a maximum error of 12% of the simplified approach. Therefore this detailed
energy consumption model is clearly an improvement.

5.5 Conclusions

In this chapter, the energy consumption model of the Lupo EL is verified by
36 driving tests, executed in the years 2013 to 2015 on the public road. The
comparison of measurements and simulations demonstrates that the detailed
vehicle energy consumption model can calculate the energy consumption with a
maximum error of 5% under different circumstances. For a simplified approach,
the ambient temperature, wind, road surface dependent rolling resistance and
battery internal resistance are considered to be constant. Then the maximum
error of the simplified model becomes 12%. The detailed energy consumption
model is considered accurate enough to represent the vehicle energy consumption
during driving, and will be used to predict the energy consumption of electric
vehicle in Chapter 6.



Chapter 6

Electric vehicle energy
consumption prediction

6.1 Introduction

Battery electric vehicles (BEVs) are increasingly receiving attention because of
the focus on environmental issues and usage of sustainable energy. BEVs have
advantages in energy costs and local emissions compared to internal combustion
engine (ICE) vehicles. However, the acceptance of BEVs is limited by a high
purchase price, long charging time, few charging stations and limited driving
range. The limited driving range and long charging time can make drivers more
concerned on whether they can reach the destination based on the current bat-
tery state of charge; this is called range anxiety [80]. Range anxiety is considered
as one of the major factors that affects the acceptance of BEVs.

Apart from a bigger battery capacity and more charging facilities, an accu-
rate energy consumption prediction along a chosen route before the start of a trip
is also necessary to reduce range anxiety. Even though battery technology is im-
proving day by day, it is nevertheless expected that the battery capacity of mass
adopted BEVs will still be constrained by weight and cost issues, so to predict
the energy consumption accurately will still be an important topic. The energy
consumption prediction of BEVs is complicated, because it is dependent on a
large number of factors such as vehicle characteristics, driving behavior, traffic
flow, road topography and weather conditions. Studies on energy consumption
prediction or remaining driving range prediction of BEVs can be mainly divided
into predicting the driving speed, obtaining traffic and route information, mod-
elling the energy consumption and online predict the energy consumption based
on a regression analysis.
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There are basically three methods to predict the future driving speed: the
first method is based on driving pattern recognition [43,64], the second method
is to design a new driving cycle based on statistical evaluation of real driving
tests [45,60] and the third method is to generate the future driving speed based
on map attributes [33]. However, the first two methods only consider the current
speed recording and driving distance of the trip without considering the future
road type, and the third method doesn’t take the individual driving behavior
into consideration. Taking advantage of a modern navigation system, the road
topography and even real-time traffic information can be obtained [21,49]. The
real-time traffic information can help to improve the prediction accuracy, but it
is not available for every road section at this moment. The varies of driving be-
haviors can cause different energy consumption for the same route. The influence
of driving behavior on the vehicle energy consumption can be quantified [14] and
the driving behavior can be modelled [13,43,77]. However, the driving behavior
is influenced by external circumstances [39], so a high number of data is needed
to model the driving behavior of one driver under different traffic levels.

Mainly two kinds of energy consumption model are built to predict the en-
ergy consumption: regression models from real-world measurement [27, 79] or
a simple physical model with constant vehicle parameters [11, 78, 113]. These
models can predict the energy consumption accurately at a specific driving route
and weather condition. However, the calculation accuracy will decrease if the
driving route or weather condition is changing [81, 117, 118]. The conventional
approach of the online energy consumption prediction employed by car manu-
factures is based on recording of past average energy consumption per kilometer
of individual drivers [104]. It is often perceived to be inaccurate due to lack
of considering future route and ambient environment. Researches on online en-
ergy consumption prediction tend to take the ambient temperature and driving
route into consideration to improve the nominal energy consumption prediction
accuracy during driving [20], but the possible maximum and minimum energy
consumption prediction cannot be adjusted.

The main contribution of the research described in this chapter is taking
the influence of route information, weather conditions and driving behavior into
consideration to predict the energy consumption. The energy consumption pre-
diction algorithm presented here includes an offline and an online part. The
offline algorithm provides an energy consumption prediction result before a trip
begins, which can give the driver a first impression on whether the vehicle can
arrive at the destination or which speed to select to reach the destination. To
consider the energy consumption difference caused by different driving styles,
three energy consumption values are predicted: a maximum value, a minimum
value and a nominal value. The online algorithm includes a parameter esti-
mation algorithm and a driving behavior correction The parameter estimation
algorithm estimates vehicle parameters during driving, namely vehicle mass and
rolling resistance. The driving behavior correction algorithm adjusts the energy



6.2 Offline energy consumption prediction 81

consumption prediction result based on the current driving behavior and future
route information.

The route information is obtained from OpenStreetMap (OSM) [3] and Shut-
tle Radar Topography Mission (SRTM) [9] to determine the future driving speed
and energy consumption. The weather conditions, including ambient temper-
ature, air pressure, wind speed and direction, can be obtained from a weather
website. An energy consumption model considering the influence of weather con-
ditions and road surface dependent rolling resistance is adopted to determine the
energy consumption, which is discussed in Chapter 5.

The outline of this chapter is as follows. In section 6.2 the offline algorithm
is discussed. In Section 6.3 the online algorithm is discussed. In Section 6.4 the
offline and online algorithms are evaluated by driving tests on the public road.
In Section 6.5 conclusions are given.

6.2 Offline energy consumption prediction

In order to provide a base for the driver to make a future driving plan, the
offline energy consumption prediction algorithm will give a first estimate on the
energy consumption before a trip begins. The energy consumption for a future
trip is determined by driving speed, road information, weather conditions and
vehicle parameters. Road information is obtained from OpenStreetMap (OSM)
and Shuttle Radar Topography Mission (SRTM). The weather conditions can
be obtained from a weather website, including ambient temperature, humidity,
air pressure and wind speed and direction. The wind direction can be easily
changed by buildings, this leads to unpredictable result in a city environment.
It is however suitable for rural and highway driving, where the wind direction is
stable and the contribution is large. The influence of the weather condition on
the rolling resistance coefficient and air density is discussed in Chapter 3.2.

The driving speed is dependent on route information, traffic flow and driving
behavior, where the last two cannot be predicted accurately beforehand. There-
fore, not only a ”nominal driving speed”, but also two other driving speeds
profiles are included in the algorithm: the maximum speed and the most effi-
cient speed. The most efficient speed of the Lupo EL is about 25 km/h [19], this
value is not feasible from a time perspective and it will decrease when consider-
ing the influence of frequent start-and-stop driving in the city. Because of the
lower speed limit on a specific road, the driver cannot drive at the most efficient
speed on some roads, e.g. secondary road and primary road. In these cases, the
most efficient speed is set to the minimum driving speed. Based on these three
speed profiles, three energy consumption results are predicted: the maximum,
minimum and nominal energy consumption.

The structure of the offline energy prediction algorithm is depicted in Figure
6.1. Software to obtain the road topography information is introduced in Section
6.2.1. The methodology to obtain the driving speed is discussed in Section 6.2.2.
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Figure 6.1: The structure of the offline energy consumption prediction
algorithm.

6.2.1 Road information

The energy consumption of a BEV for a route is influenced by the road topog-
raphy information, including road types, traffic lights, speed limit signs, road
curvature and elevation data. The route information needs to be identified to
provide an accurate energy consumption prediction, which is obtained from OSM
and SRTM.

OSM is a collaboration project to create a free editable map of the world that
provides geographical data to anyone [3]. It is created by volunteers performing
systematic ground surveys with a handheld GPS receiver. The data availability
of OSM is not perfect now and still varies from country to country, but the
worldwide coverage is improving day by day [3]. The OSM database is recorded
in XML format, which shows all of the attributes for a line (roads, streets, paths)
or a point of interest.

SRTM is an international project spearheaded by the U.S. National Geospatial-
Intelligence Agency (NGA) and the U.S. National Aeronautics and Space Ad-
ministration (NASA). The objective of this project is to obtain digital elevation
models on a near-global scale from 56 degrees south to 60 degrees north latitude,
which comprises almost 80% of earths total landmass [9]. The data has been
released with a horizontal resolution of 1 arc-second (30 m) globally since late
2014. The elevation information of a route can be obtained from SRTM, using
the route geographic coordinates.
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6.2.2 Driving speed

The vehicle driving speed can be predicted based on the OSM information, in-
cluding road types, speed limit signs, road curvature and traffic lights. The
initial estimation for the driving speed is based on the road type information.
Speed limit signs, road curvature and traffic light data will then be used to adapt
the speed profile.

Road type
Normally, there is a recommended driving speed range for each type of road,
which is accepted by the public. For some road types, the driving speed is lim-
ited legally, e.g. on a highway road. Therefore, the driving speed on each road
segment is estimated first based on the road type. Next, the obtained speed on
each road segment is modified based on a statistical analysis of the speed mea-
surements on public roads. A data of 600 km driving on public roads is analyzed,
the speed data is sampled for every meter driven. The distribution histogram
of the driving speed for each road type is shown in Figure 6.2. The black line
in the figure is the curve fit of the distribution, which is obtained by the kernel
density method and represents the most probable distribution [45]. It should be
pointed out that these driving tests were not done during rush hour, thus the
influence of traffic jam is not included. Combining the statistical analysis result
and legal speed limit for each road type, the maximum, minimum and nominal
driving speed on each road type in the Netherlands is listed in Table 6.1.

The nominal driving speed on each road type has the highest probability in
Figure 6.2. However, if there is not enough data for a specific road type, the
nominal speed is selected as the mean value between the maximum and minimum
speed. The driver doesn’t have to follow the traffic on a highway in most cases
due to the presence of multiple lanes. Therefore, the driving speed on a highway
is controlled by the driver, the nominal value is set to 100 km/h.

According to measurements presented in Chapter 3.2.2, the influence of road
surface on the rolling resistance coefficient fr is even more important compared
to the ambient temperature. The rolling resistance coefficient fr on highway
is taken as a baseline, the scaling factors of fr on other road surfaces are esti-
mated based on measurements and listed in Table 6.1. The road type is defined
by OSM. A tertiary road connects minor streets to more major roads, which is
within large settlements for roads connecting local centres and an unclassified
road is a minor public road typically at the lowest level of the interconnecting
grid network, which has lower importance than a tertiary road [1].

Speed limit signs and traffic lights
The vehicle driving speed is influenced by speed limit signs and traffic lights.
The speed limit sign is used in most countries to set a maximum speed, or min-
imum in some cases. The influence of traffic lights has also to be considered,
because the vehicle may have to stop and wait. However, the status of traffic
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Figure 6.2: The driving speed distribution on different types of road.

Table 6.1: Speed and rolling resistance data for various roads.

Road type
Maximum

speed
[km/h]

Minimum
speed
[km/h]

Nominal
speed
[km/h]

Rolling
resistance

scaling
Living street 15 5 10 1.25
Residential 30 10 25 1.15
Service 30 10 20 1.25
Track 30 10 20 1.40
Unclassified 50 20 25 1.20
Tertiary 50 25 35 1.15
Secondary 70 40 50 1.15
Primary 80 50 65 1.05
Trunk
Trunk link

100 70 80 1.00

Motorway
Motorway link

120 80 100 1.00

lights cannot be predicted offline beforehand. To include the influence of traffic
lights, half of traffic lights are assumed to be red and the waiting time is esti-
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mated to be 30 seconds here. This is a first assumption, the influence of traffic
lights should be investigated in future in more detail.

The speed limit signs and traffic lights are available as node information in
the OSM database. The position of the speed limit signs and traffic lights can
be obtained once the travelling route has been determined.

Road curvature
In a turn, the maximum vehicle driving speed is limited by the vehicle lateral
acceleration. The relationship between the forward velocity v and lateral accel-
eration ay is given as

ay =
v2

Rturning
(6.1)

where Rturning is the vehicle turning radius.
The lateral acceleration can reach approximately 8 m/s2 for a road vehicle

during testing [86], however, it is smaller than 4 m/s2 for daily driving condi-
tions according to the Lupo EL driving tests. Therefore, the maximum lateral
acceleration is taken as 4 m/s2 in this research. The vehicle speed is reduced in
corners to make the lateral acceleration doesn’t exceed 4 m/s2 when necessary.

The turning radius can be calculated based on the geographical coordinates
of nodes. The method to calculate the turning radius is discussed next. A
schematic figure is shown in Figure 6.3. Once the geographical coordinates of
three nodes n1, n2 and n3 are known, the angle between two road segments
β can be calculated. The turning radius is determined by the tangent length
L. The vehicle may have to change the driving direction for two continuous
road segments. To drive smoothly, the tangent length should be smaller than
the half length of each road segment. However, in some cases, the length of a
road segment is smaller than 1 meter according to OSM. This road segment is
probably just a part of a street in the real world, so the minimum length of road
segments should be limited. The maximum change of driving direction is 180◦

in reality when the driver makes a ”U turn”, and the distance between two lanes
is larger than 4 m in a ”U turn”. So the minimum length of road segments is
set to 4 m in this research. The tangent length L is given as

L = max

(
4

2
, min

(
L12

2
,
L23

2

))
(6.2)

The turning radius can be calculated based on the length of L, given by

Rturning,L = L/tan

(
β

2

)
(6.3)

The distance D between the node n2 and the road curvature is another
constraint. Since the lane width is smaller than 4 meter normally, and the node
is assumed to be labelled in the middle of the lane, so the maximum value of D
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is taken as 1 meter in this research. The turning radius can be calculated based
on the value of D, given by

Rturning,D =
Dcos

(
β
2

)
1− cos

(
β
2

) (6.4)

Since the turning radius is determined by the tangent length L and external
distance D, the final vehicle turning radius Rturning is the minimum value of
the calculation from equation (6.3) and (6.4), given by

Rturning = min (Rturning,L, Rturning,D) (6.5)

Figure 6.3: A schematic figure on how to calculate the turning radius. n1,
n2, n3 and n4 are road nodes. L12 is the length of the road
segment between node n1 and n2. L23 is the length of the road
segment between node n2 and n3. β is the angle between two
road segments.

6.2.3 Acceleration

After combining the road types, speed limit signs, road curvature and traffic
lights, the target speed for a specific route can be obtained, which is illustrated
in Figure 6.4. It can be seen that the target speed is discontinuous. To ob-
tain a realistic driving speed profile, the vehicle has to accelerate or decelerate.
The maximum acceleration and deceleration of the Lupo EL, determined by
the one-pedal-driving control strategy, as discussed in Chapter 4, is shown in
Figure 6.5. The maximum acceleration is limited by the motor power of 50 kW
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at high speeds, while at low speeds the maximum acceleration is approximately
4.6 m/s2. The deceleration caused by regenerative braking is limited by the
motor power of -24 kW at high speeds, and its value is -2 m/s2 at low speeds.
However, according to measurements, the acceleration is smaller than 3 m/s2

during normal driving. Therefore, the maximum acceleration is limited to this
value. The friction braking is seldom used during normal driving, so the maxi-
mum deceleration caused by regenerative braking is adopted.
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Figure 6.4: A schematic figure of the target speed and realistic speed pro-
file obtained based on OSM information.
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Figure 6.5: The relationship between the speed and acceleration and de-
celeration from measurements.

The acceleration or deceleration applied during the transition is determined
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by the difference between the current driving speed and target speed. If the
difference is larger than 10 km/h, the maximum acceleration or deceleration is
adopted, or else the applied acceleration or deceleration linearly decreases from
the maximum value to zero with the speed difference. This process is necessary to
change the target speed into a realistic driving speed profile, which is illustrated
by the dashed curve in Figure 6.4.

6.2.4 Experimental results

Two tests, including highway and rural driving, are used to show the result of
the offline algorithm. The highway test was done on July 6th 2015 between
Eindhoven and Heel in the Netherlands. The route is shown in Figure 6.6.
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Figure 6.6: A highway driving route between Eindhoven and Heel.

The height information along the route can be obtained from SRTM based
on the geographical coordinates, and the result is shown in Figure 6.7. The route
is very level with a height difference of 20 m.

To determine the driving speed, road types along the route have to be ob-
tained from OSM first, and the result is shown in Figure 6.8. As can be seen
most of the route is highway, but other types of road are also included.

The speed profiles of the prediction and measurement along the route are
shown in Figure 6.9. As can be seen, the driving speed on the highway ranges
from 80 km/h to 120 km/h, as the driver normally can choose his own driving
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Figure 6.7: The height information along a highway route.
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Figure 6.8: The road type along a highway route.

speed on highway. This will obviously lead to different energy consumption
results. To provide more information to the driver, different energy consumption
results are calculated based on a driving speed from 80 km/h to 120 km/h with
an interval of 10 km/h. The energy consumption is calculated using the model
described in Chapter 5, the results are shown in Figure 6.10. The mean value
of the measured highway driving speed is 104 km/h. It can be seen that the
measured energy consumption value is also between the energy consumption
prediction results for speed profiles of 100 and 110 km/h.

According to OSM, most of the rural and city roads are primary roads,
secondary roads, tertiary roads and unclassified roads. For the city and rural
driving, the driver has to follow the traffic flow. Therefore, apart from the
nominal prediction, the maximum and minimum prediction values are used to
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Figure 6.9: The measured and predicted driving speed profiles along a
highway route.
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Figure 6.10: The measured and predicted energy consumption results
along a highway route.

define the energy consumption range for city and rural driving. One example of
the rural driving is given next.

The rural driving test was done on November 25th 2014, the driving route is
shown in Figure 4.14, from Chapter 4. The road type along this route is shown in
Figure 6.11. It can be seen that most of the route is primary and secondary road.
The speed profiles of the prediction and measurement are shown in Figure 6.12.
It can be seen that the predicted nominal speed is close to the actual value and
even slowing down before corners is predicted accurately. The energy consump-
tion of predictions and measurement are shown in Figure 6.13. The difference
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between the nominal prediction and measurement is approximately 5%.
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Figure 6.11: The road type along a rural route.
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Figure 6.12: The measured and predicted speed profiles along a rural
route.

6.3 Online energy consumption prediction

Before a trip begins, the offline algorithm can give a first estimation on the
energy consumption. However, the energy consumption is also influenced by the
vehicle usage and driving behavior [14]. The vehicle usage can lead to changes of
the energy consumption e.g. due to auxiliary system usage, vehicle mass (cargo,
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Figure 6.13: The measured and predicted energy consumption results
along a rural route.
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Figure 6.14: The structure of the online energy consumption prediction
algorithm.

passengers) and tyre rolling resistance coefficient (e.g. incorrect tyre inflation
pressure). The initial values of these parameters used in the offline algorithm
may be not accurate for the actual trip. The driving behavior is different for
various drivers, and it may also vary for one driver from time to time. To improve
the prediction accuracy, an online algorithm is designed to update the offline
prediction result based on vehicle measurements during driving. The structure
of the online energy consumption prediction algorithm is shown in Figure 6.14.
The vehicle speed and motor mechanical power are measured to estimate the
rolling resistance and mass. The energy prediction result is adjusted based on
the current driving behavior.
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A simplified example on how to adjust the offline energy consumption pre-
diction results based on measurements is shown in Figure 6.15. Only one type
of road is considered in this example. The offline calculated maximum, nominal
and minimum predicted speed profiles are shown in (a), taking into account of
the influence of road slope and head wind, see (b) and (c), the energy consump-
tion is predicted, as shown in (d). The maximum energy consumption Emax
predicted by the offline algorithm is the red dashed line, the nominal energy
consumption prediction Enom is the black dashed line and the minimum energy
consumption prediction Emin is the blue dashed line.

After a distance of s2 is driven, the online algorithm has gathered enough
data and starts to adjust the offline energy consumption prediction results. The
estimated values of the vehicle mass and rolling resistance coefficient from the
parameter estimation algorithm are shown in (f) and (g). It can be seen that
the estimated mass and rolling resistance are lower than the default values used
in the offline algorithm indicated by the blue dashed line. Hence, the estimated
vehicle parameters are used to update the maximum and minimum energy con-
sumption prediction based on the predicted maximum and minimum speed pro-
files. The maximum energy consumption prediction Emax adjusted by the online
algorithm is the red solid line in (h) and the minimum energy consumption pre-
diction Emin adjusted by the online algorithm is the blue solid line in (h).

The measurement also shows that the actual driving speed is lower than
the predicted nominal speed, as shown in (e), this results in the actual energy
consumption, as the green solid line in (h), being lower than the offline nominal
energy consumption prediction. The driving behavior is assumed to be the
same on the same type of road. Therefore, the measured energy consumption
per kilometer between s1 and s2 is used to update the future nominal energy
consumption prediction, as the green dash line in (h). However, because the
road slope and head wind are different in future driving compared to the past
driving between s1 and s2, the future nominal energy consumption prediction
value should be corrected by taking the influence of road slope and head wind
into consideration. Then the corrected nominal energy consumption prediction
Enom correct from online algorithm is the black solid line in (h). This is hence
the best estimate for the energy consumption.

The details on the parameter estimation algorithm and the driving behavior
correction algorithm are discussed in following subsections.

6.3.1 Parameter estimation algorithm

Apart from the driving speed, the vehicle mass, tyre rolling resistance coefficient,
auxiliary system usage and road slope are the most important factors that can
influence the vehicle energy consumption. These parameters may vary from trip
to trip and some can even change during one trip. To improve the energy con-
sumption prediction accuracy, these contributions need to be determined during
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Figure 6.15: A demonstration of the online adjusting algorithm based on
measurements and offline energy consumption prediction.

driving. The road slope along a trip can be obtained from SRTM before a trip
begins, the auxiliary system usage is determined by the driver and its energy con-
sumption can be measured directly while driving. A default value of the vehicle
mass is used in the offline algorithm, but it can be changed when carrying cargo
and the number of passengers. Although the relationship between the rolling
resistance coefficient and ambient temperature is already obtained beforehand,
the rolling resistance coefficient is also dependent on the tyre and road condi-
tion. It is difficult to measure the vehicle mass and rolling resistance coefficient
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directly. Therefore, a recursive least-squares (RLS) estimation algorithm is used
to estimate these two parameters [105].

The RLS estimation algorithm relies on the vehicle longitudinal dynamics
model. The motor output power Pmech during driving is given by

Pmech = Tmωm = (Fr + Faero + Fg +meffax + Ffric)v (6.6)

where Tm is the measured motor output torque; ωm is the motor angular speed;
ax is the longitudinal vehicle acceleration; Ffric is the powertrain friction force
at the wheels; Re is the tyre radius and v is the vehicle speed. The effective
mass meff is the sum of vehicle mass and the equivalent mass of the motor and
wheels inertia, given by

meff = m+
4Jw
R2
e

+
Jmi

2
g

R2
e

(6.7)

where m is the vehicle mass; Jw is the wheel inertia; Jm is the motor inertia and
ig is the gearbox ratio. The rolling resistance force Fr equals

Fr = frmgcos(α) (6.8)

where fr is the rolling resistance coefficient; g is the gravitational constant and
α is the road slope. The aerodynamic drag force Faero is given by

Faero =
1

2
ρCdAf (v −W )2 (6.9)

where ρ is the air density; Af is the vehicle frontal area; Cd is the aerodynamic
drag coefficient and W is the wind speed in the driving direction. The force
originating from the road slope Fg is

Fg = mgsin(α) (6.10)

Equation (6.6) can be rewritten as

Tmωm − (Faero + (
4Jw
R2
e

+
Jmi

2
g

R2
e

)ax + Ffric)v =

(frmgcos(α) +mgsin(α) +max)v (6.11)

Rearranging (6.11) in a linear estimation format

y = ϕT θ (6.12)

where

y = Tmωm − (Faero + (
4Jw
R2
e

+
Jmi

2
g

R2
e

)ax + Ffric)v (6.13)
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ϕ =

[
gcos(α)v

gsin(α)v + axv

]
(6.14)

θ =

[
frm

m

]
(6.15)

The classical RLS method is chosen to minimize the following function:

V (θ̂, t) =
1

2

t∑
i=1

(y(i)− ϕT (i)θ̂)2 (6.16)

The recursive solution is [51]:

θ̂(t) = θ̂(t− 1) +K(t)(y(t)− ϕT (t)θ̂(t− 1)) (6.17)

where

K(t) = P (t− 1)ϕ(t)(I + ϕT (t)P (t− 1)ϕ(t))−1 (6.18)

P (t) = (I −K(t)ϕT (t))P (t− 1) (6.19)

The sampling rate of all signals is 25 Hz. In the RLS estimation, the initial
value of P is set to 1. The default values of the vehicle mass and rolling resistance
coefficient in the energy consumption prediction algorithm are 1250 kg and 0.012
respectively, this leads to θ̂ = [15 1250]T as the initial estimate.

The parameters estimation result for a rural driving test, see Figure 6.12,
is given as an example. The estimation of rolling resistance coefficient and
vehicle mass is shown in Figure 6.16. It can be seen that the both estimations
of rolling resistance and vehicle mass are fairly constant after 0.1 h driving. The
vehicle mass has some variation most likely caused by measurement errors, but
the variation is smaller than 4% and rolling resistance is almost constant. This
variations in the first 0.1 h may be caused by the RLS algorithm needing enough
data to converge and possibly the tyres needing to warm up at the beginning of
the trip resulting in a lower rolling resistance.

The rolling resistance coefficient is assumed to be constant on one road type,
but it varies on different types of road. This change of rolling resistance is
abrupt and occurs infrequently. To solve this problem, the matrix P in the RLS
algorithm is reset at a road type change point. It should be mentioned that the
RLS algorithm can only converge to an accurate value with enough recording
data, approximately 0.1 h driving. Before the RLS algorithm converges to a
new value on a new road type, the applied rolling resistance coefficient is the
estimated value from the former road type modified by rolling resistance scaling
of different road types. The rolling resistance coefficient scaling for various road
types is given in Table 6.1.
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Figure 6.16: Results of parameter estimation algorithm for a rural route.

6.3.2 Driving behavior correction algorithm

The energy consumption for a future trip is influenced by driving behavior. The
driving behavior can be defined by acceleration, speed and idling time, which is
mainly determined by the driver, traffic flow and road type. The driver’s mood
cannot easily be measured and predicted, but it is expected to be constant
during a trip. Since realtime traffic is not available in this research, the driving
behavior is assumed to be constant for the same road type. Thus future energy
consumption can be adjusted based on the current recordings for a given road.

However, the driving behavior may also change for future driving. Although
this change cannot be predicted in advance, the algorithm should be able to
adjust the prediction result based on recent changes. Thus the driving behavior
correction algorithm has to fulfill two requirements:

� Provide a stable prediction result if the driving behavior is constant.

� Adjust the prediction result based on the recent changes in driving behav-
ior.

The driving behavior correction algorithm is designed using the route infor-
mation to fulfill these two requirements. The main idea of the algorithm can
be described: the energy consumption per kilometer for future driving Ef is
assumed to be the same as the recent recording on the same type of road, so

Ef ≈ Ep (6.20)
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where Ep is the energy consumption per kilometer for past driving.
The recording of energy consumption per kilometer for past driving can take

several forms according to literature [20]:

� short recording (Ep:short): the specific energy consumption is calculated
based on a short past distance recording of the current trip. The recording
distance can be e.g. 1 km or 2 km.

� running recording (Ep:running): the specific energy consumption is calcu-
lated based on the recording from the beginning of the trip to the current
location.

� long recording (Ep:long): the specific energy consumption is calculated
based on a long historical recording, e.g. 300 km.

However, none of these three forms can fulfill the requirements of the driving
behavior correction algorithm. Ep:short is always changing during driving, which
can lead to an unstable result. Ep:long is stable, but it cannot reflect a change
of the ambient temperature, driver’s mood and auxiliary usage. Ep:running can
reflect the power usage of the current trip, but it cannot adjust the prediction
result timely if the auxiliary system power usage or the road type is changing in
the middle of the trip.

To solve these problems, a suitable recording distance should be chosen,
which is longer than the recording of Ep:short and shorter than the recording of
Ep:running. A moving average (MA) method Ep:ma is chosen to calculate the
specific energy consumption of past driving in this research, as demonstrated
in Figure 6.17. The recording within a distance of ∆l is considered to be able
to represent the current driving behavior, so the specific energy consumption of
past driving can be calculated as

Ep:ma(i) =
E(s(i))− E(s(i)−∆l)

∆l
(6.21)

s(i) represents the travelled distance at update instance i, given by

s(i) = s(i− 1) + ∆s (6.22)

where ∆s is the update distance.
The motivation for updating every ∆s distance instead of every meter is

because the future prediction of the energy consumption is based on the past
recording, while the past recording of energy consumption has some swings along
the driving distance caused by the energy recuperation of BEVs, as the solid
line shown in Figure 6.18. Obviously, the fluctuation of the energy consumption
recording will lead to the future prediction being unstable, which may confuse the
driver. However, if the energy consumption is recorded for example 500 m, the
recording would be more stable, as the dashed line in Figure 6.18. Consequently,
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Figure 6.17: A demonstration of moving average recording method.

the future prediction will be stable in terms of a stable energy consumption
recording. In the algorithm, the update distance ∆s is set to 2 km on a highway,
1 km on a primary and trunk road and 0.5 km on other types of road. The
recording distance ∆l is three times the update distance ∆s. These two values
are chosen based on analysing multiple measurements.
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Figure 6.18: The relationship between the energy consumption and driv-
ing distance for a city route.
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The highway driving test, described in Section 6.2.4, will be used to show
the effect of different past energy consumption recording methods. The online
energy consumption prediction results along the driving distance of three record-
ing methods, namely short recording, running recording and MA recording are
presented in Figure 6.19. At the beginning of the trip, the energy consumption
predicted value is increasing rapidly, this is because the actual driving speed at
the beginning of this trip is higher than the predicted nominal driving speed.
It can be seen that the MA recording method is more stable than the short
recording and reacts faster than the running recording.
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Figure 6.19: A comparison of the energy consumption prediction along a
highway route for different recording methods.

6.3.3 Wind and road slope influence

There are two other factors that can affect the energy consumption: head wind
and road slope. The influence of the road slope is independent of the driving
behavior. The head wind influence is not only determined by the driving speed,
but also by the driving direction. Therefore, the energy consumption caused
by these two factors for past driving is not the same as for future driving. To
improve the prediction accuracy, the energy consumption per kilometer caused
by the head wind and road slope in the past has to be excluded and the corre-
sponding value for future driving should be included when calculating the future
specific energy consumption Ef using (6.20).

The energy consumption caused by the head wind and road slope can be
calculated once the corresponding forces are determined. The contribution of
the road slope is independent on the driving speed, and it is only determined by
the route, as shown in equation (6.10). However, the aerodynamic force caused
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by the head wind Fhw is affected by the driving speed, given as

Fhw =
1

2
ρCdAf (v −W )2 − 1

2
ρCdAfv

2 (6.23)

where W is the head wind speed. For the past driving, the speed v can be
measured, while for future driving, the speed has to be predicted. Similar to the
moving average energy consumption calculation, the average speed over the last
recording distance ∆l can represent the future driving speed, thus this value will
be used to calculate the future wind force.

Because the same approach is used to deal with the influence of wind and
road slope, the road slope influence is chosen as a demonstration to illustrate the
improvements. A hilly area driving test described in Table 6.2 (test 17) is used.
In this particular case the influence of wind is very small. The road height along
the route is shown in Figure 6.20. It can be seen that the vehicle drives downhill
first, and then drives uphill, so the energy consumption during the first half of
the trip is much smaller than the second half. If the first half recording is used
to predict the future energy consumption without considering the influence of
the road slope, the prediction value will be much smaller than the actual value,
as shown by the dashed hexagram line in Figure 6.21. Taking the road slope
into consideration can improve the prediction accuracy, as indicated by the solid
circle line in Figure 6.21.
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Figure 6.20: The height information along a hilly route.

In Figure 6.21, the difference between the nominal prediction and measure-
ment at zero driving distance is the offline algorithm nominal prediction error.
It can be seen that the offline nominal prediction is lower than the actual energy
consumption. This is because the predicted nominal driving speed is much lower
than the actual driving speed, as shown in Figure 6.22. The online algorithm
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starts to update the energy consumption prediction after gathering measure-
ments on the first two kilometers driven.
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Figure 6.21: The influence of road slope on online algorithm prediction
for a hilly route.
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Figure 6.22: The driving speed along a hilly route.

6.4 Verification by measurements

6.4.1 Driving tests collection

The energy consumption prediction algorithm is verified by driving tests on the
public road using the TU/e Lupo EL [18]. The driving tests are done from June
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2014 to June 2015 and include highway, city, rural and hilly area driving. A total
of 21 tests and more than 600 km have been covered by four different drivers.
The highway, city and rural tests are done in the Eindhoven area, whereas the
hilly tests are done in the Nijmegen area in the Netherlands. During driving,
the DC battery energy consumption at the high voltage battery terminals is
measured. The details on the driving tests are shown in Table 6.2. It can be
seen that the average driving speed of some highway tests is lower than 80 km/h,
this is because other types of road are also included in these trips.

Table 6.2: Details of driving tests with the Lupo EL.

Type Date
Ambient

temp
[◦C]

Average
speed
[km/h]

Distance
[km]

DC energy
usage
[kWh]

1

Highway
road

20140606 22 75.2 42.4 4.83
2 20140619 17 63.6 43.4 5.85
3 20140902 20 95.2 101.2 14.89
4 20150413 12 100.2 71.6 10.94
5 20150706 23 92.9 114.7 15.00
6

City
road

20141120 8 21.0 5.7 0.69
7 20141125 7 22.4 5.2 0.66
8 20141203 0 23.9 5.7 0.72
9 20150416 14 42.5 10.7 1.21
10

Rural
road

20141120 8 45.9 18.0 1.92
11 20141125 7 43.3 18.0 1.87
12 20141202 2 45.4 18.0 2.13
13 20141203 0 39.3 18.0 2.06
14 20150413 12 56.4 26.2 3.45
15 20140613 21 59.2 20.4 2.42
16

Hilly
road

20150630 26

52.1 11.0 1.15
17 54.3 11.0 1.18
18 49.1 11.0 1.10
19 48.7 11.0 1.07
20 56.0 11.0 1.12
21 51.8 11.0 1.04

6.4.2 Offline energy consumption prediction verification

It is important to notice that the ability to accurately estimate the energy con-
sumption before a trip begins is the most critical task, since the driver uses
this estimation to plan his trip. To verify the accuracy of the offline algorithm,
the average value of the nominal predicted speed and measured average speed
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are compared in Figure 6.23. It can be seen that the predicted speed is gener-
ally quite close to the measured speed. The measured energy consumption and
predicted values are compared in Figure 6.24. It can be seen that most of the
errors between the nominal prediction and the measured energy consumption
are smaller than 10%, and all the measured energy consumption values are in
the energy consumption prediction range.
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Figure 6.23: Average speed of measurements and nominal prediction for
the offline algorithm.
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Figure 6.24: The offline algorithm prediction results.

Only for two tests in the hilly area the difference is larger 10%. The reason for
errors larger than 10% is because the nominal energy consumption is predicted
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based on the most likely driving speed, but in these cases the actual driving
speed was clearly higher. The four hilly tests are done on the same route on the
same day, but the energy consumption results are different because of different
driving speeds.

6.4.3 Online energy consumption prediction verification

There is no acknowledged standard to evaluate the online algorithm at this
moment. It is actually impossible to evaluate the online prediction result if
the driving behavior shows major changes during a trip, because this change
cannot be predicted. For normal driving, the driving behavior will not change
significantly, the accuracy of the online prediction can be evaluated. Instead of
the mean absolute error (MAE), the mean absolute percentage error (MAPE)
and standard deviation percentage error (SDPE) between the measured energy
consumption value and prediction results for each trip are used as criteria to
evaluate the online algorithm. The reason to chose these two criteria is because
the relative error is of importance, not the absolute difference.

The MAPE is used to evaluate the accuracy of the online prediction result
and SDPE is used to evaluate the variation of the online prediction result. The
equation to calculate the MAPE is give by

MAPE =
100%

n

n∑
i=1

∣∣∣∣Pi −MM

∣∣∣∣ (6.24)

where Pi are predicted energy consumption along the driving distance, M is the
measured energy consumption and n is the number of predicted values. The
SDPE is

SDPE =

√√√√ 1

n

n∑
i=1

(
Pi − P
P

)2

(6.25)

where P is the average value of prediction.

The online prediction of the hilly test described in Section 6.3.3 and shown
in Figure 6.21 is evaluated as an example, the result is listed in Table 6.3.
Comparisons also prove the advantage of considering the influence of road slope.

The evaluation results of these 21 tests, listed in Table 6.2, are shown in
Figure 6.25. It can be seen that the MAPE and SDPE between the online
prediction results and the measured energy consumption value are within 5% for
most tests. The MAPE and SDPE evaluation criteria used here are not adopted
by all researchers in this field [34,71,94]. After processing the prediction results
of these papers, the MAPE of other papers is around 10%. Therefore, we can
draw the conclusion that the online algorithm presented in this research appears
to be an improvement.
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Table 6.3: Online prediction result of the test in Figure 6.21.

MAPE SDPE
With road slope correction 3.35 4.50
Without road slope correction 6.37 4.90
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Figure 6.25: The online algorithm prediction results.

6.5 Conclusions

In this chapter, an energy consumption prediction algorithm, including an offline
and an online part is developed. Apart from a nominal energy consumption
value, the offline algorithm also provides a minimum and a maximum energy
consumption value. The online algorithm estimates the vehicle parameters and
adjusts the offline energy consumption prediction result using measurement while
driving.

The energy consumption prediction algorithm is verified by 21 driving tests,
including highway, rural, city and hilly driving. Comparisons between the actual
energy consumption value and the offline prediction results show that the pre-
diction error before a trip begins is smaller than 10% for most trips. The actual
energy consumption value of all tests are between the predicted minimum and
maximum value. The MAPE and SDPE between the actual energy consumption
and online prediction results of most tests are within 5% during driving.



Chapter 7

Advanced route planning

7.1 Introduction

The energy consumption prediction algorithm discussed in Chapter 6 can pre-
dict an energy consumption result along a chosen route. However, it is still
unknown whether the route provided by the navigation software is the most
energy efficient route. With the availability of the global positioning system,
geographic information systems and real-time traffic information, modern nav-
igation systems can provide the shortest and fastest route to the driver based
on the selected destination [56]. In many cases, the shortest or fastest route
will also be the most energy efficient route. However, this may be not true in
some cases, particularly with bad road surface, significant road slope or traffic
congestion [30]. Therefore, finding the most energy efficient route is essential for
BEVs to utilise the battery energy optimally.

Studies on finding the vehicle energy efficient route mainly focus on two
areas: modelling the energy consumption on each road link [21, 69, 70, 98, 110,
116] and developing the route searching algorithm [11, 28, 32, 48, 79, 115, 116].
Precisely modelling the energy consumption of BEVs is important, since it is
strongly influenced by a large number of factors, such as vehicle loads, auxiliary
system usage, weather condition, driving style and traffic situation, as discussed
in Chapter 6.

Most research in the energy efficient route searching problem is performed
using a mesoscopic vehicle energy consumption model. The model can estimate
the energy consumption as a function of a set of explanatory variables at a
road link level, such as average speed and proportion of acceleration or decel-
eration. Methods to build the mesoscopic model include: obtaining the energy
consumption data from real vehicles in field tests by machine learning [69, 70];
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using a relatively simple consumption model based on distance and height dif-
ference [98]; methods based on vehicle specific power (VSP) building [110, 116]
and using dynamic road network databases to take the real-time traffic influence
into consideration [21]. Mesoscopic energy consumption models can reduce the
calculation burden, but it may also reduce the calculation accuracy. A micro-
scopic model can give a more accurate result, but it requires extensive data, e.g.
an instantaneous speed profile, which may not be suitable for real-time applica-
tion in route navigation problem [71]. But for the offline research, a microscopic
model can be used. To verify the accuracy of the mesoscopic model, in this chap-
ter both a mesoscopic model and a microscopic model are built for the energy
efficient route searching algorithm.

For the energy efficient route searching algorithm, studies can be split into
two categories: stochastic optimization and deterministic methods. Stochastic
methods used in the route searching algorithm includes Particle Swarm Opti-
mization [11], Ant Colony Optimization [48,115] and Tabu Search [12]. Stochas-
tic methods are not suitable for the real-time application because of the high
computation burden compared to deterministic methods. The best known de-
terministic route searching algorithms are Dijkstra’s algorithm [29], A* algo-
rithm [41] and Bellman-Ford algorithm [17, 31]. Many different speedup tech-
niques have been developed successfully [28, 32, 79, 116] for the deterministic
methods.

Dijkstra’s algorithm is presented by the computer scientist Edsger Dijkstra in
1959 [29], which solves the single-source shortest path problem for a graph with
non-negative edge costs. Given a graph G = (N,C), for example in Figure 7.1,
where N represents a set of nodes and C represents the edge cost, which is for
example the physical length or travel time of each road link. The route searching
algorithm is to find a sequence of nodes from the source to the target with a
minimum cost.

The searching process of the Dijkstra’s algorithm is based on the principle
of relaxation. It can be described as the tentative cost of each node is given
an overestimated value initially, for example infinity, and then it is gradually
replaced by more accurate values until the minimum value is eventually found.
Each node is settled, reached or unreached in the graph. For all settled nodes,
the minimum cost is already found. Reached nodes are neighbors of settled
nodes, which minimum cost is not found yet. The unreached nodes are with the
initially set cost values. For each node n, a cost function value f(n) is used to
describe the tentative cost from source s to node n.

The relaxation of Dijkstra’s algorithm is processed in a priority queue U ,
which contains all reached but not settled nodes. Initially, only the source node
s is reached with f(s) = 0 and all other nodes n are unreached with f(n) =∞.
For each step, a reached node n in the priority queue U with the minimum
tentative cost is classified as a settled node. Then all unsettled neighbors m of
node n are relaxed as reached nodes. The cost from s via n to m is compared
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to the former tentative cost of node m. If the value via n is smaller, then the
tentative cost of m is updated or else the former value is kept. The algorithm
terminates once the target node is settled [32].

For example, in Figure 7.1, the source is node A and the target is node I.
Each road link is labelled with its edge cost and the cost from the source A to
each node is labelled in circles. As shown in this graph, nodes A, B and C are
already settled. Nodes F , D and E are reached and are in the priority queue
U . For current searching process, the one with the minimum tentative cost in
the priority queue is node D with a cost of 5, so node D will be classified as a
settled node. Then costs from source A via D to all unsettled neighbors of D
are calculated and compared to their former tentative cost, and all unreached
neighbors of node D are relaxed as reached nodes. The cost of G along path
A−B −D −G is 9, which is smaller than the former tentative cost of infinity,
so the tentative cost of G is updated by this value 9. The cost of F along path
A− B −D − F is 10, which is bigger the former cost 8, so the former cost 8 is
still the tentative cost of F . For next searching process, node F , G and E will
be in the priority queue U .
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Figure 7.1: Illustration of Dijkstra’s algorithm. The source is node A and
destination is I. Nodes are settled (solid), reached (dashed)
or unreached (dotted). Each link is labelled with its edge cost
and each node is labelled with its current tentative cost.

The A* algorithm is first described by Peter Harl, Nils Nilsson and Bertram
Rapael of Stanford Research Institute in 1968 [41]. It is an extension of Dijkstra’s
algorithm, which can achieve a better performance by using a heuristic cost
function. The cost function of the A* algorithm is

f(n) = g(s, n) + h(n, z) (7.1)

where g(s, n) is the known cost from source s to current node n and h(n, z) is
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a heuristic estimate from node n to target node z. The searching process of A*
algorithm is the same as Dijkstra’s algorithm.

The Bellman-Ford algorithm is first proposed by Shimbel in 1955, but named
after Richard Bellman and Lester Ford, who published it in 1958 [17] and
1956 [31]. Similar with Dijkstra’s algorithm, it is also based on the principle
of relaxation. However, Dijkstra’s algorithm uses a priority queue to select the
reached nodes that have not been settled, and performs this relaxation process
for all unsettled neighbors of the minimum cost reached node. In contrast, the
Bellman-Ford algorithm simply relaxes all the edges. Obviously, it is slower than
Dijkstra’s algorithm, but it can handle route searching problems with negative
edge costs.

The Dijkstra’s algorithm is a route search algorithm that solves the shortest
path problem with non-negative edge costs [29]. If the edge cost of all road links
is positive, this algorithm can be used. This assumption, however, is not true in
the case of BEVs, as regenerative braking of BEVs will lead to negative energy
consumption values on some road segments. This prevents a direct application
of Dijkstra’s algorithm, but still allows the application of Bellman-Ford algo-
rithm. The Bellman-Ford algorithm can handle negative edge costs searching
problem if there are no negative cycles in graph, but it runs slower than Dijk-
stra’s algorithm [15]. Considering the energy loss of the vehicle powertrain, no
negative cycles will exist in the road graph. Johnson’s algorithm can also be
applied to solve this problem [50], but it needs a preprocessing step by applying
the Bellman-Ford algorithm to transform the weight function into a positive re-
duced weight function, and then the shortest path problem can be solved by the
Dijkstra’s algorithm. However, the disadvantage of Johnson’s algorithm is the
preprocessing phase, this leads to the limitation that dynamic factors cannot be
included, e.g. weather conditions, traffic flow.

In reference [89], the A* algorithm is applied by using a mesoscopic model
to take into account both negative edge costs and battery constraints. The
developed algorithm yields a heuristic estimation to calculate the future energy
consumption and the battery constraints are added directly in the edge costs
calculation. However, the influence of vehicle auxiliary system usage and road
surface is not considered in the edge cost and heuristic estimation.

In this chapter, both a mesoscopic and a microscopic energy consumption
model are proposed to calculate the edge cost for each road link, which is de-
scribed in Section 7.2. The influence of road topography and vehicle auxiliary
system usage are considered. The A* algorithm is applied for the energy efficient
route searching problem, as described in Section 7.3. Besides the most energy
efficient route, travel time is used as a constraint to find an energy efficient route
that makes a compromise between the fastest route and most energy efficient
route. The proposed route searching algorithm is verified by simulations and
driving tests, which are described in Section 7.4 and 7.5 respectively. Finally,
the conclusions are given in Section 7.6.
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7.2 Edge cost

The edge cost is the energy consumption for each road link between two nodes in
the energy efficient route searching problem. The energy consumption of a BEV
is influenced by driving behavior, vehicle usage, road topography information,
weather condition and traffic situation. However, for the route searching prob-
lem, the road topography dependent rolling resistance, driving speed and eleva-
tion are the important factors that determine different route options. Therefore
the difference of these factors are considered in the edge cost calculation.

The method to obtain the road topography information, including road type
and height is discussed in Chapter 6.2. The driving speed is determined by road
type and traffic flow. In a moderate congestion regime, the slightly lower speeds
can result in less energy consumption compared to free flow conditions [16, 30].
However, for a heavy congestion, the vehicle has to go through stop-and-go
conditions, which will cost more energy, and it can even form a complete blockage
(i.e. zero speed segments). Since real-time traffic data is not available now,
the driving speed on each road segment is determined by historical recording
on each road type, as discussed in Chapter 6.2.2. However, if real-time traffic
information can be accessed in future, the obtained average driving speed and
number of stops should be added to the corresponding road segment to increase
the calculation accuracy.

Because the speed profile obtained in terms of road type information is dis-
continuous, the energy consumption can be calculated either using a mesoscopic
model based on discontinuous speed profile or using a microscopic model based
on realistic speed profile. Both of these two methods are discussed in following
sections.

7.2.1 Mesoscopic model

As described in Chapter 6.2.2, the speed profile is obtained from historical
recording data of each road type, so it is discontinuous, as the solid line shows
in Figure 7.2. Because of this discontinuity, the acceleration would be infinite
between two different types of road segment. This in turn results in an unrealis-
tical energy consumption. A mesoscopic model is adopted to solve this problem,
where the edge cost can be divided into three parts: energy consumption caused
by constant speed driving, energy consumption by speed difference and energy
consumption caused by the height difference.

The battery output power for constant speed driving on a level road Pcons is
given by

Pcons = (frmg +
1

2
ρCdAfv

2) + Pptloss + Paux (7.2)

where m is the vehicle mass (kg), including occupants and cargo; g is the gravi-
tational acceleration (m/s2); fr is the rolling resistance coefficient (-); Cd is the
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Figure 7.2: Speed data based on the road topography information.

aerodynamic drag coefficient (-); Af is the vehicle frontal area (m2) and v is
the vehicle speed (m/s). The powertrain power loss Pptloss (W) and auxiliary
system power usage Paux (W) are discussed in Chapter 3.3 and 3.5 respectively.

The energy consumption caused by the constant speed driving Econs (J) for
a road segment is given as

Econs = Pcons
L

v
(7.3)

where L is the length of the road segment (m).

The energy usage per 100 km for constant speed driving E100km (kWh) can
be calculated as

E100km = Pcons ×
100× 1000

v
× 1

3.6× 106
=
Pcons
36v

(7.4)

The result is shown in Figure 7.3. It should be noticed that the auxiliary system
usage plays an important role on the energy consumption at low speed driv-
ing. For example, when auxiliary power usage increases from 300 W to 600 W,
the most efficient driving speed changes from 27 km/h to 34 km/h and the en-
ergy usage for the most efficient driving speed increase by 18%. Therefore, the
auxiliary power usage should be taken into consideration when calculating the
constant speed energy consumption.

The speed difference can be caused by several reasons, for example, speed
difference between two links, low speed at street corners or traffic lights, etc.
The net battery DC energy caused by the speed difference Ediff v (J) can be
estimated by considering the change in the vehicle kinetic energy. The estimation
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Figure 7.3: The energy usage per 100 km for constant speeds driving.

equation is given as

Ediff v =


1
2m(v(n1)2 − v(n2)2)/ηpt, if v(n1) ≤ v(n2)

1
2m(v(n1)2 − v(n2)2)ηptηbat, if v(n1) > v(n2)

(7.5)

where v(n1) is the speed of the start node of one road segment, v(n2) is the
speed of the end node of the road segment and ηbat is the battery efficiency, the
value is set to 93%, according to the analysis in Chapter 3.6.

The height difference also has an influence on the energy usage. The caused
net battery DC energy between two nodes Ediff H (J) can be calculated as

Ediff h =

{
mg(H(n1)−H(n2))/ηpt, if H(n1) ≤ H(n2)

mg(H(n1)−H(n2))ηptηbat, if H(n1) > H(n2)
(7.6)

where H(n1) is the height of the start node of one road segment and H(n2) is
the height of the end node of the road segment.

The edge cost can be calculated by the sum of energy consumption of constant
speed, energy consumption caused by the speed difference and energy consump-
tion caused by the height difference of the road segment. The equation is given
by

Edc net = Econs + Ediff H + Ediff v (7.7)

where Edc net is the net battery DC energy (J).
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7.2.2 Microscopic model

The energy consumption calculated from the mesoscopic model is a rough esti-
mation because the influence of acceleration and deceleration is ignored. The
adoption of acceleration profiles can significantly change the energy consump-
tion for the same route [14], an aggressive driving style with a bigger acceleration
and deceleration profile will result in a higher energy consumption compared to
an economic driving style. Therefore, using an instantaneous speed profile has
advantages in energy consumption calculation compared to using a discontinuity
speed profile. The instantaneous speed profile is obtained using realistic vehicle
acceleration or deceleration to connect two different discontinuous speeds [76].
In this case, the influence of driving style on the energy consumption can be
included. To simplify the calculation, the driving behavior is assumed to be the
same for one driver on all road links.

According to measurements of the Lupo EL, the maximum acceleration is
about 3 m/s2 during normal driving and the maximum deceleration by regener-
ative braking is -2 m/s2. During normal driving, the hydraulic braking is seldom
used, therefore, the maximum deceleration of the vehicle is set to -2 m/s2. The
acceleration or deceleration applied to connect different speed road segments
is determined by the difference between the current driving speed and target
speed. If the difference is larger than 10 km/h, the maximum acceleration or
deceleration is adopted, or else the applied value linearly decreases from the
maximum value to zero with the speed difference. The schematic figure of the
rule to connect the speed discontinuity is shown in Figure 7.4, and which can be
described following:

� If the driving speed of the next node n2 is higher than the current node
n1, the vehicle will start to accelerate at the beginning of the next link
until the speed reaches the desired speed or the vehicle reaches the end of
next link, as shown in Figure 7.4(a). Then the algorithm will search the
next node n3. If the speed of node n3 is higher than the current driving
speed, then the vehicle will keep accelerating along the next link until the
desired speed is reached, as in Figure 7.4(b).

� If the driving speed of next node n4 is lower than the current speed or n4
is a traffic light, the vehicle has to decelerate to the lower speed before
arriving at node n4, as Figure 7.4(c).

For the route searching, the new speed profile can be established once a new
node is settled. This speed profile can then be used to calculate the energy
consumption from the start to current node based on the energy consumption
model, as discussed in Chapter 5.

The motor input electric power is

Pelec = Fxv + Pptloss (7.8)
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Figure 7.4: Route searching considering realistic acceleration and decel-
eration. (x-axis is driving distance, y-axis is driving speed).

where Pelec is the motor electric power (W); Fx is the propelling force at wheels
(N) and Pptloss is the powertrain power loss (W). The power at the battery
terminals is

Pbat = Pelec + Paux (7.9)

In this calculation, the net battery DC energy at the battery terminals is
used to demonstrate the energy consumption on road segments. The energy
extracted from the battery when propelling the vehicle is

Edis =

∫
Pbatdt if Pbat ≥ 0 (7.10)

The regenerative braking energy can be calculated as

Ereg =

∫
Pbatdt if pbat < 0 (7.11)

Therefore, the net battery DC energy consumption can be calculated as

Edc net = Edis + Eregηbat (7.12)

This realistic speed profile can give a more accurate calculation. It will,
however, take more time to calculate a realistic speed profile, which will slow
down the route searching procedure.
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7.2.3 Edge cost calculation constraints

The maximum traction power of the motor is 50 kW and the maximum regen-
erative braking power is 24 kW in terms of the setting of the one-pedal-driving
(OPD) control strategy in the Lupo EL, as discussed in Chapter 4. If the re-
generative braking power is higher than 24 kW caused by a significant height
difference or speed decrease, the additional power has to be achieved by the fric-
tion brakes, which cannot be recuperated. The motor power limitation is give
as

− 24 kW ≤ Pelec ≤ 50 kW (7.13)

The recuperated energy, however, is also limited by the battery capacity.
When the vehicle is driving downhill with a fully charged battery, the kinetic
and potential energy cannot be recuperated, which should be dissipated into heat
through the friction braking. Accordingly, the battery capacity constraint needs
to be considered in this case. When doing the route searching, one constraint is
added in the edge cost calculation: the battery initial capacity plus the energy
consumption value during this trip cannot exceed the battery maximum capacity.
This battery capacity constraint is important in hilly area driving, but for level
roads driving, it can be neglected.

7.3 Route searching algorithm

The cost function of the A* algorithm combines a known cost from the initial
node to current node and a heuristic estimation cost from current node to the
destination. The cost function of A* algorithm will be discussed next.

7.3.1 A* algorithm

The A* algorithm is a heuristic approach, the cost function of node n can be
described as

f(n) = g(s, n) + h(n, z) (7.14)

where f(n) is the cost function; g(s, n) is the known cost from the initial node s
to node n, which can be calculated using the methods described in Section 7.2;
h(n, z) is a heuristic estimate of the cost from node n to the destination z.

To make the heuristic function admissible, it should never overestimate the
actual minimal cost of reaching the destination [28]. This means that for any
node n, the estimated cost h(n, z) from node n to z must satisfy:

h(n, z) ≤ g(n, z) (7.15)

where g(n, z) is the actual cost from node n to z.
When aiming at the shortest route, the heuristic estimation h(n, z) can be

chosen as the straight-line distance from node n to z. For optimizing the travel
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time, h(n, z) can be defined as the straight-line distance between node n to z
divided by the maximum driving speed. However, the situation is more compli-
cated with regard to the energy consumption.

For BEVs, the energy is extracted from the high voltage battery, a small part
is used by the auxiliary system and most of the energy is transferred via the
electric powertrain into mechanical energy, which is used to overcome the road
load. Because of the auxiliary energy usage and energy loss in the powertrain,
the mechanical energy at wheels is always smaller than the net DC battery
energy, so

Edc net(n, z) > Ew(n, z) (7.16)

where Edc net(n, z) is the consumed net battery DC energy from node n to z
and Ew(n, z) is the cumulated energy at wheels from node n to z.

The cumulated energy consumption at wheels Ew can be divided into resis-
tance energy Er and kinetic and potential energy Ek,p, given as

Ew(n, z) = Er(n, z) + Ek,p(n, z) (7.17)

where Er is the resistance energy loss caused by rolling resistance, aerodynamic
drag and friction losses and Ek,p is the kinetic and potential energy, which can
be recuperated.

For future energy consumption estimation, the resistance energy is taken as
the value that is obtained when the vehicle is driving at the most efficient speed
(around 25 km/h) for the straight-line distance between the node n to z. Hence
the estimated resistance energy usage at wheels Er esti can be written as

Er esti(n, z) = EvminLn,z

< Er(n, z)
(7.18)

where Evmin is the minimum energy usage per kilometer and Ln,z is the straight-
line distance between node n to z. It is impossible for the driver to drive the
vehicle at the most efficient speed for a straight-line distance without any stops,
so the estimated resistance energy at wheels Er esti is smaller than the actual
resistance energy Er.

For the kinetic and potential energy estimation, the energy loss of transform
among the kinetic, potential and other forms of energy is neglected. So, the
estimated kinetic and potential energy Ek,p esti at wheels can be written as

Ek,p esti(n, z) = mg(H(z)−H(n)) + (
1

2
mv(z)2 − 1

2
mv(n)2)

< Ek,p(n, z)
(7.19)

where v(z) is zero because the vehicle is assumed to be standstill at the desti-
nation. Because there are always losses in the transform between different types
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of energy, the estimated kinetic and potential energy at the wheels Ek,p esti is
always smaller than the actual kinetic and potential energy Ek,p.

The heuristic estimation h(n, z) of node n is taken as the sum of the estimated
resistance energy at the wheels Er esti and the estimated kinetic and potential
energy at the wheels Ek,p esti, given as

h(n, z) = Er esti(n, z) + Ek,p esti(n, z)

< Er(n, z) + Ek,p(n, z)

< Edc net(n, z) = g(n, z)

(7.20)

which fulfills the requirement defined by equation (7.15). Therefore, the adopted
cost function of A* algorithm can be used to solve the route searching problem
of BEVs with negative weights.

A MATLAB code of Dijkstra’s algorithm written by Joseph Kirk is download
from MathWorks [54], and then this code is improved for the A* route searching
algorithm. The pseudocode of the route searching algorithm is described in
Appendix B.

7.3.2 Energy efficient route with time constraint

Apparently driving on a small road at low speeds can save energy compared
to highway driving. However, even a very eco-friendly driver cannot accept to
drive in a route three times as long as the fastest route just to save energy.
Nevertheless, an economic route with a driving time of e.g. 20% longer than the
fastest route may be acceptable. Therefore, the travel time can be added as a
constraint in the route searching algorithm. Besides the most energy efficient
route, an energy efficient route, which travel time is not longer than 120% of the
fastest route is also presented.

In this route searching algorithm, the fastest route is found first, and then
the algorithm starts to searching the most energy efficient route. To any node in
the graph, if the travel time in the most energy efficient route is smaller than the
time needed for the fastest route times 1.2, the energy efficient route is adopted,
or else the fastest route is adopted.

7.4 Simulations

In terms of the A* algorithm, three advanced route searching algorithms are
proposed: the most energy efficient route for which the edge cost is calculated
by a mesoscopic model, the most energy efficient route for which the edge cost
is calculated based on a microscopic model and an energy efficient route within
a time boundary. Based on these three route searching algorithms, three energy
efficient routes are presented. To evaluate these three energy efficient routes,
the shortest and fastest route are also found. Then the energy consumption of
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found routes are calculated by the energy consumption prediction algorithm, as
discussed in Chapter 6. Two city areas are selected to evaluate these advanced
route searching algorithms, in Eindhoven and Maastricht. Eindhoven is a flat
area with a maximum height difference of 10 m, and primary roads spread evenly.
Maastricht a ”hilly area” compared to Eindhoven, with a height difference of 100
m, and primary roads are comparatively sparse in this area.

7.4.1 Routes in Eindhoven

The start point of the travel in Eindhoven is Ambachtsweg which GPS coordi-
nate is (51.480, 5.438), the destination is V an der V alk Hotel which GPS coor-
dinate is (51.407, 5.480), as shown in Figure 7.5. The fastest route, the shortest
route, the most energy efficient route from a mesoscopic model, the most energy
efficient route from a microscopic model and an energy efficient route within a
time boundary are found by advanced route planning algorithms. The driving
distance, driving time, number of traffic lights and energy consumption of these
found routes are listed in Table 7.1.
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Figure 7.5: Routes in the Eindhoven area. Route 1 is the shortest and
most energy efficient route, route 2 is the fastest route, route
3 is the energy efficient route with time constraint and route
4 is the city ring route.
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It can be seen that the fastest route is the highway with least traffic lights and
highest driving speed, which also has the most energy consumption. The shortest
route is the same as the most energy efficient route from both the microscopic
model and mesoscopic model. This is because there is a priority route from the
start to the destination through the city center, it is the shortest route and also
cost the least energy. The energy efficient route with a travel time shorter than
120% of the fastest route is another city inner route. It has less traffic lights
compared to the most energy efficient route, which can save travel time but will
use more energy because of a slightly longer distance.

According to Google map, another route is also recommended, the city ring
route, see route 4 in Figure 7.5. The travel time and energy consumption of
the city ring route are also calculated by the energy consumption prediction
algorithm and the results are listed in Table 7.1. It can be seen that the city
ring route is not a good option because it cannot save too much time compared
to the city inner route, but it costs more energy. Therefore, the city ring route
is not selected by the advanced route searching algorithm.

Another thing should be mentioned is that OpenStreetMap (OSM) is a col-
laborative project, which is not perfect now. Some node information like traffic
lights and one way street signals is missing. For example, there are 19 traffic
lights according to OSM in the shortest route, but the actual number is 23.

Table 7.1: Details for different routes in the Eindhoven area.

Route type
Route
number

Traffic
lights

Distance
[km]

Time
[h]

DC energy
[kWh]

Shortest 1 19 9.54 0.32 1.12
Fastest 2 9 14.19 0.25 1.69
Mesoscopic 1 19 9.54 0.32 1.12
Microscopic 1 19 9.54 0.32 1.12
Time constraint 3 12 10.04 0.27 1.19
City ring route 4 17 11.53 0.31 1.25

7.4.2 Routes in Maastricht

For BEVs, the shortest route will also minimize the energy consumption nor-
mally. However, there are several cases where this is not true, particularly with
traffic jams, significant road slopes, different road types and multiple traffic
lights. Maastricht is a hilly area with sparse primary roads, so it is a good
area to verify the difference between the shortest route and most energy efficient
route. One example is shown here. The start point is Maagdendries which GPS
coordinate is (50.860, 5.703) and the destination is Hotel de Uitkijk which GPS
coordinate is (50.871, 5.823). The driving distance, driving time, number of traf-
fic lights and energy consumption of the fastest route, the shortest route, the
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most energy efficient route from the mesoscopic model, the most energy effi-
cient route from the microscopic model and an energy efficient route with time
constraint are listed in Table 7.2.
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Figure 7.6: Routes in the Maastricht area. Route 1 is the the shortest
route, route 2 is the fastest route, route 3 is the most energy
efficient route from a mesoscopic model and route 4 is the
most energy efficient route from a microscopic model.

Table 7.2: Details for different routes in the Maastricht area.

Route type
Route
number

Traffic
lights

Distance
[km]

Time
[h]

DC energy
[kWh]

Shortest 1 2 9.51 0.19 1.32
Fastest 2 2 9.74 0.15 1.50
Mesoscopic 3 4 10.23 0.33 1.21
Microscopic 4 3 9.92 0.32 1.20
Time constraint 1 2 9.51 0.19 1.32

It can be seen that in this case, neither the shortest route nor the fastest route
is the most energy efficient route. Compared to the shortest route, the energy
saving of the most energy efficient route is approximately 9%. The most energy
efficient route calculated based on the mesoscopic model and microscopic model
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are different, but the difference is smaller than 1%. This is because the energy
consumption from the mesoscopic model is a rough estimation, which has a lower
accuracy compared to the microscopic model. However, it is difficult to obtain
the instantaneous speed profile during normal driving, and the route searching
algorithm with a microscopic model requires almost double searching time com-
pared to the route searching algorithm with a mesoscopic model. Therefore, the
microscopic model may not be a good option for real-time navigation.

7.5 Measurements

To verify the accuracy of advanced route searching algorithms, driving tests
have been done by multiply drivers in Eindhoven area. As analysed in Section
7.4.1, the most energy efficient route (Route 1) and the energy efficient route
with time constraint (Route 3) are almost the same. During normal driving, the
energy consumption is also influenced by the driving behavior and traffic flow.
Therefore, it is expected that the difference between Route 1 and Route 3 can
only be identified based on statistical analysis from a high number of recordings,
which is time consuming. To save time, three driving routes are chosen: the
highway route, the city inner route and the city ring route, see Figure 7.7.
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Figure 7.7: Driving routes in the Eindhoven area.



7.5 Measurements 123

The driving date, ambient temperature and wind condition for each driver
are listed in Table 7.3. All driving tests are done from 13:00 h to 16:00 h on
working days, so no traffic jam occurred. Each route is driven back and forth
by four drivers. Because Eindhoven area is rather level, if the wind influence is
minor, the travel time and energy consumption result should not be influenced
by the driving direction for the same route. For the city inner route, the driving
route for two directions are not exactly the same, see Figure 7.7, because of the
presence of a one-way street. According to measurements, energy consumption
and travel time of two directions of city inner route are close. Therefore, to elim-
inate the influence of wind, the average value of back and forth driving tests is
adopted for all routes. The driving time and energy consumption measurement
of each driver are listed in Table 7.4. For simulations, the energy consumption
results of four drivers are different because of the variation of ambient temper-
ature and wind, thus the average value of simulations for each route is obtained
and given in Table 7.4.

Table 7.3: Tests details for each driver.

Driver Date
Ambient
temp [◦C]

Wind
Speed [m/s] Direction [◦]

Driver 1 20160406 11 6.8 227
Driver 2 20160411 20 4.6 112
Driver 3 20160412 18 2.1 189
Driver 4 20160421 19 4.3 50

It can be seen that the highway is the fastest route as expected. According
to the average value of test results, it saves 37% travel time compared to the city
inner route, but with a driving distance of 40% longer and approximately 50%
more energy consumption. The city ring route takes about 10% more energy
consumption compared to the city inner route, but only saves 1 minute, about
5% of the travel time, therefore it is not a good option. This supports the result
from simulations.

The average energy consumption value of four drivers are close to simulations,
the difference is smaller than 5% for all three routes. But the predicted travel
time is too optimistic compared to measurements. This is probably because the
influence of traffic lights are underestimated. For simulations, half of the traffic
lights are assumed to be red and the waiting time is 30 seconds. However, the
driver has to stop for more traffic lights than the assumption in driving tests. For
example, the mean value of waiting time for four drivers in the city ring route
is 258.2 seconds for 12 red traffic lights. However, according to the simulations,
there are 8 red traffic lights and the total waiting time is 240 seconds.
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Table 7.4: Measurements and simulations for different routes.

Route Driver
Distance

[km]
Time

[h]
DC energy

[kWh]

City
inner

Driver 1 9.65 0.33 1.06
Driver 2 9.63 0.39 0.95
Driver 3 9.63 0.42 0.98
Driver 4 9.65 0.37 1.03
Average 9.64 0.38 1.01

Simulation 9.71 0.33 1.04

City
ring

Driver 1 10.94 0.38 1.22
Driver 2 10.91 0.35 1.10
Driver 3 10.92 0.34 1.09
Driver 4 10.93 0.36 1.16
Average 10.93 0.36 1.14

Simulation 10.99 0.32 1.20

Highway

Driver 1 14.08 0.22 1.87
Driver 2 14.01 0.22 1.49
Driver 3 14.07 0.27 1.41
Driver 4 14.08 0.24 1.47
Average 14.06 0.24 1.56

Simulation 14.20 0.26 1.61

7.6 Conclusions

In this chapter, three advanced roue searching algorithms are presented, includ-
ing the most energy efficient route which edge cost is calculated by a mesoscopic
model, the most energy efficient route which edge cost is calculated based on a
microscopic model and an energy efficient route within a time boundary. The
A* algorithm is used for the route searching algorithm, which solves the negative
edge cost problem caused by the regenerative braking of BEVs.

As an example, simulation results show that the most energy efficient route
can save up to 9% energy compared to the shortest route in some cases. The
energy efficient route searching algorithm with a time constraint can provide a
route, which can make a comprise between the energy consumption and time
saving. Driving tests by four drivers in Eindhoven are used to verify the algo-
rithm. The comparison results show that the energy consumption is quite close
between simulations and measurements. However, the influence of traffic lights is
underestimated, which needs be investigated in future. More driving tests need
to be done to prove the accuracy of the advanced route planning algorithm. This
research is based on OpenStreetMap, it is a collaborative project, which is not
perfect. Therefore, other road maps should be compared with OpenStreetMap
to check the accuracy in future.



Chapter 8

Conclusions and recommendations

8.1 Conclusions

The aim of this thesis is to analyse and model the energy consumption of a
battery electric vehicle, to extend the driving range where possible and to reduce
the driver’s range anxiety. Based on these objectives, four topics are addressed:

� Understand the energy consumption of different vehicle components, and
then build an energy consumption model to calculate the vehicle energy
consumption based on the speed profile.

� Improve the regenerative braking control strategy to recuperate as much
energy as possible during braking.

� Provide an accurate energy consumption prediction for a chosen route
before driving, and adjust the energy consumption prediction based on
measurements during driving.

� Provide an energy efficient route for the driver based on the start point
and destination.

This research is based on a prototype battery electric vehicle, the TU/e
Lupo EL. It has been built by the Dynamics and Control group of the Eind-
hoven University of Technology as a research platform for electric mobility and
is introduced in Chapter 2. In terms of above four topics, the main contribu-
tions of this thesis can be summarized as vehicle energy consumption analysis
and modelling, one-pedal-driving algorithm design, vehicle energy consumption
prediction and advanced route searching algorithm development.
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The energy consumption of the Lupo EL is analyzed in Chapter 3. The
energy consumption of different vehicle components is identified through mea-
surements, including road load, powertrain, regenerative braking, auxiliary sys-
tem and battery. The rolling resistance coefficient on various road surfaces is
obtained at different ambient temperatures. Measurements show that the in-
fluence of road surface on the rolling resistance is more important compared
to the ambient temperature. The powertrain efficiency is measured through a
dynamometer test, and the result shows that the powertrain efficiency is better
in traction mode than in regenerative braking mode. The battery efficiency is
calculated using measurements from driving tests, approximately 93% of energy
charged into the battery can be extracted and used for propulsion again. Energy
consumption models with a parallel regenerative braking (PR) algorithm and a
one-pedal-driving (OPD) algorithm are presented in Chapter 5. Measurements
on the public roads show that both of these two vehicle energy consumption
models can calculate the energy consumption with an error smaller than 5%
under different circumstances using measured driving speed profiles.

In Chapter 4, a OPD algorithm is designed to replace the initially used PR
algorithm in the Lupo EL. Measurements show that the OPD algorithm allows
the vehicle to be driven using the accelerator pedal alone in most cases and
the brake pedal is only applied in emergency situations. The OPD algorithm
provides a range of accelerator pedal positions for coasting the vehicle, which
contributes to energy saving. Simulations show that driving using the OPD
algorithm can save up to approximately 3.3% to 8.5% energy on rural and city
routes respectively compared to using the PR algorithm based on the same speed
profile. Measurements show that regenerative braking can recuperate energy up
to 23% for city driving and 13% for rural driving using the OPD algorithm;
when using the PR algorithm these numbers are 14% and 9% for city and rural
driving respectively. Subjective evaluation by drivers confirms that the OPD
algorithm can provide a better driving experience compared to the former PR
algorithm.

An energy consumption prediction algorithm is presented in Chapter 6 to
reduce the driver’s range anxiety and to remind the driver to take some mea-
sures to reduce the energy consumption during driving when necessary. The
energy consumption prediction algorithm includes an offline and an online part.
The offline algorithm determines future speed profiles using the route informa-
tion, which provides a minimum, nominal and maximum energy consumption
prediction before a trip begins. The online algorithm adjusts the offline energy
consumption prediction during driving by considering the influence of current
driving behavior, auxiliary system usage and varying vehicle parameters. The
energy consumption prediction algorithm is verified by 21 driving tests, includ-
ing highway, rural, city and hilly driving. Comparisons show that the offline
nominal prediction error is smaller than 10% for most trips. The actual energy
consumption value of all tests are within the range of the offline minimum and
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maximum prediction. The mean absolute percentage error between the actual
energy consumption value and online prediction values of most tests is smaller
than 5% during driving.

In Chapter 7, advanced route searching algorithms are presented to obtain
energy efficient routes. The influence of road type, road slope, traffic lights and
road curvature are taken into consideration to calculate the energy consumption
for each road link. A heuristic estimation route searching algorithm, called the
A* algorithm is used to find the most energy efficient route. Besides the most
energy efficient route, an energy efficient route with a time constraint is also
presented. Simulation results show that the most energy efficient route can save
up to 9% energy compared to the shortest route for some specific cases. The
energy efficient route searching algorithm with a time constraint can provide a
route, which can make a compromise between the energy saving and the time
required. Driving tests by four drivers on three routes, including highway, city
ring and city inner route, have been made in the Eindhoven area. Measurements
show that the average energy consumption of four drivers are close to simulations
for all three routes with an error of smaller than 5%. However, the actual travel
time is longer than simulations. This is because the influence of traffic lights is
underestimated.

8.2 Recommendations

In this research, important improvements have been made to reduce the driver’s
range anxiety for BEVs. Although some questions are not fully solved, it pro-
vides a good starting point for further investigations. Based on these results
obtained, recommendations for future research are given below.

� The battery modelling in Chapter 3 is based on measurements from driving
tests. Because of the hysteresis phenomenon, the battery’s internal resis-
tance is calculated based on steady state conditions, e.g. constant speed
driving. However, there is no steady recordings when the discharging cur-
rent is larger than 100 A, so the average value of internal resistance at
a specific discharging current is adopted. In future research, the battery
model needs to be improved and verified by more tests.

� Because the Lupo EL is always parked inside a lab, the influence of am-
bient temperature on the battery self-discharge is not considered. But
actually the self-discharge of battery will increase with a decrease of the
ambient temperature. Therefore, the influence of ambient temperature on
the battery capacity should be considered.

� In Chapter 4, a one-pedal-driving algorithm is designed based on the accel-
erator pedal travel. The VW Lupo 3L hydraulic braking system, including
the ABS system is not modified. However, the ABS can only be activated



128 Chapter 8. Conclusions and recommendations

when the brake pedal is used. In future work, the ABS functionality has
to be added to the powertrain control.

� In Chapters 6 and 7, the speed profile is predicted based on historical
recording of driving tests on different road types. The influence of traffic
jams is not considered, so the algorithm cannot be used in rush hours. To
improve the accuracy, real-time traffic information should be included in
future work.

� In the speed profile prediction, the driving speed is assumed to be the same
on each road segment. However, this is not true in reality, for example,
traffic may be more busy in road intersections in comparison to the middle
of road segments. The stop and go conditions should be simulated to
improve the prediction accuracy.

� The influence of traffic lights is underestimated in the energy consumption
prediction algorithm and advanced route searching algorithms, which needs
to be investigated further in future work.

� For future research, the remaining driving range of BEVs should be pre-
dicted based on the energy consumption prediction algorithm and the avail-
able battery capacity.

� The energy efficient route within a time boundary found by the advanced
route searching algorithm is not a fully optimized result. To obtain the
most energy efficient route within a time bound, an improved optimization
code should be designed.

� The energy consumption prediction algorithm and advanced route search-
ing algorithm are developed and applied in a laptop now, which should be
improved for real-time application in future.

� This research is based on a prototype battery electric vehicle: TU/e Lupo
EL, so the algorithm is only suitable for this specific vehicle. In future
work, the algorithm should be generalized to an arbitrary BEV.



Appendix A

Vehicle parameters

The vehicle parameters of the Lupo EL used in this thesis are summarized in
Table A.1.

Table A.1: Vehicle parameters.

Parameter Description Value Unit

m Mass, 2 persons 1220 kg

g Gravitational acceleration 9.81 m/s2

Af Vehicle frontal area 1.97 m2

Cd Aerodynamic drag coefficient 0.3 -

Jw Wheel inertia 0.75 kgm2

Jm Motor inertia 0.0384 kgm2

ig Gear ratio 8.654 -

Re Tyre effective rolling radius 0.278 m

Ffric Powertrain friction force at wheels 15 N
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The pseudocode of A* algorithm used in the most energy efficient route
searching problem is given in Algorithm 1. The input is the road graph G =
(V,E), start node s and target node z, where V represents the nodes and E
represents the road links. In this algorithm, g(n) is the tentative cost from the
start node s to node n, h(n) is the heuristic estimation cost from node n to the
target node z, f(n) is the cost function of node n.

Algorithm 1: The most energy efficient route searching algorithm

Input : Graph G = (V,E), source s, target node z
Output: The most energy efficient path from s to z

1 begin
// Initialization

2 for each node n in V do
3 g(n)←∞; // Initial tentative cost setting

4 U ← {s}; // Priority queue

5 P{s} ← {s}; // The minimum cost path

// The start node

6 g(s)← 0; // Known cost of node s
7 h(s)← heuristic estimate(s); // Estimation from s to target z
8 f(s)← g(s) + h(s); // Cost function of s

// Route searching

9 while U 6= � do
10 chose u from U with minimal f(u); // Settle node u
11 remove u from U ; // Remove settled node u from U
12 if u = z; // Target is settled ?

then return P{u};
13 for each neighbour v of u; // Relax neighbors

do
14 c(u, v)← cost function(u, v); // The cost from u to v
15 h(v)← heuristic estimate(v); // Estimation of v to z
16 if f(v) > g(u) + c(u, v) + h(v); // Smaller cost via u ?

then
17 g(v)← g(u) + c(u, v); // Update the known cost of v
18 f(v)← g(v) + h(v); // Update cost function of v
19 P{v} ← P{u}

⋃
{v}; // Update the minimum cost path

// Update the priority queue for next searching

20 U ← {U, v};
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