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Abstract

The fuel consumption of heavy-duty vehicles can be reduced by using information
about the upcoming road section when controlling the vehicles. Most manufacturers
of heavy-duty vehicles today offer such look-ahead controllers for highway driving,
where the information consists of the road grade and the velocity only has small
variations. This thesis considers look-ahead control for applications where the
velocity of the vehicle has large variations, such as distribution vehicles or vehicles in
mining applications. In such conditions, other look-ahead information is important,
for instance legal speed limits and curvature. Fuel-efficient control is found by
formulating and solving the driving missions as optimal control problems.

First, it is shown how look-ahead information can be used to set constraints in
the optimal control problems. A velocity reference from a driving cycle is modified
to create an upper and a lower bound for the allowed velocity, denoted the velocity
corridor. In order to prevent the solution of the optimal control problem from
deviating too much from a normal way of the driving, statistics derived from data
collected during live truck operation are used when formulating the constraints. It
is also shown how curvature and speed limits can be used together with actuator
limitations and driveability considerations to create the velocity corridor.

Second, a vehicle model based on forces is used to find energy-efficient velocity
control. The problem is first solved using Pontryagin’s maximum principle to find
the energy savings for different settings of the velocity corridor. The problem is
then solved in a receding horizon fashion using a model predictive controller to
investigate the influence of the control horizon on the energy consumption. The
phasing and timing of traffic lights are then added to the available information to
derive optimal control when driving in the presence of traffic lights.

Third, the vehicle model is extended to include powertrain components in two
different approaches. In a first approach, a Boolean variable is added to represent
open or closed powertrain. This enables the vehicle to freewheel, in order to save
fuel by reducing the losses due to engine drag. The problem is formulated as a mixed
integer quadratic program. In a second approach, the full powertrain is modeled
including a fuel map and a model of the gearbox losses, both based on measurements
on real components. The problem is solved using dynamic programming, with
transitions between states including gear shifts, freewheeling, and coasting in gear.

Forth, the optimal control framework is used to implement an optimal control-
based powertrain controller in a real Scania truck. The problem is first solved offline
resulting in trajectories for velocity and freewheeling. These are used online in
the vehicle as references to the existing controllers for torque and gear demands.
Experiments are performed with fuel measurements, resulting in 16 % fuel savings,
compared to 18 % savings by solving the optimal control problem.



Sammanfattning

Bränsleförbrukningen för tunga fordon kan sänkas genom att använda information
om framtida vägförhållanden för att styra fordonen. De flesta fordonstillverkare
erbjuder idag prediktiva farthållare för motorvägskörning, där information består
av data för väglutning och fordonets hastighet endast har små variationer. Denna
avhandling behandlar körfall där hastighetsvariationerna är stora, som för t.ex.
fordon i distributionsdrift eller gruvfordon. För sådana fordon är andra typer av
information viktiga, som t.ex. hastighetsbegränsningar och kurvatur. Genom att
formulera köruppdraget som ett optimalt styrproblem, tas bränsleeffektiv styrning
fram.

För det första visas hur framförhållningsinformation kan användas för att sätta
bivillkor i det optimala styrproblemet. Utifrån en hastighetsreferens från en körcykel
skapas en hastighetskorridor, vilken består av en övre och en undre gräns för
den tillåtna hastigheten. För att förhindra att hastigheten i lösning avviker för
mycket från ett normalt körsätt används data från verklig lastbilskörning när
bivillkoren sätts. Här visas också hur kurvatur och hastighetsbegränsningar kan
användas tillsammans med begränsningar på fordonets aktuatorer och anpassning
för körbarhet när hastighetskorridoren skapas.

För det andra används en fordonsmodell baserad på krafter för att hitta en-
ergiminimerande hastighetsstyrning. Styrproblemet löses med hjälp av Pontryagins
maximum princip för att undersöka energibesparingarna för olika inställningar på
hastighetskorridoren. Problemet formuleras sedan på receding-horizon form och
en modellprediktiv regulator används för att undersöka horisontlängdens inverkan
på energiförbrukningen. Tid och fas för trafikljus läggs sedan till den tillgängliga
informationen för att hitta den optimala körstrategin vid körning bland trafikljus.

För det tredje utökas fordonsmodellen till att innehålla drivlinekomponenter via
två olika ansatser. I den första ansatsen används en Boleansk variabel för att repre-
sentera huruvida drivlinan är öppen eller stängd. Detta gör att fordonet kan frirulla,
vilket sparar bränsle genom att minska släpförlusterna i motorn. Problemet for-
muleras som ett blandat kvadratiskt heltalsproblem. I den andra ansatsen modelleras
hela drivlinan, med en bränslemussla för motorn och förlustmodell för växellådan
baserade på tidigare mätningar. Problemet löses genom dynamisk programmering
med övergångar mellan tillstånd genom växlingar, frirullning och släpning.

För det fjärde används optimal styrning för att implementera en regulator
för drivlinestyrning i en Scania-lastbil. Problemet löses först offline, vilket ger
trajektorier för hastighet och frirullning. Dessa används sedan online i fordonet
som referens till befintliga regulatorer för momentstyrning och växelval. Experiment
med bränslemätning ger 16 % uppmätt bränslebesparing mot 18 % besparing från
lösningen till det optimala styrproblemet.
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Chapter 1

Introduction

One of the greatest societal challenges of our time is the reduction of the use of
fossil fuels. Because of its great use of these, the transport sector and its vehicles
must be part of the process. Reducing the fuel consumption of vehicles can be done
in several ways. Improving or adding hardware components, such as engines and
gearboxes, is one way. Another way, which is the target of this thesis, is to develop
software to control the vehicles in more efficient ways. One benefit of this method
is that the cost related to it is independent of the number of vehicles that uses it.
Once the development is done, there are no additional costs. On the contrary, when
adding new or improving hardware components, the cost for each vehicle is often
increased.

Controlling vehicles in more fuel-efficient ways can be done manually by the
drivers of the vehicles. For cars, there are simple rules taught at driving schools,
such as accelerating with constant rates, cruising at constant velocities, and slow
down by engine braking. Even though such rules can decrease the fuel consumption,
they are unlikely to yield the optimal driving strategy. For instance, in addition to
engine braking when no traction is desired, it might be possible to freewheel while
idling the engine, or even turn the engine off. Deciding on when to start and stop
such maneuvers in the optimal way is difficult to do manually by a driver.

For heavy-duty vehicles (HDVs), the task can be even more challenging. Compared
to cars, HDVs have large weight in relation to: on the one hand their engine power,
and on the other hand the air resistance. Because of this, HDVs might lose velocity
in uphills, even when using maximum tractive power. On the other hand, they might
gain velocity in downhills, even when using no tractive power. These are some of the
reasons why it is a non-trivial task to control the vehicle in the most fuel-efficient
way. If information regarding the upcoming road section such as road grade can be
obtained in advance, then this information can be used to calculate the best way of
controlling the vehicle. This is known as look-ahead control, which is the focus of
this thesis.

In fact, speed controllers using look-ahead already exist in most new HDVs
today. The most common application of HDVs is driving long distances on highways,
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2 Introduction

i.e., long-haulage applications. It is mainly for this type of application that such
controllers exist today. In simple terms, the driver sets a cruising velocity and upper
and lower bounds for the accepted velocity. Taking the upcoming road grade into
consideration, the controllers then make fuel-efficient decisions on velocity and gear
control.

When driving in other conditions than highways, there are additional external
factors that must be taken into account. Varying legal speed limits and curvature
constrain which velocities that can be driven at, and traffic lights introduce a time
dependency on the velocity constraints. The topic of look-ahead control for such
driving scenarios is an open field, both in academia and industry. This is the main
motivation for the work in this thesis.

The rest of this chapter is organized as follows. In Section 1.1, the work is
motivated from three different viewpoints. In Section 1.2, state-of-the-art strategies
for fuel-efficient control are described. In Section 1.3, the studied problem of the
thesis is described further. Finally, in Section 1.4 the contribution and outline of
the thesis is presented.

1.1 Motivation for fuel-efficient look-ahead control

The objective of using look-ahead control is to reduce the fuel consumption. The
strive for lower fuel consumption can be explain in several ways. Three impor-
tant motivations are: environmental, legal, and economical motivations. These are
discussed in the following sections.

1.1.1 Environmental motivation
The awareness and concerns about climate change are steadily increasing. The
European Commission stated in 2018 that “Climate change is a serious concern
for Europeans. The current changes in our planet’s climate are redrawing the world
and magnifying the risks for instability in all forms. The last two decades included
18 of the warmest years on record. The trend is clear. Immediate and decisive
climate action is essential.” [1]. Following the raised awareness of the threat of
global warming, world leaders have together formulated the Paris Agreement [2].
The agreement was negotiated during 2011-2015 and was decided upon at COP21
in Paris in December 2015. The central aim of the Paris Agreement is to counteract
on the threat of climate change by keeping the rise in global temperature well below
2 degrees Celsius above pre-industrial levels. Furthermore, efforts should be pursued
such that the temperature increase is limited to 1.5 degrees Celsius. The Paris
Agreement entered into force on November 4, 2016. On November 28, 2018, the
European Commission adopted a strategic long-term vision for a climate neutral
economy [1].

The transport sector accounts for as much as 22 % of the CO2 emissions in the
European Union [3]. Heavy-duty vehicles are responsible for around a quarter of
the CO2 emissions from the road transport [4]. In the US, transportation accounts
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for 29 % of greenhouse gas emissions [5]. Class 8 trucks (vehicles with gross vehicle
weight rating exceeding 15 ton) transport about 70 % of all freight tonnage [6]. Also
in the US, medium and heavy weight vehicles account for 23 % of the energy used
by the transport sector in 2016 [7]. Globally, the CO2 emissions by the transport
sector was 24 % in 2016 [8]. Because of these numbers, a lot of attention is given to
companies and institutions in transportation and vehicle manufacturing.

The study [9] claims that changing driver behavior towards more eco-driving
is an overlooked method for mitigating climate change. The authors estimate that
changing the driver behavior can save 10 % fuel in personal cars. One way of changing
how vehicles are driven is to implement cruise controllers that can handle everyday
driving in a fuel-efficient way.

1.1.2 Legal motivation
Emissions from HDVs have been regulated in the last decades by the Euro stan-
dards [10]. The first, Euro I, was introduced in 1992. The most recent one, Euro VI,
was introduced in 2009 with a few comitology packages added until 2013. However,
these standards do not concern the actual fuel consumption, but rather emissions
of CO, HC, NOx, particulate matter, smoke, and particle number. In, 2018, the
European commission proposed [4] to set the first-ever CO2 emission performance
standards for new HDVs in the EU. It requires the average CO2 emissions from new
trucks in 2025 to be 15 % lower than those in 2019. Furthermore, the proposal sets
an indicative reduction target for 2030 of at least 30 % reduction compared to 2019.
A review of the legislation is planned by the commission in 2022 in order to set a
binding target for 2030.

1.1.3 Economical motivation
Companies in the transportation industry also have their own incentives to decrease
the fuel consumption of their vehicles. For a European hauler, the fuel cost corre-
sponds to about 35 % of the total costs [11]. The cost divided by category can be
seen in Figure 1.1. The marginal cost for truckers in the US mainly consists of fuel
and driver wages. As of 2012 in the US, fuel was responsible for 39 % and driver
wages 26 %, while in 2017, fuel was down at 22 % and wages at 33 % [12].

The push for autonomous HDVs can also be seen as a mean to overcome the
shortage of truck drivers. In the US, the shortage was first reported in 2005 consisting
of an estimation of 20 000 drivers, which increased to 50 000 drivers in 2017 [13].
Since the average age of American truck drivers is 46 years old according to a
survey by ATA, the number of available truck drivers is likely to decrease further
in the future. In their prediction of future development of autonomous trucks,
McKinsey&Company estimates that sometimes around 2025-2027, autonomous
trucks will perform the highway portion of deliveries, producing cost savings of
about 20 % [14]. After 2027, they predict that fully autonomous trucks will be a
reality, which would reduce today’s total cost of ownership by 45 %. With these
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Figure 1.1: Cost for European haulers per category [11].

numbers in mind, the push for fuel-efficient velocity control can be understood in
two ways. For the first, the fuel savings directly reduce the cost. For the second, the
ability to control the powertrain automatically reduces the need for a driver, which
also reduces the cost.

The distinctions between different motivations made here is not unique. In fact,
they often interact with each other. For instance, imposing legal requirements for
vehicles is one way to force the manufacturers to decrease the emissions to be allowed
to sell them. Another example is that advertising the vehicles being as sustainable
and having low emissions can improve the image and increase sales, even though it
is claimed to be for environmental reasons.

1.2 Fuel saving strategies

Strategies for driving HDVs fuel-efficiently on highways are today well established.
To drive fuel-efficiently in such applications, it is important to use a strategy that
takes advantage of the varying road grade. A section where this can be done can be
seen in Figure 1.2. Starting from the left, the vehicle is approaching an uphill, steep
enough for the vehicle not to be able to maintain its cruising speed. The tractive
power is increased such that the velocity is greater than the cruising speed when
entering the uphill. There are several benefits of doing so. First, time is saved by the
increased velocity. Second, the turbo speed is increased which prepares the engine
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Figure 1.2: Basic functionality of a modern intelligent speed controller using look-
ahead. Scania-Illustration 002, is licensed under CC BY-NC-ND 3.0

for producing maximum torque. Third, changing to lower gears might be avoided,
which saves both energy and time and also leads to higher velocity at the end of the
ascent.

Before, during, and after the downhill, the vehicle might use a combination of
on the one hand eco-rolling and on the other hand coasting with a gear engaged.
In eco-rolling, the mechanical connection in the powertrain is temporarily broken,
such that the engine speed is not given by the wheel speed. Instead, the engine
is operated at idle speed, which significantly reduces the frictional losses in the
engine. When coasting with a gear engaged, these frictional losses are higher. On the
other hand, is the fuel cut off and the engine is kept running by the inertia of the
vehicle, which is slightly reduced. In the specific case in Figure 1.2, eco-rolling is first
used to decrease the velocity. When the velocity starts to increase due to gravity,
the highest possible gear is engaged. This means no fuel consumption, and lowest
possible losses in the engine among all gears. After a short braking session when the
maximum velocity has been reached, eco-roll is again engaged until the velocity is
at the cruising level. Lastly in the figure, the vehicle reaches an almost flat section.
Here, the vehicle is alternating between traction (pulse) and eco-rolling (glide). This
behavior is known as pulse-and-glide (PnG) and it saves fuel by reducing the losses
in the engine.

The strategy in the downhill in Figure 1.2 is only one example of a combination
of different control strategies that can be optimal. Depending on the road grade, the
length of the hills, features of the vehicle etc., other strategies might be the optimal
ones. This example demonstrates that controlling the velocity and gear selection of
an HDV in the optimal way can be a challenging task. A driver trying it manually is
unlikely to succeed. It is therefore well motivated that most manufacturers of HDVs
today offer a look-ahead controller performing this task automatically. However,
what has been discussed here covers highway driving, where the velocity limitations
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Figure 1.3: An HDV driving in an environment where its velocity is constrained by
several external factors.

are constant, and few disturbances are encountered. In other driving environments
such as country roads, urban and suburban driving, and in mines, the challenge is
more complex. This will be discussed in the next section.

1.3 Problem description

This thesis treats the subject of how to minimize the fuel consumption of HDVs
driving in environments where the desired and required velocity varies. One such
environment can be seen in Figure 1.3. The HDV in the lower left corner has a
planned route indicated on the map. Similar to the case of highway driving discussed
in the previous section, the road grade of the up- and downhills has large impact on
the ability of the vehicle to maintain its velocity. Furthermore, there are varying
legal speed limits and intersections controlled either by traffic lights or a yielding
rule. There are also curves where it might not be possible to maintain cruising
speed. If information about these external factors can be obtained in advance, i.e.,
as look-ahead information, then the vehicle can be controlled in a way such that its
fuel consumption is decreased.

The main application of the methods developed in this thesis is heavy-duty
trucks driving in environment in between highway driving and urban driving. These
are typically trucks with a weight of 10-40 ton in distribution applications. However,
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(a) A heavy-duty distribution vehicle driv-
ing in an urban environment. Varying legal
speed limits are often encountered in such
environments.

(b) A distribution vehicle performing nightly
deliveries. The disturbances from traffic are
less than during daytime, which simplifies
the use of look-ahead control.

(c) A heavy vehicle on a hilly road. Plan-
ning the velocity in curves ahead can be
fuel-efficient, and vital for safe driving.

(d) An autonomous mining vehicle. The iso-
lation from other traffic is a reason why min-
ing vehicles are among the first to be made
autonomous.

Figure 1.4: Four examples of applications where look-ahead control is applicable and
the demand on velocity is varying. Photo courtesy of Scania CV AB.

one can think of many other applications where the driving environment imposes
varying limitations in what velocity can be kept. A few such examples are shown in
Figure 1.4.

The purpose of this thesis is to find out how to control the longitudinal movement
of the vehicle such that the amount of fuel consumed is optimized. The method that
is being used is within the field of optimal control. To use optimal control, there
must be a mathematically formulated optimal control problem. The formulation of
such problems is the core of the work in this thesis. The starting point is a vehicle
in a driving mission, for instance as in Figure 1.3. The first step is to analyze which
information is important for the ability to control the vehicle in a fuel-efficient way.
The second step is to formulate this information such that standard optimal control
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algorithms can be used. In this thesis, the optimal control problem is typically
written on the following form:

minimize
traction, braking, gear shifting

fuel consumption, trip time

subject to vehicle dynamics,
road grade,
speed limits,
curvature,
traffic,
infrastructure.

The pseudocode above expresses that a combination of the fuel consumption and
the trip time should be minimized by controlling the traction, braking, and gear
changes of the vehicle. Furthermore, the minimization is subject to a number of
constraints that are reformulated from the real vehicle and its surroundings into a
mathematical form. These constraints have different characteristics and implications
on the problem:

• Vehicle dynamics: A mathematical model of how controllable and external
inputs influence the state of the vehicle. Controllable inputs can for instance
be forces, torques, or a gear selection. External inputs can for instance be road
grade or air resistance. The state of the vehicle can contain information of for
instance its velocity or current gear.

• Road grade: Due to the heavy weight of HDVs in relation to their engine
power and the air resistance, the road grade has large influence on the velocity.
The road grade is typically taken into account through the vehicle dynamics.

• Speed limits: With few exceptions, all public roads have legal speed limits.
From a mathematical point of view, they are piecewise constant constraints
on the velocity.

• Curvature: Too high velocity in curves might cause the vehicle to slip or roll
over. The curvature of the road therefore also limits the maximum possible
velocity. Since the curvature varies continuously, so do the velocity limits they
give rise to.

• Traffic: Other vehicles on the road can delimit the possibility to control the
vehicle in a desired way. In the extreme case of a traffic jam, the vehicles have
few options but following the vehicle in front of them. The relation to traffic
can also be seen from the perspective of other traffic participants. It might be
desirable to drive in a way that does not deviate too much from the traffic flow.
Both these perspectives can imply constraints, even though the consequences
for violating them are very different.
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• Infrastructure: With the increase in connectivity of “things”, more informa-
tion can be made available. One way for the vehicle to obtain useful informa-
tion is by vehicle-to-everything (V2X) communication. These are relatively
new techniques through which a vehicle can communicate through vehicle-
to-vehicle (V2V) communication or through vehicle-to-infrastructure (V2I)
communication. One example of V2I is the communication between vehicles
and traffic lights. If the vehicle has access to the upcoming phases of the traffic
lights, then it can plan its velocity to pass at green light in an efficient way.

Depending on which kind of method that is chosen to solve the optimal control
problem, it must be formulated on a specific form. For instance, constraints must be
convex for many methods to work. Another example is that the discrete nature of
gears can cause difficulties, because many methods only allow continuous variables.

Some of the information used in the optimal control problem can possibly be
obtained by anyone. For instance, the road grade and the curvature can be measured
by driving or by photos from different angles. For other information, for instance the
timing sequences of the traffic lights, more sophisticated means of communication
must exist. In this thesis, exactly how the information is obtained is not studied in
detail. It is rather assumed that if there exists sensor and communication technology
for obtaining specific type of information, then this can be done.

1.4 Thesis outline and contributions

In this section, the outline and contributions of the thesis are given.

Chapter 2: Background
This chapter starts by describing driver assistance systems and autonomous vehicles.
A historical background is given, followed by a description of current state-of-the-art
solutions. A discussion of how different look-ahead information can be obtained
then follows. It is then described how driving missions can be formulated as optimal
control problems and different challenges that follow. Lastly, a theoretical description
of optimal control problems and the methods used to solve them are given.

Chapter 3: Vehicle and powertrain modeling
In this chapter, models of the vehicle and its surroundings are given. The first
part presents a model based on external and controllable forces on the vehicle.
Such a model makes it possible to analyze the problem from an energy perspective
calculated “at the wheel”. An extension is presented to the model where parts of the
energy converted during braking is regenerated. Next, two different models of the
powertrain are introduced. In the first one, the powertrain is modeled to be either
open or closed, which enables the possibility to freewheel. In the second model,
efficiencies of powertrain components are taken into account.
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The chapter is primarily based on the publication:

• Manne Henriksson, Oscar Flärdh, and Jonas Mårtensson. Optimal Speed
Trajectory for a Heavy Duty Truck Under Varying Requirements. In 2016
IEEE 19th International Conference on Intelligent Transportation Systems,
pages 820–825, Rio de Janeiro, 2016. ISBN 9781509018895

Chapter 4: Formulation of constraints based on look-ahead
information
In this chapter, it is described how different factors that influence the velocity of
the vehicle can be formulated as constraints in the optimal control problem. First,
an analysis of real truck data is performed to generate statistics regarding how
similar vehicles normally decelerate. These statistics are used to modify a velocity
reference by allowing deviations such that the vehicle does not deviate too much
from a normal way of driving. Second, speed limits and curvature are used together
to set the constraints for the allowed velocity. These constraints are modified to
increase driveability and ensure feasibility. Third, information regarding the phasing
and timing of traffic lights are formulated as time-dependent constraints. Finally,
the design of a benchmark controller in this thesis is discussed.

The chapter is primarily based on the publication:

• Manne Henriksson, Oscar Flärdh, and Jonas Mårtensson. Optimal Speed
Trajectories Under Variations in the Driving Corridor. In 20:th IFAC World
Congress, pages 13062–13067, Toulouse, 2017. doi: 10.1016/j.ifacol.2017.08.2194

Chapter 5: Energy-efficient velocity control
In this chapter, the vehicle dynamics are described by a tractive force, a braking force,
and external environmental forces. The driving mission is formulated as an optimal
control problem with the objective of minimizing the energy consumption. The
optimal control problem is first solved using Pontryagin’s maximum principle. Next,
a model predictive controller is presented that solves the problem using a quadratic
programming formulation in a receding horizon fashion. Sensitivity analyses are
performed with respect to both the settings of the velocity constraints and to the
horizon length. Finally, driving in the presence of traffic lights is considered. The
phasing of the traffic lights is formulated as time dependent velocity constraints.
The solution from solving the optimal control problem is compared with a rule-based
controller with short look-ahead horizon to give an indication of the potential fuel
savings.

The chapter is primarily based on the publications:

• Manne Held, Oscar Flärdh, and Jonas Mårtensson. Optimal Speed Control of
a Heavy-Duty Vehicle in Urban Driving. IEEE Transactions on Intelligent
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Transportation Systems, 20(4):1562–1573, 2019. ISSN 15249050. doi: 10.1109/
TITS.2018.2853264

• Manne Held, Oscar Flärdh, and Jonas Mårtensson. Optimal Speed Control
of a Heavy-Duty Vehicle in the Presence of Traffic Lights. In 54th IEEE
Conference on Decision and Control, Miami Beach, 2018

Chapter 6: Fuel-efficient powertrain control
In this chapter, the vehicle model from the previous chapter is extended to include
powertrain components. The driving mission is formulated as an optimal control
problem with the objective of minimizing the fuel consumption. First, a Boolean
variable for freewheeling is added. A comparison is made between a benchmark
controller, a controller with large velocity variations, a controller with the ability to
freewheel with the engine idling and a controller with the ability to freewheel with
the engine off. Second, a full powertrain model is given, where the instantaneous fuel
consumption is given by a fuel map derived from experiments. The problem is solved
using dynamic programming, with specific transitions between stages consisting of
same gear transitions, freewheeling, coasting in gear, and transitions involving gear
changes.

The chapter is primarily based on the publications:

• Manne Henriksson, Oscar Flärdh, and Jonas Mårtensson. Optimal Powertrain
Control of a Heavy-Duty Vehicle Under Varying Speed Requirements. In 2017
IEEE 20th International Conference on Intelligent Transportation Systems
(ITSC), pages 1922–1927, Yokohama, 2017. ISBN 9781538615263

• Manne Held, Oscar Flärdh, and Jonas Mårtensson. Optimal Freewheeling
Control of a Heavy-Duty Vehicle Using Mixed Integer Quadratic Programming.
In 21st IFAC World Congress, page To appear, Berlin, 2020. URL https:
//arxiv.org/abs/2002.05944

Chapter 7: Implementation and experiment
In this chapter, experiences from the work presented in the previous chapters are used
for implementation and experiment in a real HDV. The implementation consists of
an offline and an online part. In the offline part, road slope and curvature from a test
track are used together with driveability considerations and actuator limitations to
formulate an optimal control problem. In the online part, the solution of the optimal
control problem is used as references to the existing cruise control functionalities
in the vehicle. The fuel consumption is measured and compared for an optimal
controller and for a benchmark controller.

The chapter is primarily based on the publications:

• Manne Held, Oscar Flärdh, Fredrik Roos, and Jonas Mårtensson. Implemen-
tation of an Optimal Look-Ahead Controller in a Heavy-Duty Distribution

https://arxiv.org/abs/2002.05944
https://arxiv.org/abs/2002.05944
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Vehicle. In 2019 IEEE Intelligent Vehicles Symposium (IV), pages 2202–2207,
Paris, 2019. ISBN 9781728105604

• Manne Held, Oscar Flärdh, and Jonas Mårtensson. Experimental Evaluation
of a Look-Ahead Controller for a Heavy-Duty Vehicle with Varying Velocity
Demands. Submitted to Control Engineering Practice, 2020

Chapter 8: Conclusions and future work
The final chapter of the thesis summarizes the work presented and emphasizes
potential future research directions.

Other publications
The following publication is not covered in this thesis, but it inspired some of the
contents and is highly relevant for fuel-efficient look-ahead control.

• Lars Eriksson, Andreas Thomasson, Kristoffer Ekberg, Alberto Reig, Mark
Eifert, Fabrizio Donatantonio, Antonio D’Amato, Ivan Arsie, Cesare Pianese,
Pavel Otta, Manne Held, Ulrich Vögele, and Christian Endisch. Look-ahead
controls of heavy duty trucks on open roads — six benchmark solutions.
Control Engineering Practice, 83(September 2017):45–66, 2019. ISSN 09670661.
doi: 10.1016/j.conengprac.2018.10.014. URL https://linkinghub.elsevi
er.com/retrieve/pii/S0967066118306695

Contribution by the author
The order of the author names reflects the workload, where the first had the most
important contribution. The author of this thesis was previously known under the
name Henriksson, which is the name used in many of the publications. The author
of this thesis is the main author of the publications and the results are mostly his
own original work.

https://linkinghub.elsevier.com/retrieve/pii/S0967066118306695
https://linkinghub.elsevier.com/retrieve/pii/S0967066118306695


Chapter 2

Background

In this chapter, the required background of the thesis is given. First, in Section 2.1,
the relation to autonomous vehicles and driver assistance systems is given. Section 2.2
presents different sources of look-ahead information. Next, Section 2.3 discusses
how driving missions can be formulated as optimal control problems by a survey of
the related literature. In Section 2.4, relevant theory of optimal control problems is
given. Finally, the chapter is summarized in Section 2.5.

2.1 Driver assistance systems and autonomous vehicles

Autonomous vehicles have in recent decades gone from being a topic for science
fiction to be a topic for current research and a next step of development for many
manufacturers. However, the concept of autonomous vehicles can mean a wide range
of technology, from systems assisting the drivers in their tasks, to vehicles driving
in complete absence of human intervention.

The society of automotive engineers (SAE) has classified six levels of driving
automation in the standard J3016 [24]:

• Level 0 - No automation All driving tasks (steering, accelerating, braking,
etc.) are performed manually by a human.

• Level 1 - Driver assistance The vehicle features a single automated system,
for instance the velocity controlled by a cruise controller.

• Level 2 - Partial automation The vehicle can perform both steering and
acceleration/decelerations. The driver monitors the systems for these functions
and can take control at any time.

• Level 3 - Conditional automation The vehicle can perform most driving
tasks. The human driver is expected to intervene and respond appropriately
when requested by the vehicle.

13
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• Level 4 - High automation The vehicle performs all driving tasks under
specific circumstances (for instance excluding severe weather conditions).

• Level 5 - Full automation The vehicle performs all driving tasks under any
condition.

Look-ahead control performed manually by the human driver, for instance by
releasing the throttle ahead of a downhill, is thus a level 0 automation. A look-ahead
cruise controller monitoring the velocity is a level 1 automation. If working together
with steering, they are jointly a level 2 automation. Look-ahead control for velocity
and powertrain control fits into this framework from both perspectives. It is on the
one hand part of today’s constantly improved velocity and powertrain controller
developed for aiding the drivers. On the other hand, it is a necessity for autonomous
vehicles to perform basic tasks, such as changing gears and choosing velocity. In this
section, the history and current development of both perspectives are given.

2.1.1 A historical background
As defined in [25], advanced driver-assistance systems (ADAS) aim to support drivers
by either providing warning to reduce risk exposures, or automating some of the
control tasks to relieve a driver from manual control of a vehicle. ADAS is a collection
of systems developed in order to automate part of the driving or assist the driver.
The purpose can be to improve safety, driver comfort, and fuel-efficiency. Examples of
ADAS systems are adaptive cruise control (ACC), forward collision warning (FCW)
and lane departure warning systems [25].

An early ADAS function was the automatic cruise controller (CC). The technology
enabling a CC ranges back all the way to 1788 for the case of steam powered
engines [26]. Back then, James Watt made use of the centrifugal governor to regulate
the fuel to maintain constant rotational speed. Such a method was applied to petrol
cars in the first years of the 20th century in Wilson-Pilcher and Peerless cars. In the
1900 Wilson-Pilcher car [27], a hand-lever on the steering columns was connected to
the speed governor in the middle of the camshaft. By such arrangement, the driver
could adjust the strength of the spring that acted against the centrifugal force to
adjust the set-speed of the cruise controller. Cars from Peerless Motor Company of
1910 were advertised as having a system able to “maintain speed whether up hill or
down” [28].

The first invention to resemble modern cruise control was derived through the
work on the Speedostat by the American inventor Ralph Teetor. A US patent was
granted in 1950 for a device indicating to the driver how much the accelerator pedal
should be pressed to maintain constant velocity [29]. Towards the end of the fifties,
the Speedostat became more common and in 1959, Chrysler offered it on all its
car models. The Speedostat was soon renamed Cruise Control by General Motors’
Cadillac Division [30].

A crucial part of the surrounding awareness of vehicles is the use of cameras and
computer vision. In 1977, Tsukuba Mechanical Engineering produced an autonomous
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passenger vehicle that could recognize street markings [31]. The vehicle was able to
drive autonomously on a test track at a velocity of 30 km/h. Further development in
the field was done within the Prometheus project in 1987, where a Mercedes Sedan
named VaMoRs was equipped with cameras and micro-processors [32]. This vehicle
filtered the camera input to attenuate noise in order to focus on relevant objects,
such as potential hazards.

By the introduction of on-board sensors such as radars and lidars, measurements
of the distance to a preceding vehicle could be made. In 1992, Mitsubishi were the
first to offer a warning system for the distance based on lidar measurements [33].
When distance measurements were used for controlling both the throttle and the
brakes, the adaptive cruise controller (ACC) was created. This was done first by
a laser-based version by Toyota in 1998, soon followed by Nissan and Jaguar in
1999 [34]. The early ACCs worked as long as the preceding vehicle was moving.
Later, BMW enabled stop-and-go cruise control, which offered the driver assistance
of the velocity all the way down to zero velocity [35].

In heavy-duty vehicles, the gearbox often contains as many as 14 different gears.
Driving with varying velocity therefore leads to many gear changing maneuvers. To
relieve the driver from some of the burden, Scania introduced their Computer-aided
gearshifting (CAG) functionality in 1986. The gear selection was computerized,
while the timing of the actual gear shifts was decided by the driver by pressing the
clutch [36]. Ten years later in 1996, Scania made their gearbox fully automated by
the introduction of their automated mechanical transmission (AMT) Opticruice [37].
In 2001, Volvo introduced the I-Shift [38], the first AMT in which the gearbox was
designed for automatic gear-changing. The transition of gear control from the driver
to software led to lower fuel consumption and relieved the driver.

Another important factor to enable driver assistance systems is the knowledge
about the road ahead. What cannot be discovered by the onboard sensors must
be obtained from stored information. To use this information, it is vital to know
the position of the vehicle relative to the stored information. Therefore in 1981,
Nissan, Honda, and Toyota each introduced navigation systems for their cars on
the Japanese market [39]. These were all based on dead-reckoning, i.e., given a
known starting position, onboard sensors were used to track the position. In the
Nissan and Toyota systems, this was done by an odometer and an electric compass.
The Honda Electro Gyro-Cator system used odometer and gyroscope, and was the
first to show the (estimated) position of the vehicle on a map. Navigation systems
based on dead-reckoning has the big disadvantage of sooner or later drifting away
from the true position. Because of this, it was not until the introduction of Global
Navigation Systems (GNSs) such as the Global Positioning System (GPS) that the
breakthrough came. The first car to use a GPS-based navigation system was the
Mazda Eunos Cosmo Drive in 1990 [40].
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2.1.2 State-of-the-art
The development of cruise controllers, automatic gear shifting, and satellite-based
positioning has paved the way for today’s intelligent speed controllers. For HDVs,
such controllers save fuel by adapting the velocity and gear selection to the road
grade. Examples from a few of the manufacturers are:

• Scania introduced their Scania Active Prediction in 2012 [41]. Topographical
road data covering 95 percent of the main and secondary roads in western
and central Europe are used to plan the strategy ahead of hilly sections. The
velocity is increased ahead of uphills, which means the vehicle enters the hill
with full turbo pressure, downshift might be avoided, and time is saved due to
the increased velocity. The velocity is decreased ahead of downhills to avoid
braking, which is the main reason for the fuel savings, which were reported to
be 3 %. In 2013, Eco-roll was added to the controller, leading to additional
2 % savings [42].

• MAN released their predictive solution EfficientCruise in 2014, and later
added the ability to coast in neutral gear through their EfficientRoll [43]. Up-
and down-slopes are anticipated up to three kilometers in advance.

• DAFs Predictive Cruise Control adjusts velocity, gear and eco-rolls with
claimed fuel savings of 1.5 % in normal long haul driving and 4 % on hilly
roads [44].

• Volvo launched I-see in 2012, a solution first relying on learning the road
grade the first time the road was driven [45]. From 2019, cloud-based maps
are used.

• Daimler in 2009 introduced their Predictive Cruise Control that used geodetic
data together with GPS [46]. In 2012, development in Mercedes-Benz trucks
built further on this technology and included predictive gear shifting control
in their Predictive Powertrain Control, with three percent total fuel savings.
Three years later, the savings were claimed to be five percent [47]. From 2019,
the system is available for country roads, where curves, roundabouts and stop
signs are taken into account for automatically adjusting the velocity [48].

From the perspective of the six levels of automation presented in Section 2.1,
the above solutions all gradually increase the level of automation from low levels
by adding ADAS functionality. Another approach to increasing the autonomy of
the vehicles on the road is to develop vehicles with high levels of autonomy directly.
In recent years, new actors have entered the market for HDVs with this approach.
The self-driving technology company Otto became the first to deliver commercial
goods autonomously when they in 2016 transported 50 000 cans of beer [49]. In 2018,
the startup Embark Trucks claimed to have performed the first US coast-to-coast
journey by an automated truck [50]. For this trip, a modified Peterbilt tractor was



2.2. Obtaining the look-ahead information 17

equipped with sensors and self-driving software. The same year, the startup Starsky
Robotics claimed to have performed the first fully autonomous truck drive without
a human in the cab [51]. A remote driver was connected to the vehicle and initially
controlled the vehicle but handed over to autonomous driving on the highway.

Traditional manufacturers are also part of the transition to autonomous vehicles.
Volvo claims to have been the first in the world to have tested a fully autonomous
truck in an underground mine in 2016 [52]. Tests were performed on a 7 km track, 1300
meters underground. Since 2018, Scania are testing autonomous trucks supervised
by safety drivers in Australian mines [53]. In 2019, Scania introduced a concept
truck for mining applications, through a fully autonomous truck without a cab [54].

2.2 Obtaining the look-ahead information

What enables look-ahead control, compared to traditional control, is the use of
look-ahead information. This information can consist of anything that is useful
for the vehicle to make decisions. Some examples are road grade, curvature, speed
limits, and position of intersections. Although it is not modeled exactly how the
information is obtained in this thesis, a few important sources are given below.

2.2.1 Stored information

Maps containing road grade can either be measured and stored or bought from a
third-party provider. An estimation of the road grade was performed in [55] based
on Kalman filter fusion of vehicle sensor data and GPS position. Three vehicles
were driven the same stretch of highway several times. The road grade estimate had
an average root mean square error of 0.17 % compared to one from a specialized
road grade measurement vehicle. Maps used by autonomous vehicles must be highly
accurate and realistically represent the road. These are generally referred to as
HD maps. One developer of such maps is TomTom, whose maps contain lane
models, traffic signs, road furniture and lane geometry, with accuracy down to a
few centimeters [56].

2.2.2 Sensory inputs

Information can also be obtained by the vehicle as it drives by on-board sensors. The
first vehicle to have traffic-sign recognition was the Vauxhall Insignia in 2009 [57].
Speed limit and no overtaking signs could be found up to 100 meters ahead by a
wide-angled camera positioned at the top of the windscreen. As of today, many
vehicles use a combination of laser scanners, stereo cameras and radars to analyze
their surroundings.
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2.2.3 Vehicle-to-infrastructure (V2I)

Some parts of the infrastructure can provide useful information for vehicles. Because
of the great waste of energy when heavy vehicles brake, these vehicles are sometimes
given priority such that they can pass traffic lights at green [58]. Another way of
solving this problem is by enabling the vehicle to plan the trip fuel-efficiently by
obtaining information about future Signal Phase and Timing (SPaT) information.
Wireless communication between vehicles and between vehicles and infrastructure
can be performed using the dedicated short-range communication (DSRC). This
is a wireless communication channel that enables highly secure, high-speed direct
communication between vehicles and the surrounding infrastructure, designed specif-
ically for automotive applications [59]. The frequency used is in the 5.9 GHz band,
where 75 MHz of spectrum is allocated in the US, and 30 MHz in Europe. In 2016,
Audi announced vehicles with their Traffic light information system, which was the
first V2I service [60]. The cars communicate with the infrastructure and receive
real-time signal information from the advanced traffic management system that
monitors traffic lights. For V2I communication to be successful, it is important
that the owner of the information is willing to share it. A good example is the
Talking traffic project [61] by Ericsson, Siemens, and Semacon. In that project, all
available data sources owned by the Dutch government are connected to make the
data available for everyone with a smartphone or an up-to-date navigation system.

2.3 The driving mission as an optimal control problem

The approach for reducing the fuel consumption in this thesis is to formulate the
driving mission as an optimal control problem. The solution found by solving the
problem can then be used when controlling the vehicle. An early attempt to decrease
the fuel consumption in this way is done in [62], where it is investigated how a vehicle
driving on a highway should deviate from its set speed depending on the changes in
road grade. Pontryagin’s maximum principle (PMP) is used to find optimal velocity
trajectories. The technological equipment necessary in order to predict the upcoming
hills, such as the GPS, was not yet developed at this point. Because of this, the
methods could not be implemented in a real vehicle, even though a near-optimal
simplification only using the current slope was suggested. In [63], 15 late-model
cars are modeled and dynamic programming (DP) is used in order to find behavior
that maximize the fuel economy. A few specific situations are considered, such as
driving between two stop signs and cruising in a hilly terrain. In the last decades,
the interest in finding fuel-efficient control has increased and thus also the available
literature on the topic. An overview of how driving missions can be formulated as
optimal control problems is given in [64].

The rest of this section consists of a literature review of the related work on
different aspects of the use of optimal control for vehicle applications.



2.3. The driving mission as an optimal control problem 19

2.3.1 Online or offline

One way of categorizing solutions for reduced fuel consumption in two groups
is to view the target as either (a) solve the optimal control problem offline and
use the derived trajectory as a reference for an online controller to track or (b)
solve the optimal control problem online while driving. Several solution methods
exist for both approaches. However, they are typically implemented differently.
When solving the problem as in (a), the computational time is not crucial, so the
calculations can be allowed to take a considerable amount of time. On the other
hand, if the vehicle cannot exactly follow the trajectory found by the optimal control,
e.g. due to disturbances or modeling errors, an external controller must be used.
However, the control signal from such a controller is probably not the optimal one.
When solving the problem as in (b), the computational time must be taken into
account. The problem must be solved at least within the update frequency of the
controller. A common way to resolve this is to use the framework of model predictive
control (MPC) [65]. The solver considers the predicted states within some horizon
and adds a cost at the end of this horizon. When the problem is solved for this
horizon, only the first part of the derived control is applied to the vehicle, the
position is updated, and the problem is solved again.

An investigation of how near optimal solutions can be reached by different levels
of information in the controller is performed in [66] for a hybrid electric car in urban
environment. It is found that a position independent controller consumes 1-3 %
more fuel than optimum and a position dependent controller reaches consumption
of less than 0.2 % from optimum. One popular method for solving optimal control
problems is to use PMP [67]. This method has successfully been applied to the
optimal control of trains [68][69][70] and to hybrid electric vehicles (HEVs) [71][72].
A similar method is used in [73] to identify different policies for highway driving
such as maximum fueling and no fueling. By formulating the problem using PMP,
one can in many cases draw the conclusion that the optimal control strategy consists
of sequences of specific modes, such as maximum power and coasting [74]. In order
to find the solution of such problems, it is often necessary to use a shooting method
in order to find the initial value of the variables. This is done in [75], where the
method is applied to a plug-in hybrid electric vehicle (PHEV). PMP is usually used
for finding the trajectory offline but can also be used when solving the problem
using an MPC by using a penalty function at the end of the horizon [76].

For more complicated problems than the ones usually solved by PMP, one
possible approach is to discretize the search space and find the optimal solution
by exhaustively searching through all possible solutions. Since this would in most
cases mean searching through an enormous amount of possible solution, methods
for reducing the size of this search is often used. One common approach is the use
of DP. By applying DP, the search space and thus the complexity of the problem
is reduced [77][78]. The execution time can be reduced further by applying some
heuristic in the search for the optimal trajectory [79][80][81]. In [82], the optimal
control of an HDV driving on a highway is found using DP. Another way to reduce
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the computational burden in the vehicle is to solve the optimal control problem
in the cloud [83]. The optimal control of an off-road construction vehicle is found
in [84] by an MPC framework using DP. In [85], a car-following problem is solved
using DP. In order to take the preceding vehicle into consideration as a constraint,
the computations are performed forward in distance as opposed to the standard
algorithm where the computations are performed starting from the end position.

An example of how a driving mission formulated as an optimal control problem
can be solved in many different ways is the work done in [23]. The paper summarizes
six solutions of the Heavy Duty Truck on Open Road- The AAC2016 Benchmark [86].
Given an advanced model of an HDV, the contestants were given the challenge of
designing a controller for the vehicle in order for it to drive 120 km on a highway.
The solutions had to obey to strict constraints regarding engine air-to-fuel ratio,
maximum turbo speed and trip time etcetera. The solutions were scored mainly by
the fuel consumption, but also by computational time and by points given by an
industrial and an academic jury. The computations were allowed to be split into an
offline and an online part. The scoring points for online computation were much
higher than those for offline computation. This forced the contestants to make a
tradeoff for their solutions. The online computations should be limited in order to
maximize the scoring for computational time, but extensive enough to achieve low
fuel consumption. The six solutions, all very different in their approach of solving
the problem, can be found in [23].

2.3.2 Reducing the computational time

When using the solution of an optimal control problem as the basis for vehicle control,
it is often crucial that the problems can be solved quickly. One way of solving the
problem using an MPC approach very quickly is to simplify the problem such that
it can be formulated as a quadratic program (QP) [87]. Optimal control problems
representing driving missions often include a trade-off between the minimization of
on the one hand fuel or energy consumption and on the other hand trip time. The
fact that time is inversely proportional to velocity renders a nonlinear relation if
the velocity is used as state variable. In order to being able to take the trip time
into consideration in a QP, the deviation from a velocity reference can be penalized
instead of the trip time [88]. Another way is to make the relation between velocity
and time linear by linearizing the velocity around some value. This is done in [89]
by approximating time by a piece-wise affine (PWA) function.

Several other methods for reducing the computational time have been suggested
in the literature. In [90], a nonlinear MPC is solved in real-time by a convexifi-
cation and relaxation approach. In [91], an MPC is developed for personal cars
in urban environment and solved using a continuation and generalized minimum
residual (C/GMRES) method. A similar problem is solved in [92], where sequential
quadratic programming (SQP) is used and the update is sped up by taking advantage
of structures in the problem.
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2.3.3 Constraints on velocity and accelerations
Formulating and solving a driving mission as an optimal control problem might yield
solutions that are not suitable to use in real driving. The risk of this is especially
large when considering vehicles with varying velocity requirements, such as the ones
in this thesis. For instance, long distances of coasting ahead of stopping is generally
energy efficient, but it can be frustrating both to the driver and to trailing vehicles.
This problem can be solved by settings restrictions on the allowed deceleration or
velocity at different positions or at different times. One way to set such restrictions
on the velocity of the solution is to use data from real traffic. This is done in [93],
where such boundaries are referred to as the driving corridor. In [78], an optimal
cruise control algorithm is developed using DP for an HEV having its velocity
limited by a driving corridor. Studies on the fuel consumption in environments with
varying velocity restriction include [94], where subsections of the driving mission
are divided into the phases acceleration, constant velocity and deceleration. The
optimal switching points between these are then found analytically.

One application where varying velocity requirements need to be considered
is when driving in the presence of traffic lights. The restrictions on velocity can
then be set depending on whether the signal is red or green [95]. In [96], the
velocity trajectories during deceleration are restricted by a maximum and minimum
deceleration. The minimum deceleration is the constant value needed in order to
pass the traffic light as it turns green. The maximum deceleration is given by 60 %
of the gravity constant.

Another application where varying velocity requirements need to be considered
is when driving in the presence of other traffic. In this situation, the restrictions on
the velocity of the controlled vehicle, referred to as the ego-vehicle, are typically
restricted by a preceding vehicle. In [97], the deceleration of cars is studied in order
to approximate the average velocity as a polynomial function of distance to stopping
position. This function is used to model the deceleration of a preceding vehicle,
and it thereby influences how the ego-vehicle can drive. Using an MPC is popular
when considering a preceding vehicle, because the controller has the possibility
to dynamically adapt to changes in the environment that cannot be predicted.
Three different MPCs are proposed in [98], with different approaches to treating
uncertainties in the future behavior of the preceding vehicle.

2.3.4 Engine efficiency
The efficiency of a combustion engine depends on the engine speed and the torque.
This efficiency can be described by the brake specific fuel consumption (BSFC),
which is a map of the efficiency as a function of engine speed and torque. The
BSFC is considered in the optimization problem in [99], where it is investigated how
the engine efficiency influences the optimal driving strategy at different velocities
of the vehicle. The BSFC is approximated by a continuous function in [100] and
solved in a receding horizon fashion using SQP to solve the underlying nonlinear
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program. Nonlinearities in the BSFC of an HDV is studied in [101], where it is found
that switching between two different velocities is beneficial compared to keeping
a constant velocity on a road with moderate grade. This is done such that the
vehicle avoids operating at inefficient engine speeds. The fuel consumption in [102]
is experimentally fitted to a function in engine speed and torque. DP is then used
to minimize the fuel consumption of a light vehicle with a rule-based gear selection
based on engine speed. Although changing the working points of the engine can
reduce the fuel consumption, this can be of relatively low importance. This is shown
in [103], where it is concluded that most of the fuel is saved by a more fuel-efficient
velocity profile. Only a very small part of the fuel savings is obtained through more
efficient working points in the fuel map.

There are two distinct ways in which a vehicle can travel without any positive
tractive force. In this thesis, these are denoted coasting in gear and freewheeling and
are defined in Definition 1.

Definition 1. (Coasting in gear and freewheeling). When the vehicle model contains
a powertrain such that the connection between the engine and the wheel can be
broken the following distinction is made. Coasting in gear is defined as keeping the
connection in the powertrain but applying neither any tractive nor any braking
force. Freewheeling is defined as braking the connection in the powertrain, such that
the engine speed is not given as a function of the speed of the wheel.

When the vehicle model does not include a powertrain, coasting is defined by
Definition 2.

Definition 2. (Coasting). When the vehicle model contains no powertrain model,
coasting is defined as the control action such that neither any tractive nor any
braking power is applied.

During coasting in gear, no fuel is injected to the engine and the engine is kept
running by the inertia of the vehicle. When freewheeling, the engine is kept at idling
speed by combustion of fuel in the engine. The connection in the powertrain can
be made by for instance engaging neutral gear or opening the clutch. Using the
methods of coasting in gear and freewheeling are studied in [104] when vehicles
have to slow down when approaching traffic lights. A stochastic DP approach is
used in a car-following scenario in [105], with the fuel consumption modeled by
a multilayer perceptron. The fuel economy is improved by up to 13 % by using a
so-called Pulse-and-Glide (PnG) technique. PnG is a driving technique consisting of
switching between on the one hand tractive force at or close to the most efficient
working point of the engine and on the other hand freewheeling with low fuel
consumption.

When several types of energy are involved in the optimal control problem, such
as fuel, electric energy, and rotational energy, a way of weighting the cost between
these energy types are necessary. This is discussed in [106], where an evaluation
of the fuel equivalent of electrical energy in an HEV is performed. In [107] the
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fuel economy of a power-split HEV is improved, by first formulating the energy
management problem as a nonlinear and constrained optimal control problem. Then
an MPC is used to obtain the power split between the combustion engine and
electrical machines and the system operating points at each sample time.

One method for reducing the fuel consumption in HDVs is to reduce the total
energy lost due to drag losses in the engine by decreasing the engine speed. This
can be done by alternating between tractive power and freewheeling through a PnG
strategy. Four different cases of PnG were specifically studied in [108]. One optimal
cycle of PnG was performed for each case and they were then compared in terms of
fuel consumption. External effects from road grade and varying velocity constraints,
which might influence the timing of the PnG phases, are not considered. Another
example is [99], where PnG strategies are compared for different velocities in a
car-following scenario. The engine drag torque at idling was not considered, and a
continuous function could therefore be fitted to the fuel rate.

The gear of a vehicle is a discrete entity, typically represented by an integer. One
method to introduce such variable to the optimal control problem is to model the
problem of the form of a mixed integer program. An MPC solving a mixed integer
nonlinear program was applied to a heavy-duty vehicle in [109] in order to find the
optimal gear shifting policy. The application was highway driving and freewheeling
was not considered. Mixed integer programming has also been applied to the lateral
movement of vehicles in order to avoid obstacles [110]. Another application was
made for trains in [89], where a mixed integer formulation was used in order to
approximate nonlinear functions by a piecewise affine function.

2.3.5 Using vehicle-to-everything (V2X) communication
In recent years, there have been many different approaches to reducing the fuel
consumption of vehicles driving in the presence of traffic lights. In [111], an electric
car in an urban traffic network utilizes infrastructure to vehicles (I2V) information
to find energy-optimal velocity profiles. By first generating possible passing times of
the traffic lights over the full length of the driving mission, Dijkstra’s algorithm can
then be used to find the shortest path in terms of energy. The result by following
the suggested trajectory is then compared to the optimal solution found by a much
slower DP algorithm. In [112], the optimal velocity trajectory is first calculated
by ignoring the traffic lights. These are then added, and if following the planned
trajectory leads to passing a traffic light at red signal, the nearest green phase is
calculated. Then the constraints for passing the traffic lights are used for solving the
optimal control problem analytically. Rule-based algorithms includes [104] and [113],
where analyses of the optimality condition give that the vehicle can be in a few
different states such as acceleration, constant velocity and coasting. The selection
between these is based on the expected arrival time at the traffic lights. A statistical
model of the fuel consumption is used in [96] to find the most fuel-efficient way of
passing traffic lights.

An MPC is developed in [92] where the cost function penalizes fuel consumption
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and deviations from a velocity reference that is calculated based on the current
signal of the traffic light. A similar cost function is used in [95], where the time of
passing the traffic lights is set as the intersection between the allowed speed based
on legal restrictions and the set of speed for reaching the traffic light at a green
signal. Another approach using an MPC is [114], where two different controllers
are developed for an HEV. One MPC is used when the probability of passing a
traffic light at red is very low, and it minimizes fuel consumption and deviation from
velocity reference etc. Another MPC is used when it is likely to arrive at the traffic
light at red signal, in which case the time and distance from the traffic light are also
included in the cost function. A cooperative adaptive cruise controller is developed
for a car-following scenario in the presence of traffic lights in [98]. The future velocity
of the preceding vehicles is not fully known, but estimated based on measurements
and on I2V information from the traffic lights. As noted in [115], getting access to
signal timing plans can be difficult due to the many different entities managing the
traffic lights. SPaT information from fixed-time traffic lights that are not influenced
by traffic can be derived by measuring and analyzing the phases. However, it is
noted in the same paper that the significant drift of the clock in the traffic lights
makes this analysis difficult.

2.3.6 Implementation and experiments in real vehicles

Speed controllers based on optimal control are implemented and tested in heavy-duty
vehicles for highway driving in [77] and [116]. In [77], the optimal velocity profile is
found offline and used as a reference for the speed controller. In [116], the optimal
control is calculated online in the control unit of the vehicle. The potential of reducing
the fuel consumption in HDVs forming platoons was investigated experimentally
in [117]. One example of how real experiments are used in order to validate a
simulation model that can be used for optimization is given in [118]. In [119]
and [83], the optimal route and velocity profile for a personal car in urban driving
are calculated in the cloud and presented to the driver as a recommended velocity.
The fuel consumption is not measured but calculated backwards from engine speed
and torque. A different approach is performed in [120], where HDVs operating in
port areas are evaluated in terms of fuel consumption and pollution by entering the
velocity trajectories to an emission model.

2.4 Optimal control

The optimal control problems in this thesis are formulated either on continuous or
discrete form and these are described in this section. For the discrete version, two
specific examples are given: QP and mixed integer quadratic program (MIQP). Next
it is described how problems can be solved using PMP, MPC, and DP, and methods
for solving QPs and MIQPs.
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2.4.1 Continuous form

The continuous form of an optimal control problem can be stated as

minimize
u(s)

∫
S

0

f0(s, x(s), u(s))ds + φ(x(S))
subject to dx(s)

ds
= f(s, x(s), u(s)),

x(0) = x0,

x ∈ X ,

x(S) ∈ XS ,

u(s) ∈ U ,

(2.1)

where s denotes the independent variable which in this thesis is the position, x(s)
the state variable, u(s) the control, f0 the cost function, φ(x(S)) the terminal cost,
U the set of possible control, S the final position, x0 the initial valuee of the state
variable, XS the set of feasible terminal states and f the differential equation for
the state variable.

2.4.2 Discrete form

In the discrete form of an optimal control problem, the independent variable is
discrete and defines the different stages. The state and control variable might still
be continuous. The discrete form of an optimal control problem can be stated as

minimize
uk

N−1

∑
k=0

f0(k, xk, uk) + φ(xN)
subject to xk+1 = f(k, xk, uk),

x0 given,
xN ∈ XN ,

uk ∈ U ,

(2.2)

where k denotes the enumeration of the stages, N the final stage, xk the state
variable at stage k, uk the control, f0 the cost function, φ(xN) the terminal cost, U
the set of possible control, x0 and xS the initial and final value of the state variable
respectively, XN the set of feasible final states, and f the difference equation for the
state variable.
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Quadratic program

A QP consists of a convex cost function and affine constraints given by

minimize
x

1

2
xTQx + cTx

subject to Gx ≤ g,

x ∈ Rn,

(2.3)

where Q ∈ Rn×n,Q = QT
≻ 0, c ∈ Rn,G ∈ Rm×n, g ∈ Rm.

Mixed integer quadratic program

An MIQP is a QP where at least one, but not all, elements of x are integers. It is
given by

minimize
x

1

2
xTQz + cT z

subject to Gx ≤ g,

x ∈ R(n−p)
×Z

p,

(2.4)

where 0 < p < n,Q ∈ Rn×n,Q = QT
≻ 0, c ∈ Rn,G ∈ Rm×n, g ∈ Rm.

2.4.3 Optimal control - solving the problem
There are many possible methods for solving the optimal control problems. The
methods used in this thesis are presented in this section.

Pontryagin’s maximum principle

PMP [67] states that given an optimal control problem on the form (2.1), the optimal
solution must pointwise maximize the Hamiltonian H given by

H(s, x, u,ψ) ≜ −f0(s, x, u) + ψT f(s, x, u). (2.5)

The variable ψ is the adjoint-state variable with derivative

dψ

ds
= −

∂H

∂x
(2.6)

where ψ(0) and ψ(S) are free given that the values of x(0) and x(S) are fixed.
PMP provides a necessary, but not sufficient, condition for optimality.

Model predictive controller

MPC is a control framework that iteratively solves optimal control problems. Given
a state-space model of the system, future states can be predicted from the current
state and future predicted control inputs. The MPC finds the control that should
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j j+1 j +NH

past states

past control

predicted states

predicted control

applied control

k

Figure 2.1: Concept of a model predictive controller. The predicted control is found
such that the predicted states take optimal values. The first part of the control is
implemented, and the procedure is then repeated.

be applied in order to make the state variables attain optimal values. The control
framework was first used in the seventies in chemical plants [121]. Because of limited
computational power at that time, such slow processes were the only ones that could
be solved using an MPC. As of today, computational speed is much higher, and
the control framework can therefore be implemented in many other applications
involving quicker processes.

The following optimal control problem is solved at each time instant k:

minimize
uk

k+NH−1

∑
j=k

f0(j, xj , uj) + φ(xk+NH
)

subject to xj+1 = f(j, xj , uj),
xk given,
xj ∈ X ,

uj ∈ U

(2.7)

where k is the current stage, NH is the prediction horizon, f0 is a cost function, φ
is the cost at the end of the horizon, f is the difference equation for x, xk is the
given current state, X and U are the sets of feasible states and control input. The
concept is visualized in Figure 2.1.

QPs and MIQPs

The most widely used methods for solving QPs are interior-point methods and active
set methods [122]. Interior-point methods solve the problem by iteratively solving
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1 k k+1 N-1 N

0

Jk(xk,3)

Jk(xk,3) =min{ ζk(xk, u3) + Jk+1(F (xk,3, u3)),
ζk(xk, u2) + Jk+1(F (xk,3, u2)),
ζk(xk, u1) + Jk+1(F (xk,3, u1))}

ζk(xk,3, u3)
ζ
k (x

k,3 , u
2)

ζ
k (x

k,3 , u
1 )

Jk+1(F (xk,3, u3))

Jk+1(F (xk,3, u2))

Jk+1(F (xk,3, u1))
stage

state

Figure 2.2: The DP algorithm. At stage k, three different transition costs are
calculated from state 3 by using the three different controls, u1, u2, and u3. The
optimal one among these is the one for which the sum of transition cost and the
cost-to-go of the resulting state is the lowest.

for the original problem with equality constraints instead of inequality constraints,
and then applying Newton’s method to these conditions. Active-set methods work
with a set of active constraints called the working set. The methods iterate two
major steps. One step is the selection of a search direction which is a feasible descent
direction for the equality-constrained problem associated with the working set. The
other step is a strategy for adding a constraint to the working set if it is encountered
and dropping a constraint if its Lagrange multiplier is negative.

The most widely used method for solving MIQPs is branch-and-bound meth-
ods [123]. Such methods work by assuming that all variables are continuous and then
creates two or more subsets where a branching variable is set to integer values. Each
branch is then compared with upper and lower estimated bounds on the optimal
solution and is discarded if its solution is not better than the best one found so far
by the algorithm.

Dynamic programming

DP is a method for solving complex optimal control problems by breaking them
down into simpler subproblems. Each subproblem is solved once and its solution is
saved. This solution is used later if the same subproblem occurs again. The method,
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introduced in [124], relies on the principle of optimality, i.e., the fact that regardless
of what the initial state is, the remaining control must be optimal with respect to
the states resulting from this control. For a problem on the form (2.2), the optimal
cost-to-go Jk(xk) is defined as the cost for taking xk at the current stage to the
final stage using the optimal control sequence. The transition cost from one stage
to the next is denoted ζk(xk, uk). The algorithm becomes

1. At the last stage N , the optimal cost-to-go is equal to zero for all feasible
states at this stage JN(xN) = 0∀xN ∈ XN .

2. For k = N − 1, ...,1, the optimal cost-to-go is given by

Jk(xk) =min
uk

{ζk(xk, uk) + Jk+1(Fk(xk, uk))}. (2.8)

3. The solution constitutes of the control sequence uk for k = 1, ...,N − 1.

In this thesis, DP is applied to problems with discretized state variables. The concept
can be seen in Figure 2.2.

2.5 Summary

In this chapter, a historical background of autonomous vehicles and driver assistance
systems was first given. The development of the cruise controller, global navigation
systems, and sensor technology has paved the way for today’s predictive controllers.
A necessity for look-ahead control is the ability to obtain look-ahead information.
How this can be done was discussed next. The foundation of such controllers is in
many cases the formulation of an optimal control problem. Such problems can be
formulated in a huge variety of ways depending complexity of the vehicle model,
available computational power, and what information should be used. A literature
review was performed to cover different approaches. Finally in this chapter, the
mathematical formulation of optimal control problems and common methods to
solve them were given.

This chapter has unfolded the cornerstones that are used in the work in this
thesis, such as methods for solving optimal control problems, forms to formulate
the problems on, and means of obtaining the necessary information. However, using
these together to find fuel-efficient control for driving conditions where the velocity
has large variations, is yet to be done. This motivates the work done in the thesis.





Chapter 3

Vehicle and powertrain modeling

Modern heavy-duty vehicles are extremely complex machines with all their subsys-
tems and components. Many of these are not directly related to the fuel-consumption,
such as steering and suspension. To solve optimal control problems with the objective
of minimizing energy- or fuel-consumption, a model detailed enough to express the
relation between the longitudinal dynamics of the vehicle and the control variables
must be given. There is a trade-off in the choice of complexity of the model. On
the one hand, accurate models can provide accurate predictions at the cost of being
computationally expensive. On the other hand, simple models are less computation-
ally demanding, but provide less accurate predictions. Furthermore, with increasing
complexity of the derived models comes increased cost for experiments, wages, and
verifications.

This chapter presents the models of the vehicle and powertrain used in the
thesis. In Section 3.1 a force-based vehicle model derived from Newton’s second law
is presented. This model can be used for finding energy-efficient velocity control.
Section 3.2 presents two powertrain models. These can be used for finding fuel-
efficient powertrain control. The first model is an extension to the force model that
introduces a Boolean variable for freewheeling. The second model is a full powertrain
model including an engine and a gearbox. Finally, a summary of the chapter is given
in Section 3.3.

3.1 External force model

Throughout the thesis, the position s is used as the independent variable. An
alternative would be to use time as the independent variable. The focus is on
driving in environments with varying velocity demands and varying road slope. Such
factors are defined as functions of position and choosing position rather than time is
therefore a more convenient choice. The kinetic energy K is used as a state variable
to describe the movement of the vehicle. An alternative to this would be to use the
velocity v. The fundamental relation between kinetic energy, distance s, and force

31
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F given by
K = Fs (3.1)

is linear, and therefore energy is a more convenient choice. The kinetic energy is
related to velocity by

K(s) = mv(s)2
2

, (3.2)

where m is the mass of the vehicle. The derivative of the kinetic energy with respect
to position is given by

dK(s)
ds

= Ft(s) + Fb(s) + Fa(K(s)) + Fr(s) + Fg(s) (3.3)

where Ft(s) is the controllable tractive force, Fb(s) is the controllable braking force,
Fa(K(s)) the force from air resistance, Fr(s) the force from rolling resistance, and
Fg(s) is the gravitational force. The air resistance force is given by

Fa(K(s)) = −ρAfcd

K(s)
m

(3.4)

and the rolling resistance force is given by

Fr(s) = −mgcr cos(α(s)) (3.5)

where ρ is the air density, Af is the vehicle frontal area, cd is the air drag coefficient,
cr is the coefficient for the rolling resistance, g is the gravitational constant and α

is the road slope. The gravitational force Fg(s) is given by

Fg(s) = −mg sin(α(s)). (3.6)

The maximum tractive power of the vehicle is denoted Ptmax . This yields a
velocity-dependent, or here, a kinetic energy-dependent, limitation on the maximum
tractive force Ftmax(K(s)). The relation between force, power and velocity is given
by

F =
P

v
. (3.7)

The relation (3.2) gives that
1

v
=

√
m

2K(s) . (3.8)

By combining (3.7) and (3.8), the force can be written

F = P

√
m

2K(s) . (3.9)

and the constraint for maximum power thus becomes

0 ≤ Ft(s) ≤ Ptmax

√
m

2K(s) . (3.10)
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Since this yields infinite maximum force as K(s) approaches zero, the maximum
force is also limited by a constant value Ftmax such that

0 ≤ Ft(s) ≤ Ftmax (3.11)

The braking ability is constrained by a constant maximum force Fbmax by

− Fbmax ≤ Fb(s) ≤ 0. (3.12)

The time spent while driving a distance ds is given by setting v = ds/dt in (3.8) as

dt = ds
√

m

2K(s) . (3.13)

Regenerative braking extension

An extension to the vehicle model given by (3.3) is to let some of the energy from
braking be stored in the vehicle for the possibility of reusing it. This is known as
regenerative braking and is typically used in hybrid electric vehicles. Regenerative
braking can reduce the energy consumption, since the stored energy can be used
instead of energy from the conventional source. One problem when regenerating
energy from braking for an HDV is that the energy that needs to be converted is
very high. The electric system has a limitation on the maximum power that can be
regenerated, denoted Pbrmax . Also, by converting kinetic energy to electric potential
in the battery and back to kinetic energy, there are losses such that not all of the
braking energy can be reused. The ratio between the energy that is stored and the
energy converted from kinetic energy during braking is denoted γr. The regenerative
braking is modeled by splitting the braking force Fb(s) into two parts, such that

Fb(s) = Fbr(s) + Fbl(s), (3.14)

where Fbr is the part of the braking force that can be regenerated and Fbl is a pure
loss in terms of energy. The constraint for the regenerated part is

− Pbrmax

√
m

2K(s) ≤ Fbr(s) ≤ 0, (3.15)

where Pbrmax is the maximum power of regeneration. The constraint for the total
braking force is given by combining (3.12) and (3.14) such that

− Fbmax ≤ Fbr(s) + Fbl(s) ≤ 0. (3.16)

The regenerated energy is given by γrFbrds for the infinitesimal distance ds. The
remaining part, (1 − γr)Fbrds, is considered an electric loss. The parameters of the
vehicle model are given in Table 3.1 and are set based on [125]. These are used in
the thesis unless stated differently.



34 Vehicle and powertrain modeling

Table 3.1: Parameters related to the vehicle and the environment.

Parameter Value
g - gravitational acceleration 9.81 ms−2

m - vehicle mass 26 000 kg
rw - wheel radius 0.5 m
Ptmax - maximum power 250 kW
cd - air drag coefficient 0.5
ρ - air density 1.292 kg⋅ m−3

Af - vehicle cross-sectional area 10 m2

cr - rolling resistance coefficient 0.006
γr - ratio of regeneration 0.7

3.2 Powertrain models

This section presents two different models of the powertrain. The first one is an
extensions to the force models in Section 3.1. It adds a Boolean variable for whether
the powertrain is closed or open. In the second one, a full powertrain model is
given, consisting of an engine efficiency map, gearbox efficiency model, and gearbox
dynamics.

3.2.1 Freewheeling extension
Instead of controlling the vehicle by a tractive force, the force at the flywheel between
the engine and the gearbox is modeled. Doing so, (3.3) becomes

dK(s)
ds

= Ffw(s) + Fb(s) + Fa(K(s)) + Fr(s) + Fg(s) (3.17)

where Ffw(s) is the force at the flywheel and Fb(s), Fa(K(s)), Fr(s), and Fg(s)
are defined as in (3.3). The resulting force on the flywheel is given by

Ffw(s) = ⎧⎪⎪⎨⎪⎪⎩
Fp(s) − Fdc

powertrain closed
0 powertrain open

(3.18)

where Fp(s) is the force generated by the piston of the engine and Fdc
is the engine

drag force. The flywheel force is constrained by a maximum power Pfwmax as

Ffw ≤ Pfwmax

√
m

2
K−1/2. (3.19)

The power of drag losses Pd is calculated from the engine drag torque Td and engine
speed ω as

Pd = Td(ω)ω. (3.20)
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The drag torque is modeled to be linear in engine speed such that

Td(ω) = Td,0 + Td,1ω (3.21)

where Td,0 and Td,1 are found using least squares fit to experimental values from a
Scania engine. Combining (3.9) and (3.20)-(3.21) gives

Fd =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
(Td,0 + Td,1ωc)ωc

√
m

2K(s)
powertrain closed

(Td,0 + Td,1ωo)ωo

√
m

2K(s)
powertrain open

0 engine off
(3.22)

where ωc is the engine speed with closed powertrain and ωo is the engine speed with
open powertrain. These are both set to constant values. In the third case of (3.22),
the engine is turned off such that the engine speed, and thus the drag force, is zero.
For ωc, the constant value is a simplification since it varies continuously between
gear changes. The range of engine speed typically used by HDVs is 800-1500 RPM.
The chosen value of ωc =1100 RPM is a commonly used and efficient engine speed.

The Boolean variable z ∈ {0, 1} is introduced such that it attains the value z = 1 if
the powertrain is closed and z = 0 if the powertrain is open. After freewheeling, when
again closing the powertrain, the rotational speed of the engine must be increased
such that an amount of energy corresponding to the difference in rotational energy
∆Ee is added. This energy is given by

∆Ee = Ie

ω2
c − ω

2
o

2
(3.23)

where Ie is the moment of inertia of the engine.

3.2.2 Gear and engine model
This section presents a powertrain model containing engine, clutch, gearbox, final
drive and wheel. The model of the powertrain of the vehicle can be seen in Figure 3.1
and each part is described in the following sections.

Chassis dynamics

The dynamics of the vehicle in terms velocity and time are given by:

dv(t)
dt
=

1

mcm

(Tw

rw

+ Fenv(v,α) − Fb(t)) (3.24)

where v(t) and m are the velocity and mass of the vehicle, Tw is the torque at the
wheels, rw is the wheel radius, Fenv(v,α) is the sum of the environmental forces, α
is the road slope, and Fb(t) is the force at the brakes. The variable cm ≥ 1 represents
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Tw
Tfw ig ifd

Ie

Figure 3.1: The powertrain including from the left: engine, flywheel, gearbox, final
drive and driving wheel.

a mass factor in order to take the moment of inertia of the wheels and engine into
account and is given by

cm =
mr2

w + Iw + (igifd)2Ie

mr2
w

(3.25)

where Iw and Ie are the moment of inertia of the wheels and engine respectively
and ig and ifd are the transmission ratios of the current gear and the final drive
respectively. During freewheeling, ig = 0. The sum of the environmental forces
Fenv(v,α) in (3.24) is given by (3.3) as

Fenv(v,α) = −mg cos(α)cr −
1

2
ρAfcdv

2
−mg sin(α). (3.26)

Engine

The flywheel torque Tfw is given by

Tfw = Te − Td(ω) (3.27)

where Te is the engine torque created by the combustion in the engine and Td(ω) is
the drag torque created by friction in the engine. The flywheel torque Tfw is limited
such that

− Td(ω) ≤ Tfw ≤ Tmax(ω) (3.28)

where Tmax(ω) is a function of engine speed ω and the lower bound is found by
setting Te = 0 in (3.27).

The engine drag torque is a function of engine speed and is taken from previous
experiments in a test cell. It is approximated by the function (3.21) as Td(ω) =
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Figure 3.2: A fuel map similar to the one used in the optimization. The maximum
and minimum possible flywheel torques are shown as solid and dashed black lines
respectively. Dotted lines show equivalent power. Equivalent efficiency is shown in thin
solid lines with the values of the corresponding efficiency shown in numerical values.
Given a desired power, there is one working point with highest efficiency. Such points
form the solid green line.

Td,0 + Td,1ω, where Td,0 and Td,1 are found by a linear least square fit to the
experimental values. The minimum possible flywheel torque is negative and is
obtained when no fuel is injected to the engine. In this case, the engine torque Te = 0

and the flywheel torque is created solely by the engine drag torque. The fuel flow
ṁf is given in kg/s by a fuel map in the form of a look-up table as a function of
engine speed and flywheel torque such that

ṁf = ṁf(ω,Tfw). (3.29)

This look-up table is taken from previous experiments in test cells. A similar fuel
map as the one used in this thesis is shown in Figure 3.2. Two specific cases of the
fuel map are of special interest. The first is freewheeling, when the engine torque
should be enough to overcome the engine drag torque in order to keep the engine
speed at the constant value ωidle. The fuel consumption is in this case

ṁf = ṁf(ωidle,0). (3.30)
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The second case of special interest is coasting in gear, when the flywheel torque is
Tfw = −Td(ω). The fuel flow is in this case:

ṁf = 0. (3.31)

The engine efficiency shown in Figure 3.2 is defined as the ratio of energy available
at the flywheel to the energy content in the combusted fuel. However, this efficiency
is not meaningful for the case when idling the engine. In this case, the flywheel
torque is zero and the efficiency is thus also zero. Because of this, the amount of fuel
that is needed to run the engine at idle cannot be found from the flywheel torque
together with the efficiency, as can be done for other working points. Therefore,
another concept of efficiency is given in Definition 3: the efficiency at which energy
in the fuel is transformed to fuel at the piston of the engine.

Definition 3. (Combustion efficiency). Given an engine speed and a flywheel torque,
the ratio between the energy from the combustion available for performing work
on the piston of the engine, to the energy content in the corresponding amount of
fuel combusted, is defined as the combustion efficiency. The combustion efficiency is
calculated as an average over the cycle of the engine.

The difference between the energy transformed to the piston and the one measured
at the flywheel is a friction work. This work consists mainly of overcoming resistance
due to relative movement of parts in the engine, but also of gas-exchange and
auxiliaries [126].

Gear engaged

The flywheel torque is transmitted through the gearbox with a resistive torque in
the gearbox Tgb such that

Tw = (Tfw − Tgb(ω,Tfw)) igifd. (3.32)

The torque Tgb is given as a function of engine speed and flywheel torque found
through previous experiments. It can be approximated by a piecewise affine function
such that

Tgb(ω,Tfw) = k1ω + k2∣Tfw ∣ + k3 (3.33)

for some constants k1, k2 and k3 found by a least squares fit. The gearbox has
14 gears with a range transmission. The lower eight gears are engaged by using
low range and the six highest gears are engaged by switching to high range. Four
different planes are used to model the losses. The different planes correspond to the
four possible combinations of having high or low range and whether the direct gear
is used or not. The low range gears 1-7 have relatively high losses, the low range
direct gear 8 has smaller losses, the high range gears 9-13 have relatively small losses
and the direct gear 14, has the smallest losses of all gears. When using the direct
gear, the torque is transmitted straight through the gearbox without passing the
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secondary axis. The 14th gear uses both high range and direct gear and it therefore
has the smallest losses. For a gearbox with an overdrive, i.e., where the highest gear
is not the direct gear, the modeling would be different.

The engine speed, which is given by the engaged gear and the velocity of the
vehicle, is limited such that

ωmin ≤ ω ≤ ωmax. (3.34)
For any velocity of the vehicle, the set of feasible gears is thus given by the gears
satisfying (3.34).

Freewheeling

When freewheeling, the engine speed is constant with the value ωidle. In order to
keep this value, Tfw = Te − Td(ω) = 0 must hold. Since only a very small torque
is transmitted through the gearbox, the gearbox losses are set to Tgb = 0 when
freewheeling.

Gear changes

A transition from one gear to another is modeled to take τg = 1 s, during which
no fuel is injected to the engine. The energy loss due to the engine drag torque is
calculated using (3.28). When a gear shift is performed such that the engine speed is
increased, i.e., either from a higher to a lower gear or from freewheeling to any gear,
the rotational energy in the engine is increased. The energy required to increase the
engine speed to the new value is given by the difference in rotational energy

∆Ee =
Ie(ω2

2 − ω
2
1)

2
(3.35)

for two engine speeds ω1 and ω2. The cost in terms of energy needed in order to
increase the engine speed can be related to a fuel cost by the relation

mfeidealγc =∆Ee (3.36)

where eideal is the specific energy of diesel and γc is a typical efficiency of the engine
measured at the flywheel. This constant efficiency is only used for the purpose of
relating energy for changing the engine speed to fuel.

When, on the other hand, a gear shift is performed such that the engine speed is
reduced, i.e., either from a lower to a higher gear or from any gear to freewheeling,
the rotational energy in the engine is decreased. This is modeled to be done instantly,
and the reduction of rotational energy is considered as a loss.

3.3 Summary

This chapter has introduced the models for the vehicle and the powertrain. In
the first part, a vehicle model based on forces was given. The dynamics of the



40 Vehicle and powertrain modeling

vehicle depend on external forces in terms of gravity, air resistance, and rolling
resistance, together with controllable tractive and braking force. An extension with
the possibility to regenerate part of the energy converted during braking was then
presented.

In the second part of the chapter, two powertrain models were presented. In the
first, the tractive force is replaced by the force at the flywheel, which enables the
modeling of freewheeling. In the second model, the full powertrain is considered. This
includes a map of fuel rate as a function of engine speed and torque, gear-dependent
efficiency of the gearbox, gear changing dynamics, and a final drive.



Chapter 4

Formulation of constraints based on
look-ahead information

This chapter describes one of the core aspects of this thesis: how look-ahead infor-
mation can be used for formulating constraints in the optimal control problems.
The main focus is on the velocity, which is limited in several ways. One of the most
fundamental ones is the maximum speed limit. Another road-related limitation is
the velocity in curves, which cannot be too high due to the risk of slipping or tipping
over. The signal phasing of traffic lights can be seen as a time and position-dependent
limitation. It is also shown how other considerations can be made when designing
the constraints. This includes adaptation to surrounding traffic, performance con-
siderations of the tractive and braking abilities of the vehicle, and feasibility for the
solver of the optimal control problem.

Throughout this thesis, the concept of a velocity corridor is used. The velocity
corridor is defined as follows.

Definition 4. (Velocity corridor). The velocity corridor consists of the constraints
for the velocity used in the optimal control problem. It consists of a position
dependent upper limit vu(s) and a position dependent lower limit vl(s) such that
the velocity of the vehicle v(s) must fulfill vl(s) ≤ v(s) ≤ vu(s).

The velocity corridor plays a very important role in forming how the velocity
trajectories of the solutions of the optimal control problems will look. Constraining
the velocity by a maximum value can be motivated by legal maximum speed
restrictions, the necessity to lower the velocity in curves, and special conditions
due to climate and weather. The motivation of the lower constraint is to restrict
the vehicle to drive in a way that resembles how HDVs normally drive. The lower
constraint makes an important difference to the velocity profile, especially during
decelerations and in downhills. From solving the optimal control problem without
a lower constraint on the velocity, it was found that when the vehicle approached
a downhill or an area where the maximum allowed velocity was decreasing, the
optimal solution was to decelerate by coasting rather than braking. This is often
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optimal from an energy and fuel perspective because the losses due to braking are
minimized. However, it can be unacceptable for the driver and for surrounding
traffic. The intention of using the velocity corridor is to delimit this kind of behavior.

This chapter has the following outline: In Section 4.1, an algorithm is proposed
that modifies a velocity reference based on statistics from real truck operation to
create a velocity corridor. In Section 4.2, another algorithm is proposed that creates
the velocity corridor from legal speed limits and curvature and modifies it based on
tractive and braking limitations and driveability considerations. Section 4.3 treats
the formulation of constraints based on the signal timings of traffic lights. Section
4.4 discusses the use of benchmark controllers in this thesis. Finally, Section 4.5
summarizes the chapter.

4.1 Adapting a velocity reference to traffic data

In order to perform simulations for evaluation of fuel consumption and amount of
emissions, it is common to use a driving cycle. A driving cycle typically contains a
velocity reference as a function of time or position and may also contain an altitude
profile of the road. Commonly used driving cycles are urban the dynamometer
driving schedule (UDDS) [127] in the US and VECTO in the EU [128]. The velocity
reference is typically tracked by the vehicle in order to evaluate the influence of
different hardware components, software settings or full vehicle comparisons. In this
thesis however, they are used as the basis for solving optimal control problems. For
the velocity references from driving cycles to be useful for that purpose, they must
be relaxed such that some deviation from them is allowed. This section describes
how this can be done by basing the relaxation on data from real truck operation in
order to set the constraints according to how a similar vehicle would normally drive.
By doing so, the disturbance the driver and the surrounding traffic experience is
limited.

4.1.1 Velocity reference

One driving cycle used for solving optimal control problems used in this thesis is an
internal test cycle at Scania known as the Trosa driving cycle. The Trosa driving
cycle was developed to be a reference cycle for testing driving applications where the
required velocity profile contains frequent variations. The data from this cycle that
is used here consist of an altitude profile and a velocity reference. The total length
of the Trosa driving cycle is 70 km. A part of its velocity reference can be seen in
Figure 4.1. The velocity reference contains sections of constant values interrupted
by complete stops.

The velocity reference vr(s) is the basis for creating the velocity corridor. On
sections where the reference velocity is constant, the velocity corridor is centered
around it. This is done by allowing a deviation of v∆ in both directions. The
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Figure 4.1: Velocity reference from parts of the Trosa driving cycle.

constraint for the velocity corridor given by Definition 4 becomes

vl(s) = vr(s) − v∆ (4.1a)
vu(s) = vr(s) + v∆. (4.1b)

This resembles how the drivers of HDVs driving on highways typically set the cruise
controller: A set speed together with some allowed deviation.

On sections where the velocity reference is lowered, i.e., where the vehicle needs
to decelerate, it is not as clear how to set the velocity corridor. In these cases, the
velocity corridor is constructed based on historical data from decelerations in live
operation. By creating the velocity corridor in this way, the vehicle is restricted to
decelerate in ways that resemble how similar vehicles would normally do.

4.1.2 Statistics from vehicle operational data
The data used to derive the statistics come from a heavy-duty distribution truck
operating in the UK. It is chosen from a database of several vehicles because its
velocity varies between many different values during operation. This resembles the
intended driving profile in this thesis. The velocity signal is collected from a driving
distance of 39 000 km and sampled at 20 Hz. The features selected for analysis is the
mean and standard deviation of the decelerations performed by this vehicle. The
duration of a deceleration is defined as the distance between a local maximum and
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Figure 4.2: A few deceleration trajectories together with the corresponding mean
deceleration when decelerating from 50-55 to 20-25 km/h.

a local minimum of the velocity. The velocity signal contains some high frequency
noise and is therefore filtered with a low pass filter with cut-off frequency 1 Hz.

The range of velocity, which is 0-90 km/h, is divided into bins of 5 km/h. Statistics
are derived for decelerations from velocities within one bin to velocities within another
bin. By doing so, decelerations from e.g. 50-55 km/h to 20-25 km/h are analyzed as
one type of deceleration. A deceleration might start or end with a very long transient
not really belonging to the intended lowering of the velocity. Because of this, the
top and bottom 10 % of the change in velocity are not considered to be part of the
deceleration. This resembles how the rise time is normally defined in automatic
control. Since the vehicle has often been keeping an almost constant velocity around
the limit of one of the bins, a deceleration from one bin to an adjacent one is not
considered as a deceleration. An example of a few deceleration trajectories for one
specific type of deceleration can be seen in Figure 4.2. For these trajectories, the
corresponding mean deceleration is calculated and shown in the figure.

From a total number of 20 160 decelerations with different start and end velocities,
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Figure 4.3: Mean of rate of deceleration as a function of start and end velocities.
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Figure 4.4: Standard deviation of deceleration as a function of start and end velocities.
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Figure 4.5: Deceleration statistics from the special case of complete stop showing mean
rate of deceleration as a function of starting velocity, together with the corresponding
standard deviation.

the mean deceleration and the corresponding standard deviation are calculated.
The result can be seen for the mean in Figure 4.3 and the corresponding standard
deviations in Figure 4.4. The most common deceleration was from 85-90 km/h to
75-80 km/h which occurred 596 times and the least frequent was from 80-85 km/h
to 10-15 km/h which occurred 16 times. The outcome of the statistical analysis is
two functions. The first function

dµ = dµ(v1, v2), (4.2)

gives the mean deceleration from a start velocity v1 to an end velocity v2. The
second function

Σ = Σ(v1, v2), (4.3)
gives the standard deviation of deceleration when lowering the velocity from v1 to
v2.

In the Trosa drive cycle, all decelerations are performed to a complete stop. For
this special case, both the upper and lower constraint of the velocity corridor are
set to 0 km/h. For this special case of braking to a complete stop, the mean rate of
decelerations with the corresponding standard deviation is plotted as a function of
start velocity in Figure 4.5.
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Figure 4.6: Step by step construction of the velocity corridor from a velocity reference
based on data from truck operation.
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4.1.3 Creating the velocity corridor
The velocity reference of the Trosa driving cycle is a piecewise constant function
with a total number of 57 stops. The velocity reference is constant between two
positions where the velocity reference is 0 km/h. When the value of the velocity
reference is changed, for instance from a section with the constant value 90 km/h to
0 km/h, this is done from one sample to the next.

The step-by-step creation of the velocity corridor from a velocity reference can be
seen in Figure 4.6, where the solid line is the velocity reference and the dashed lines
form the velocity corridor. Two inputs are required in order to create it. The first
one is v∆, the allowed deviation from the velocity reference when the reference is
constant. The second input is the number of standard deviations nΣ that the vehicle
is allowed to deviate from the average deceleration when the velocity reference is
decreased. The connection of the lower parts of the velocity corridor before and after
the change is done using the minimum allowed deceleration dµ(v1, v2)−nΣΣ(v1, v2).
The connection of the upper parts of the velocity corridor before and after the
change is done using the maximum allowed deceleration dµ(v1, v2) + nΣΣ(v1, v2).
The variables v∆ and nΣ are input parameters and the variables dµ(v1, v2) and
Σ(v1, v2) are functions of the start and end velocities of the decelerations and are
given by the statistical driving data.

When the value of the velocity reference is increased, as is the case to the left
in Figure 4.6, statistics from accelerations of the vehicle is not considered. It is
created by different methods in the different chapters of this thesis, but they have
in common that they enforce the vehicle to accelerate using maximum or close to
maximum power.

4.1.4 Smoothing of the deceleration data
The data for average and standard deviation of deceleration rate in Figure 4.3 and
Figure 4.4 are noisy. In addition, they may be influenced by the specific discrete
values of speed limits in the regions where they were recorded. To reduce these
effects, the data are fitted to a 2-dimensional polynomial using a least squares
method. This is done such that the average deceleration dµ(v1, v2) in m/s2 when
decelerating from v1 to v2 in m/s is given by

dµ(v1, v2) = 0.366+0.0771v1 −0.0849v2 −0.00185v2

1 +0.00348v1v2 −0.00214v2

2 (4.4)

and the corresponding standard deviation Σ(v1, v2) is given by

Σ(v1, v2) = 0.187+0.0250v1−0.0327v2−0.000734v2

1 +0.00187v1v2−0.00101v2

2 . (4.5)

4.1.5 Discussion regarding the method
The main objective of using the velocity corridor is to restrict the vehicle to not
deviate too much from what can be considered as a normal way of driving. This can
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be done in many different ways. Another possible way would be to set constraints
directly on the deceleration in the formulation of the optimal control problem. This
would however raise the question of when such constraints should be active. Since
the vehicle must be allowed to keep constant velocity when the reference is constant,
the constraints can only be active ahead of sections where the velocity reference
is decreased. The concept of the velocity corridor was chosen since it allows the
constraints in the optimal control problem to be formulated similarly both when
the vehicle is keeping constant velocity and when it is decelerating. The velocity
corridor is in both situations simply two values: an upper and a lower constraint on
the velocity. Setting the constraints directly on the state variable allows for the use
of many different methods for solving the optimal control problem.

The constraints on the acceleration of the vehicle are not given the same attention
as the ones for deceleration. The reason for this is that the optimal behavior from a
fuel perspective is not disturbing in the same way during accelerations as during
decelerations. During decelerations, the optimal behavior is to coast long distances,
which is disturbing to trailing vehicles. During accelerations however, the optimal
behavior is typically to accelerate as quickly as possible up to some velocity. Since
HDVs most often accelerate more slowly than other traffic, this is not a disturbing
constraint from the perspective of other traffic participants. The constraints are
therefore designed such that the vehicle must use maximum or close to maximum
power when accelerating. There are however applications where also the velocity
corridor during accelerations should be given attention. When finding the optimal
control of buses, the accelerations should be smooth enough to be comfortable for
the passengers. This is especially important for city buses with many accelerations
and the presence of standing passengers.

4.2 Speed limits, curvature, and feasibility

While the procedure in the previous section started from a velocity reference, the
procedure presented in this section starts from entities defined by the road itself, i.e.,
speed limits and curvature. These give an initial velocity corridor, which is modified
by vehicle performance measures and driveability consideration.

4.2.1 Speed limits and curvature

Most roads have legal maximum speed limits. These are denoted vmax,l and are
typically piecewise constant. When driving in a curve, there has to be a centripetal
acceleration, and thus a centripetal force, to follow the trajectory in the curve. If
this force is too low in relation to the curvature, the vehicle will slip and fail to
follow the trajectory of the curve. If the force is too great, the vehicle might tip
over. This is especially the case if the center of mass is located high in the vertical
direction, such as in logging trucks. The maximum velocity due to curvature, vmax,c,
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is given by
vmax,c =

√
r(s)amax,c (4.6)

where the curvature radius r(s) is measured as a function of position and the maxi-
mum lateral acceleration amax,c is set based on safety and comfort. The minimum of
the maximum velocity from the speed limit and from the curvature, denoted vmax,cl,
is chosen such that

vmax,cl =min{vmax,c, vmax,l}. (4.7)

4.2.2 Feasibility considerations

The velocity corridor is designed for the optimal control problem. The velocity
trajectory found by solving the optimal control problem must be within this corridor.
It is therefore vital that it is possible to find at least one solution within the corridor,
i.e., a feasible solution. Therefore, measures are here taken to ensure feasibility.
The tractive power of heavy-duty vehicles is typically low relative to their heavy
weight, as compared to cars. They might therefore lose velocity in uphills, and might
accelerate slowly when the velocity should be increased. This can lead to infeasibility,
by violation of the lower velocity constraint. In many cases, this is also true for the
maximum braking power. Especially in long downhills, extensive use of the frictional
brakes can cause them to fade. Brake fade is a reduction in stopping power due to
the buildup of heat. To avoid it, many heavy-duty vehicles have auxiliary brakes
such as a retarder and an exhaust brake. Nevertheless, the maximum braking power
is taken into account when constructing the velocity corridor to avoid infeasibility
by violation of the upper constraint.

To ensure that violation of the lower constraint can be avoided, the lower
constraint is modified in order to always contain a feasible solution. This is done by
discretizing the constraint and for each step k setting

vmin[k] =min{vmin[k], vmin[k − 1] +∆vmax} (4.8)

where ∆vmax is the acceleration given by maximum tractive power, taking road
slope and resistive forces into account.

To ensure that violation of the upper constraint can be avoided, it is modified
by setting

vmax[k] =min{vmax[k], vmax[k + 1] −∆vmin} (4.9)

where ∆vmin is the acceleration given by maximum braking, taking road slope and
resistive forces into account. The procedure (4.8) is performed in forward direction,
since the vehicle accelerates from known minimum velocities. The procedure (4.9) is
performed in backward direction, since the vehicle decelerates into known maximum
velocities.
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(f) The final velocity corridor.

Figure 4.7: Step by step construction of the velocity corridor from speed limit and
curvature, through tractive and braking performance, and driveability considerations.
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Figure 4.8: A heavy-duty vehicle driving in an urban environment with intersections
controlled by traffic lights.

4.2.3 Driveability
The velocity corridor is now ensured to contain a feasible solution. However, the lower
constraint during decelerations is set based on maximum power. For fuel-efficiency,
it should be allowed to decelerate with lower power. Therefore, the constraint is
modified in a way similar to that in Section 4.1. Here however, the velocity corridor
depends on the continuously changing curvature, such that the decelerations are
not discrete. Therefore, it is not as clear which deceleration should be chosen from
the ones in Figure 4.3. Instead, the same constant value is chosen regardless of the
current velocity. The full procedure, starting from speed limits and curvature to
create the final velocity corridor, can be seen in Figure 4.7.

4.3 Traffic lights

Recent technological progress enables communication between vehicles and traffic
lights through V2I communication. Information can be sent in both ways. If the
vehicle sends information to the traffic lights, then these can change their signals
to prioritize green light for certain vehicles, for instance buses. This thesis only
considers communication in the other direction: from the traffic lights to the vehicle.

It is assumed that by some mean of communication, the vehicle can obtain a
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schedule for when the traffic lights change their signals. This is known as signal
phase and timing (SPaT) information. A visualization of the intended situation can
be seen in Figure 4.8, where an HDV approaches an intersection with traffic lights.

The signal switching of the traffic lights is modeled such that gi,p denotes the
start of green phase p of the traffic light with index i. The start of the succeeding red
phase is denoted ri,p. The condition for the time tk(i) when the vehicle is allowed to
pass the position k of the ith traffic light is the union of all green phases, given by

tk(i) ∈
∞

⋃
p=1

[gi,p, ri,p]. (4.10)

The length of the green and red phases of each traffic lights are drawn randomly
from uniform distributions similar to the values used in [92]. For traffic light n, the
length of the green phase is drawn from [15, 30] s and the length of the red phase is
drawn from [23, 44] s. The initial time offset of each traffic light is drawn uniformly
from its total period [0,74] s.

The constraint (4.10) causes at least two new challenges when added to the
optimal control problem. Firstly, a prediction of the time evolution as a function of
future positions of the vehicle must be made. Time is proportional to the inverse
of the square root of the kinetic energy, which is a highly nonlinear relation. A
second challenge is the non-convexity of (4.10). Non-convexity generally complicates
the search for global optimal solutions. A solution to these challenges is given in
Chapter 5.

4.4 Benchmark controllers

The main objective of the work in this thesis is to develop control algorithms to
save fuel and time. To be able to present results in terms of fuel or time savings,
there must be a reference or a benchmark to compare the numerical results with.
Since the word reference can be used for a desired value, for instance the set speed
of a cruise controller, the word benchmark is used for comparing the results with.

The ideal benchmark would represent how a vehicle would be driven if no look-
ahead information was available. By comparing the results with such a controller, the
gain by using look-ahead information would be found. In simulation, the controller
could be represented by a driver model. In experiment, the controller could be
represented by a manual driver. The set-up would however still be non-trivial. A
manual driver would obtain the look-ahead information visually by watching the
speed limit signs, the curvature and the road grade. Depending on conditions for the
road and weather, the distance at which the information would be available could
vary a lot. Furthermore, drivers learn more about the road each time it is driven, to
eventually know exactly when a new speed limit will come, or a downslope starts.

When the velocity corridor is created around a velocity reference, the velocity
reference itself could be used as benchmark. Such trajectory would however not
be very realistic. It would, for instance, suddenly change from traction to braking
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Figure 4.9: The concept for the use of a benchmark. The same optimal control
problem is solved, but the velocity corridor is narrower.

when entering a downhill and thereby not use any look-ahead at all, not even for
the distance within visible view.

The benchmark controllers used throughout this thesis are derived by using the
same optimal control problem formulation as for the look-ahead controller, but with
much more narrow velocity corridors. The idea is visualized in Figure 4.9. The figure
shows one corridor for finding the optimal look-ahead control derived in Figure 4.7
and one corridor for deriving the benchmark controller.

By using this kind of benchmark, the strive for fuel-efficient control can be viewed
as investigating how the fuel consumption varies with variations in the velocity
corridor. The narrowest corridor is used as a benchmark to represent driving without
look-ahead information. For the case when driving in the presence of traffic lights,
the benchmark controller is not defined by the velocity corridor, but is implemented
differently than the look-ahead controller. Therefore, it is not described in this
chapter.

4.5 Summary

This chapter has presented how look-ahead information can be used for formulating
constraints in the optimal control problem. The creation of a velocity corridor, i.e.,
an upper and a lower constraint for the velocity, has been formulated based on such
information. Two methods for creating the velocity corridor has been presented
here. In the first method, the procedure starts with a velocity reference commonly
used for testing applications with varying velocity demands. The velocity reference
is piecewise constant and is therefore modified such that it could be followed. A
statistical analysis was performed to analyze how similar vehicles normally decelerate.
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Data from the analysis is used for modifying the reference. By allowing deviations
both in terms of velocity during constant reference, and in terms of deceleration
when the reference is lowered, the velocity corridor was created. In the second
method to create the velocity corridor, the minimum of the legal speed limit and
the curvature is initially chosen as the maximum velocity constraint. A minimum
velocity constraint is set as a fixed ratio of the maximum one. These are then
modified based on maximum power for the tractive and braking actuators, and
finally based on driveability. Next it was described how signal phase and timing
information from traffic lights is used to formulate constraints for the time when
passing of the positions of the traffic lights is allowed. The constraint is non-convex,
since it is the union of time intervals for green signals. Finally in this chapter, the
use of a benchmark to quantify the savings was discussed. For most of the thesis,
the benchmark is derived by solving the optimal control problem within a narrower
velocity corridor than is used for the look-ahead controller.





Chapter 5

Energy-efficient velocity control

The most fundamental aspect of fuel-efficiency of vehicles is to control the velocity
in an energy-efficient way. With known velocity and a reliable model for the external
forces, the energy consumption can be calculated. Regardless of the energy source
and the efficiency of the powertrain, it is inevitable to produce this energy. In this
chapter, the driving missions are formulated as optimal control problems with the
objective of minimizing the energy consumption. The vehicle models are based on
controllable and external forces. The analyses are performed “at the wheel”, which
means that the powertrain of the vehicle is not part of the model. Solving the
optimal control problems generates energy optimal velocity trajectories within the
velocity corridors.

The chapter has the following outline. In Section 5.1, the driving mission is
formulated as a continuous optimal control problem that is solved using Pontryagin’s
maximum principle (PMP). An analysis is made to investigate how variations in the
width of the velocity corridor influence the energy consumption. In Section 5.2, the
driving mission is formulated as a discrete optimal control problem in the form of a
quadratic program (QP). The problem is solved in a receding horizon fashion, using
a model predictive controller (MPC). In this case, it is investigated how the length of
the prediction horizon influences the energy consumption. It is of special interest to
find how long horizon is needed in order to obtain the same energy savings as when
solving the problem for the complete driving mission. Finally, Section 5.3 treats
a vehicle driving in the presence of traffic lights where the problem is formulated
into the framework used in Section 5.2. The vehicle receives information of future
timings of the light signals. An investigation is made of how much energy that
can be saved by receiving this information compared to a vehicle without it. The
influence of the distance from the traffic lights at which the information is received
is also investigated. A summary of the chapter is given in Section 5.4.
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5.1 Variations in the velocity corridor

In this section, an optimal control problem formulated on continuous form is solved
using PMP. The velocity corridor is created with different widths in terms of
allowed deviation during constant velocity, and in terms of deviation from average
deceleration rate when the velocity is decreased. A sensitivity analysis is performed
based on variations in these parameters. The analysis is performed both with and
without the ability for the vehicle to regenerate parts of the energy from braking.

5.1.1 Vehicle model and objective function
The vehicle model is given by (3.3) and (3.14) such that

dK(s)
ds

= Ft(s) + Fbr(s) + Fbl(s) + Fa(K(s)) + Fr(s) + Fg(s). (5.1)

where K is the kinetic energy as a function of position s, Ft(s) is the tractive force,
Fbr(s) is the braking force that can be regenerated, Fbl(s) is the braking force that
cannot be regenerated, Fa(K(s)) is the air resistance, Fr(s) the rolling resistance,
and Fg(s) the gravitational force.

The main objective in this chapter is the minimization of the energy consumption.
However, if this would be the only entity to minimize, the solution would be to drive
as slowly as allowed, since the energy losses increase with higher velocity due to air
resistance Fa(K(s)). Therefore the trip time, defined as

T = ∫
S

0

√
m

2K(s)ds, (5.2)

is also part of the minimization. The objective is to minimize the weighted sum
between input energy, regenerated energy, and trip time:

min
Ft,Fbr,Fbl

∫
S

0

(Ft(s) + γrFbr(s) + β
√

m

2K(s)ds. (5.3)

The ratio at which braking energy is regenerated is given by γr. For the case of no
regenerative braking, γr is set to zero in (5.3). The value of β decides how the solver
performs the trade-off between consumed energy and trip time. Given a specific β,
there is a value of K that minimizes the cost function in (5.3) in steady-state, i.e.
when the controllable forces are equal to the external ones. Taking the derivative
of the integrand in (5.3) with respect to K and setting it equal to zero and using
(3.4)-(3.6) gives

ρAfcd

m
− β

√
m

2
K−3/2

= 0, (5.4)

which together with (3.2) gives

β = ρAfcdv
3, (5.5)
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Table 5.1: Vehicle parameters.

Parameter Value
Maximum tractive power (Pmax) 250 kW

Maximum tractive force (Ftmax) 25 kN

Maximum braking force (Fbmax) 100 kN

Maximum power regeneration (Prbmax) 100 kW

for the velocity v. This relation can be used in order to set β such that a desired
velocity is optimal at steady state. The controllable forces are such that

0 ≤ Ft ≤ Ftmax (5.6a)

Ft(s) ≤ Pmax

√
m

2K(s) (5.6b)

− Fbmax ≤ Fb(s) ≤ 0 (5.6c)

Fb(s) = Fbr(s) + Fbl(s) (5.6d)

− Pbrmax

√
m

2K(s) ≤ Fbr(s) ≤ 0 (5.6e)

Fbl(s) ≤ 0 (5.6f)

where the constrains relate to the tractive force (5.6a), the tractive power (5.6b),
the braking force (5.6c), the split of braking forces (5.6d), the regenerative power
(5.6e), and the non-regenerative braking force (5.6f). The parameters used in the
vehicle model can be seen in Table 5.1 in addition to those given in Table 3.1.

5.1.2 Pontryagin’s maximum principle
This section describes how the cost function (5.3) is minimized using PMP introduced
in Section 2.4.3. The maximum principle is then applied to the problem given by
the vehicle model (5.1), the cost function (5.3), and the constraints (5.6). The
variable ψ(s) is introduced as the adjoint-state variable corresponding to the state
variable K(s). The Hamiltonian is then given by the differential equation of the
state variable (5.1) and the objective function (5.3) as:

H = −Ft − β

√
m

2K
− Fbrγr + ψ ⋅ (Ft + Fbr + Fbl + Fa(K(s)) + Fr(s) + Fg(s)) . (5.7)

This can be reformulated to

H = Ft(ψ−1)+Fbr(ψ−γr)+Fblψ−β

√
m

2K
+(Fa(K(s)) + Fr(s))ψ+Fg(s)ψ. (5.8)
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When solving the maximization problem with state constraints, one method [129] is
to form the Lagrangian L given by

L =H + µu(s)hu(K,s) + µl(s)hl(K,s), (5.9)

where µu(s) and µl(s) are non-negative Lagrange multipliers for the upper and
lower constraints on the kinetic energy defined by the functions

hu(K,s) ≜Ku(s) −K(s) ≥ 0 (5.10)

and
hl(K,s) ≜K(s) −Kl(s) ≥ 0. (5.11)

For the Lagrange multipliers, the conditions

µu(s)hu(K,s) = 0 (5.12)

and
µl(s)hl(K,s) = 0 (5.13)

must be satisfied everywhere. From (5.12) it can be seen that µu = 0 when K <Ku

and µu ≥ 0 when K = Ku. Similarly, from (5.13) it can be seen that µl = 0 when
K >Kl and µl ≥ 0 when K =Kl. These conditions are known as the complementary
slackness conditions.

The differential equation for the adjoint-state variable ψ is given by taking the
negative derivative of the Lagrangian with respect to the state variable, in this case
the kinetic energy. Doing so gives

dψ

ds
= (1 −ψ)∂Ft

∂K
+ (γr −ψ)∂Fbr

∂K
−ψ

∂Fbl

∂K
− β

√
m(2K)3 −ψρAfcd

m
+ µu − µl. (5.14)

PMP states that the optimal control is received by maximizing the Hamiltonian (5.8).
In some cases, the optimal control can be found directly by studying the Hamiltonian
(5.8). In other cases, a boundary value problem (BVP) with the differential equations
(5.1) and (5.14) must be solved. By studying the Hamiltonian and noting that the
only variables that can be controlled are Ft, Fbr, and Fbl, the following regimes can
be identified

Full power: If ψ(s) > 1, then Ft(s) = Ftmax(s), Fbr(s) = 0, and Fbl(s) = 0, called
the full power regime, since maximum tractive force will maximize the Hamil-
tonian.

Partial power: If ψ(s) = 1, then 0 ≤ Ft(s) ≤ Ftmax and Fbr(s) = 0, and Fbl(s) = 0,
called the partial power regime. The optimal control is not given directly by
the Hamiltonian here.

Coasting: If γr < ψ(s) < 1, then Ft(s) = 0 and Fbr(s) = 0, and Fbl(s) = 0, called
the coasting regime, since both the tractive and the braking force should be
equal to zero in order to maximize the Hamiltonian.
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Partial regenerative braking: If ψ(s) = γr, then Ft(s) = 0, Fbrmax(K(s)) ≤
Fbr(s) ≤ 0, and Fbl(s) = 0, called the partial regenerative braking regime. The
optimal control is not given directly by the Hamiltonian here.

Full regenerative braking: If 0 < ψ(s) < γr, then Ft(s) = 0, Fbr(s) = Fbrmax ,
and Fbl(s) = 0, called the full regenerative braking regime, since maximum
regenerative braking force will maximize the Hamiltonian.

Partial braking: If ψ(s) = 0, then Ft(s) = 0, Fbr(s) = Fbrmax(K(s)), and Fbmax ≤

Fbr(s)+Fbl(s) ≤ Fbrmax(K(s)), called the partial braking regime. The optimal
control is not given directly by the Hamiltonian here.

Full braking: If ψ(s) < 0, then Ft(s) = 0 and Fb(s) = Fbmax , called the full braking
regime, since maximum braking force will maximize the Hamiltonian.

If γr = 0, i.e., if the basic vehicle model without regenerative braking is used, then
the partial regenerative braking and the full regenerative braking regime disappears.
In the partial power regimes where ψ(s) = 1, in the partial regenerative braking
regimes where ψ(s) = γr, and in the partial braking regimes where ψ(s) = 0, the
optimal control cannot be found directly from the Hamiltonian but must be found
by solving a BVP. This can be stated as

find s1, s2

subject to differential equations 5.1 and 5.14,
K(s1),K(s2), ψ(s1), ψ(s2) given by regime type,
Ft, Fbr, Fbl given by analysis of Hamiltonian,

(5.15)

where s1 and s2 are the start and end positions of the distance for which the BVP
is solved. The values of K(s1), K(s2), ψ(s1), and ψ(s2) in the BVP depend on the
types of regimes that can occur at these positions. The possible regimes are partial
power, partial regenerative braking and partial braking. The conditions for when
these can occur are given in the following subsections.

5.1.3 Partial power
In the partial power regimes where ψ(s) = 1, (5.14) gives

β

√
m(2K)3 − ρAfcd

m
− µu(s) + µl(s) = 0. (5.16)

There are three different scenarios in which this can possibly occur, depending on if
the vehicle is driving at any of the two velocity constraints or not. Considering the
case when the vehicle has a kinetic energy between the upper and lower constraints,
then (5.16) becomes

β

√
m(2K)3 − ρAfcd

m
= 0 (5.17)
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which is equivalent to (5.5). There is a unique solution to (5.17) denoted K =Ks,
where the constant Ks is called the stabilization energy that depends on how β

and the parameters in the resistive force Fa(K(s)) are chosen. Considering the case
when the vehicle is keeping a kinetic energy equal to the upper constraint, then
hu(K,s) = 0 and µu(s) > 0 by (5.12). Equation (5.16) becomes

β

√
m(2K)3 − ρAfcd

m
− µu(s) = 0, (5.18)

which has a solution K ≤ Ks. Considering the case when the vehicle is keeping a
kinetic energy equal to the lower constraint, then hl(K,s) = 0 and µl(s) > 0 by
(5.13). Equation (5.16) becomes

β

√
m(2K)3 − ρAfcd

m
+ µl(s) = 0, (5.19)

which has a solution K ≥ Ks. Since the vehicle is limited by a maximum tractive
force, it might not be able to keep the constant kinetic energy Ks or follow the
upper or lower constraint for the kinetic energy. Whether or not partial power can
occur at a specific position depends on how steep the uphills are and how rapid the
changes in the velocity constraints are. The conditions for the different scenarios
when partial power can occur are:

Stabilization: K(s) =Ks can occur when Kl(s) ≤K(s) ≤Ku(s) and 0 ≤ −Fg(s)−
Fa(K(s)) − Fr(s) ≤ Ftmax(K(s)).

Lower constraint: K(s) =Kl(s) can occur when Ks ≤Kl(s) and
0 ≤ −Fg(s) − Fa(K(s)) − Fr(s) + dKl

ds
≤ Ftmax(K(s)).

Upper constraint: K(s) =Ku(s) can occur when Ku(s) ≤Ks and
0 ≤ −Fg(s) − Fa(K(s)) − Fr(s) + dKu

ds
≤ Ftmax(K(s)).

The second condition in each case is due to the fact that partial power can only
occur when tractive force is enough for following Ks, Kl, or Ku respectively and
due to the limited tractive force.

5.1.4 Partial regenerative braking
In partial regenerative braking regimes where ψ(s) = γr, (5.14) becomes

β

√
m(2K)3 − γr

ρAfcd

m
− µu(s) + µl(s) = 0. (5.20)

There are three different scenarios in which this can possibly happen. Either the
vehicle is driving at the upper velocity constraint, somewhere in between the
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constraints, or at the lower velocity constraint. For each of these cases respectively,
(5.20) becomes

β

√
m(2K)3 + γr

ρAfcd

m
− µu(s) = 0, (5.21a)

β

√
m(2K)3 + γr

ρAfcd

m
= 0, (5.21b)

β

√
m(2K)3 + γr

ρAfcd

m
+ µl(s) = 0. (5.21c)

For (5.21b) there is a unique solution denoted Ksr for stabilization regeneration. For
(5.21a) there is a solution for K <Ksr and for (5.21c) there is a solution K >Ksr.
The conditions for the different scenarios when partial regenerative braking can
occur are:

Stabilization regeneration: K(s) = Ksr can occur when Kl(s) ≤ Ksr ≤ Ku(s)
and −Fbrmax(K(s)) ≤ Fg(s) + Fa(K(s)) + Fr(s) ≤ 0.

Lower constraint: K(s) =Kl(s) can occur when Ksr ≤Kl and
−Fbrmax(K(s)) ≤ Fg(s) + Fa(K(s)) + Fr(s) − dKl

ds
≤ 0.

Upper constraint: K(s) =Ku(s) can occur when Ksr ≥Ku and
−Fbrmax(K(s)) ≤ Fg(s) + Fa(K(s)) + Fr(s) − dKu

ds
≤ 0.

The second condition in each case is due to the fact that partial power can only
occur when braking force is necessary for following the stabilization or constraint
and due to the limited regenerative braking force.

5.1.5 Partial braking
In partial braking regimes where ψ(s) = 0, (5.14) becomes

β

√
m(2K)3 − µu(s) + µl(s) = 0. (5.22)

There are possibly three different scenarios in which this can happen. Either the
vehicle is driving at the upper velocity constraint, at the lower velocity constraint
or at a velocity somewhere in between. For each of these cases, (5.22) becomes

β(2K)3/2 − µu(s) = 0, (5.23a)

β(2K)3/2 = 0, (5.23b)

β(2K)3/2 + µl(s) = 0. (5.23c)
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For (5.23a), there are no constraints on the solution and for (5.23b) and (5.23c)
there are no solutions. Partial braking can thus only occur in the following situation:

Upper constraint K(s) =Ku(s) can occur when
Fbmax ≤ −Fa(K(s)) − Fr(s) − Fg(s) + dKu

ds
≤ Fbrmax(K(s)).

The condition is due to the fact that partial braking can only occur when the
required braking force is greater than the maximum of the regenerative braking and
due to the limited braking force.

5.1.6 Linking of intervals

As discussed in Section 5.1.2, the optimal control can in situations when ψ(s) = 1,
ψ(s) = γr or ψ(s) = 0 not be found directly from the Hamiltonian. In some special
cases, typically for shorter distances, ψ(0) can be chosen such that (5.1) and (5.14)
can be integrated over the full interval without ψ(s) ever being constantly equal to
any of these values on any subinterval and satisfying the boundary conditions for K.
In these cases, the optimal solution is found by a shooting method in order to find
a value on ψ(0) that solves (5.1) and (5.14) over the full interval. For most problem
formulations consisting of longer driving distances however, there are sections where
the optimal solution contains sections of partial power, partial regenerative braking
or partial braking. Finding the optimal solution consists of linking all or some of
these sections by finding the point of entry and exit by integrating (5.1) and (5.14)
given the boundary conditions for ψ(s) and K(s) on each interval. An example of
this can be seen in Figure 5.1 for the case of coasting in a downhill.

5.1.7 Jumping conditions for ψ

The Lagrange multipliers µu(s) and µl(s) are not continuous functions but can
jump from zero to some positive value when the velocity reaches the corresponding
constraint. From this fact, it follows that (5.14) is neither continuous at these points.
As discussed in [129] the adjoint-state variable may have a discontinuity at these
points given by

ψ(s−) = ψ(s+) + η(s)hK(s), (5.24)

where η(s) ≥ 0, h(s) ≥ 0, η(s)h(s) = 0, s− is the right-hand side limit of the point of
reaching or leaving the state constraint, s+ is the left-hand side limit. The function
hK(s) is the derivative of a state constraint such as (5.10) and (5.11) with respect
to the state variable, in this case K. By inserting (5.10) and (5.11) into (5.24), it
can be concluded that ψ can make a positive jump when reaching or leaving the
upper velocity constraint and a negative jump when reaching or leaving the lower
velocity constraint. These facts are used during linking of the intervals.
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Figure 5.1: An example of the shooting algorithm for the case of coasting in a downhill
surrounded by two sections of partial power at K(s) =Ks. After a few unsuccessful
shooting attempts (thin lines), the two intervals before and after the downhill are
paired by finding start and end positions such that the two differential equations can
be integrated with the correct boundary values (thick lines).
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Figure 5.2: Simulation results in terms of energy consumption and trip time for
different settings on the velocity corridor. The vertical line shows the trip time of the
benchmark.

5.1.8 Results

The benchmark for calculating the energy savings was derived by solving the
optimal control problem with a narrow velocity corridor with ∆v = 1 km/h, nΣ = 0.5,
according to the discussion in Section 4.4. The stabilization energy, Ks, of the
benchmark solution is set based on the reference velocity on each subsection. This
is done by setting the value of β individually on each subsection based on (5.5). By
doing so, the trip time of the benchmark solution is a good approximation of the
trip time a truck following the velocity reference would have.

Simulations were performed using Matlab with a self-written solver. The velocity
corridor was constructed from the Trosa driving cycle introduced in Chapter 4. The
simulations were performed in order to investigate the influence of variations in the
velocity corridor on the resulting energy consumption. The potential energy savings
when enabling regenerative braking were also investigated.

In order to be able to fairly compare simulations originating from different
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Figure 5.3: Simulation results using PMP for a vehicle without regenerative braking
showing energy losses for each simulation parameters (v∆, nΣ) as percentage of total
losses for the benchmark value (1,0.5).
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velocity corridors, the tuning parameter β was varied in order to obtain similar trip
times to the benchmark solution. If the trip times still deviated from it, a linear
interpolation of the results was performed between simulations with the most similar
trip time. The idea can be seen in Figure 5.2. The plot shows simulation results
in terms of trip time and energy consumption. Simulations belonging to the same
velocity corridor are connected by a line. For each line, the energy consumption
belonging to a trip time corresponding to the benchmark value is found.

The resulting energy losses for different settings on the velocity corridor can be
seen in Figure 5.3. Since all simulations are performed with the same velocity at the
start and end position, comparing the energy losses is equivalent to comparing the
energy consumption. Each stack shows the percentage of energy loss that originates
from air resistance, rolling resistance, and braking. Given the trajectory of the
vehicle, these are calculated using (3.4)-(3.5). They are normalized by the energy
consumption of the benchmark solution. In Figure 5.4, the same analysis is performed
with the vehicle model including regenerative braking. These results are normalized
with respect to a benchmark solution with the possibility to regenerate braking
energy.

One typical section of the simulations is shown in Figure 5.5 in order to visualize
the differences in trajectories depending on the velocity corridor. The constraints
of the velocity corridor in kinetic energy Kl and Ku are here converted into the
corresponding velocity in km/h. In the downhill at around 1500 m, the vehicle
following the widest velocity corridor in terms of ∆v avoids braking by coasting
ahead of the downhill. Towards the end, the vehicle following the widest velocity
corridor in terms of nΣ saves more energy than the other by starting coasting ahead
of them. The same section is shown in Figure 5.6 for the case of regenerative braking.
Here, it can be seen that the vehicle restricted by the wider velocity corridor in
terms of nΣ starts both the coasting and braking earlier. The trajectories in the
figures showing trajectories do not have the same trip time. Instead they have the
same stabilization energy Ks. This is done in order to make the visual comparison of
the trajectories simpler, but these trajectories are not the ones used for calculating
the energy savings in the end.

Whether or not regenerative braking is included in the vehicle model, the
reduction in energy consumption by widening the velocity corridor is achieved by
decreasing the losses due to braking. It can be seen in Figure 5.4 that the losses due
to air resistance increase with wider velocity corridor. This is due to the fact that,
in order to compensate for the time lost during the longer coasting and braking
phases, it must drive faster on other sections. Since the force for the air resistance
is proportional to the square of the velocity, this behavior increases the losses due
to air resistance.
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5.2 Variations in the prediction horizon

The previous section found the optimal velocity trajectory and the corresponding
optimal control for the full driving mission. The trajectory can be useful as the
reference for a speed controller. Applying the control signal found by this method
however, would be very difficult. Any disturbance would have the effect that the
vehicle would deviate from the optimal trajectory, resulting in the derived control
no longer being optimal. The vehicle could use a controller to catch up with the
reference, but from the current velocity, such control is unlikely to be optimal.
Instead, the optimal trajectory could be found by again solving the optimal control
problem from the current velocity. This section presents how that can be done using
an MPC.

5.2.1 Quadratic program formulation
The MPC solves the optimal control problem as the vehicle moves, implements only
the first part of the control and then again solves the optimal control problem based
on the most recent information. In order to use the MPC, the problem formulated in
Section 5.1 is discretized using zero-order hold with step length ∆s = 20 m. Defining
the control vector

Fk =

⎡⎢⎢⎢⎢⎢⎢⎣
Ft,k

Fbr,k

Fbl,k

⎤⎥⎥⎥⎥⎥⎥⎦
, (5.25)

at discrete step k, then (5.1) becomes

Kk+1 = AKk +BFk + vk (5.26)

where

A = eAc∆s, (5.27a)

B = (eAc∆s

Ac

−
1

Ac

)[1 1 1] , (5.27b)

vk = −(eAc∆s

Ac

−
1

Ac

)mg (sinαk + cr cosαk) (5.27c)

where the matrix Ac from the continuous state equation is given by

Ac = −
ρAcd

m
. (5.28)

The discrete version of (5.3) is given by

min
Fk

N

∑
k=1

qTFk + β∆s

√
m

2
K
−1/2
k (5.29)
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where N is the number of discretized points over the full length of the driving
mission and

qT
=∆s [1 γr 0] . (5.30)

By using a receding horizon approach, an MPC minimizes at each step

min
Fj

k+NH−1

∑
j=k

qTFj + β∆s

√
m

2
K
−1/2
j −Kk+NH

(5.31)

where NH is the length of the control horizon. The kinetic energy at the end of the
horizon Kk+NH

is added to the cost function with negative sign, such that it is not
always optimal to coast toward the end of the horizon. This follows naturally, since
at all iterations leading up to this point, the amount of energy used to accelerate
the vehicle is penalized. By adding this term, the work invested to create kinetic
energy is returned.

Since the MPC solves the optimal control problem online, it is important that
it can be solved quickly. One way of achieving this is to formulate the problem
as a QP. In order to do this, the cost function needs to be quadratic in the state
and control variables and the constraints need to be linear in the state and control
variables. Both the cost function (5.31) and the constraints involving limitations on
the maximum power (5.6b) and (5.6e) contain the expression K−1/2. To be able to
use such expressions, these are approximated by Taylor approximations of second
and first order respectively. The second order Taylor approximation of the inverse
of the square root of the kinetic energy around a reference trajectory Kr is given by

K−1/2
≈K−1/2

r −
1

2
K−3/2

r (K −Kr) + 3

8
K−5/2

r (K −Kr)2. (5.32)

Collecting the terms for different degrees of Taylor approximations at step k gives

K
−1/2
k ≈

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
θ0,k + θ1,kKk + θ2,kK

2

k second order
φ0,k + φ1,kKk first order
ϕ0,k zeroth order

(5.33)

where the second order coefficients are given by

θ0,k =
15

8

√
m

2
K
−1/2
r,k (5.34a)

θ1,k = −
10

8

√
m

2
K
−3/2
r,k (5.34b)

θ2,k =
3

8

√
m

2
K
−5/2
r,k , (5.34c)

the first order coefficients are given by

φ0,k =
3

2

√
m

2
K
−1/2
r,k (5.35a)

φ1,k = −
1

2

√
m

2
K
−3/2
r,k , (5.35b)
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and for completeness, the zeroth order coefficient is given by

ϕ0,k =

√
m

2
K
−1/2
r,k . (5.36)

A reference trajectory Kr to linearize around is needed. The kinetic energy given
by the state prediction from the previous iteration is used for this purpose. At the
very first iteration, Kr is given by the trajectory received by accelerating using
maximum power until the stabilization velocity v given by (5.5) is reached. If this
velocity is faster or slower than allowed, the nearest feasible velocity is used.

Relations of the type F = P /v are used in the constraints (5.6b) and (5.6e) and
these therefore need to be approximated by the first order Taylor approximation
such that

F = P (φ0,k + φ1,kK). (5.37)
The constraint for maximum tractive power given by (5.6b) becomes

Ft,k ≤ Pmax(φ0,k + φ1,kKk). (5.38)

The constraint for the total braking force (5.6d) becomes

− Fbmax ≤ Fbr,j + Fbl,j ≤ 0. (5.39)

and the constraint for the regenerative part of the braking force (5.6e) becomes

− Pbrmax(φ0,k + φ1,kK) ≤ Fbr,j ≤ 0 . (5.40)

The total trip time T is given by

T =
N−1

∑
k=1

tk. (5.41)

The evolved time is used in the cost function and can thus be approximated using
a second order Taylor expansion. The elapsed time from position k to k + 1 is
approximated by

tk =∆s (θ0,j + θ1,jKj + θ2,jK
2

j ) . (5.42)
The optimal control problem to be solved at each iteration k becomes

min
Fj

k+NH−1

∑
j=k

qTFj + β∆s (θ0,j + θ1,jKj + θ2,jK
2

j ) −Kk+NH
(5.43a)

s.t. Kj+1 −AKj −BFj − vj = 0 (5.43b)
Kl,j ≤Kj ≤Ku,j (5.43c)
Ft,j ≤ Pmax(φ0,j + φ1,jKj) (5.43d)
0 ≤ Ft,j ≤ Ftmax (5.43e)
− Pbrmax(φ0,j + φ1,jKj) ≤ Fbr,j ≤ 0 (5.43f)
− Fbmax ≤ Fbr,j + Fbl,j ≤ 0 (5.43g)
Kk given (5.43h)
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where A,B and vj are given by (5.27). The constraint (5.43c) is valid for j = k, ...,NH

and the constraints (5.43b) and (5.43d)-(5.43g) are valid for j = k, ...,NH − 1. The
problem (5.43) is a QP, for which many efficient solvers exist. The Matlab tool
Yalmip [130] was used for converting the MPC problem into a form that could be
solved by the Matlab function quadprog.

5.2.2 Results
The previous section found an upper bound for the possible energy savings given
different settings on the velocity corridors. The simulations performed in this section
investigate how the length of the control horizon in the MPC influences the possibility
to realize these savings. The velocity corridor is here fixed at ∆v = 4 km/h, nΣ = 1 std.
In Figure 5.9, simulation results are presented for different lengths of the prediction
horizon. The results are normalized according to the optimal solution found by the
PMP solver, shown as the rightmost stack in the figure. The corresponding results
are shown in Figure 5.10 for the case of regenerative braking. The same section as
in Figure 5.5 and Figure 5.6 is shown in Figure 5.7. As can be seen, the vehicle
with the longest control horizon can predict both the upcoming downhill at around
1500 m and the deceleration toward the end. By doing so, it avoids braking and
saves energy by coasting a longer distance. For the case of regenerative braking
in Figure 5.8, the vehicle with longer control horizon starts both the coasting and
braking phase earlier than the vehicle with the shorter horizon.

5.2.3 Discussion
The choice of using PMP for solving the offline version of the optimal control
problem was made in order to take an analytical approach to solving the problem.
For some special cases, for instance very short sections between two stops, the
optimal solution found by PMP is given by the integral of two differential equations
and their boundary values. For the other cases the solution is given by a combination
of, on the one hand following the velocity corridor or keeping constant velocity, and
on the other hand the integral of these same differential equations. For other methods,
such as QP or dynamic programming, the independent variable is discretized and
the optimal control is only studied at these discrete points.

As stated in Section 2.4.3, PMP provides a necessary but not sufficient condition
for optimality. One way of proving optimality is to prove that the admissible control
is unique. This is done for a similar problem formulation in [68].

From the simulations, it can be noted that for a given velocity corridor or horizon
length, the total input energy is higher when enabling regenerative braking. For
instance in Figure 5.3, the input energy for ∆v = 6 km/h and nΣ = 2, the input
energy is 85.0 % of the benchmark while in Figure 5.4, the corresponding energy
is 93.8 %(including the regenerated energy). The explanation lies in the fact that
the trip times of the two simulations are the same. Allowing regenerative braking
makes the truck brake in downhills and ahead of stopping to a greater extent. In
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order to compensate for the time lost because of this, the truck must drive faster at
other parts of the trip. For this example, the values of β necessary to achieve the
same trip time correspond to velocities of around 70 km/h and 90 km/h in (5.5) for
regenerative braking disabled and enabled respectively. There are also differences
in the energy due to the air resistance. Analyzing these is complex, since enabling
regenerative braking creates higher losses during constant velocity, but lower losses
ahead of stopping.

The influence of the horizon length of the MPC was investigated for the velocity
corridor ∆v = 4 km/h, nΣ = 1 std. For this specific velocity corridor, it can be seen in
Figure 5.9 and Figure 5.10 that the maximum possible energy savings are achieved
for a horizon length of 1000 m. Most of the energy savings are achieved already with
a horizon length of 500 m. These observations seem to be valid regardless of whether
regenerative braking is enabled or not.

5.3 Driving in the presence of traffic lights

The look-ahead information used in this chapter so far is time-independent. Some
useful information can on the other hand be time-dependent. One such source of
information is the signal and phasing of traffic lights. This section studies energy-
efficient control of an HDV driving in the presence of traffic lights. The aim is to
investigate how much fuel can be saved if information about future signals and
phases are available. Furthermore, it is investigated how the energy consumption is
influenced by the distance at which the information is available.

5.3.1 Problem formulation
The time-dependency from the traffic lights was formulated as a constraint for the
optimal control problem in Section 4.3 as

tk(i) ∈
∞

⋃
p=1

[gi,p, ri,p] (5.44)

for the pth phase of traffic light n. Time is used in two ways in the optimal control
problem in this section: (a) to constrain the vehicle to pass the traffic lights at green
signal according to (5.44), and (b) as a penalty in the cost function. The latter is
mainly important when no traffic light is within the range of communication. The
relation between position, kinetic energy and time is given by

dt = ds

√
m

2
K−1/2. (5.45)

The driving mission was formulated as an optimal control problem on QP-form
in Section 5.2. This form is here maintained when the constraints for passing the
traffic lights are added. Due to the nonlinear relation in (5.45), t is approximated by
Taylor approximations of the kinetic energy around a reference Kr given by (5.32)
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used in the optimal control problem formulation depending on whether the vehicle
must slow down at this traffic light or not.

Passing the traffic lights at green signal is formulated as inequality constraints on
the time approximation. In a QP, the inequality constraints must be affine in the
variables, and the linear term of the Taylor approximation is therefore the highest
that can be included. In this case the time approximation is given by

dtk ≈ ds (φ0,k + φ1,kKk) (5.46)

where k is the position index and φ0,k and φ1,k are given by (5.35). The cost
function however, may include quadratic terms, and the trip time can therefore be
approximated by a second order Taylor approximation of the kinetic energy

dtk ≈ ds (θ0,k + θ1,kKk + θ2,kK
2

k) (5.47)

where θ0,k, θ1,k, and θ2,k, are given by (5.34).

Optimal control problem

The optimal control problem is formulated similar to (5.43), but with the constraint
for passing the traffic lights (5.44) and without regenerative braking such that

min
Ft,Fb

k+NH−1

∑
j=k

∆sFt,j −Kk+NH
+ β∆s (θ0,j + θ1,jKj + θ2,jK

2

j ) (5.48a)
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s.t. Kj+1 = AKj +BFj + vj (5.48b)
Kl,j ≤Kj ≤Ku,j (5.48c)
Ft,j ≤ Pmax(φ0,j + φ1,jKj) (5.48d)
0 ≤ Ft,j ≤ Ftmax (5.48e)
− Fbmax ≤ Fb,j ≤ 0 (5.48f)

gi,p ≤∆s
k(i)−k

∑
j=k

φ0,j + φ1,jKj ≤ ri,p (5.48g)

Kk given. (5.48h)

The terms in the cost function (5.48a) represents the energy converted by the tractive
force, the kinetic energy at the end of the horizon, and the approximated trip time
over the horizon weighted by a parameter β. Furthermore, the state dynamics are
given in (5.48b), the velocity corridor in (5.48c), velocity dependent and constant
constraints on the tractive force in (5.48d) and (5.48e) respectively, the constraint
on the braking force in (5.48f), the constraint for passing the traffic light number
i at position index k(i) at green signal in (5.48g), and the known current kinetic
energy in (5.48h). The constraint (5.48c) is valid for j = k, ...,NH . The constraints
(5.48b ) and (5.48d)-(5.48f) are valid for j = k, ...,NH −1. For each traffic light within
the control horizon, there is a union of constraints (5.48g). These constraints need
to be addressed in order to reach a QP-formulation.

In the absence of traffic lights and large road grade, the optimal solution is
to keep constant velocity vc. The value of vc is a function of the parameter β by
the relation (5.5). The reference trajectory Kr is the kinetic energy given by the
state prediction from the previous iteration. The kinetic energy at the start is
K0 =Kc = v

2
c /2, and the reference trajectory for the very first iteration is set to this

value for the full horizon.

The velocity corridor

The driving scenario is here a road with velocity reference Kc corresponding to
50 km/h with Ku corresponding to 54 km/h and Kl = Kl,const corresponding to
46 km/h if not in the proximity of a traffic light. When in the proximity of a traffic
light, Kl =Kl,dec, which allows the vehicle to decelerate and stop. The last constraint
is based on the statistical analysis on average deceleration rates in discussed in
Section 4.1.

Waiting during red signal

Due to the lower constraint on the velocity, the vehicle might have to stop and wait
at red signals. However, this cannot be taken into account by the constraint (5.48g).
Therefore, a variable representing the waiting time at the traffic light indexed i is
introduced as τi. Before the controller is called, it is checked whether or not there is
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a feasible solution of (5.48) that does not have to wait at red. If not, the following
modifications are performed: The waiting time is added to the cost function such
that (5.48a) becomes

min
Ft,Fb

k+NH−1

∑
j=k

∆sFt,j −Kk+NH

+β (τn +∆s (θ0,k + θ1,kKk + θ2,kK
2

k)) ,
(5.49)

the waiting time is added to the time constraint such that (5.48g) becomes

gnp ≤ τn +∆s
k(i)−k

∑
j=k

φ0,j + φ1,jKj ≤ rnp (5.50)

and finally, in order for the solver not to use idling time τi without stopping, (5.48c)
is modified for position index k(i) to

Kk(i) = 0. (5.51)

5.3.2 Optimal passing times
When a traffic light appears at the end of the horizon, the optimal times for passing
the traffic lights within the control horizon are found. This can be seen as finding
the best path between red signals. First, the alternatives for the possible paths are
found by a pathfinding algorithm. Next, the optimal path among these is found by
a path selection algorithm. These two algorithms are described below.

Path finding

When a new traffic light comes within the control horizon for the first time, the set
of possible phases during which the vehicle can pass the lights within the control
horizon is derived. This is done using Algorithm 1. Since the vehicle is constrained
by a minimum allowed velocity, there is a limited number of green phases to pass
the traffic light at, given that it does not stop and wait during green signal. To find
the possible timings, the algorithm TL = PathCreator(i, t0, t0) is called where k0 is
the index of the nearest traffic light and t0 is the current time. Each pair of two
columns in the output matrix TL consist of the start and end time of the possible
passing times with the rows corresponding to the traffic lights within the control
horizon with the nearest on the first row. The index of the traffic light furthest away
among those within the control horizon is denoted nT L.

Path selection

When all possible phases for when to pass the traffic lights have been found by
algorithm 1, the cost for each of them is calculated. The costs are compared and the



80 Energy-efficient velocity control

Algorithm 1 TL = PathCreator(i, ti,min, ti,max)
tmin ⇐ ti,min+ time when using K =Ku

tmax ⇐ ti,max+ time when using K =Kl,dec

find min ι such that tmin <= ri,ι

find min κ such that tmax <= gi,κ

if i == nT L then
TL⇐ [gi,ι, ri,ι, ..., gi,κ, ri,κ]

else
TL⇐ [ ]
for all l such that ι ≤ l ≤ κ do
tl,min ⇐ first time to pass during phase l
tl,max ⇐ last time to pass during phase l
TLl,i+1 ⇐ PathCreator(i + 1, tl,min, tl,max)
TLl ⇐ [gi,l, ri,l;TLl,i+1]
TL⇐ [TL,TLl]

end for
end if
return TL

path with the lowest cost is chosen and used to set constraint (5.48g). In some cases,
the cost can be calculated directly by solving (5.48) for a given path. However, due
to the existence of a minimum allowed velocity, the vehicle might have to stop at a
red signal. In these cases, the controller is called with the modifications discussed in
Section 5.3.1.

A special situation that can occur when several traffic lights can be seen is
that the vehicle can pass the first one without slowing down below Kl,const but
having to stop at a latter one. In such case, the vehicle could possibly save energy by
slowing down already at the first traffic light. This would correspond to unnecessarily
driving slower than Kl,const around a traffic light with green signal. This behavior
is prohibited, if the vehicle can pass the first traffic light without slowing down,
by setting Kl,const ≤Kj in (5.48c). If the vehicle must slow down below Kl,const, it
is said to creep. These constraints can be seen in Figure 5.11. The algorithm for
finding the value of a given path is summarized in algorithm 2.

5.3.3 Benchmark vehicle

To investigate the benefits of the MPC, a benchmark controller was developed to
compare with. This controller represents a model of an uninformed driver, who does
not have access to the SPaT information. Due to the lack of predictive information,
such vehicle risks passing a traffic light just as it has turned red. To avoid this, the
initial part of the red signal is considered amber with uniform distribution [3,4] s.
The controller was designed to use the following strategy: Acceleration to cruising
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Algorithm 2 cost = PathCost()
N ⇐ set of traffic lights within the control horizon
for i ∈N do

calculate maximum time tmax by K =Kl

calculate the time tlow by K =Kl,const
stopn ⇐ tmax ≤ gnp

creepn ⇐ tlow ≤ gnp

if stopn then
set Kl =Kl,dec and Kn = 0

else if creepn then
set Kl =Kl,dec

else
set Kl =Kl,const

end if
end for
if NONE(stop) then
cost given by solving (5.48)

else
cost given by solving (5.48) modified by (5.49)-(5.51)

end if
return cost

kinetic energy Kc using maximum power, cruising at constant kinetic energy Kc

when it is reached, and coasting in downhills up to Ku where braking starts. If
a red or amber signal of a traffic light is within sight, the vehicle uses constant
deceleration to stop. If a green signal turns amber while within sight however, the
vehicle continues if it is possible to pass before the signal turns red. The vehicle
obtains information about the current signal when it is within 100 m from the traffic
light.

5.3.4 Results
Simulations were performed in Matlab using the tool Yalmip [130], and the QP-solver
quadprog. The road grade was set using data from the Trosa driving cycle discussed
in Section 5.1. A section of 8.5 km was chosen from the drive cycle and traffic
lights were placed every 500 m with their phases set as described in Section 4.3.
The position space was discretized with ∆s = 10 m. The simulation was repeated
with 10 different sets of randomly drawn sequences of traffic light signals. The
simulations were run with a laptop equipped with an Intel(R) Core(TM) i7-6820HQ
CPU at 2.70 GHz and 16 GB of RAM. The average computational time for solving
one iteration of (5.48) was 18 ms for the shortest horizon 100 m corresponding to
11 position steps and 197 ms for the longest horizon 1000 m corresponding to 101
position steps. With a velocity of 50 km/h, the vehicle drives the discretization
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Figure 5.12: Energy consumption and trip time for different control horizons nor-
malized with the benchmark controller.

distance 10 m in 720 ms. When used as an MPC, (5.48) converges in one or two
iterations and the MPC thus works in real time even for the longest horizon. When
a new traffic light appears at the horizon however, several paths must be checked
and the convergence time is longer.

Simulations were performed in order to investigate the influence of the length
of the control horizon on the energy consumption. The length of the horizon in
relation to the distance between the traffic lights is of special interest. The resulting
energy consumption and trip time for different control horizons normalized by the
benchmark controller can be seen in Figure 5.12. Increasing the control horizon
further than 1000 m did not improve the results.

For a qualitative comparison, results from one of the simulations with the
benchmark controller and the MPC with horizon length 1000 m are shown in
Figure 5.13. It can be seen that the MPC keeps a more even velocity than the
benchmark controller and uses both less tractive and braking force. Two situations
of extra interest in Figure 5.13 are shown in Figure 5.14. The first one is ahead of
the traffic light at 1500 m shown in Figure 5.14 (a). Because of the downhill, the
benchmark controller gains velocity, but has to brake as it approaches the red signal.
The MPC however, keeps minimum allowed velocity in order to arrive at the traffic
light as it turns green and can pass it without stopping. In the second situation,
shown in Figure 5.14 (b), the MPC saves both time and energy compared to the
benchmark controller. Before the traffic light at 7000 m, the MPC lowers the velocity
slightly in order to pass the traffic light when it has turned green. The benchmark
controller however, cannot predict the green signal but brakes due to the red signal.
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By doing so, it gets behind the MPC and has to stop at the next light. The MPC
controller consumes less energy in this case, since it only lowers the velocity at one
traffic light, while the benchmark controller lowers the velocity at three traffic lights.

5.4 Summary

In this chapter, the driving missions have been formulated as optimal control
problems with the objective of minimizing the energy consumption. First, it was
investigated how variations in the settings of the velocity corridor influence the energy
consumption. Allowing deviations of 4 km/h during constant velocity reference and
1 standard deviation during decelerations saves 6.7 % of energy without increasing
the trip time.

Next, the velocity corridor was kept constant and the optimal control problem
was implemented in a receding horizon fashion using an MPC. It was investigated
how the length of the control horizon influence the energy consumption. A horizon
length of 500 m was enough to achieve most of the possible energy savings.

Finally in this chapter, an optimal controller in the form of an MPC was
developed for driving in the presence of traffic lights. Compared to a benchmark
controller without information about future signals of the traffic lights, the MPC
reduced the energy consumption by 26 % while it increased the trip time by 1 % by
using a 1000 m control horizon. This horizon corresponds to always seeing two traffic
lights ahead, and no further savings were found by using a longer control horizon.





Chapter 6

Fuel-efficient powertrain control

Solving the optimal control problem based on forces to minimize the energy con-
sumption, as done in Chapter 5, finds the optimal velocity trajectories and the forces
to generate these. Even though such analysis cathes the most important aspects
of fuel-efficient control, there are at least two major drawbacks. First, it does not
consider how the energy was generated. An energy-efficient solution based on an
inefficient energy generation might have greater fuel consumption than a less energy-
efficient solution based on efficient energy generation. Second, it is often impossible
to follow the optimal trajectory. One reason for this is that heavy-duty vehicles
typically have torque interruptions during gear changes that are not considered
when solving the optimal control problem. To find more realistic solutions to the
optimal control problems, the model needs to include the powertrain.

This chapter builds on Chapter 5 by adding powertrain components to the vehicle
model. Starting from the basic vehicle model, powertrain properties are introduced
in two different ways. First, in Section 6.1, a Boolean variable representing open or
closed powertrain is added in order to allow the vehicle to freewheel. Secondly, in
Section 6.2, a map of the engine efficiency as function of engine speed and torque is
used together with the full set of available gears and gear changing dynamics. In
both these sections, the optimal control problems are formulated by including the
powertrain models, solved, and analyzed in terms of potential fuel savings. Finally,
a summary of the chapter is given in Section 6.3.

6.1 Freewheeling control using MIQP

The problem considered in this section is visualized in Figure 6.1. A vehicle has
access to information about the speed limits and the road grade by using a map
and GPS communication. When approaching a lower speed limit or a section with
significant road grade, the vehicle can be controlled in different ways such as braking,
coasting in gear and freewheeling. When coasting in gear, the powertrain is closed
and the engine is kept running by the inertia of the vehicle. When freewheeling,
the powertrain is open and the engine is running at idle or turned off to reduce
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Figure 6.1: A heavy-duty vehicle in a driving mission involving varying velocity
constraints and significant road slope.

the engine drag losses. For fuel efficient driving, braking should in most cases be
avoided, but deciding when to use coasting in gear and when to use freewheeling is
not trivial. In addition, the decision may depend on whether the engine is idling or
turned off during freewheeling.

In this section, a variable for whether the powertrain is closed or not is added to
the quadratic program-formulation in Chapter 5. The main benefit of this is that
the vehicle can save fuel by freewheeling with low engine speed. By doing so, the
drag losses in the engine, i.e., the losses caused by friction and pressure fall etc., are
reduced. This enables the vehicle to save fuel by using Pulse-and-Glide (PnG), i.e.
by switching between on the one hand traction to increase the velocity, and on the
other hand rolling using freewheeling. With the new variable, the problem becomes
a mixed integer quadratic program (MIQP).

For the losses due to engine drag, the potential savings increase with decreasing
gear numbers, i.e., increasing gear ratios. This is because higher gear ratios mean
more revolutions of the engine for the same driven distance. The vehicles in the
applications considered in this thesis drive at lower velocities and thus lower gear
numbers than vehicles in highway applications do. Therefore, reducing the drag
losses is even more important for the vehicles considered here compared to vehicles
in highway driving, for which controllers using PnG already exist commercially.

To see this velocity dependence, the energy losses due to engine drag per driven
distance can be compared for different gears. The energy E per distance s can be
written as a function of power P and velocity v as

E

s
=
P

v
(6.1)
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Figure 6.2: Energy loss due to engine drag torque per distance for the highest gears,
for idle engine, and for engine off.

where the velocity v is given by
v =

ωrw

igifd

, (6.2)

for engine speed ω, wheel radius rw, gear ratio ig of gear i, and final drive ratio ifd.
The engine drag power Pd in (6.1) is given by

Pd = Td(ω)ω (6.3)

where Td is the engine drag torque. The drag torque can be modeled to be linear in
engine speed such that

Td(ω) = Td,0 + Td,1ω (6.4)

where Td,0 and Td,1 are found using least squares fit to experimental values from a
Scania engine. Combining (6.1)-(6.4) gives the energy per driven distance for three
different cases as

E

s
=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
(Td,0 + Td,1ωc) igifd/rw powertrain closed(Td,0 + Td,1ωo)ωo/v powertrain open
0 engine off

(6.5)
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where ωc is the engine speed with closed powertrain and ωo is the engine speed
with open powertrain. Equation (6.5) is plotted in Figure 6.2 for gear number 9-14
for engine speed 800-1500 RPM with gear ratios from a Scania GRS905 gearbox
[131]. Gear 14 is the direct gear with ig = 1 and gear 9 has a gear ratio of ig = 3.02.
The final drive is in this case set to ifd = 2.92. When using these gears at a typical
engine speed of ωc = 1100 RPM, the velocities are 71 km/h and 24 km/h for gear 14
and gear 9, respectively. The energy per distance are normalized with respect to
gear number 9 at 1100 RPM. For a given engine speed, the difference in energy loss,
i.e., the vertical distance between the value for idling and the value for a gear in
Figure 6.2, is greater for lower gears. Therefore, idling to reduce the engine drag
losses is more important for lower gears. For the case when the engine is turned off
during freewheeling, the energy per distance is zero regardless of the velocity. In
this case the potential savings by freewheeling at low velocities is even greater.

The outline of the rest of this section is the following. The model of the vehicle
and its engine is introduced in Section 6.1.1. The velocity constraints are discussed
in Section 6.1.2. The optimal control problem is presented in Section 6.1.3 followed
by simulation results in Section 6.1.4.

6.1.1 Vehicle model
The vehicle and powertrain model used in this section were introduced in Section 3.2.1.
The dynamics of the vehicle are described by the kinetic energy K as a function of
position s given by

dK(s)
ds

= Ffw(s) + Fb(s) + Fa(K(s)) + Fr(s) + Fg(s) (6.6)

where Ffw(s) is the flywheel force, Fb(s) is the braking force, Fa(K(s)) the force
from air resistance, Fr(s) the force from rolling resistance, and Fg(s) is the gravita-
tional force. The resulting force on the flywheel is given by

Ffw(s) = ⎧⎪⎪⎨⎪⎪⎩
Fp(s) − Fdc

powertrain closed
0 powertrain open

(6.7)

where Fp(s) is the force generated by the piston of the engine and Fdc
is the engine

drag force with closed powertrain. The engine drag force is given for three different
cases by (3.22) as:

Fd =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
(Td,0 + Td,1ωc)ωc

√
m
2
K−1/2(s) powertrain closed(Td,0 + Td,1ωo)ωo

√
m
2
K−1/2(s) powertrain open

0 engine off.
(6.8)

The Boolean variable z ∈ {0,1} is introduced such that it attains the value z = 1 if
the powertrain is closed and z = 0 if the powertrain is open, i.e., when freewheeling.
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A change in the state of the powertrain is denoted by ∆zj and given by

∆zj = ∣zj+1 − zj ∣. (6.9)

When closing the powertrain after freewheeling, the rotational speed of the engine
must be increased to reach the value used for traction. To do so, an amount of
energy corresponding to the difference in rotational energy ∆Ee must be added to
the engine. This energy is given by (3.23) as

∆Ee = Ie

ω2
c − ω

2
o

2
(6.10)

where Ie is the moment of inertia of the engine. The force on the piston Fp is
non-negative and can attain values up to its maximum Fpmax only if the powertrain
is closed such that

0 ≤ Fp(s) ≤ Fpmaxz. (6.11)

With this constraint introduced, (6.7) can be written

Ffw(s) = Fp(s) − Fdc
z. (6.12)

The piston force is further constrained by maximum power as

Fp(s) ≤ Ppmax

√
m

2
K−1/2. (6.13)

The time consumption dt for a distance ds is given by

dt = ds
√
m

2
K−1/2. (6.14)

The piston force Fp and its maximum value Fpmax are expressed in terms of the force
they generate at the wheel. The work done by this force is given by multiplication
of the force with the distance covered by the wheel. Hence, the value of Fp does
not correspond to a realistic piston force measured in a real engine. The energy is
nevertheless the same, since if it would have been calculated at the piston, then
the force would have been multiplied by the distance traveled by the piston. The
parameters used in the vehicle model are given in Table 3.1, with additional ones
for the powertrain model given in Table 6.1.

The vehicle has so far been modeled from an energy perspective. At the end of
the day however, fuel consumption is what matters to the haulers. The fuel that is
combusted in the engine performs a work that is transferred to the piston. However,
as discussed in [126], not all this work is available at the flywheel. The difference
between the energy transformed to the piston and the one measured at the flywheel
is a friction work. This work consists mainly of overcoming resistance due to relative
movement of parts in the engine, but also of gas-exchange and auxiliaries. These
losses are modeled through the drag forces Fdc

and Fdo
. Because of this, what is
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Table 6.1: Parameters of the powertrain model. The drag torque parameters are not
given due to confidentiality.

Parameter Value
Ppmax - maximum piston power 265 kW
Fpmax - maximum piston force 49 kN
ωc - engine speed powertrain closed 1100 RPM
ωo - engine speed powertrain open idle 500 RPM
ωo - engine speed powertrain open engine off 0 RPM
Ie - moment of inertia engine 4 kg⋅m2

Td,0, Td,1 - drag torque parameters n/a

needed to calculate the fuel consumption is to convert the work done by the forces
at the piston: Fp when the powertrain is closed and Fdo

when the powertrain is
open. The work done by these forces is made using different engine speed and torque.
However, the efficiency with which fuel is transformed to energy at the piston, i.e.,
the combustion efficiency from Definition 3, differs only within the measurement
uncertainty. Therefore, all energy transformed at the piston is here modeled to have
the same efficiency. This means that even though the optimal control problem is
modeled to minimize the energy consumption, it is equivalent to minimizing the
fuel consumption.

6.1.2 Velocity constraints
The driving cycle used for the simulations in this section is based on a cycle with
frequent velocity variations used at Scania CV AB called the GV-cycle. The GV-cycle
contains the road grade and a piecewise constant velocity reference. The original
cycle contains a few stretches where the velocity is constant for more than 1 km. Such
stretches are here reduced to be only 1 km long. The motivation for this removal is
that look-ahead control with constant velocity profile is already a well-studied topic
in the literature.

The velocity reference from the driving cycle is used to create a velocity corridor,
i.e., a lower and an upper constraint vl and vu for the velocity. Following the methods
developed in Section 4.1, the procedure can be summarized as follows:

a Starting with a piecewise constant velocity reference vref given by the driving
cycle.

b Set vl = vref −∆v.

c Set vu = vref +∆v.
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Table 6.2: Settings for creating the velocity corridor.

Policy 1 (Benchmark) Policy 2-4
∆v [km/h] 1 4
nΣ [-] 0.5 1
al [m/s2] 0.3 0.25
au [m/s2] 0.4 0.6

d For each deceleration from v1 to v2, set vl according to the deceleration
dµ(v1, v2) − nΣΣ(v1, v2) and vu according to the deceleration dµ(v1, v2) +
nΣΣ(v1, v2), with dµ and nΣ given by the smoothed data values discussed in
Section 4.1.4.

e For each acceleration, set vl and vu such that they follow the constant acceler-
ation al and au respectively.

In the steps above, ∆v and nΣ are settings for the width of the corridor in terms of
deviation during constant velocity and during deceleration respectively.

Four different control policies are evaluated and compared in terms of their fuel
consumption:

1. Benchmark, no freewheeling,

2. No freewheeling,

3. Freewheeling with idling engine,

4. Freewheeling with engine off.

For policy 2-4, the velocity corridor is constructed according to the steps above using
the parameters in the right column of Table 6.2. The benchmark policy is derived
by solving the same optimal control problem without the possibility to freewheel. In
addition, the velocity corridor is very narrow, such that the velocity only deviates
slightly from the reference of the driving cycle as discussed in Section 4.4. The
parameters for the benchmark solution are given in the left column of Table 6.2.

The road grade of the driving cycle has a maximum inclination of 4.3 % in an
uphill. Such a section can possibly reduce the velocity of the heavy-duty vehicle
significantly. Setting the lower velocity constraint without considering the road
grade might therefore result in infeasibility. To mitigate this, the lower constraint is
modified in order to always contain a feasible solution. This is done by discretizing
the constraint and for each step k setting

vl[k] =min (vl[k], vl[k − 1] +∆vl) (6.15)
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Figure 6.3: The altitude of the driving cycle in the top plot and the velocity corridor
for policy 2-4 in the bottom plot.

where ∆vl is the acceleration yielded by maximum tractive power over one discretized
step, taking the road grade into account. The altitude and the resulting velocity
constraints can be seen in Figure 6.3.

6.1.3 Mixed integer quadratic program

The problem is discretized with ∆s = 15 m using zero order hold and formulated as an
MIQP. In order to do this, the cost function needs to be quadratic in the continuous
state and control variables, the constraints need to be linear, and a continuous
variable cannot be multiplied by the Boolean variable. The time consumption (6.14)
is used in the cost function while the maximum piston force (6.13) is used as a
constraint. They both contain the expression K−1/2, and need to be approximated
by the second and first order Taylor approximation respectively. The flywheel
force (6.7) contains a multiplication of z and K through (6.8), and therefore needs
to be approximated by the zeroth order Taylor approximation. The second order
Taylor approximations of the kinetic energy around a reference trajectory Kr is
given by

K−1/2
≈K−1/2

r −
1

2
K−3/2

r (K −Kr) + 3

8
K−5/2

r (K −Kr)2. (6.16)
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The reference trajectory Kr to linearize around is set as in Section 5.2 as the
kinetic energy given by the state prediction from the previous iteration. The Taylor
approximation of different degrees at step k become

K
−1/2
k ≈

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
θ0,k + θ1,kKk + θ2,kK

2

k second order
φ0,k + φ1,kKk first order
ϕ0,k zeroth order

(6.17)

where the coefficients are given by (5.34), (5.35), and (5.36).
The optimal control problem is solved in a receding horizon approach using an

MPC with a control horizon of NH = 60 steps. This leads to a control horizon with
distance ∆sNH = 900 m which is enough for reaching the optimum value within a
few parts per thousand as found in Chapter 5. Solving the optimal control problem
using receding horizon instead of solving the problem over the full driving distance
is motivated by the MIQP-solver not converging to a solution within reasonable
time when doing so.

For each discretized step k, the problem is formulated as an MIQP as:

min
Fp,Fb,z

k+NH−1

∑
j=k

∆s (Fp,j + (1 − zj)ωoTd(ωo)ϕ0,j) (6.18a)

+ βg∆zj (6.18b)
+ βt∆s (θ0,j + θ1,jKj + θ2,jK

2

j ) (6.18c)
−Kk+NH

(6.18d)
s.t. Kj+1 = AKj +B(Fp,j − Fdc,jzj + Fb,j) +wj (6.18e)

Fdc,j = ωcTd(ωc) (φ0,j + φ1,jKj) (6.18f)
Kl,j ≤Kj ≤Ku,j (6.18g)
Fp,j ≤ Ppmax (φ0,j + φ1,jKj) (6.18h)
0 ≤ Fp,j ≤ zjFpmax (6.18i)
− Fbmax ≤ Fb,j ≤ 0 (6.18j)
Kk given (6.18k)

where A,B and wj are given by the zero-order-hold discretization in Section 5.2 as

A = e−Ac∆s, (6.19a)

B =
1

Ac

(1 −A) (6.19b)

wj = −Bmg (sinαj + cr cosαj) (6.19c)

where Ac is the state dependent coefficient in the continuous model (3.3) which is
given by (3.4) as
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Ac = −
ρAfcd

m
. (6.20)

The cost function is the sum of the energy used for traction and idling (6.18a), the
cost for freewheeling on/off (6.18b), and the cost for time consumption (6.18c). The
kinetic energy at the end of the horizon (6.18d) is added such that it is not always
optimal to coast at the end of the horizon. The constraints consist of the dynamics
of the vehicle (6.18e) with the drag force given by (6.18f), the constraints on velocity
(6.18g), maximum power at the piston (6.18h), maximum force at the piston (6.18i),
and maximum braking force (6.18j). The constraint (6.18g) is valid for j = k, ...,NH

and the constraints (6.18e)-(6.18f) and (6.18h)-(6.18j) are valid for j = k, ...,NH − 1.
The constant βg in (6.18b) is a penalty for activating or deactivating freewheeling.
The motivation for this penalty is that when again closing the powertrain, the
rotational speed of the engine must be increased such that an amount of energy
corresponding to the difference in rotational energy (6.10) is consumed. Since both
engaging and disengaging a gear is penalized in (6.18b), the difference in rotational
energy (6.10) is divided by two such that

βg =
1

2
Ie

ω2
c − ω

2
o

2
. (6.21)

For the policy with the engine off, ωo in (6.21) is set to zero. The penalty for time
consumption βt in (6.18c) is set such that the different control policies obtain similar
trip times in order to make a fair comparison of their fuel consumption.

6.1.4 Simulation results
Simulations were performed in Matlab using the toolbox Yalmip [130] with the
solver Gurobi [132]. The energy/fuel consumption can be seen in Figure 6.4 for the
four compared policies normalized with the consumption of the benchmark. The
consumption is split into the parts originating from rolling resistance, air resistance,
braking, engine drag, idling and start of freewheeling. As can be seen, the losses due
to rolling resistance are the same for all control policies and the losses due to air
resistance have only small deviations. The savings by using a wider velocity corridor
found by comparing policy 1 and 2 come from reduction of the losses due to braking.

The savings when allowing freewheeling is a result of the reduction of engine drag.
As can be seen, the losses due to braking actually increase when freewheeling with
engine off compared to freewheeling with idling. This is because when freewheeling
with idling, it is beneficial to stop freewheeling if braking is necessary. With the
engine off on the other hand, the vehicle may continue to freewheel when braking,
in order to avoid the penalty for freewheeling on/off. In the end, the sum of losses
from braking and from engine drag are approximately the same for the two idling
policies. A summary of the resulting normalized fuel consumption together with the
corresponding trip time can be seen in Table 6.3.
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Figure 6.4: Losses divided into categories for the different control policies.

The resulting trajectories can be seen in Figure 6.5 for the benchmark and for
freewheeling with engine off. It can be seen that by using the latter control policy,
the vehicle lowers the velocity ahead of downhills in order to avoid braking. The
difference with the benchmark can be seen in the force plot at three locations during
the first two kilometers. Fuel is also saved by using PnG, which can be seen in the
frequent switching in the freewheeling plot, even at locations without significant
changes in altitude.

Table 6.3: Resulting fuel consumption and trip time as percentage of the benchmark
for the different control policies.

Benchmark No freewheeling Idling Engine off
Energy [%] 100 88.8 81.5 77.1
Time [%] 100 99.4 99.9 99.8
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6.2 Gear and engine control using dynamic programming

In this section, the vehicle model includes a full powertrain model in terms of
engine, clutch, gearbox, and final drive. The fuel map of the engine and the losses
in the gearbox are taken from experimental data. The model takes gear changing
dynamics into account by a short time of zero torque. Using this vehicle model in the
optimal control problem, the optimal velocity trajectory is found under more realistic
circumstances compared to previously in the thesis. It is investigated how variations
in the velocity corridor and the ability to freewheel influences the fuel consumption.
This section has the following outline. First, the vehicle model from Section 3.2 is
reviewed in Section 6.2.1. Secondly, the optimal control problem is formulated in
Section 6.2.2. Thirdly, the problem is solved using dynamic programming (DP) in
Section 6.2.3. Finally, simulation results are presented in Section 6.2.4.

6.2.1 Vehicle model
The dynamics of the vehicle in terms velocity v and time t are given by:

dv(t)
dt
=

1

mcm

(Tw

rw

+ Fenv(v,α) − Fb(t)) (6.22)

where m is the mass of the vehicle, Tw is the torque at the wheels, rw is the wheel
radius, Fenv(v,α) is the sum of the environmental forces, α is the road slope, and
Fb(t) is the force at the brakes. The variable cm represents a mass factor in order
to take the moment of inertia of the wheels and engine into account and is given by

cm =
mr2

w + Iw + (igifd)2Ie

mr2
w

(6.23)

where Iw and Ie are the moment of inertia of the wheels and engine respectively
and ig and ifd are the transmission ratios of the current gear and the final drive
respectively. The gear ratio when freewheeling is set to ig = 0. The sum of the
environmental forces Fenv(v,α) in (6.22) is given by

Fenv(v,α) = −mg cos(α)cr −
1

2
ρAfcdv

2
−mg sin(α) (6.24)

with the parameters defined and set as in Section 3.1. The flywheel torque Tfw is
given by

Tfw = Te − Td(ω) (6.25)

where Te is the engine torque created by the combustion in the engine and Td(ω) is
the drag torque. The flywheel torque Tfw is limited such that

− Td(ω) ≤ Tfw ≤ Tmax(ω) (6.26)
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where Tmax(ω) is a function of engine speed ω from measurements. The engine drag
torque is approximated by the function

Td(ω) = Td,0 + Td,1ω (6.27)

where Td,0 and Td,1 are found by a linear least square fit to the experimental values.
The fuel mass flow ṁf is given by

ṁf = ṁf(ω,Tfw) (6.28)

from previous measurements in a test cell. The fuel consumption during freewheeling
is given by

ṁf = ṁf(ωidle,0). (6.29)

The torque at the wheel is given by

Tw = (Tfw − Tgb(ω,Tfw)) igifd. (6.30)

where the resistive torque in the gearbox Tgb is given by

Tgb(ω,Tfw) = k1ω + k2∣Tfw ∣ + k3 (6.31)

for constants k1, k2 and k3. The engine speed, which is given by the engaged gear
and the velocity of the vehicle, is limited such that

ωmin ≤ ω ≤ ωmax. (6.32)

For any velocity of the vehicle, the set of feasible gears is thus given by the gears
satisfying (6.32). When freewheeling, the engine speed is constant with the value
ωidle. In order to keep this value, Tfw = Te − Td(ω) = 0 must hold. Since only a
very small torque is transmitted through the gearbox, the gearbox losses are set
to Tgb = 0 when freewheeling. A transition from one gear to another is modeled to
take τg = 1 s, during which no fuel is injected to the engine. The energy required
to increase the engine speed to the new value during a gear shift is given by the
difference in rotational energy

∆Ee =
Ie(ω2

2 − ω
2
1)

2
(6.33)

for two engine speeds ω1 and ω2. The cost in terms of energy needed in order to
increase the engine speed can be related to a fuel cost by a constant e such that

mfeidealγc =∆Ee. (6.34)

where eideal is the specific energy of diesel and γc is a typical efficiency of the engine
given at the flywheel.



6.2. Gear and engine control using dynamic programming 101

Table 6.4: Parameters related to the powertrain. The parameters for the drag torque
and gearbox losses are not available due to confidentiality.

Parameter Value
ifd - final drive ratio 2.92
ωidle - idle engine speed 500 RPM
ωmin - minimum engine speed 800 RPM
ωmax - maximum engine speed 2400 RPM
Ie - moment of inertia engine 4 kg⋅m2

Iw - moment of inertia wheels 92 kg⋅m2

τg - time of a gear change 1 s
eideal - ideal specific energy 48 MJ/kg
γc - engine efficiency 0.45
Td,0, Td,1 - drag torque parameters n/a
k1, k2, k3 - parameters for g.b. losses n/a

6.2.2 Problem formulation
The state variables, control variables and environmental variables are all discretized
with steps of ∆s = 10 m. The positions 0,∆s,2∆s, ..., (N − 1)∆s define stages. The
velocity of the vehicle is discretized with steps of ∆v = 0.1 m/s. The model (6.22) is
discretized using Euler forward such that

xk+1 = Fk(xk, uk) (6.35)

where the subscript k indicates the stage and the state variable xk is given by

xk = [vk gk]T (6.36)

where gk is the engaged gear at step k. The control variable uk is given by

uk = [Te,k gd,k Fb,k]T (6.37)

where gd,k is the control gear. If the control gear is different from the current gear, i.e.,
gd,k ≠ gk, then a gear change is requested. The velocity is at all positions constrained
by the velocity corridor introduced in Chapter 4 such that vl,k ≤ vk ≤ vu,k, where vl

and vu are the lower and upper constraint of the velocity corridor respectively. The
lower constraint vl during increasing velocity reference is set using 60 % of maximum
power, which was found empirically to be a good value during simulations. If set to
a higher value, there might be no feasible solution, since the vehicle loses time in
the simulation due to gear changes that are not taking into account when creating
the velocity corridor.
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The objective of the optimization problem is the minimization of the weighted
sum

N−1

∑
k=1

mf,k + βtk (6.38)

where β defines the weighting between fuel and the time t. The evolved time in one
step is calculated using the mean of the velocities at the two stages as

tk =
2∆s

vk + vk+1

. (6.39)

The parameters used in the vehicle model can be seen in Table 6.4.

6.2.3 Dynamic programming
The following DP algorithm is applied to solve the problem.

1. At the last stage N , the optimal cost-to-go is equal to zero for all feasible
states at this stage JN(xN) = 0∀xN ∈ XN .

2. For k = N − 1, ...,1, the optimal cost-to-go is given by

Jk(xk) =min
uk

{ζk(xk, uk) + Jk+1(Fk(xk, uk))}. (6.40)

3. The solution constitutes of the control sequence uk for k = 1, ...,N − 1.

The DP algorithm considers four different types of transitions between stages. These
are same gear transitions, freewheeling, coasting in gear, and gear changes and they
are each described in the following subsections.

Same gear transitions

For each velocity at the start stage, the set of feasible gears is given by the constraints
on the engine speed. Then, for each velocity for which a gear is feasible also at the
target state, the required flywheel torque Tfw and/or braking force Fb required for
this transition is calculated using (6.35). The optimal cost-to-go and the control
signals are given by

Jk(x) =min
uk

{ζk(xk, uk) + Jk+1(Fk(xk, uk))} (6.41)

where ζk(xk, uk) is given by

ζk(x,u) = (ṁf,k + β)tk. (6.42)

The fuel mass flow ṁf,k is given by (6.28). This type of transition is visualized in in
Figure 6.6.
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Jk(xk)

Jk+1(Fk(xk, uk,2))

Jk+1(Fk(xk, uk,1))
ζ(xk, uk,1)

ζ(xk, uk,2)

Position

Velocity

Figure 6.6: A transition using the same gear. Given a velocity and gear at stage
k, the controls uk,1 and uk,2 are calculated such that they lead to feasible states at
the next stage. The horizontal differences between two points is equal to ∆s and the
vertical difference between two points is equal to ∆v The state shown in red is not
considered, since its velocity is not feasible for this specific gear.

Freewheeling

Transitions into a freewheeling state is performed during a full interval ∆s. The
resulting velocity at the next stage is in most cases not equal to any of the beforehand
discretized velocities. The cost-to-go at the end of one step of freewheeling is therefore
given by a linear interpolation of the two surrounding values of the discretized
velocities. The control signals are gd,k = 0 and Te,k = Td(ωidle) and the braking force
Fb,k is only applied in order to avoid overspeeding. The optimal cost-to-go at stage
k is given by

Jk(x) = min
uk∈Uk

{ζk(xk, uk) + ǫJk+1(Fk(xk, uk)) + (1 − ǫ)Jk+1(Fk(xk, uk))} (6.43)

where Fk(xk, uk) and Fk(xk, uk) are the state Fk(xk, uk) with its velocity rounded
to the nearest higher and lower value respectively and ǫ is given by the linear
interpolation between the two states such that 0 ≤ ǫ ≤ 1, see Figure 6.7. The
transition cost ζk(xk, uk) is given by (6.42) with the fuel mass flow given by (6.29).

Coasting in gear

Transitions using coasting in gear are also performed during a full interval ∆s, but
with lower end velocity than when freewheeling, since Tfw < 0 in this case. The
optimal cost-to-go is calculated for each feasible velocity and gear using (6.43) and
(6.42) with the fuel mass ṁf = 0. The control signals are gd,k = gk, Te,k = 0 and the
braking force Fb,k is only applied in order to avoid overspeeding.
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Jk+1(Fk(xk, uk))
Jk+1(Fk(xk, uk))

Jk(xk)

Position

Velocity

Figure 6.7: A transition of the type freewheeling or coasting in gear. Interpolation of
the cost-to-go function must be performed between two values at the end stage.

Jn(Fk(xk, uk))

Jn(Fk(xk, uk))

Jn+1(Fk(xk, uk))

Jn+1(Fk(xk, uk))
Jk(xk)

Position
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Figure 6.8: A transition involving a gear change. Interpolation of the cost-to-go
function must be performed between four values at the end stage.

Gear changes

A gear shift always starts at a position belonging to a stage, lasts for τg, and might
therefore end between two stages. During a gear shift, the vehicle rolls with open
clutch, i.e., with zero flywheel torque. If the vehicle reaches the next stage in less
than this time, the residual time necessary for the gear change is calculated until
two stages are found between which the gear change is completed. The cost-to-go for
when the gear change is completed is then given by a bilinear interpolation between
the four surrounding points in terms of position and velocity, which can be seen in
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Figure 6.8. The optimal cost-to-go from a specific state is given by

Jk(x) =min
uk

{ζk(xk, uk)
+ ǫ1Jn(Fk(xk, uk)) + ǫ2Jn(Fk(xk, uk))
+ ǫ3Jn+1(Fk(xk, uk)) + ǫ4Jn+1(Fk(xk, uk))}

(6.44)

where ǫi are constants given by the bilinear interpolation such that 0 ≤ ǫi ≤ 1, i ∈{1,2,3,4} and ∑4

i=1 ǫi = 1. The control gear is any gear not equal to neither the
current gear nor freewheeling, the engine torque Te,k = 0 and the braking force Fb,k

is only applied in order to avoid overspeeding. The transition cost to the position
where gear change is finished becomes

ζk(xk, uk) = n

∑
i=k

(ṁf,i + β)ti + ∆Eω

eidealγc

(6.45)

where ti is given by (6.39) for i = k, ..., n − 1 and tn is the time consumed at the
incomplete last stage such that ∑n

i=k ti = τg. If increasing the engine speed, the
increase in rotational energy is converted to fuel using (6.34). The fuel mass flow
for an upshift is zero, since the decrease in engine speed is used for overcoming the
engine drag torque. When changing from a higher gear or from freewheeling, the
fuel mass flow in (6.45) is set by ṁf(ωk,0).
Solution

The steps in Section 6.2.3 are performed backwards over the distance of the driving
cycle. If no feasible solution from a state is found, the cost-to-go is set to infinity.
The control vector uk is stored for each feasible state at each stage. When the
DP-algorithm is finished all the way back to the starting point of the section, a
forward algorithm using the optimal control uk for the current state is applied.
Using the control uk, the vehicle might end up in between two discretized velocities
during gear changes, freewheeling or coasting in gear. If the current state is between
discretized states with the same gear, interpolation is used in order to find the
control at this state. If the current state is between discretized states with different
gears, the control gear belonging to the nearest state in terms of velocity is chosen.
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Figure 6.9: Altitude, velocity, gear, and torque when using a velocity corridor set by
∆v = 4 km/h and nΣ = 1 std.
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Figure 6.10: Altitude, velocity, gear, and torque when using a narrow corridor
compared to using a wider corridor and the ability to freewheel.
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6.2.4 Simulation results

Simulations were performed using Matlab on the Trosa driving cycle introduced in
Chapter 4. The cycle contains a total of 53 stops, at which the vehicle is starting
and stopping with a velocity of 10 km/h. This is done since the dynamics at very
low velocities are badly captured by the vehicle model, and since these are out
of scope for this thesis. The intention of the simulations is to investigate how the
fuel consumption is affected by a wider velocity corridor and by the possibility to
freewheel. The width of the velocity corridor is varied by setting different values
on the two parameters introduced in Chapter 4: ∆v and nΣ. The parameter ∆v

sets the allowed variations in km/h during constant velocity reference, and nΣ sets
the allowed number of standard deviations from the average rate of deceleration. In
order to fairly compare simulations with different velocity corridors, the value of
the time penalty parameter β is adjusted such that the simulations have the same
trip time. A simulation with a narrow velocity corridor ∆v = 1 km/h and nΣ = 0.1 is
used as a benchmark.

The resulting trajectory using a wide velocity corridor with the possibility to
freewheel can be seen in Figure 6.9 for the first 25 km of the cycle. It can be seen in
Figure 6.9 that if allowed, freewheeling will be used frequently. Even on flat regions,
the vehicle will switch between high torque and freewheeling by a PnG strategy.
Since the velocity may only deviate within the velocity corridor, the frequency
of freewheeling depends on the width of the velocity corridor. A trajectory from
the same simulation is in Figure 6.10 shown together with a trajectory from the
benchmark solution with the same trip time.

An analysis of the distribution of losses per category from an energy perspective
can be seen in Figure 6.11. The different energy losses are calculated using the
vehicle model in Section 6.2.1 together with the resulting velocity and gear sequence.
The losses are given in terms of rolling resistance, air resistance, braking, engine
drag, gearbox losses and finally losses due to reduction of the engine speed when
starting freewheeling and when changing to a higher gear. These are losses because
the decrease in rotational energy is assumed to be performed by wasting the energy
difference. Most of the energy saved by widening the velocity corridor is saved by
reducing the energy losses due to braking. This can be seen by comparing the three
leftmost columns in Figure 6.11. Most of the energy saved by allowing freewheeling
is saved by reducing the losses due to engine drag. This can be seen by comparing
column 2 with column 4, and column 3 with column 5.

The energy savings given in Figure 6.11 are summarized in Table 6.5 together
with the actual fuel consumption found by summing the fuel consumed for each
step over the driving distance. The energy savings and the fuel savings are not
necessarily the same. This is because the solutions have different engine speed and
torque, and thus different working points in the fuel map. For all four scenarios
that are compared with the benchmark controller, the fuel savings are lower than
the energy savings. When freewheeling is not allowed the differences are 0.9 and
0.6 percentage points. This indicates that widening the velocity corridor leads to



6.2. Gear and engine control using dynamic programming 109

Ben
ch

mar
k

(2
,1)

(4
,1)

Free
w. (2

,1)

Free
w. (4

,1)

0

50

100

20.7
20.3 19.7 15.9 14.4

33.5 28.5 26.6 28.6 26.8

16.0 15.8 15.6 15.8 15.8

25.7 25.7 25.7 25.7 25.7

%
of

en
er

gy
co

ns
um

pt
io

n

Roll Air Brake Engine drag Gearbox Gearshift

3.5 3.3 3.2 2.9 2.7

0.7 0.6 0.6 1.0 0.9

100
94.1 91.4 89.8 86.3

Figure 6.11: Energy losses divided into categories for different settings on the velocity
corridor (∆v, nΣ). The two stacks furthest to the right belong to simulations in which
the possibility to freewheeling was enabled.

worse working points in the engine. When freewheeling is allowed, the differences
between saved energy and saved time are 1.0 percentage points in both cases. This
indicates that the average working points are worsened further. The conclusion that
can be drawn from these observations is that when solving optimal control problems
where the engine efficiency is included in the vehicle model, the savings by allowing

Table 6.5: Resulting energy and fuel savings for five different simulations with the
same trip time.

velocity corridor Freew. Energy savings Fuel savings
∆v = 1 km/h, nΣ = 0.1 std no 0 % 0 %
∆v = 2 km/h, nΣ = 1 std no 5.9 % 5.0 %
∆v = 4 km/h, nΣ = 1 std no 8.6 % 8.0 %
∆v = 2 km/h, nΣ = 1 std yes 10.2 % 9.2 %
∆v = 4 km/h, nΣ = 1 std yes 13.7 % 12.7 %
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greater velocity variations and freewheeling are made by energy-efficient velocity
trajectories that decreases the losses due to braking, and freewheeling in order to
decrease the losses due to engine drag torque, rather than operating the engine
with high combustion efficiency. These results are in line with the work in [103].
Furthermore, it strengthens the results of Chapter 5 where the energy losses due to
external forces are minimized and the results of Section 6.1, where also the engine
drag losses are minimized.

6.3 Summary

In this chapter, the vehicle model has been extended to include a model of the
powertrain in two different ways. In the first part, a Boolean variable for open or
closed powertrain is added to the models from Chapter 5 to allow the vehicle to
freewheel. The problem is formulated as an MIQP and four different control policies
are compared. The fuel savings compared to a benchmark controller were: 11 %
for look-ahead control without freewheeling, 19 % for freewheeling with the engine
idling, and 23 % for freewheeling with the engine turned off.

Next, a more detailed vehicle model including an engine, a gearbox, and gear
changing dynamics was used. A fuel map and a model of the gearbox losses measured
in experiments were used in the model. The optimal control problem was solved
using DP with fuel savings of up to 13 % without increasing the trip time. By
comparing the savings from an energy and a fuel perspective, it was concluded
that operating the vehicle efficiently in terms of velocity is more important than
operating the engine with greater combustion efficiencies.



Chapter 7

Implementation and experiment

Formulating and solving the driving mission as an optimal control problem can
give cost-efficient and fast estimations of the potential fuel savings. The quality of
such estimation is very dependent on how well the vehicle model represents the real
vehicle. To validate the improvements found in simulations, the optimal control can
be implemented in a real vehicle in order to measure the fuel consumption. This
is done in this chapter, by using methods from Chapters 5 and 6 to implement an
optimal control-based powertrain controller in a real heavy-duty vehicle. Experiments
are performed where the fuel consumption is measured in order to validate some
of the results from the previous chapters. A test track is used for the experiments,
and its speed limits, curvature, and road grade are used together with vehicle
performance limitations and driveability considerations to formulate the optimal
control problem. Trajectories from solving this problem are then used online in the
vehicle as look-up tables.

The outline of the chapter is as follows. In Section 7.1 the architecture of the
implementation is described. Section 7.2 presents the vehicle and its model. Section
7.3 treats the velocity constraints and Section 7.4, describes the optimal control
problem. In Section 7.5, the implementation in the actual vehicle is described.
Section 7.6 presents the results and Section 7.7 summarizes the chapter.

7.1 Architecture

A flow chart of the control architecture in the implementation can be seen in
Figure 7.1. The main idea of the control framework is to formulate the driving
mission as an optimal control problem and solve it in order to generate look-up
tables for velocity and freewheeling, which are later tracked by an online controller.
When formulating the optimal control problem, legal speed limits and curvature
are used together with actuator limitations and driveability considerations in order
to set an upper and a lower constraint for the velocity. The online controller, here
referred to as Dynamic Active Prediction (DAP), is implemented in the control unit
of the vehicle. It uses an existing interface in order to send the control signals to

111
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Figure 7.1: Flow chart of the architecture of the controller.

the low-level controllers of the vehicle actuators. A GPS and the measured velocity
are used in order to update the position of the vehicle that is used for finding the
new control from the look-up tables. The block Low-level controllers are existing
controllers for generating engine torque, brake torque, and gear changes and are
modified and tuned in order to adapt it to the application in this work.
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Figure 7.2: The vehicle used in the experiments: a Scania R730.

7.2 Vehicle description and model

The experiments are performed with a Scania R730, shown in Figure 7.2. This
section treats the parts in Figure 7.1 denoted Vehicle Model. First, the vehicle model
is presented through the dynamic model and parameter estimation.

7.2.1 Dynamic model
The vehicle model used in the implementation is the one given in Section 3.2.1. The
dynamics of the vehicle are given by (3.3) for the kinetic energy K as a function of
position s as

dK(s)
ds

= Ffw(s) + Fb(s) + Fa(K(s)) + Fr(s) + Fg(s). (7.1)

where Ffw(s) is the flywheel introduced in Section 3.2.1 and Fb(s) is the braking
force. The environmental forces for air resistance Fa(K(s)),rolling resistance Fr(s)
and the gravitational force Fg(s) were introduced in Section 3.1. In this implemen-
tation, the retarder1 is used as the main actuator to reduce the velocity since this is

1A hydraulic system integrated into the output end of the gearbox, which uses high-pressure
oil as a braking medium.
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Figure 7.3: Deceleration compensated for gravitational force during a coast down
test together with the corresponding least squares fit. The test was performed with
several different starting velocities.

the current design of the interface towards the low-level controller. The wheel brake
is also connected but is used only during the transient of the retarder. It does not
increase the maximum braking power and it is used to a very limited extent. The
retarder torque is limited such that the braking force is constrained by

−
Tr,maxifd

rw

≤ Fb ≤ 0 (7.2)

where Tr,max is the maximum retarder torque, ifd is the final drive ratio, and rw

the wheel radius.

7.2.2 Parameter estimation
Before the experiment starts, a few parameters in the vehicle model (7.1) must be
set. The vehicle mass m is measured using a digital scale. Each axis is measured
individually, and the masses are added. The air, rolling, and gravitational forces are
according to the model in Section 3.1 given by

Fa(K(s)) = −ρAfcdK(s)
m

, (7.3a)

Fr(s) = −mgcr cos(α(s)), (7.3b)
Fg(s) = −mg sin(α(s)). (7.3c)
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Table 7.1: Parameters for the vehicle model.

Parameter Value
Pmax - maximum power 320 kW
ifd - final drive ratio 2.92 [-]
Tr,max - maximum braking torque 4400 Nm
ρ - air density 1.292 kg⋅ m−3

g - gravitational constant 9.81 m⋅ s−2

ωo - engine speed open powertrain 500 RPM
ωc - engine speed closed powertrain 1100 RPM
Ie - moment of inertia engine 4 kg⋅m2

amax,c - maximum lateral acceleration 1.3 ms−2

Af - truck cross-sectional area m2

cd - air drag coefficient [-]
Af ⋅ cd - cross-sectional drag area 5.9 m2

cr - rolling resistance coefficient 0.0057
rw - wheel radius 0.5 m
m - vehicle mass 24 000 kg

The product of the parameters for the frontal area and the drag coefficient Afcd

in (7.3a) and the coefficient for the rolling resistance cr in (7.3b) are estimated in
a coast down test, see for instance [133] and [134]. The vehicle is given an initial
velocity and freewheels for a section of known road grade where the acceleration a is
measured. For this type of movement, both the flywheel force Ffw and the braking
force Fb in (7.1) are equal to zero, such that the equation can be written as

a − g sin(α(s)) = gcr cos(α(s)) + 1

2

ρAfcd

m
v2. (7.4)

The vectors y, X, and β are defined such that for element i

yi = ai − g sin(αi), (7.5a)

Xi = [g cos(αi), ρv2

i

2m
] , (7.5b)

β = [cr,Afcd]T . (7.5c)

The estimation is done using the method of least squares to find values of Afcd

and cr minimizing the sum of squared deviations between measured and functional
values of (7.4). The least squares estimation is given by

β∗ = argmin
β

((y −Xβ)T (y −Xβ)) (7.6)
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which has the solution
β∗ = (XTX)−1

XT y. (7.7)

Experimental results for deceleration compensated for gravity, can be seen as a
function of velocity together with the least squares fit in Figure 7.3. The estimated
parameters can be seen together with other parameters for the vehicle in Table 7.1.

7.3 Velocity constraints

Performing experiments with vehicles in applications with large variations in the
velocity can be more difficult than in highway driving, where the velocity only has
small variations from a set speed. On highways, the vehicle can follow the planned
trajectory for most of the time, since there are few obstacles, no traffic to yield
for, and few vehicles driving as slow as the HDVs. When driving on other roads
than highways, there are pedestrians, intersections to yield at, and vehicles with
low velocity. This makes experiments for fuel measurements more difficult in terms
of repeatability and more demanding in terms of safety. Therefore, the experiments
were chosen to be performed on a test track detached from public roads.

The velocity of a vehicle is typically constrained by several factors. In this
implementation, the procedure for creating the velocity corridor is the one given in
Section 4.2. The following factors are considered:

1. Road constraints from legal speed limits and curvature.

2. Driveability constraints for adaptation to a normal way of driving.

3. Maximum tractive and braking power and torque.

7.3.1 Road constraints
The test track is limited by standard signs for legal maximum speed vmax,l, and the
position and value of these are registered manually. The maximum velocity due to
curvature vmax,c is set by using (4.6) as

vmax,c =
√
ramax,c (7.8)

where the curvature radius r is measured as a function of position and the maximum
lateral acceleration amax,c is set based on driver comfort by manually driving on
the track. The minimum of the maximum velocity from the speed limit and from
the curvature, denoted vmax,cl, is chosen such that

vmax,cl =min [vmax,c, vmax,l] . (7.9)

These constraints can be seen together in Figure 7.4.
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Table 7.2: Settings for the velocity corridor. The maximum values are used for setting
the upper velocity constraints and the minimum values for setting the lower velocity
constraints.

Settings benchmark DAP
Maximum velocity [%] 95.5 100
Minimum velocity [%] 93.5 80
Maximum power [%] 90 100
Minimum power [%] 80 60
Minimum deceleration [ms−2] 0.55 0.40

7.3.2 Driveability constraints
A minimum allowed velocity is used for driveability reasons, i.e., to avoid behavior
where the vehicle deviates too much from a normal way of driving. This can for
instance be to coast for long distances ahead of decreased speed limit. The minimum
allowed velocity is initially set as a percentage of the maximum value and then
modified such that the vehicle is never forced to decelerate with more than a
constant value. The value is given in Table 7.2 and is set based on the analysis done
in Section 4.1.2.

7.3.3 Vehicle constraints
The vehicle has a rated maximum power of 537 kW. However, this value cannot
be used directly as a constraint in the optimal control problem. There are several
reasons for this. First, the maximum power can only be reached at an interval of
engine speed which is smaller than than the full range of operational engine speed.
Second, the model in the optimal control problem does not take interruptions in
traction during gear changes into account. Third, not all powertrain losses are taken
into account. Therefore, a velocity trajectory generated by the full rated maximum
power would be impossible to track by the real vehicle with torque interruptions
and unmodeled losses. The maximum power used in the optimal control problem is
320 kW as given in Table 7.1.

The test track has uphill sections of 8 % road slope. Such sections can reduce the
velocity of the HDV significantly. Setting the lower velocity constraint as a fraction
of the upper limit might therefore result in infeasibility. To mitigate this, the lower
constraint is modified in order to always contain a feasible solution. This is done by
discretizing the constraint and for each step k setting

vmin[k] =min (vmin[k], vmin[k − 1] +∆vmax) (7.10)

where ∆vmax is the acceleration given by maximum tractive power, taking road
slope and resistive forces into account.
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Figure 7.6: A comparison of the velocity corridors for the DAP controller and the
benchmark controller.

A similar problem can occur when the vehicle decelerates and/or drives in
downhills. Since the retarder has limitations in torque, it might be impossible not
to violate the upper velocity constraint. Therefore, the upper constraint is modified
such that it can always be satisfied. This is done by setting

vmax[k] =min (vmax[k], vmax[k + 1] −∆vmin) (7.11)

where ∆vmin is the acceleration given by maximum braking, taking road slope and
resistive forces into account. The procedure (7.10) is performed in forward direction,
since the vehicle accelerates from known minimum velocities. The procedure (7.11) is
performed in backward direction, since the vehicle decelerates into known maximum
velocities. The upper and lower velocity constraints together form the velocity
corridor that can be seen in Figure 7.5.

7.4 Optimal control problem

The problem is formulated as a mixed integer program described in Section 6.1. The
state variables are the real variable K for kinetic energy and the Boolean variable z
for closed powertrain or freewheeling. The dynamics of K are given by (7.1) as a
function of position discretized with steps of length 10 m.

In order to quantitatively evaluate the DAP controller, it must be compared
with a benchmark controller. Examples of possible benchmarks are experienced
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drivers, average drivers, or an existing driver assistance system capable of handling
the driving scenario. By using drivers, the results would be very dependent on
the skills of the drivers and their experience with the vehicle and the track. Using
a driver assistance system for the vehicle is not possible since it does not exist.
Therefore, the chosen benchmark was derived by using the same optimal control
problem formulation, but with a much narrower velocity corridor. This enables the
benchmark to perform deviations in its velocity, but to a less extent compared to the
DAP controller. The vehicle follows the maximum allowed velocity times a constant
fraction with small deviations. The constant fraction was adjusted in order to obtain
approximately the same trip time for the benchmark controller as for the DAP
controller. The numerical values for the velocity corridors can be seen in Table 7.2.
The velocity corridors for the DAP controller and the benchmark controller can be
seen in Figure 7.6. For a fair comparison, both corridors enforce the same start and
end velocity by having no width at the first and the last position.

7.5 Online system

This section first describes how measurements from the GPS and the velocity are
combined to estimate the position along the track. Next, the online controller is
described followed by comments on the low-level controllers.

7.5.1 Positioning
The road grade ahead of the vehicle is normally obtained in Scania vehicles from
maps from a third-party provider, together with a GPS. Since the experiments are
performed on a test track, such maps do not exist. Instead, road grade and curvature
are measured by the vehicle when it is manually driven around the track.

To be able to use the look-up tables derived offline, a positioning mechanism
has been developed. To do so, the GPS signal is used together with the velocity
of the vehicle. The GPS signal is given as longitude and latitude, which must be
related to the position along the track. This is done by manually driving the driving
cycle and collecting the GPS-signals as function of integrated velocity. The collected
longitude and latitude can be transformed into x and y coordinates and stored as
functions of position in a table. When using the online controller, the position from
the GPS is calculated from the longitude and latitude signals transformed to x and
y coordinates. The GPS signals are sampled with a frequency of 1/tGPS = 1 Hz. The
driven distance according to the GPS sGP S is calculated using the GPS signals
xGPS and yGPS by the scalar product

sGP S(t) = pos(x, y) + (x − x, y − y)∣∣x − x, y − y∣∣ ⋅ (xGPS − x, yGPS − y) (7.12)

where ⋅ and ⋅ are the coordinate values belonging to the previous and next table
position respectively and the function pos(x, y) gives the corresponding position.
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The position calculated from the GPS signal is fused with the integrated velocity to
update the position of the vehicle. This is done such that

s(t) = αpos (s(t −∆tGPS) +∫ t

t−∆tGPS
vdt) + (1 − αpos)sGPS(t) (7.13)

where αpos = 0.9 is set empirically as a trade-off between drift and smoothness.

7.5.2 Controller
Solving the optimal control problem yields look-up tables as functions of position,
for velocity and for freewheeling. These are passed on to the existing interface that
enables the functionality in Scania Active Prediction [41]. The signals and types
sent to this controller are:

• velocity reference traction - double,

• velocity reference braking - double,

• gear request - integer,

• brake active - Boolean,

• derivative of the references - double.

In the optimal control problem, the control force is either a positive number
representing traction, or a negative number representing braking. In reality however,
the control is performed by different actuators depending on if positive or negative
force is needed. The decision on which actuator to use is decided by the brake active
signal. Two factors are considered in this decision. The first is the velocity of the
vehicle relative to the reference,

∆v = v − vref. (7.14)

The second is the relative acceleration ∆a, which is the acceleration of the vehicle
caused by external forces, found by setting the controllable forces in (7.1) equal to
zero, minus the derivative of the reference, such that

∆a = −g sin(α) − gcr cos(α) − 1

2

ρAfcd

m
v2
−

dvref
dt

. (7.15)

The variables ∆v and ∆a are used to set the braking conditions b∆v and b∆a

respectively. These are set using hysteresis according to

b∆v ←

⎧⎪⎪⎨⎪⎪⎩
1 if ∆v ≥ 0.5 km/h
0 if ∆v < −1.0 km/h

(7.16)
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Figure 7.7: A comparison of tracking performance between the default speed controller
and the modified one. The torque values are left out due to confidentiality.

and

b∆a ←

⎧⎪⎪⎨⎪⎪⎩
1 if ∆a ≥ 0.1 m/s2

0 if ∆a < 0 m/s2.
(7.17)

Braking is active when both these are active. The continuous signals velocity
reference and brake reference are obtained by linear interpolation between the
positions in the look-up table. The gear request signal is used for freewheeling and
is obtained by choosing the value belonging to the nearest of the positions in the
look-up table.

7.5.3 Low-level controllers
The low-level controllers used in the experiments are the existing controllers for
velocity and for gear selection. The default gear controller is used, except for when
freewheeling is requested. In such cases, the default gear selection is overruled and
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freewheeling is activated. The speed controller is normally used for driving with
small deviations from a constant velocity reference and not for the large velocity
variations such as in the driving cycle used here. The default low-level controllers
were initially used, which resulted in poor tracking performance.

To improve the tracking, a few modifications to the low-level controllers have
been performed:

• A feed-forward of the derivative of the reference velocity is added to the
controller.

• Time constants for the controllers were reduced.

• The ability to use the wheel-brake by a desired deceleration was added.

The result of the two first modifications to the low-level controller can be seen
in Figure 7.7. The modified version of the low-level controller is compared with
the default one when accelerating from approximately 30 km/h to almost 90 km/h.
As can be seen, the modified controller starts giving tractive torque ahead of the
default one. In addition, it applies maximum torque to a greater extent when the
velocity is below the reference.

7.5.4 Tracking the reference
An evaluation is performed on how well the real HDV can track the trajectories
from the optimal control problem. The trajectories from solving the optimal control
problem were then used as references for the online controller. Resulting trajectories
from the experiment in the real vehicle using the DAP controller can be seen
together with trajectories from solving the optimal control problem in Figure 7.8.
The largest deviations between the reference and the resulting velocity occurs during
increasing velocity reference (at 250 m and 700 m), during decreasing reference in
combination with a down slope (at 500 m), and during a rapid change from downhill
to uphill (at 2000 m). The deviation between the reference velocity vreference and
the measured velocity vmeasured can be evaluated in terms of the root mean square
deviation (RMSD):

RMSD =

¿ÁÁÀ 1

N

N

∑
i=1

(vmeasured,i − vreference,i)2, (7.18)

where N is the number of measurement points. On average, the RMSD was 2.1 km/h
for the benchmark controller and 2.0 km/h for the DAP controller.
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Figure 7.8: Road altitude followed by experimental results for the DAP controller in
terms of velocity, torque, and low-pass filtered force. For the velocity and the force, a
comparison is made with the solution of the optimal control problem.
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The control from the optimal control problem is communicated to the vehicle in
terms of the velocity and eco-roll trajectories and then transformed into a torque by
the low-level controllers in the vehicle. In order to evaluate the similarity between
the control in the optimal control problem and the one actually realized, these are
plotted together. The torque is converted to the corresponding force at the wheels
by the relation

F =
Tigifd

rw

(7.19)

where T is the flywheel torque and ig is the ratio of the current gear. However,
the force in the real vehicle has interruptions during gear changes, which the
optimal control problem does not consider. In order to simplify the comparison, the
force measured in the vehicle is low-pass filtered such that these interruptions are
attenuated. A gear change takes approximately 1 s which can be approximated by a
square-wave with frequency 0.5 Hz. This frequency is used as the cut-off frequency
in the filter. The comparison can be seen in the last plot of Figure 7.8.

7.6 Results

The results can be divided in two categories presented below. Firstly, the optimal
control problem is solved offline in order to find the potential fuel savings, i.e.,
the difference in fuel consumption between the DAP controller and the benchmark
controller. Secondly, the measured fuel consumption and the control signals are
compared for the DAP controller and the benchmark controller.

7.6.1 Optimal Control Problem
The DAP controller and the benchmark controller are derived by solving the same
optimal control problem, but with different settings for the velocity corridor, as
motivated in Section 4.4. The resulting trajectories of the DAP controller and
the benchmark controllers can be seen together in Figure 7.9. One way the DAP
controller saves energy is by coasting in gear ahead of downhills, for instance at
400 m, 900 m, and 1700 m. Freewheeling is used three times. The DAP controller
saves 17.7 % fuel and 1.1 % time compared to the benchmark controller.

The energy losses of the two controllers can be divided into the different categories:
roll, air, brake, engine drag, idling, and engaging freewheeling based on models of
these losses in Section 7.2.1. The result can be seen in Figure 7.10. The rolling
resistance is independent of velocity and therefore constant for the two controllers.
The air resistance is one part per thousand higher for the DAP controller, which is
an effect of higher average velocity and larger velocity variations since the force is
proportional to the squared velocity. The ability to freewheel of the DAP controller
introduces the losses due to fuel consumption during idling and the losses due
to initiating freewheeling. The latter losses are modeled because the decrease in
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Figure 7.9: Road altitude followed by resulting trajectories from solving the optimal
control problem for the DAP controller and benchmark controllers showing velocity,
control force and if a gear is engaged or not.
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Figure 7.10: Distribution of energy/fuel losses between different sources for the
benchmark controller and the DAP controller.

rotational energy of the engine is modeled as a loss. The largest difference between
the two controllers is in terms of the energy lost due to braking.

7.6.2 Comparing fuel consumption
The fuel measurements were performed by alternating between 3-4 laps using the
DAP controller and 3-4 laps using the benchmark controller. This was done in order
to get as similar weather conditions as possible. During some laps, other vehicles
disturbed the experiment and the driver had to brake manually. In such cases, the
measurements from that lap were discarded. In total, 10 laps were successfully
recorded using the DAP controller and 9 laps using the benchmark controller. The
results for both controllers in terms of fuel consumption for each experimental lap

Table 7.3: Results for the DAP controller and the benchmark controller in terms of
average fuel consumption and trip time.

Optimal control problem benchmark DAP
Fuel consumption [%] 100 82.3
Trip time [%] 100 98.9
Experiment
Fuel consumption [%] 100 84.0
Trip time [%] 100 99.3
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Figure 7.11: Comparison between the DAP controller and the benchmark controller
in terms of velocity, torque, brake active, gear, fuel rate, and difference in accumulated
fuel.
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Figure 7.12: Experimental results showing for time and fuel: measured values together
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can be seen in Figure 7.12 together with markings for the average values. Trajectories
for the benchmark controller and the DAP controller in terms of velocity, torque,
brake active, fuel flow, difference in accumulated fuel, and gear can be seen in
Figure 7.11. The trajectories belong to laps with median values in terms of fuel
consumption. The velocities in this figure is the result of using the velocities in
Figure 7.9 as references to the speed controller. The DAP controller saves 16.0 % fuel
and 0.7 % time compared to the benchmark controller. The results are summarized
in Table 7.3.

The amounts of the fuel savings are strongly dependent on the choice of bench-
mark. If a manual driver would be used as a benchmark, it is likely that the measured
fuel savings would be less. The results would also depend heavily both on the general
skills of the driver and the knowledge of this specific course. The purpose of the
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experiments is not only the measurements themselves, but also to show the similarity
between measured real-world values, and the ones found by solving the optimal
control problem. The great similarities found in this chapter strengthen the results
from solving optimal control problems in Chapter 5 and Chapter 6. In those chapters,
more thorough investigations of the influence of the velocity corridor on the fuel
consumption were performed. The fuel savings caused by allowing greater variations
in the velocity are thus validated by these experiments, even though the quantity of
the fuel savings heavily depends on the chosen benchmark.

7.7 Summary

This chapter has described how methods for formulating velocity constraints from
Chapter 4 and for solving optimal control problems from Chapter 6 can be used for
implementation of an optimal control-based powertrain controller in a real heavy-
duty vehicle. The architecture of the controller has been described to consist of an
offline and an online part. In the offline part, speed limits, curvature, and actuator
limitations are used for setting the constraints in the optimal control problem. By
solving it, trajectories are generated for the velocity and for freewheeling on/off.
These trajectories are tracked online in the vehicle by low-level controllers.

The controller has been evaluated by measuring the fuel consumption when
driving on a test track with varying speed limits, curvature, and slopes. The
experiments have shown potential fuel savings according to the solution of the
optimal control problem to be 17.7 %. The trajectories from the optimal control
problem were then used as references for control in experiments in a real HDV,
resulting in average fuel savings of 16.0 %.



Chapter 8

Conclusions and future work

Environmental concerns, legal restrictions, and economical motivations together push
the manufacturers of heavy-duty vehicles to constantly reduce the fuel consumption
of their vehicles. This thesis has investigated how this can be done using look-ahead
control, specifically in driving environments where the velocity has large variations.
A central idea has been to formulate such a driving mission as an optimal control
problem. One important step to do so has been to formulate look-ahead information
such as speed limits, curvature, traffic lights etc. as mathematical constraints. Solving
the optimal control problem under such constraints yields fuel-efficient and feasible
powertrain control for the heavy-duty vehicles. Using look-ahead control in driving
scenarios with variations in the velocity demands has great potential of saving fuel.
With more information about the road and traffic situation available, controllers
for this purpose rapidly become more realistic. With the push for more advanced
driver assistance systems and autonomous vehicles, predictive speed and powertrain
controllers for this purpose may soon be standard in vehicles. This chapter concludes
the thesis and outlines possible directions for future research.

8.1 Conclusions

In Chapter 3, the models of the vehicle and its powertrain were introduced. The
kinetic energy as a function of position is used most frequently throughout the thesis
to represent the longitudinal dynamics of the vehicle. A vehicle model based on
external and controllable forces was first introduced. This model is used in most
parts of the thesis to describe how air and rolling resistance and gravity influence
the movement of the vehicle. The vehicle is initially modeled to be controlled by a
tractive force, which if integrated over the distance gives the energy consumption,
and a braking force, which is a loss of energy. In an extension to this model, the
braking force is split in two, such that part of the braking energy is regenerated.
Next in the chapter, models of the powertrain are added. First, the possibility to
open the powertrain in order to freewheel is enabled. This is done by adding a
Boolean variable that denotes the status of the powertrain and the engine drag force

131
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depends on it. Second, a full powertrain model is introduced that includes engine
efficiency, gearbox losses and gear changing dynamics.

In Chapter 4, it is proposed how look-ahead information and statistics from
HDV operations can be used to formulate the constraints in the optimal control
problems. In a first method, the velocity reference from a driving cycle is modified
based on average behavior of vehicles in live operation similar to the ones studied in
the thesis. Around the velocity reference, an upper and a lower constraint, named
the velocity corridor, is created based on the same data. In a second method, speed
limits and curvature are used as a starting point to create the velocity corridor. It is
then modified by actuator limitations and driveability considerations. The chapter
also shows how information about the phasing and timing of traffic lights can be
formulated as constraints. Finally in the chapter, the use of a benchmark controller
to compare the look-ahead controllers with is described. The benchmark controller is
derived by solving the same optimal control problems as the look-ahead controllers,
but with much more narrow velocity corridors. This makes the results repeatable,
at the risk of the benchmark controller not representing a natural way of driving.

In Chapter 5, the vehicle model based on forces is used to find energy-efficient
control. In the first part, the width of the velocity corridor is varied in order to
investigate its influence on the energy consumption. The optimal control problem is
given on continuous form and is solved using Pontryagin’s maximum principle. By
allowing deviations of ±4 km/h from the velocity reference during constant velocity
and 1 standard deviation from the mean rate of deceleration, 7 % energy is saved
without increasing the trip time. In the second part, the influence of the horizon
length on the energy consumption is studied when the optimal control problem
is solved in a receding-horizon fashion. By using a horizon length of 500 m, the
energy consumption of the optimal solution is reached within 1 %. For a horizon
length of 1000 m, the energy consumption is the same as for the optimal solution.
Finally in the chapter, it is studied how to drive energy-efficiently in the presence of
traffic lights. The information about the phasing and timings of the traffic lights is
formulated as constraints in the optimal control problem. Due to the non-convex
nature of the time slots for passing the traffic lights, algorithms are proposed for
reducing the non-convex problem to convex multiple sub-problems. By using a
horizon length of 1000 m, which corresponds to obtaining information from two
traffic lights ahead, 26 % energy was saved while increasing the trip time by 1 %.

In Chapter 6, models of the powertrain are added to the optimal control problem
in order to find fuel-efficient powertrain control. First, a Boolean variable representing
open or closed powertrain is introduced. This enables the vehicle to freewheel, which
reduces frictional drag losses in the engine. The problem is formulated as a mixed
integer quadratic program. A benchmark controller with a narrow velocity corridor
is compared with three different solutions with wider driving corridors. The resulting
fuel savings of these are: 11 % percent fuel by not allowing freewheeling, 19 % fuel
by allowing freewheeling with idle engine, and 23 % fuel by allowing freewheeling
with engine off. Next in the chapter, a full powertrain model is used including a
fuel map and gearbox losses based on measurements in test cells. A full set of gears
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and gear changing dynamics are included in the model. The problem is solved using
dynamic programming to investigate the influence of the velocity corridor on the fuel
consumption. By allowing deviations of ±4 km/h from the velocity reference during
constant velocity and 1 standard deviation from the mean rate of deceleration, 13 %
fuel is saved without increasing the trip time. By comparing the fuel savings with the
savings from an energy perspective, it is concluded that it is of greater importance
to minimize the losses due to braking and due to engine drag rather than operating
the engine at working points with higher combustion efficiency.

In Chapter 7, methods from the previous chapters are used to implement an
optimal control-based powertrain controller in a real heavy-duty Scania truck. Road
grade and curvature from a test track are used together with actuator limitations and
driveability considerations to formulate the optimal control problem. The problem
is solved as a mixed integer quadratic program, which gives trajectories for the
velocity and for freewheeling. These trajectories are sent as references to the default
velocity and gear controllers of the vehicle. Since these controllers are not originally
designed to handle such large variations in the velocity, the tracking of the velocity
reference is initially poor. It is improved by using the derivative of the reference
velocity and by tuning the controller to better fit the application. Experiments
are then performed on a test track of 4 km. The look-ahead controller is compared
with a benchmark controller for which the references are derived by solving the
same optimal control problem with tighter constraints. Solving the optimal control
problem indicates a fuel saving of 18 %, while a fuel saving of 16 % is measured in
the vehicle during the experiments.

8.2 Future work

This section presents some possible directions for future research on the topic
fuel-efficient look-ahead control.

Real-time implementation

A limitation of the current architecture is that the OCP is solved offline. This means
that the solution is no longer valid if the vehicle changes its route or its weight, for
instance due to loading/unloading goods. An alternative method would be to solve
the problem online in the computational unit of the vehicle or in a cloud that the
vehicle can communicate with. In this case, a receding horizon approach could be
used to reduce the computational load.

Another limitation is that the control force is not used directly by the actuators
in the vehicle. Instead, the control is derived from the offset of the velocity relative
to the reference. Because of this, there will always be a delay in the tracking of the
reference. An alternative is to solve the optimal control problem with a powertrain
model including the full set of gears as was done in Section 6.2. The control signal
found by solving the optimal control problem is in this case the engine torque that
could be used as reference for the torque controller. However, the need for gear
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shifting would complicate matters, since the engine torque must be combined with
the correct gear. One option to solve this is to also control the gear selection, which
drastically increases the scope of the task. Another option is to use the existing gear
selection and include a model of it in the problem formulation. This can be difficult
due to both the complexity and the confidentiality of the gear selection. Investigating
how to mitigate these limitations is an important task for future research.

The computational time of the solutions in this thesis has not been prioritized.
As was discussed in Chapter 2, applying optimal control to vehicles often means
that the selection between an online and an offline controller must be made. In an
online controller, the calculations must be done in real time and can thus not be
too computationally heavy. If the optimization is done offline, a controller must
be designed to track the trajectories derived from the optimization. The selection
between these two options and its implications must be considered if the work in
this thesis is to be used in a real vehicle. If new hardware is necessary in order to
implement the control, the cost of it must be compared with the potential gains
from reduction in the fuel consumption. Finding the best trade-off between fuel
consumption and production cost will be important.

Additional look-ahead information

When driving with the controller active, it was experienced that the comfort and
feeling of safety felt different in different curves. One reason for this is the banking
of the road, i.e., the rotation around the vector parallel to the vehicle. If the banking
angle has the same direction as the curve itself, then the lateral acceleration is
decreased, resulting in increased comfort. Furthermore, the risks of slipping or
tipping over are decreased. If this angle is known, then it can be used for setting
the maximum velocity in curves. Also the visibility may influence the experience of
the velocity in curves. With less visibility, the velocity might feel too high, since it
is a natural desire to see the road section within which the vehicle can be stopped.

One important part of the surroundings of the heavy-duty vehicle that has not
been addressed directly in this thesis is other vehicles. An adaptation to surrounding
traffic is made through the velocity corridor, as discussed in Chapter 4, but individual
vehicles are not taken into account directly. The main reason is that look-ahead
information is seldom available, since the vehicles will react to their own situation.
As the amount of connectivity increases, more such information will be available.
Especially autonomous vehicles should have a plan for their velocity for the nearest
future. If information regarding this is spread through V2V-communication, it could
be used by other vehicles to plan for fuel-efficient driving.

Alternative Energy sources

The shift from fossil fuel to renewables and electricity is likely to intensify within
this decade. As of now, no one can know for sure if heavy-duty vehicles will be
driven by bio-fuel, fuel cells, electricity from batteries, or electricity from the road.
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Depending on the power source, the optimal control can be very different. It was
for instance shown in Chapter 6 that the strategy for braking can be very different
if part of the energy is regenerated. As these alternative energy sources become
more common, research to find fuel-efficient control adapted to the particular energy
source is needed.

From optimal control problems to machine learning

One drawback with the method of solving optimal control problems to find fuel-
efficient control, is that a model of the vehicle is necessary. If a realistic model of the
vehicle and its powertrain is to be used, then the complexity of the model can be
very high. For instance, one dimension for the velocity and one for the gear creates
many combinations of states. If hybrid vehicles are to be considered, then further
dimension in terms of state-of-charge and electric motor speed might be needed.
Discretizing such problems and solving it using dynamic programming would likely
be infeasible due to the amount of computations it would need. In recent years,
research within machine learning has shown promising results for solving complex
problems. One such method, reinforcement learning, has proven to be able to solve
problems with huge state spaces by approximating the state-value-function. Such
methods could possibly be applied to look-ahead control of vehicles. Ideally, they
would result in simple enough models from sensory inputs to actuator control to be
implemented in the control units of the vehicle.





Abbreviations

ADAS Advanced Driver-Assistance Systems
AMT Automated Mechanical Transmission
BSFC Brake Specific Fuel Consumption
DP Dynamic Programming
GPS Global Positioning System
HDV Heavy-Duty Vehicle
MIQP Mixed Integer Quadratic Program
MPC Model Predictive Controller
OCP Optimal Control Problem
PMP Pontryagin’s Maximum Principle
PnG Pulse-and-Glide
QP Quadratic Programming
RPM Revolutions per Minute

137





Notations

General

s position
v velocity
a acceleration
t time
K kinetic energy
P power
T torque
E energy

Forces

F force
Ft tractive force
Fb braking force
Fbr braking force, regenerative
Fbl braking force, loss
Ffw flywheel force
Fp piston force
Fa air resistance force
Fr rolling resistance force
Fg gravitational force
Fenv sum of environmental forces

139



140 Conclusions and future work

Vehicle and powertrain model

g gravitational constant
rw wheel radius
ig transmission ratio gearbox
ifd transmission ratio final drive
eideal ideal specific energy
γc average combustion efficiency
Af vehicle frontal area
cd air drag coefficient
ρ air density
cr rolling resistance coefficient
m vehicle mass
ω engine speed
ωw rotational speed wheel
I moment of inertia
z powertrain closed/open

Velocity corridor

Kl, vl lower constraint of velocity corridor
Ku, vu upper constraint of velocity corridor
v∆ allowed deviation during constant velocity
nΣ allowed number of standard deviations during deceleration
dµ(v1, v2) deceleration mean
Σ(v1, v2) deleration standard deviation

Optimal control

ψ adjoint-state variable
H Hamiltonian
L Lagrangian
J cost-to-go in DP
ζ transition cost in DP
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