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Abstract
This thesis is concerned with fuel-efficient driving strategies for heavy-duty
vehicles driving on highways with varying topography. A method for reducing
the fuel consumption of single trucks and platoons consisting of several trucks
is described and evaluated both in simulation and in real trucks. The method,
referred to as speed profile optimization (SPO), uses a genetic algorithm
to find fuel-efficient speed profiles. Using SPO, the fuel consumption of a
single truck was reduced by 11.5% (on average) relative to standard cruise
control. The method’s extension to platooning (P-SPO), reduced the fuel
consumption by 15.8% to 17.4% for homogeneous and heterogeneous platoons
(with different mass configurations), respectively, relative to the combination
of cruise control and adaptive cruise control, when applied to road profiles of
10 km length. Furthermore, it was demonstrated that the results obtained
in the simulations are sufficiently accurate to be transferred to real trucks.
The SPO and P-SPO methods also outperform the commonly used MPCbased methods by a few percentage points: For single trucks, SPO outperformed an MPC-based approach by 3 percentage points, in a case with identical roads and similar experimental settings. Similarly, for a platoon of two
trucks, P-SPO outperformed an MPC-based approach by around 3 percentage points.
Keywords: fuel efficiency, truck platooning, heavy-duty vehicle platooning,
speed profile optimization.
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”Taking a new step, uttering a new word, is what people fear the most.”
Fyodor Dostoyevsky
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Chapter

1

Introduction and motivation
The central topic of this thesis is fuel-efficient driving strategies for trucks
operating on highways. Fuel accounts for approximately one third of the total
cost of owning and operating a truck. Given that hauling companies own
many vehicles that typically travel around 200000 km per year, reducing the
fuel consumption even by a few per cent can translate to significant savings
for these companies. Moreover, trucks are responsible for around 5% of total
EU greenhouse gas emissions [9]. With the expected increase in demand for
transportation of goods in the coming years, hauling companies and vehicle
manufacturers are under pressure to take appropriate measures.
Vehicle platooning, a configuration in which a group of vehicles drive
at small longitudinal inter-vehicle distances, has been investigated, both in
academia and in the vehicle industry, as a means to reduce fuel consumption. Driving at small inter-vehicle distances may reduce the fuel consumption significantly, by reducing the overall air drag resistance. For example,
if a platoon of two trucks drive at 80 km/h and at a constant spacing of
10 m, the aerodynamic drag experienced by the second vehicle is reduced by
around 40%. Moreover, vehicle platooning can reduce traffic congestion by
making better use of current road infrastructure, and also increase safety by
automatically controlling the longitudinal motion of vehicles, something that
may reduce the risk of rear-end collisions.
Most of the early work and experimental tests on platooning focused on
the aerodynamic effects of driving at close inter-vehicle distances, while the
Lead vehicle in the platoon maintained a constant speed, using standard
cruise control system (CC), see, for example [10, 12, 8, 3]. This approach
1
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is optimal if there is no slope variation. However, on roads with varying
slope, maintaining a constant inter-vehicle distance, or allowing only small
variations, leads to excessive acceleration and braking, and consequently increases the fuel consumption. Therefore, the impact of road topography must
be considered when developing fuel-efficient driving strategies.

1.1

Fuel-efficient driving

Vehicle platooning is one of the earliest proposed methods for reducing the
fuel consumption of heavy-duty vehicles. However, it is not always possible to
form or join a platoon. Thus, it is necessary to develop fuel-efficient driving
strategies that work well both for single vehicles and for platoons.
Similar to maintaining a constant inter-vehicle distance in a platoon, driving at a constant speed on roads with varying topography is not fuel efficient.
Consequently, the speed profile of a truck, i.e. its reference speed as a function of its longitudinal position along the road, must be allowed to vary.
Speed variation methods could be used both in the case of single trucks as
well as in truck platoons.
Fuel-efficient speed variation can be achieved using different methods,
which will be reviewed in this thesis (see also Chapter 2). Many of the
proposed methods are based on the optimal control framework, and model
predictive control (MPC) in particular. In these methods, solutions are generated using the dynamic programming optimization method to obtain an
optimal speed trajectory for the vehicle, which is tracked using iteratively
calculated inputs from the MPC-based controller.
An alternative approach, however, is to use the speed profile optimization (SPO) method (first introduced in Paper I) to generate fuel optimal speed profiles, over a long road segment, for the trucks to follow (see
Chapter 3). As shown in Papers II and III, SPO leads to larger savings than
MPC-based methods, while being computationally less expensive. Moreover,
using the SPO approach, there is no need for frequent updates of the speed
profile.
This thesis consists of three papers which are concerned with the problem
of fuel-efficient driving for heavy-duty vehicles over roads with varying topography. The main research idea presented and tested (both in simulations and
experiments) in these papers is based on speed profile optimization, both in
single trucks (Paper II) and in truck platoons (Paper I and III). In Paper I, a
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simple stochastic optimization method was used to design an optimized speed
profile for the lead vehicle in the platoon while the rest of the vehicles follow
the lead vehicle using various methods from the artificial physics framework.
In Paper III, however, it was proposed that each vehicle should follow its own
speed profile instead. This was achieved by optimizing the speed profiles of
all vehicles together, using the optimization method introduced in Paper II,
while considering the safety of the platoon.
The performance of the SPO method was improved by (i) modifying the
road and speed profile representation from simple point lists to composite
Bézier curves in Paper II, and (ii) using a more conventional genetic algorithm
for optimization. Furthermore, in Paper II, it was shown that the results of
using SPO for fuel-efficient driving can be transferred from simulations to
real trucks despite the simple model used in the simulations.

1.2

Scope and author’s contributions

As was mentioned above, the fuel-efficient driving strategy considered in
this thesis is based on the concept of speed profile optimization, for single
trucks and platoons (consisting of only trucks) driving on highways with
varying topography. In this thesis, only the longitudinal dynamics of trucks
is considered, which is customary in the field. Moreover, all trucks considered
in this work have the same engine model, but with different masses in the
case of heterogeneous platoons. Furthermore, trucks are equipped with cruise
control systems in order to follow the optimized speed profiles. In general,
during the testing of the methods presented in this thesis, it was assumed that
other traffic does not interfere with the platoon (or the single truck, where
applicable), e.g. by cutting in. However, this problem affects all platooning
methods, and its effect on fuel savings will be considered later in this thesis.
The author was the main contributor to Papers II and III, and one of the
main contributors to Paper I.

Chapter

2

Fuel-efficient driving strategies
Chassis and power train development has improved vehicle efficiency over the
past decades, making vehicles safer and more fuel-efficient. In addition, driving behavior itself gives another opportunity of an even higher fuel-efficiency.
There are several systems, which are usually referred to as driving assistance systems, that give recommendations to truck drivers through humanmachine interaction systems so that they can reduce their fuel consumption,
see, for example [16, 4, 28]. However, with the increasing level of autonomy
in vehicles, one could develop fuel-efficient driving strategies that actively
control the longitudinal motion of a vehicle, or a platoon of vehicles. In this
chapter such strategies will be reviewed, and then the concept of speed profile
optimization will be introduced.
The earliest works on fuel-efficient driving were focused on roads with
constant slope. Schwarzkopf and Leipnik [25] formulated a fuel-optimal problem for a non-linear passenger vehicle model, and an analytical solution was
proposed, based on the maximum principle, for highway driving on road segments with constant slopes. A similar approach was taken in [11] where the
analytical solutions to a set of constructed simple road segments were derived
for heavy-duty vehicles.
In order to solve the problem of fuel-efficient driving on general roads
(with varying topography), different methods based on optimal control
have been proposed, in which the optimization problem is solved numerically.
In [20], Lattemann et al. proposed an upgrade on the standard cruise control
system, called predictive cruise control (PCC), that allows the vehicle to
drive at a lower speed as it drives through the uphill segments and to speed
5
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up when it traverses the downhill segments. PCC systems often operate at
a narrow pre-defined speed range, typically around ±5 km/h.

Figure 2.1: Illustration of the basic idea in the model predictive control framework. At each time instant k, an optimal control problem is solved (using dynamic
programming, for example) based on the predicted state of the model, which returns an optimal control sequence (future inputs) for the entire prediction horizon
p. Then, only the first of the future control inputs (Applied input) is applied to the
system. At the next time instant k+1, the same procedure is repeated with updated
states.

2.1

Model predictive control

PCC systems have been improved by the use of the model predictive control (MPC) framework in designing and tracking speed trajectories. In approaches that use this framework, an optimal speed trajectory is generated
through online optimizations (discussed below), with respect to fuel consumption, typically over a 2 – 4 km horizon. The trajectory is then tracked
by a specially designed controller in which the instantaneous control inputs,
at each step, are computed based on the predicted state of the system.

2.2. Speed profile optimization
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In the MPC framework, dynamic programming (DP) [6] has been used
extensively to solve the optimization problem numerically at each iteration,
thus generating an optimal speed trajectory for the vehicle to follow.
MPC, in general, is a control framework that relies on iterative solutions,
for which the update frequency depends on the discretization step of the
optimal control problems (here minimizing the fuel consumption of trucks
considering road topography). As illustrated in Figure 2.1, at each time
instant k, an optimal control problem is formulated based on the predicted
state of the model, and it is then solved numerically, a procedure that returns
a sequence of control inputs. Of the computed control inputs, only the first
element is applied to the system. This procedure is then repeated for each
time instant. For the case of fuel-efficient driving strategies, the discretization
step is typically in the range of 25 to 200 meters [14, 15, 17, 27].

2.2

Speed profile optimization

In this thesis, an alternative approach is proposed where an optimal speed
profile is generated for a longer section of road, without having to solve
the optimization problem iteratively at every position. In this approach,
which is referred to as the speed profile optimization (SPO) method,
the vehicle simply follows the optimized speed profile using a standard PID
controller (for a detailed description of the method, see Chapter 3). In SPO,
the optimization is carried out using a genetic algorithm [18] (see Chapter 3).
One of the main advantages of using SPO, as opposed to methods based
on the MPC framework, is that SPO does not require any iterative online
calculations: Once the speed profiles have been generated over the entire
horizon, the vehicle can follow them without any further optimization. In this
thesis, a horizon of 10 km length has been considered, but longer horizons are
certainly possible in principle. However, it is also possible to use a shorter
horizon to generate optimized speed profiles, and then gradually build a
speed profile for an entire road while driving; since a given profile applies to
a specific truck with a given load, the speed profile might not be known a
priori, and in those cases it has to be optimized while driving. In the papers,
the choice of a 10 km horizon was motivated partly by the fact that the time
required to find suitable speed profiles (see Chapter 3) over such a horizon
is typically a few minutes making it possible, in principle, to optimize speed
profiles for the following 10 km section, while driving over the current section.

8
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Additionally, as mentioned above, in the SPO method there is no need to
use a specifically designed controller: Unlike the case of MPC-based methods
where it is required that the vehicle should follow the speed trajectory exactly
(or at least with very small error), the speed profiles in SPO act as recipes
for the (varying) reference speed used in the vehicle’s simple PID controller.

2.3

Applications

The above-mentioned fuel-efficient driving strategies can be used both
in single vehicles and in vehicle platooning. In this section, different implementations of these strategies, along with their respective performance
characteristics, will be reviewed.

2.3.1

Single vehicles

Fuel-efficient strategies for single vehicles have been implemented and tested
rather extensively in the literature, both in simulations and experiments.
The fuel savings obtained by methods based on PCC and MPC approaches
typically fall in the range 3 to 7% (relative to standard cruise control with
constant set speed, for highway driving).
Lattemann et al. [20] showed, in simulations, that the PCC system obtained fuel savings of about 3% when driving over a road segment of 25 km.
In [13], Hellström et al. proposed an algorithm based on the MPC framework,
referred to as look-ahead control (LAC), where dynamic programming was
used to generate optimal speed trajectory for a truck to follow. Look-ahead
control was tested, in simulation, over 120 km of highway road, and the fuel
consumption was reduced by 3.5% on average.
Dynamic programming, however, suffers from the curse of dimensionality,
that is, its computation time grows exponentially with the number of states.
Much work has been done to overcome this problem. For instance, in [17],
Henzler et al. proposed a method in which the problem of fuel-efficient driving
was reduced to a convex MPC formulation that can be solved efficiently. This
approach was tested in simulations only and obtained fuel savings of about
7% relative to standard cruise control.
In Paper I, the concept of SPO was introduced and tested, in simulations,
for generating optimal speed profiles for the lead vehicle of a platoon. SPO
lowered the fuel consumption of the lead vehicle by 15% (on average), relative
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to standard cruise control over 10 km highway road profiles with varying
topography. In Paper II, the SPO method was implemented and tested, for
a single truck, both in simulations and experiments. An important result in
Paper II was the demonstration that the results obtained in simulations, even
by using a rather simple vehicle model (see Subsect. 3.1.1), can be transferred
to real trucks. That is, in general, the fuel savings obtained in real trucks
are similar to those obtained in simulations.
Moreover, it was shown that SPO’s fuel savings compares favorably to the
savings obtained by other methods mentioned in Sect. 2.1. For example, in a
close comparison between SPO and a standard PCC system, SPO improved
the fuel savings by 3 percentage points, using the exact same road, with the
same experiment settings. In more relaxed settings where the truck’s speed
was allowed to vary between 60 and 90 km/h, SPO obtained fuel savings
of 10.2% (on average) when driving over 10 road profiles of 10 km length,
generally outperforming the MPC-based methods by a few percentage points.

2.3.2

Platooning

Most of the early work on platooning was concerned with the concept of
string stability, i.e. the ability of the controlled vehicle string to attenuate
disturbances as they propagate through the platoon. Therefore, at the time,
the main focus was on proposing control strategies and spacing policies
that ensured the platoon’s string stability [29, 30, 23, 26]. With the early
experiments on platooning, and their relative success, the more practical
aspects of platooning (other than just truck automation), such as increased
fuel-efficiency and safety gained interest in the research community.
Most of the fuel-efficient driving strategies for platooning are focused on
maintaining a close inter-vehicle distance to benefit from reduced air drag
resistance. This was first achieved by using the combination of standard
cruise control (CC), for the lead vehicle to maintain a constant speed, and
adaptive cruise control (ACC) for the rest of the platoon to maintain
their distance to the vehicle in front.
ACC is an upgrade on standard CC that allows a vehicle to control both
the speed and the distance to the preceding vehicle by calculating the desired
acceleration aR (t) = k1 (di,i−1 − d0 ) + k2 (vi−1 − vi ), where xi = xi (t) is the
longitudinal position of the ith vehicle along the road, di,i−1 = xi−1 − xi is
the inter-vehicle distance, vi (t) is ith vehicle’s speed, k1 and k2 are handtuned gains, and d0 is the desired distance to the preceding vehicle. The

10
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ACC function has been used for controlling the vehicles of a platoon by
allowing them to maintain a desired spacing policy by controlling both the
inter-vehicle distance and the speed of a vehicle.
This approach, however, is not suitable on highways with varying topography, as was mentioned in previous chapter. On flat highways, truck
platooning showed fuel savings of up to 10% [31, 7]. However, tests on highways with varying topography showed that the positive impact of reduced
air drag can be neutralized by slope variations [1].
There are only quite few studies that consider the impact of road topography in order to improve the fuel-efficiency potential of platooning. In [2],
Alam et al. proposed a new platooning strategy, look-ahead controller for
platooning, that is based on the LAC method (see Subsect. 2.3.1) and was
tested on synthetic road profiles (simple uphill and downhill segments). In
this approach, which is based on the MPC framework, the LAC method
is used to generate a fuel-optimal speed trajectory for every vehicle in the
platoon first, and then the profile that requires the largest adjustment in velocity (compared to driving at constant velocity) is set as the common speed
trajectory for all vehicles. This controller was tested with a platoon of two
vehicles on a synthetic road profile of 4 km length (including an uphill and
a downhill segment) and the fuel savings obtained were up to 14% on the
downhill segment, and 0.7% during the uphill segments, relative to the CC
and ACC combination. In [22], a similar approach was used to generate a
common speed trajectory for all vehicles by combining each vehicle’s fueloptimal speed trajectory. The combination of speed trajectories was carried
out by minimizing the deviations of each vehicle’s speed reference from the
common trajectory. This approach reduced the fuel consumption of four
light (3500 kg) vehicles by around 6% when driving on a 90 km highway in
Germany. Thus, to summarize, these methods generally provide fuel savings
of around 6-7%
As discussed before, the SPO method for fuel-efficient driving has (several) advantages over MPC-based methods and was used (in Paper I) for
generating fuel-optimal speed profiles for the lead vehicle of a platoon on
road profiles of 10 km length on a Swedish highway. In Paper I, the rest of
the platoon followed the lead vehicle using various formation control methods
from the framework of artificial physics (AP), such as non-linear springdamper model, modified artificial gravity model, etc., to keep a safe intervehicle distance and to follow the same speed profiles (see Paper I). This
approach, i.e. SPO + AP, reduced the fuel consumption of the entire platoon
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by 15% (on average) compared to the case of CC + ACC, a result that compares favorably to the methods presented above. However, the use of the AP
framework to control the follower vehicles of a platoon gave no significant
improvement over and above those obtained with standard ACC systems
(that employ a linear spring-damper approach as introduced above). Thus,
the entire improvement was a result of the speed profile optimization for the
lead vehicle.
In a more recent approach in [27], Turri et al. proposed a new platooning strategy where, instead of combining each vehicle’s fuel-optimal speed
trajectory, a common feasible trajectory is generated using DP considering
all vehicles’ characteristics. Then, this common trajectory is tracked by all
vehicles, using MPC-based controllers. This method, which is referred to
as cooperative look-ahead control (CLAC), was tested in simulations, both
for homogeneous and heterogeneous platoons, on a typical Swedish highway
of 45 km length. The performance of the platooning strategy was compared
with the case in which each vehicle uses CC (constant speed) driving over the
same road. CLAC obtained fuel savings of 10.8% in case of heavier second
vehicle (relative to CC), and 5.4% in case of lighter second vehicle.
In Paper III, a rather different approach for controlling a platoon of vehicles was considered. In this approach, which is based on the SPO method,
each vehicle received its own optimized speed profile, and then followed it
independently of other vehicles. In other words, in this approach, which is
referred to as platooning SPO (P-SPO), vehicles are not required to follow
a specific spacing policy. This approach was tested in simulations, resulting
in fuel savings of 15.8% for a homogeneous platoon and 16.7-17.4% for heterogeneous platoons of different mass configurations. The results obtained in
this paper compares favorably to those obtained by MPC-based approaches.

Chapter

3

Speed profile optimization
The core idea behind the fuel-efficient driving strategy proposed in this thesis
is the optimization, before driving (i.e. offline), of a vehicle’s speed profile,
using a genetic algorithm [18].
As was discussed in Chapter 2, a different approach, based on dynamic
programming has been used extensively in the literature for generating fuelefficient speed profiles during driving (i.e. online). However, dynamic programming suffers from the curse of dimensionality meaning that, in this
approach, one must somehow limit the complexity of the problem. This is
normally done by reducing the number of states considered, something that,
in turn, implies a limited speed range. Moreover, the required discretization
(in order to keep the problem computationally manageable) changes the problem in a way that may prevent one from finding the optimal solution, since
the control inputs are assumed to be constant over the discretization step,
which is typically around 80 m or more [14, 15, 17, 27]. Moreover, at least
as it has been used in the literature, the dynamic programming problem is
solved online (while driving) every few seconds (once for every discretization
step) whereas, in our approach the entire speed profile is generated offline, a
priori.
In this chapter, the vehicle model (used in Papers I – III) along with
the PID controller used in the simulations will be described first. Next, the
speed profile and road profile representation as well as the safety constraints
considered during platooning are presented. Then, finally, the speed profile
optimization and the evaluation method are described in detail.
13
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Chapter 3. Speed profile optimization

Modeling

In order to evaluate the performance of the SPO method, a dedicated simulation environment was written, in the C# .NET programming language,
implementing the vehicle model and the optimization method. In this simulation environment, the SPO method can be used both for a single vehicle
and for a platoon of vehicles.

3.1.1

Vehicle model

Trucks are complicated systems with a large number of interacting parts
requiring sophisticated mathematical models. However, in this work, only
the longitudinal motion of a vehicle is considered, both in the case of
single vehicles and in platoons of vehicles. Therefore, the dynamics of a
vehicle can be expressed in the following form:
m(G)v̇ = Fe − Fb − Fd − Fr − Fg ,

(3.1)

where the terms on the right-hand side of the equation correspond to the
forces experienced by the vehicle, namely, the engine force Fe , the braking
force Fb , the air drag resistance force Fd , the rolling resistance force Fr , and
the gravity force Fg . Furthermore, m(G) is the total inertial mass of the
HDV and it is computed as follow:
m(G) = m +

Jw + γG2 γf2 ηG ηf Je
,
rw2

(3.2)

where G is the active gear, m is the mass of the vehicle, Jw and Je represent
the engine and wheel inertia, respectively, γG and γf are the gearbox and
final-drive ratios, ηG and ηf denote the gearbox and final-drive ratio efficiencies, and rw is the wheel radius. The various forces acting on the vehicle are
described below.
Engine force:
The generated torque from a truck’s engine is transferred to the wheels
through the drive-line, i.e. clutch, gearbox, etc., and it is related to the
engine force (Fe ) acting on the vehicle in the following way
Fe =

γG γf ηG ηf
Te ≡ ke Te
rw

(3.3)
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where Te is the generated torque, γG and γf again are the gearbox and finaldrive ratios, ηG and ηf denote the gearbox and final-drive ratio efficiencies,
and rw is the wheel radius. In this work, in order to determine Te , the
inverse dynamics of the truck is considered: The requested acceleration, aR ,
is computed from the speed profile, and then the required engine force is
calculated by considering all the external forces S = Fd + Fr + Fg and the
requested acceleration. Therefore, by rearranging terms in Eq. (3.1), one gets
the requested engine torque TeR as
TeR =

m(G)aR + S
ke

(3.4)

The effective acceleration, aE , generated by the engine is then calculated as:
(
aR
if TeR < Temax
(3.5)
aE = ke Temax −S
if TeR ≥ Temax
m(G)
where ke is the torque coefficient, and Temax is the maximum torque that
can be generated by the engine. The instantaneous fuel consumption is
determined by interpolation of the torque-RPM-fuel map for the modeled
engine. In the case of vehicle platooning, it is here assumed that all the
vehicles are equipped with the same engine.
Braking force:
A modern truck is equipped with several braking systems, such as foundation (disc) brakes, engine brakes, and retarders. The braking torque (and,
consequently, the braking force) is often difficult to model since its characteristics vary significantly with the vehicle configuration and the braking logic.
Therefore, in this thesis, the braking system is not modeled in detail. Instead, it is assumed that the brakes can generate any requested deceleration
down to a limit of −2.5 m/s2 [24].
Air drag resistance:
The air drag resistance experienced by a single vehicle is described as:
1
Fd = cD Aρa v 2
2

(3.6)
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Figure 3.1: Mapping of air drag reduction as a function of inter-vehicle distance.
After Turri et al. [27].

where cD is the air drag coefficient, ρa is the air density, A is the frontal area
of the vehicle, and v is the vehicle’s speed. As was mentioned in previous
chapters, driving at close inter-vehicle distances reduces the air drag resistance. This reduction is taken into account by considering a non-linear air
drag ratio, Φ(d)
1
(3.7)
Fd = cD Aρa Φ(d)v 2
2
where Φ(d) is a coefficient that quantifies the air drag reduction as a
function of the inter-vehicle distance, d, when driving behind another vehicle. Φ(d) is typically modeled based on empirical results from wind-tunnel
experiments as [27, 21]

Φ(di,i−1 ) = 1 −

CD,1
CD,2 + di,i−1



(3.8)

where di,i−1 is the ith vehicle’s distance to its preceding vehicle, and CD,1 and
CD,2 are constants, obtained through regression on the experimental data
in [19]. The experimental data and the fitted curve are shown in Figure 3.1.
Note that, in this model, the air drag reduction on the preceding vehicle is
neglected (since it is much smaller than the reduction experienced by the
follower vehicle).
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Rolling resistance:
The rolling resistance, which is caused by the friction between the tires and
the road surface, is a resistive force and is expressed as
Fr = mgcr cos α

(3.9)

where cr denotes the rolling resistance coefficient, m is the vehicle’s mass,
g is the gravitational acceleration, and α is the road slope. Note that in
this thesis, α is positive when driving through uphill segments of a road and
negative for downhill segments.
Gravitational force:
Due to the large masses of trucks, the gravitational force plays an important
role in the longitudinal dynamics and, consequently, the fuel consumption
of trucks when driving on roads with varying topography. The gravitational
force is expressed as
Fg = mg sin α
(3.10)
where, again, m is the vehicle’s mass, g is the gravitational acceleration, and
α is the road slope. The gravitational force can either be propulsive (during
downhill driving) or resistive (during uphill driving).

3.1.2

PID controller

In order for a truck to follow a desired speed profile, a simple PID controller
has been used, with the error signal e(t) = vs (t) − v(t) where vs (t) is the
reference speed (set to constant in standard CC), and v(t) is the vehicle’s
instantaneous speed. The control output is calculated as
u(t) = Kp e(t) + Ki

Z

t

e(τ )dτ + Kd ė(t)

(3.11)

0

where Kp , Ki , and Kd are hand-tuned proportional gain, integral gain, and
derivative gain respectively. The requested acceleration, aR , which is sent to
the vehicle’s power-train, is calculated by dividing the control output by the
vehicle mass.
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Figure 3.2: Comparison between the fitted composite Bézier curve and the original data, over a part of the road between Göteborg and Borås. The dots represent
the original data and the gray curve represents the fitted splines. The vertical lines
separate individual splines in the composite Bézier curve.

3.1.3

Road and speed profile representation

In order to evaluate the performance of the SPO method, both speed profiles
and road profiles need to be modeled in the simulation environment. In the
papers forming this thesis, two approaches were used to represent the road
and speed profiles. In Paper I, simple lists of two-dimensional points were
used to represent the profiles, giving elevation and speed values every 10 m.
By contrast, in Papers II and III, a more compact representation of speed and
road profiles was considered. In these papers, both profiles were represented
using composite Bézier curves, i.e. sequences of Bézier splines; see e.g. [5].
In Papers II and III, two-dimensional cubic Bézier splines were used, of the
general form
x(u) ≡ (x(u), y(u))T = P0 (1 − u)3 + 3P1 u(1 − u)2
+3P2 u2 (1 − u) + P3 u3 ,

(3.12)

where the vectors Pj are two-dimensional control points and u is a parameter
ranging from 0 to 1. Using this representation reduces the search space during
optimization (see Sect. 3.2) relative to the case involving simple lists.
Road profiles
Since only the longitudinal motion of vehicles is considered here, a road
profile can be modeled by using a two-dimensional composite cubic Bézier
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curve, as described above. With this representation, the two dimensions are
the longitudinal position along the road and the elevation, in the following
form:
(s, z) ≡ (si (u), zi (u)) ,

i = 0, . . . , n − 1

(3.13)

where n is the total number of splines used to model a road section. With
this representation, it is possible to write the elevation as z = z(s), since
for any given position s along the road, the corresponding spline index and
u−value can be found.
The number of splines needed to fit a composite Bézier curve to a list
of position-elevation pairs can be selected in various ways. For instance, it
is possible to fit a composite Bézier curve to a data set such that the curve
passes through all the data points. This approach, however, is not so suitable.
First of all, if the number of splines approaches the number of data points,
no reduction in the search space size is achieved (having the speed profile
optimization procedure in mind) compared to the case where a simple point
list is used. Second, fitting the curve to all data points is unsuitable due to
the presence of noise in the data. In fact, in Paper II, it was shown that by
using a more compact representation of the road (and speed) profiles, the
overall performance of the optimization method improved. For the data set
used here, the number of splines ranges from 18 to 22 for each road profile.
An example of a fitted curve is shown in Figure 3.2.

Speed profiles
Similar to the road profiles described above, the speed profiles are modeled
using two-dimensional composite cubic Bézier curves as:
(s, v) ≡ (si (u), vi (u)) ,

i = 0, . . . , n − 1

(3.14)

where v is the vehicle’s longitudinal speed and s again is the longitudinal
position of the vehicle along the road. Thus, the speed of a vehicle can
be written as v = v(s). With this representation, when generating speed
profiles in order to calculate the desired speed based on the vehicle’s current
longitudinal position, one must use the same splines for s as in the road
profiles.
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Safety constraint

Since in the proposed approach for platooning, P-SPO, the inter-vehicle distances are not controlled directly, it is necessary to have safety constraints
during the optimization. In this thesis, the safety of a platoon is guaranteed
by preventing the inter-vehicle distance from going below a safe distance at
any time. At each time step during the optimization, the safe distance is
calculated as [30]:
safe
di,i−1
(t) = d0 + h(t)vi (t)
(3.15)
safe
where di,i−1
(t) is the minimum allowed distance between the ith and (i − 1)th
vehicles at time t, d0 is the absolute allowed minimum distance, h(t) is the
variable time headway, and vi (t) is the ith vehicle’s speed at time t. The
variable time headway h(t) is expressed as:

h(t) = h0 − ch vr (t)

(3.16)

where h0 > 0 is the (constant) minimum time headway, ch > 0 is a constant,
and vr (t) = vi−1 (t) − vi (t) is the relative speed. For safety reasons, the
variable time headway h(t) is not allowed to become negative, while very large
headways are undesirable as they may increase the inter-vehicle distances
beyond the limit where the platoon can be considered coherent. Here, the
variable time headway value has been limited to the interval [0, 1] (s) and
the values of h0 and ch have been set to 0.1 (s) and 0.2 (s2 /m), respectively,
as was proposed in [30].

3.2

Optimization method

Consider the problem of moving a truck from a given starting point to a
given finishing point, in a case where the road profile, or at least a part of
it (for example 10 km), is known a priori. Then, the motion of the truck
can be formulated as a desired speed profile, vd (s), defined over the entire
road profile, where vd is the desired speed at any given longitudinal position
s along the road. Of course the vehicle’s speed must vary based on the road
topography in order to reduce its fuel consumption, as discussed in Chapter 1.
Therefore, the problem of minimizing the fuel consumption of a truck can
be formulated as finding an optimal speed profile first, and then driving
accordingly over the road. In this problem formulation, the effect of the
external traffic on the vehicle’s motion is not considered; that is, the vehicle
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is assumed not to be disrupted from following its optimized speed profile
during driving. However, the effect of external traffic has been considered in
Paper II, and it will be further discussed in Chapter 4.
For a platoon of vehicles, two approaches have been considered. In Paper
I, the leader-follower approach has been used, in which the motion of the
lead vehicle is formulated as an SPO problem for a single vehicle, while the
follower vehicles control their distance to the preceding vehicle. In Paper III,
however, the P-SPO method (see Subsect. 2.3.2) has been used, in which the
fuel consumption minimization problem for all vehicles is formulated using
SPO. Thus, in this case, the problem of minimizing the fuel consumption of
a platoon of trucks is reduced to finding an optimal speed profile for each
vehicle.

3.2.1

Evaluation method

For the purpose of evaluating a speed profile with respect to fuel consumption, a dedicated simulation environment was written (in C# .NET) where
the truck model described in Subsect. 3.1.1 and the controllers described in
Subsect. 2.3.1 were implemented, as well as the road and the speed profiles
introduced in Subsect. 3.1.3. Now, assuming that a speed profile is available, the truck can be made to follow it so that its fuel consumption can be
measured.
The speed profile evaluation for a single vehicle proceeds as follows:
At each time step, the current longitudinal position of the truck is used to
calculate the desired speed from the speed profile. Since the speed profile is
defined in advance and is thus available during driving over the given road
profile, the desired speed can be calculated easily, either by linear interpolation in the case of a point list (Paper I), or from the splines, as described in
Subsect. 3.1.3 (Papers II and III). Thus, the speed profile is used as a lookup
table from which the desired speed is extracted at any given longitudinal position along the road. The obtained desired speed is then fed to the truck’s
PID controller as its reference point. When the vehicle passes the finishing
point of the road section a single number, namely the fuel consumption, is
returned.
For a platoon of trucks, if the P-SPO method is used, all the vehicles
follow their individual speed profiles and the evaluation procedure is thus
the same (for each vehicle) as in the case of a single vehicle; see Paper
III. Unlike other methods, with P-SPO each vehicle receives and follows its

22

Chapter 3. Speed profile optimization

25

Speed [m/s]

20

15

10

5

0
0

1

2

3

4

5
x [Km]

6

7

8

9

10

Figure 3.3: An example of speed profile tweaking in the RMHC method. In the
snapshot shown, taken from the early stages of an optimization run, the initial
(flat) speed profile has undergone three tweakings.

own speed profile independently of other vehicles. In the case of the leaderfollower approach (Paper I), only the lead vehicle has a speed profile define a
priori. In this case, the evaluation proceeds as follows: At any time step, the
distance between the current vehicle and its preceding vehicle is calculated
and is then used to compute the desired acceleration based on the adopted
model, for example ACC (see also Subsect. 2.3.2).

3.2.2

Optimization algorithm

In this thesis, the optimization of the speed profiles is carried out using
evolutionary algorithms with respect to fuel consumption. In Paper I, a
simple genetic algorithm with one individual that encodes a speed profile
using a simple list, specifying the desired speed at a number of discrete
points (here every 10 m) was used. This method which can also be referred
to as random mutation hill climbing (RMHC) proceeds as follows: First,
it starts from a flat speed profile, i.e. identical to the case where the vehicle
uses the CC function. Then, the truck’s fuel consumption f0 is computed
using the evaluation procedure described in Subsect. 3.2.1. Since only one
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individual is considered here, f0 is also the minimum fuel consumption fmin
found so far. Next, the speed profile is tweaked by randomly selecting a point
xt at a random location. The speed profile at that point is then changed by a
fraction β (either positive or negative) and, in addition, a randomly selected
range r is used during tweaking such that the speed values in the interval
[xt − r, xt + r] are changed linearly. The change ∆vd (x) in the speed profile
is thus computed as


t
| βvd (x) if |x − xt | < r
 1 − | x−x
r
(3.17)
∆vd (x) =

0
otherwise
An example of the tweaking procedure is shown in Figure 3.3. Finally, a
smoothing step is applied to the speed profile using a simple, centered moving
average of length L = 3. Once the new speed profile is generated, the fuel
consumption of the truck is measured when following this profile. If the
resulting fuel consumption, fnew , is lower than the current minimum fuel
consumption, the new speed profile is kept and the value of the minimum
fuel consumption is updated accordingly. Otherwise, the new speed profile
is discarded and a new tweaking is applied to the previous speed profile as
described above. One should note that the generated speed profile must
fulfil certain constraints, namely (i) the instantaneous maximum speed vmax
must never exceed the road’s speed limit and (ii) the average speed should
always be above a certain threshold v̄min . In Paper I, these constraints were
applied as hard constraints, i.e. if any of the constraints were violated during
evaluation, the corresponding speed profile was discarded immediately.
In Paper II and Paper III, the optimization was carried out using a fairly
standard GA. The optimization algorithm keeps a population of M individuals (typically around 100) where each individual defines N speed profiles
(in case of a platoon of N trucks, Paper III), or one profile (i.e. N = 1)
in case of a single truck (Paper II). In these papers, the speed profiles were
represented by composite Bézier curves in order to improve the performance
of the optimization process; see Subsect. 4.4. The individuals (chromosomes)
are encoded using floating-point numbers, where each number (gene) represents the second component (i.e. the speed, v) of a spline control point Pi,j
(where i = 0, . . . , n − 1 denotes the spline index and j = 0, . . . , 3 denotes the
control point index for the spline in question); see also Eq. (3.12). In order
to make sure that the decoded individual results in smooth speed profiles,
two additional requirements are considered during encoding. Since a speed
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profile (i.e. a composite Bézier curve) consists of several splines, the positional continuity (C0) of the profile should be taken into account. In other
words, the encoding must be such that a decoded individual forms a speed
profile that is continuous over the entire stretch of the road. The second requirement is to ensure that the generated speed profile is smooth. Therefore,
the derivative continuity (C1) of the speed profile must be preserved in
the encoding. In order to make sure that these requirements are met, the
following conditions must hold:
Pi,3 = Pi+1,0

for i = 0, . . . , n − 1

(3.18)

and
Pi,3 − Pi,2 = Pi+1,1 − Pi+1,0

for i = 0, . . . , n − 1

(3.19)

Considering these requirements, the number of parameters (i.e. the length
of the individuals) will be L = N (4 + 2(n − 1)) = N (2n + 2) where n is
the number of splines. The decoding procedure results in a set of N speed
profiles which is then evaluated as described in Subsect. 3.2.1. The fitness
measure of an individual is then taken as the inverse of the fuel consumption
of the truck while following the decoded individual.
Similar to the optimization method used in Paper I, the generated speed
profiles (in Papers II and III) must fulfil certain requirements, namely (i) the
instantaneous maximum speed vmax must never exceed the road’s speed limit,
(ii) the average speed should always be above a certain threshold v̄min , and
(iii) the instantaneous minimum speed vmin should be above a user-defined
threshold to ensure that the vehicle does not affect the traffic negatively
(a condition that was not used in Paper I). Moreover, in Paper III, two
additional constraints were considered to ensure the safety and cohesion of
the platoon. For the platoon to remain coherent, the inter-vehicle distance
was bounded from above by a threshold (here 40 m) at all times. Moreover,
the inter-vehicle distance was required always to be larger than the safe
distance defined in Eq. (3.15). If any of the optimization constraints
described above are violated, the fitness value is multiplied by a penalty
term smaller than 1. For instance, the penalty term for a case in which
the instantaneous inter-vehicle distance exceeds its maximum allowed value
is calculated as follows:
−cd

pdi,i−1 (d) = e

d

2

i,i−1
−1
dmax

,

(3.20)
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where (in this case) di,i−1 is the maximum distance between the ith and the
(i − 1)th vehicle during the evaluation, cd is a constant, and dmax is the
maximum allowed inter-vehicle distance. Similar penalty terms are used for
the other constraints.
Selection is carried out using standard tournament selection with the
tournament size St (from 2 to 5) and a tournament selection probability pt
(around 0.7 to 0.8). Single-point crossover is used with the probability pc
(around 0.7 to 0.9). Once a new generation is formed, mutation is applied
with probability pm (defined as 1/L where L is the length of the individual).
The mutation is carried out either full-range (with probability of 0.5) or as
a real-number creep mutation (also with probability of 0.5) where the creep
rate is set to 10% of the full-range mutation. Finally, to ensure that the
current best solution is preserved, elitism is used to pass the best current
individual to the next generation. An example of speed profile optimization
using the GA is shown in Figure 3.4.
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Figure 3.4: An example of speed profile evolution using the GA applied to road
profile 9 from Paper II. In this figure, the evolution of the speed profile from its
initial flat shape (top panel) is shown at different generations. The bottom panel
shows the final optimized speed profile used for driving over this road profile.
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Discussion
This chapter begins with a discussion on fuel consumption reduction (relative to CC and ACC) of single trucks and platoons, with emphasis on the
SPO and P-SPO methods introduced in Chapter 3. Next, the advantages
regarding fuel consumption of using these methods over recent MPC-based
approaches are discussed, emphasizing the control architecture, the vehicle
model, and horizon length. The optimization method and its components
are then discussed in further detail. Then, the effects of external traffic are
considered. The final section discusses the performance of the SPO method
when applied to platoons in which the trucks have different power trains.

4.1

Single vehicles

In Paper II, the SPO method was applied to 10 road profiles of 10 km length
for a single truck. The fuel consumption was reduced by 11.5% in simulations
and 10.2% in experiments (on average), relative to standard CC (see Tables
I and II in Paper II). The results reported in Paper II show that the SPO
method does indeed work well in real trucks, and that the results obtained
in the simulations are transferable to real vehicles despite the simplicity of
the adopted vehicle model. While the differences in the fuel savings obtained
in the simulations and in the experiments (see Table I in Paper II) generally
are very small, there are some exceptions. For example, one should note
that the motion of the truck can be disrupted during the experiments, an
effect that is not implemented in the simulations. Thus, on occasion, the real
27
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truck may not be able to follow the speed profile; hence the exclusion of road
profiles 1 and 9 from Table I in Paper II. Moreover, during the experiments,
the truck can experience the drag-reducing effect of driving behind other
trucks, an effect that is not modeled in the single-vehicle simulations (but
of course included in the platooning simulations; see below). This influences
the fuel consumption in the experiments and causes differences between the
results obtained in the simulations and the experiments. Furthermore, another important factor is the (rare) inability of the real truck to follow the
speed profile at a few instances due to the imposed limits on the requested
acceleration from the truck’s PID controller which, in Paper II, were slightly
different from the corresponding limits in the simulations.

4.2

Platoons

As presented in Subsect. 2.3.2, using the SPO method for platooning, in
combination with common controllers such as ACC, can significantly reduce
the fuel consumption of a platoon of trucks. In Paper I, it was reported
that the SPO+ACC method reduced the fuel consumption of a homogeneous
platoon of three trucks by around 15% on average, relative to the case of
CC+ACC over ten road profiles (see Table II in Paper I). Since all the vehicles
within a platoon will follow the same speed profile using the SPO+ACC
method, it can be argued that this method would achieve smaller fuel savings
in a heterogeneous platoon 1 . This was the main idea for proposing the P-SPO
method (Paper III) for platooning; see also Subsect. 2.3.2.
The P-SPO method was introduced and applied to both homogeneous
and heterogeneous platoons of trucks over 10 road profiles. For a homogeneous platoon, P-SPO reduced the fuel consumption by 15.8% relative to
CC+ACC. Compared to SPO+ACC, P-SPO improved the fuel savings by
just 0.2 percentage points (see Table I in Paper III). However, the P-SPO
method has several advantages over SPO+ACC; First of all, P-SPO does not
require any direct communication between vehicles. The speed profiles must,
however, be uploaded to the trucks when the platoon is formed. In the cases
where no set of optimized speed profiles is available for a given road, the optimization must be completed before forming the platoon. However, an offline
1

In Paper III, the heterogeneity was limited to differences in the masses of the trucks.
However, heterogeneity can of course also refer to differences in the power trains of the
trucks, something that has been considered in Sect. 4.6.

4.2. Platoons
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Figure 4.1: In this figure, two examples of speed profiles generated by interpolating (for a 35-tonne truck) already optimized speed profiles (for a 30-tonne and a
40-tonne truck) are shown. Top panel: An example of successful speed profile interpolation. In this panel, the interpolated speed profile (gray curve) is similar to the
optimized profile generated by SPO (black curve) for the 35-tonne truck. Bottom
panel: An example of a case where the interpolated speed profile (gray curve) differs
quite strongly from the optimized speed profile generated by SPO (black curve).

database of speed profiles for common vehicle masses could be generated so
that the lead vehicle’s speed profile can be made available directly. Then,
one can use either SPO+ACC which already provides large fuel savings, or
run P-SPO starting from the available speed profile to generate a set of speed
profiles for the entire platoon. In cases where an optimized speed profile is
not available for a specific mass, one could generate a speed profile by interpolating between the available speed profiles. For instance, if the speed
profiles for a 30-tonne and a 40-tonne truck are available, a speed profile for
a 35-tonne truck could be generated by linear interpolation. However, while
this procedure sometimes generates a suitable speed profile, see the upper
panel of Figure 4.1, this is not always the case, as shown in the bottom panel
of the same figure. Still, the interpolation can provide a good starting point
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for the optimizer in SPO (and P-SPO) and thus speed up the optimization
process.
A second advantage of P-SPO is that it does not require the vehicle to follow a particular spacing policy and therefore has an advantage when driving
over steep uphill or downhill segments of a road, where maintaining a constant distance between vehicles will lead to unnecessarily large accelerations
or decelerations. Moreover, one should note that during the simulations, the
desired inter-vehicle distance in the ACC function was set to the absolute
minimum value allowed according to Eq. (3.15), a value that is not practical due to potential failures in the electronic system and sensors. With
a more realistic desired inter-vehicle distance (e.g. 15 meters) in the ACC
function, the fuel savings of the SPO+ACC drops by 1 percentage point; see
the Discussion section of Paper III.
For heterogeneous platoons, the P-SPO method obtained fuel savings
of 16.8% to 17.4% (relative to CC+ACC) for different mass configurations.
The improvement made by the P-SPO over SPO+ACC is more evident in
the case of heterogeneous platoons, see Table II in Paper III, and this can be
attributed to two factors; (i) better exploitation of the inter-vehicle distances
by not requiring the trucks to follow a specific spacing policy, and (ii) optimization of each truck’s speed profile separately while considering the safety
of the platoon.

4.3

SPO and P-SPO vs. MPC

As discussed in Sect. 2.3 and in Papers II and III, the SPO method’s fuel
savings (for single trucks) as well as the SPO+ACC and the P-SPO methods’ fuel savings (for platoons), exceed those obtained by the methods based
on the MPC framework. Apart from the larger fuel savings, using the SPObased methods has other advantages over MPC: With these methods, there is
no need for online iterative re-calculation of the speed profiles; once the optimized speed profiles have been generated, the vehicles can drive accordingly
over the entire stretch of the road section.
In recent MPC-based approaches for fuel-efficient driving, two-layer architectures for controllers have been considered where in the first layer the
problem of finding a fuel-optimal speed trajectory is solved, assuming that
the vehicle is able to track its speed trajectory precisely, and in the second
layer the problem of actually tracking the generated speed trajectory is han-
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Figure 4.2: Top panel: Optimized speed profile for a single truck over road profile
5 from Paper II, where the gray curve shows the speed profile and the black lines
show the speed limits set during the optimization. Bottom panel: The frequency
histogram of the truck’s speed measured every 10 ms (in simulation).

dled. However, in SPO the truck is not required to follow the speed profiles
precisely, since the method accounts for the deviation between the desired
and actual speed profile when using a simple PID controller. Thus, there is
no need for implementing a more advanced controller for tracking the speed
profiles and therefore also the need of having a two-layer control architecture
similar to the controllers introduced in [27, 21] is eliminated.
In the approaches that are based on the MPC framework, it is common to
linearize the model (during the optimization process) to reduce the problem’s
complexity, something that forces one to use a narrower speed range. In the
SPO method, however, no such linearizations are required for solving the
optimization problem. This enables SPO to generate speed profiles with
larger speed range compared to other methods. In general, for driving on
highways, truck drivers prefer to avoid driving at very low speeds (e.g. lower
than 60 km/h). As mentioned in Subsect. 3.2.2, the requirements on the
average speed, as well as the constraint on the allowed minimum speed, both
of which are considered during optimization (see the end of Subsect. 3.2.2),
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Table 4.1: The fuel savings obtained in the simulations for a single truck for
different horizon lengths. The second row shows the fuel savings obtained with
SPO. The normalization was carried out relative to CC with a set speed of 80
km/h.

Horizon length (km)
Fuel savings (%)

2

5

10

20

40

50

4.88

9.20

9.24

9.59

9.72

9.91

prevent the truck from reaching low speeds. In fact, in the experiments
carried out in Paper II, only around 5% of the time the vehicle’s speed was
below 65 km/h. An example of a speed profile along with its speed histogram
is shown in Figure 4.2. As can be seen from the figure, the majority of the
time the truck is driving with a speed higher than 70 km/h.
In general, the fuel savings obtained with the SPO-based methods exceed
those obtained with MPC which typically are between 3% and 7% (for single
trucks) and between 10% and 13% (for platoons). It should be mentioned
that in recent work based on MPC, where a convex approximation of the
problem has been considered, e.g. [17, 21], larger speed ranges and, consequently, larger fuel savings (compared to e.g. [15]) were obtained than with
earlier MPC-based approaches. However, the reported savings are still below the savings obtained by the SPO-based methods; see also the Discussion
sections in Papers II and III.
In the three papers that form this thesis, a horizon length of 10 km has
been considered during the optimization. However, one should note that
the choice of horizon length is somewhat arbitrary for SPO, as opposed to
the MPC-based methods for which the increase in horizon length makes
the problem computationally challenging, even in offline computations [21].
Regardless of the method used, the horizon must be long enough to guarantee
that the required average speed can be maintained, while leaving enough
space for speed variations to reduce the fuel consumption. Here, the choice
of a 10 km horizon was motivated partly by the fact that the time required to
find suitable speed profiles (see Chapter 3) over such a horizon is typically a
few minutes, making it possible, in principle, to optimize speed profiles for the
following 10 km section, while driving over the current section. Nevertheless,
with the SPO method, speed profiles of any length can be generated a priori
(provided that neither the road nor the truck’s characteristics change) such
that, during driving, the sole task of the controller is to follow the profile. In
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fact, by considering longer horizons, or even the entire road, the fuel savings
obtained by SPO can be (slightly) improved; see Table 4.1. The results
presented in Table 4.1 were obtained by generating fuel-optimal speed profiles
over road profiles of different lengths with the same optimization parameters.

4.4

Optimization method

In this thesis, the optimization of speed profiles has been carried out with
RMHC (Paper I) and standard GA (Paper II and III). Although it appears
that the performance of the standard GA used here is similar to that of
the RMHC, in terms of fuel savings, the GA has the advantage of being
parallelizable, using GPUs or multiple CPUs for instance, something that
can be used for speeding up the optimization process. Nevertheless, both
optimization methods are able to obtain a sufficiently good speed profile
for the next road section during the time required to drive over the current
section.
Two different representations for road profiles and speed profiles were
used in this thesis, namely, a simple point list representation and a spline
representation. In Paper II, it was shown that by using a more compact
representation of the road and speed profile (i.e. the spline representation),
the optimization performance can be improved by up to 4 percentage points
relative to a case where the simple point list is used. For a 10 km road profile,
with the spline representation, each chromosome length dropped from 1000
to the range of 38 to 46 in the GA, thus significantly reducing the size of the
search space.
In Subsect. 3.2.2, it was stated that the initial speed profiles, both in
the simple GA used in Paper I (i.e. RMHC) and the standard GA used in
Papers II and III, were set to flat profiles (as in CC). On the other hand, it
is common in GAs to initialize the individuals randomly (within the range
of the search space of course). In order to investigate whether starting from
random speed profiles improves the fuel savings, several runs were made.
Figure 4.3 shows the performance of the GA in reducing the fuel consumption of a single truck both with random initialization of the individuals (gray
curves) and flat initialization of the individuals (black curves). As can be
seen from the figure, the initialization does not affect the final fuel savings at
all; with both initializations the fuel savings obtained were around 13% on
average (for 5 road profiles). However, starting from flat speed profiles has
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Figure 4.3: Performance comparison between two initialization strategies for
the GA, namely, (i) initialization with flat speed profiles (black curves), and (ii)
initialization with random speed profiles (gray curves), for different road profiles.
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a few advantages. For instance, with flat initial speed profiles one can make
sure that the current best solution fulfils the requirements and constraints
(e.g. speed limit and required average speed) which is useful in cases where,
for whatever reason, the GA must be terminated prematurely. Moreover,
in the case of platooning (P-SPO), random initialization of the speed profiles could hinder the optimization progress since such profiles are likely to
cause collisions within the platoon. However, this problem could be avoided,
whether using flat or randomly generated initial profiles, by forcing all trucks
to follow the same profile in the early stages of optimization, as indeed has
been done in Paper III.

4.5

Handling of external traffic

One of the main assumptions that was made in the SPO method, which is
a common assumption in the literature, is the exclusion of the surrounding
traffic so that the motion of a truck, or a platoon, is uninterrupted during
the simulations. Of course, external traffic can disturb the motion of trucks,
regardless of the platooning method used. However, since the SPO method
is intended for highway driving and considering that the trucks are typically
among the slowest vehicles on a highway, it is unlikely, in a normal traffic
situation, that the motion of the trucks would be disturbed frequently by
other vehicles. During the experiments with the real truck, carried out in
connection with Paper II, it was noted that only in two instances the truck
was unable to follow the speed profile due to interference from external traffic, which lasted for 140 seconds in total, over a 100 km drive lasting more
than an hour. Moreover, since the SPO method does not require iterative
online calculations, and considering that the speed profiles are generated a
priori and are then available all the time, the truck could simply resume
following the speed profile once the disturbance is gone. In Paper II, the
effect of external traffic on the fuel savings was investigated (in simulation)
by placing a slower vehicle in front of the truck for 30 seconds in every road
profile. It turned out the fuel savings of the truck were decreased by around
2 percentage points.
In the platooning scenario where the trucks drive at rather close distances
(on average 11 m in the simulations), the external traffic can compromise the
safety of the platoon, for example in cut-in situations. In order to handle
such situations, the trucks can simply stop following the speed profiles and,
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Figure 4.4: Top panel: One of the optimized set of speed profiles for a heterogeneous platoon of trucks equipped with different power trains. The curves show the
lead vehicle’s speed profile (black) and the follower vehicle’s speed profile (gray).
Bottom panel: The inter-vehicle distance (solid line) between the two trucks and
the minimum allowed safe distance (dashed line) computed using Eq. (3.15).

instead, drive according to the ACC function in an attempt to control their
distance to the preceding vehicle. Given that the minimum safe distance
is around 7 meters on average, according Eq. (3.15), the ACC function has
enough time, and space, to control the inter-vehicle distance without braking
too harshly. Similar to the case of the single truck, once the disturbance
disappears, the trucks can resume following their speed profiles and, possibly,
form the platoon again; see also the discussion in Paper III.

4.6

Influence of power train heterogeneity on
fuel efficiency

In most of the platooning work to date where heterogeneous platoons have
been considered, including Paper III, it is common to assume that the platoon’s heterogeneity stems from the difference in the masses of the vehicles.
However, another common type of heterogeneous platoon is one in which
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the vehicles have different power trains. In order to investigate the effects of
power train differences, the P-SPO method was applied to the 10 road profiles (same as in Papers II and III) using a heterogeneous platoon, where the
trucks had different power trains. The P-SPO method obtained fuel savings
of 18.2% (on average) over the entire road profiles relative to the baseline
case of CC+ACC, showing the ability of the P-SPO method to reduce the
fuel consumption also in this case. One of the optimized sets of speed profiles
is shown in Figure 4.4. As can be seen from the figure, the speed profiles here
differ much more than the case where the platoon members have different
masses (see Figures 3 and 4 in Paper III) thus showing the importance of
optimizing a speed profile for each vehicle of a platoon rather than assigning
identical profiles to all vehicles despite their heterogeneity.

Chapter

5

Conclusion and future work
5.1

Conclusion

The main conclusion that can be drawn from this thesis is that the optimization of speed profiles when developing fuel-efficient driving strategies, and
the SPO and P-SPO methods presented in previous chapters, in particular,
leads to significant fuel savings both for single trucks and platoons, on typical
highways. Specifically, the SPO method obtained fuel savings of 11.5% (on
average) for a single truck (see Paper II) relative to the baseline case (CC).
Moreover, the P-SPO method achieved fuel savings of 15.8% to 17.4% for a
platoon consisting of trucks with different mass configurations (see Papers I
and III) relative to the baseline case (CC+ACC).
The results obtained from the SPO method, both for single trucks and
platoons, exceed those obtained by the methods described in Chapter 2, and
more specifically in Sect. 2.3, by a few percentage points. In fact, in a real
truck, the SPO method outperformed a common PCC approach for fuelefficient driving by 3 percentage points (see Paper II) on the same road with
similar settings. Moreover, for platoons of two trucks with different mass
configurations, the P-SPO method outperformed an MPC-based approach
on the same road, in simulation, by around 3 percentage points for the entire
platoon (see Paper III).
Regarding the application of SPO in platooning, it was shown in Paper
III that the P-SPO method can improve the SPO+ACC strategy presented
in Paper I even though the improvement for homogeneous platoons is not
significant. However, the P-SPO method removes the problem of controlling
39
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the inter-vehicle distance within a platoon by assigning an optimized speed
profile to each truck. Consequently, with the P-SPO method, the trucks
are not required to follow any specific spacing policy (in contrast to MPCbased approaches) thus reducing the two-layer architecture commonly used
in the MPC framework (where the first layer’s task is to generate a fueloptimal speed profile and the second layer’s task is to track that speed profile
precisely) to a single problem of finding an optimized speed profile for each
vehicle instead.
Another important conclusion from this thesis is the transferability of
the SPO method to real trucks. In Paper II, the SPO’s performance was
evaluated both in simulations and real trucks and it was shown that the
SPO method resulted in average fuel savings of 11.5% and 10.2% (relative to
CC), in the simulations and the experiments, respectively. The similarity of
the obtained results is important and non-trivial since it shows that, despite
the simplicity of the simulated truck, the simulations are sufficiently accurate
to be transferred to real trucks.

5.2

Future work

The proposed P-SPO method for platooning needs to be tested thoroughly in
experiments with real trucks, to validate the results obtained in simulations
both from the fuel efficiency and safety aspects. Moreover, it is crucial to
test the requirements on the implementation and integration of the P-SPO
(and SPO method in general) in commercial trucks, especially if the realtime implementation of the SPO is considered, where the speed profiles are
optimized during driving.
In this thesis, it was generally assumed that the external traffic does not
interfere with the motion of the trucks when following the speed profiles.
However, on real roads and in the presence of other vehicles, it is possible
that the motion of a truck will be disrupted from time to time (though
typically rather rarely, as mentioned in Sect. 4.5). Although with the SPO
method, given that the speed profiles are available a priori, the truck could
resume following the speed profile once the disturbance is gone, it should be
noted that the duration of the disturbance could be longer than expected.
Therefore, a decision-making system could be developed for making a decision
on whether to overtake the slower vehicle in front or simply keep following
the slow vehicle until it is gone. In any case, driving behind a slower vehicle

5.2. Future work

41

for a long enough time will destroy the coherence of the platoon. Therefore, a
decision has to be made whether or not catching up with the preceding vehicle
in the platoon (which possibly involves excessive accelerations) can improve
the expected fuel savings relative to the alternative option of following the
vehicle’s own speed profile alone, something that already yields substantial
fuel savings; see also the discussion in Paper III.
Finally, another important direction for future research could be the coordination and formation of truck platoons. More specifically, given that
goods have different origins, destinations, and time restrictions, it is not
trivial to estimate how trucks will benefit from platooning during their individual transport missions. Therefore, developing coordinating systems that
could use the available information, such as the potential fuel savings of driving on a specific road as well as the logistic requirements, is an important
topic for future work.

Chapter

6

Summary of included papers
This thesis consists of three papers which are concerned with the problem of
fuel-efficient driving for heavy-duty vehicles, using speed profile optimization,
over roads with varying topography (see Sect. 3.2). In Paper I, speed profile
optimization (SPO) is implemented using a simple stochastic optimization
method for the lead vehicle of a platoon, while the rest of the vehicles follow
the lead vehicle using various platooning algorithms adopted from an artificial
physics framework as well as ACC. Paper II is concerned with testing and
validating the speed profile optimization method for a single truck, with an
improved optimization algorithm, in real trucks. In Paper III, speed profile
optimization is implemented for the entire platoon in such a way that each
vehicle receives its own speed profile to follow, a method which is referred to
as P-SPO.

6.1

Paper I

In this paper, the concept of SPO was introduced for fuel-efficient truck platooning over roads with varying topography, by implementing a very simple
stochastic optimization method. The lead vehicle followed the generated fueloptimal speed profile while the rest of the vehicles in the platoon followed
the lead vehicle using various platooning algorithms, such as a non-linear
spring-damper model, a modified artificial gravity, and an artificial LennardJones force model as well as the standard adaptive cruise control (ACC)
method. The performance of the SPO method together with the platooning
43
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algorithms was tested in simulations over 10 road profiles of 10 km length.
These approaches were then compared to the baseline case of driving with
the combination of cruise control (CC) for the lead vehicle and ACC for the
followers, resulting in average fuel savings of around 15% for the entire platoon. Moreover, the average fuel savings of the lead vehicle was 15.8% (on
average) compared to driving at constant speed.

6.2

Paper II

The main purpose of Paper II was to test the performance of the SPO method
both in simulations and experiments. In this paper, it was proved that the
results obtained in simulations are transferable to real trucks despite the
simple model used in simulations. Moreover, the SPO method’s performance
in fuel-efficient driving of a single truck on roads with varying topography
was further investigated in this paper. Furthermore, a more direct comparison was made between the SPO method and MPC-based methods for
fuel-efficient driving (see Sect. 2.1). The SPO method obtained 11% fuel
savings, compared to typical savings of 3 to 7% for MPC-based approaches,
in cases where large variations of speed were allowed. In addition, in a more
difficult setting with narrower speed range, the SPO method outperformed a
standard predictive cruise control (PCC) by around 3 percentage points, over
the exact same road and speed range. Moreover, a more advanced genetic
algorithm was used (compared to the simple method used in Paper I), and
the representations of the speed and road profiles were improved by using
composite cubic Bézier curves, rather than using simple lists of road points.

6.3

Paper III

In Paper III, a method for platooning based on SPO, which is referred to as
P-SPO, was introduced and evaluated both for homogeneous and heterogeneous platoons. In the latter, the trucks had different masses. The P-SPO
method reduced the fuel consumption of a homogeneous platoon by 15.8%
(on average), and of heterogeneous platoons by between 16.8% and 17.4%
(on average), relative to the baseline case where the lead vehicle used the CC
function and the follower vehicle used the ACC function. Moreover, it was
shown that the P-SPO method can further improve the platooning method
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introduced in Paper I, i.e. SPO+ACC, by up to 1.8 percentage points, by
assigning different speed profiles to each truck. In this case, the speed profiles were optimized together, while considering the safety of the platoon
as a hard constraint during optimization. Furthermore, the P-SPO method
outperformed an MPC-based approach for platooning by around 3 percentage points when applied to identical roads, with similar settings. Moreover,
with the P-SPO method, the inter-vehicle distance control problem and the
two-layer control architecture used in MPC-based approaches are eliminated
from the platooning problem.
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