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Abstract

Look ahead cruise control deals with the concept of using recorded topographic road data
combined with a GPS to control vehicle speed. The purpose of this is to save fuel without
a change in travel time for a given road. This thesis explores the sensitivity of different
disturbances for look ahead systems. Two different systems are investigated, one using
a simple precalculated speed trajectory without feedback and the second based upon a
model predictive control scheme with dynamic programming as optimizing algorithm.

Defect input data like bad positioning, disturbed angle data, faults in mass estima-
tion and wrong wheel radius are discussed in this thesis. Also some investigations of
errors in the environmental model for the systems are done.

Simulations over real road profiles with two different types of quantization of the
road slope data are done. Results from quantization of the angle data in the system are
important since quantization will be unavoidable in an implementation of a topographic
road map.

The results from the simulations shows that disturbance of the fictive road profiles
used results in quite large deviations from the optimal case. For the recorded real road
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Abstract

Look ahead cruise control deals with the concept of using recorded topographic
road data combined with a GPS to control vehicle speed. The purpose of this
is to save fuel without a change in travel time for a given road. This thesis
explores the sensitivity of different disturbances for look ahead systems. Two
different systems are investigated, one using a simple precalculated speed tra-
jectory without feedback and the second based upon a model predictive control
scheme with dynamic programming as optimizing algorithm.

Defect input data like bad positioning, disturbed angle data, faults in mass
estimation and wrong wheel radius are discussed in this thesis. Also some
investigations of errors in the environmental model for the systems are done.

Simulations over real road profiles with two different types of quantization
of the road slope data are done. Results from quantization of the angle data in
the system are important since quantization will be unavoidable in an imple-
mentation of a topographic road map.

The results from the simulations shows that disturbance of the fictive road
profiles used results in quite large deviations from the optimal case. For the
recorded real road sections however the differences are close to zero. Finally
conclusions of how large deviations from real world data a look ahead system
can tolerate are drawn.

Keywords: Look Ahead, Cruise Controller, MPC, Topographic Road map,
Input data



vi



Preface

With this thesis I complete my studies for a Master of Science degree in Ap-
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vious works have shown that by the use of GPS, a topographic road map and
control theory it is possible to control vehicle speed over the topography to save
fuel. My master thesis focuses on exploring the effects of non optimal input
data to a look ahead system and set requirements on input data to the control
system.

Thesis outline

The purpose of this thesis is to outline the sensitivity of a look ahead system
and put requirements on input data to the system. Also the effects of disturbed
input data are investigated. The purpose and method are closer handled in
the introductory Chapter [Il The vehicle model used is presented in Chapter
Chapter[3lis devoted to explain how the optimal speed profiles look like and
the gain of using these. In Chapter [ results from simulations of the optimal
speed trajectories calculated with flawed input data are presented. Chapter 5]
is used to explain how the model predictive control and dynamic programming
in DP-tool works. Results from simulations with DP-tool are presented in
chapter[6l Finally in Chapter[7] conclusions are drawn. Extensions and future
work to this thesis are discussed in Chapter[8l
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Chapter 1

Introduction

The increasing cost of fuel has raised the interest in ways to reduce fuel con-
sumption. In Hellstrom (2005) and Hellstrom et al. (2007), it has been shown
that by using GPS with a topographic road map and optimizing the velocity
over the topography it is possible to lower fuel consumption for a given road
without increasing the travel time. For example the fuel injection could be cut
before a downhill slope where it is known that the vehicle then will accelerate
over its reference speed. In steep uphill slopes it can be advantageous to accel-
erate before the slope. There are increasing interests in a system like this but
there are still no solutions available commercially. A basic requirement is a
commercially available topographic road map, today this doesn’t exist either.
This thesis strives toward outlining requirements for such a map and other
input data. It is also in the thesis line to point out effects of disturbed input
data.

1.1 Thesis Objectives

The main objective of this thesis is to line out which requirements that should
be set on input data to a look-ahead system. How bad input data can be ac-
cepted before performance of the system is too degraded? How good does a
topographic road map for a look ahead system have to be? Which are the ef-
fects on performance from speed trajectories calculated with disturbed input
data?



2 Introduction

1.2 Method

Two simulation environments are used in this thesis. The first one is a basic
model using precalculated speed trajectories to control the vehicle over sim-
ple road profiles like the one presented in Figure [L.1l These trajectories are
calculated from the results presented in Froberg et al. (2006) and Friéberg
and Nielsen (2007). The second model uses dynamic programming to opti-
mize vehicle speed over given road profiles making it possible to handle real
world roads. This simulation environment, named DP-tool, is made by Erik
Hellstrom and described in Hellstrom (2005) and Hellstrom et al. (2007). For
this thesis some modifications have been done to DP-tool since it is of inter-
est to optimize over one road profile and then run the vehicle simulation over
another road profile.

Road Profile
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L
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Figure 1.1: A simple downhill road profile with the optimal speed trajectory.



Chapter 2

Vehicle Model

The modeling of the driveline is thoroughly covered in Kiencke and Nielsen
(2005) and Nielsen and Eriksson (2005). Since a lot of the work in this the-
sis is based on Froberg et al. (2006) and Hellstrom (2005) the model used is
similar to those used in these two papers. The engine torque is modeled as
an affine torque map dependent on fuel and engine speed. Further the driv-
eline is assumed stiff. Finally the different forces acting on the wheel of the
truck are modeled. Model constants are presented in Appendix[Bl The model
described in this chapter is used both for the simulation and prediction envi-
ronment utilized in Chapter[Bland[4l It is also used in its complete form in the
DP-tool prediction environment utilized in Chapter[6l However the simulation
environment in DP-tool uses the measured fuel map to model engine torque
instead of the approximation described in Section [2.1]

2.1 Engine

The engine chosen for this thesis work is a 12 liter Scania DT1211 L02 diesel
combustion engine. This engine is a euro IV emission class engine and outputs
420 horsepower and has a maximum output torque of 2100 Nm. For use in this
thesis a linear model of the engine is constructed. The model for the generated
torque minus the internal friction is constructed from a torque map made up
of steady state measurements of the generated torque for a given engine speed
and amount of injected fuel. The engine map is expressed as Tmap(N ,9). From
this map two functions are approximated one for the maximum output torque,
Trnas (N, 6). The second approximation is a function for the engine drag torque,
Tdmg(N ) which is the brake torque received from the engine when fueling is
cut off and the driveline is engaged.

The engine map is assumed to be affine and the output torque is therefore
approximated with a linear model as following:

Trap(N, ) = acN + b6 + ¢, 2.1)

Where N is the engine speed and ¢ is the amount of injected fuel. This
model provides a good approximation to measured data. The engine constants
are calculated with the least square method.

A model for the drag torque is constructed from the torque map using only
the data where § = 0, Tyrqq(N) = Tinap(V,0) and the approximation is given
in Equation 2.2] where N is the engine speed. This approximation plotted
against measured data can be seen in Figure 2.1
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Td'r‘ag(N) =aqN + by (2.2)
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Figure 2.1: Engine drag torque, linear model compared to measured data.

The fueling function is modeled as given in equation 2.3l To control the
fueling function a signal P, representing normalized fueling taking a value
between zero and one is introduced. The signal P is in other words the driver
demand which here is controlled by the cruise controller. Also a signal G,
the gear number, an integer between 1 and 12 representing the current gear,
is introduced. It is assumed that the engine runs on idle control when the
driveline is disengaged, G = 0.

Pbmaa(N) G #0

didie G=0 (23)

5(N,P,G) = {

The upper torque bound is approximated by a second order function given
in Equation [2.4]and the upper fueling bounds by the function in Equation

>

ar = arN?2+ 0N+ ¢ (2.4)
Omaz = asN?+bsN +c5 (2.5)

The constants of the maximum fueling function are calculated using a least
square approximation on measured data for maximum fueling. The approx-
imated fueling function and the measured maximum fueling are plotted in
normalized form in Figure[2.21 There are some differences between the real
and the approximated max fueling which might have an impact on the result.
Since this thesis is about comparing different simulated driving scenarios to
compare fuel consumption and travel time this model is adequate.
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Figure 2.2: The modeled maximum fueling (solid) and measured data
(dashed).

To simplify matters even more the upper torque bound is approximated
as a function of the maximum fueling bound, see Equation In Figure
[2.3] this approximation, Equation [2.6] is plotted against the function specified
in Equation 2.4l Figure [2.4] contains a plot of the modeled max torque and
the measured max torque. The model of the max torque using the max fueling
function differs slightly from the least square approximation of the max torque
made directly from the engine map.

Tmax (N) = T’rnap(N7 5maa; (N)) (26)
Trnap(N; Smax (N)) = a.N + begmax (N) + ce 2.7

Finally by combining the Equations 2.1] 2.2 2.3 and an approximation
for the output torque, produced torque minus internal friction, can be stated,
Equation 2.8

4eN + b PSmas + e P >0, G40
Te(]\f7 P, G) = aqgN + by P<O, G 7é 0 (2.8)
0 G=0



6 Chapter 2. Vehicle Model

Engine Max Torque model

2200 -

2000

1800

Engine Torque [Nm]
= =
B o
o <3
o o

[N
N
=]
=]

1000

800

600 I I I I I I I I ]
600 800 1000 1200 1400 1600 1800 2000 2200 2400

Engine Speed [RPM]

Figure 2.3: The max torque function approximated directly from the engine
map (dashed) and by using the maximum fueling function (solid).

Engine Max Torque with Fuel Model
2500~
— — — Measured data
Model

2000 -

1500 -

Engine Torque [Nm]

1000 -

500 \

1 1 1
500 1000 1500 2000 2500
Engine Speed [RPM]

Figure 2.4: The maximum engine torque approximated using the maximum
fueling function compared to measured data.
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2.2 Driveline

The driveline in this paper is assumed to be stiff and the gearbox and final
drive are modeled as tables of ratios and efficiency constants. Previous section,
Section [2.1] presents a model of a diesel combustion engine which with its
produced output torque drives the vehicle forward through the driveline. In
Figure 2.5 the driveline configuration can be viewed.

He 6“: 99
Engine Clutch - Transmission
T. T, T,
0, a, a,
Fropeller Shaft _ Final Drive )
T, Ty T,
A Ba 8.,
Drive Shaft B Wheel ]
I.ﬂ' -Iw ?'L.Fh.

Figure 2.5: The driveline of the vehicle.

e

The produced torque of the engine minus the internal friction of the engine
is represented by 7., the external load comes from the clutch, 7,. The mass
moment of inertia of the engine is J. and the angle of the flywheel is 6. which
gives:

Jebe =T. ~T. (2.9)

The clutch is assumed to be stiff and therefore:

T. = T, (2.10)
6. = 0, (2.11)

The gearbox is modeled by ratios and efficiency constants for each gear
giving, with neglected inertia:

Toigng = Tp (2.12)
0. = 140, (2.13)
The propeller shaft is also assumed to be stiff and will therefore not influ-

ence the equations, thus:

T, = Ty (2.14)
b, = 6, (2.15)

The final drive is, like the gearbox, modeled as a ratio and an efficiency
constant with neglected inertia:
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0, = ifby (2.17)

The drive shaft is presumed stiff which gives:

Tw = Ty (2.18)
by = b (2.19)

Finally the equation of motion for the wheel is:

Jubw = Tu—kyB—ryFy (2.20)
0 = 0O, (2.21)

Where J,, is the wheel inertia, r,, the wheel radius and k; the brake con-
stant where B is the brake pedal, taking a value between zero and one. F,
is the friction force at the wheel in other words the force which will drive the
vehicle forward.

2.3 Gearbox

The gearbox is as stated implemented as gear ratios i, and efficiencies 1, when
modeled in the powertrain. Gear selection is based upon the current engine
speed. Two different engine speed values are stored for each gear, a shift up
point and a shift down point. The gearbox is limited to only shift up or down
one step at a time. Since only a limited part of the operating range, the top
gears, of the gearbox will be utilized in this thesis this limitation should not be
a problem. When the gear is shifted the output torque from the gearbox will
be zero for one second to model the loss of output torque during a gear shift.
Gear shift points are presented in Appendix[Al

2.4 Forces

The truck is affected by several different longitudinal forces: aerodynamic
drag, rolling resistance, and gravity due to the road slope angle, see Figure
2.6l

The aerodynamic drag force, F,, is modeled as:

F, = Agpav? (2.22)

1
9w
Where ¢, is the air drag coefficient, A, the vehicle cross section area, p, the
air density and v the velocity of the vehicle.

The rolling resistance force, F., is modeled as a simple function dependent
only on the road angle, a:

Fr = C’I“FN (223)
Fy = mg cos(a) (2.24)

Where « is the road angle, m the mass of the truck and g the gravitational
constant and Fy the normal force.
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Figure 2.6: The forces acting on the vehicle.

The gravitation force, F), is:
F, = mg sin(«) (2.25)

Where « is the road angle, m the mass of the truck and g the gravitational
constant.
Finally by using Newtons second law:

mi=F,—F,—F.—F, (2.26)

Where F,, is the resulting friction force at the wheel which drives the vehi-
cle forward.

2.5 Complete Driveline

The equations given earlier in this chapter can be combined together to state
the complete driveline model. The model is implemented in Si nul i nk, a pic-
ture of the system is available in Appendix[Al Assume that the gear is another
than the neutral gear, then the velocity of the truck can be expressed as:
. Tw A
v = 0wrw = %06 (227)
tgtf
Using this result and combining Equations[2.8] [2.20|and [2.26]earlier in this
chapter the following differential equation is received:

Tw . .
) = Te 7P7 G) — kyB —
! Juw +mr2 +ngi2ngitJe (ngzgnﬂf (w ) = Fo

—EchapaerQ — mgry(crcos a + sin a)) (2.28)
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Where T, is the engine torque that is given in Equation [2.8]and the engine
speed N can be rewritten as a function of v according to equation 2,29
N = Wialr, (2.29)
27ry,
If the neutral gear is used the output torque of the engine is zero which
leads to the following differential equation:

V= ﬁ (—ka — %cu)Aaparu)vQ — mgry(crcos a+ sin a)) (2.30)

For the model used in Chapter Bl and [ the implementation in Si mul i nk
is distance based instead of the standard time based one. Meaning that the
Si nul i nk time variable is used as distance instead of time. Therefore Equa-
tion [2.28] and have to be rewritten into functions of distance instead of
time. This is done according to Equation[2.37]

dv  dvds dv

This results in that Equation [2.28] can be rewritten to Equation [2.32] and
Equation 2.30linto 2.33

dv 1 Tw
ds v ignifTe(v, P,G) — kyB —
ds v J’w + mr%u + 775]2_(2]77]82?“]6 (nglgnflf (’U ) b
1
_56“"4“%“““2 — mgry(crcos a+ sin 04)) (2.32)
dv 1 Tw

1
g B (—k;bB - §chaparw1)2 — mgry, (crcos a + sin a)) (2.33)

2.6 Fuel Consumption

The fuel consumption, see Equation [2.36), is calculated by integrating the fuel
mass flow given in Equation 2.371 The fuel mass flow itself, Equation [2.34]
is determined from the fueling function § described in Equation 2.3]. Where
my is the fuel mass flow [g/s], ¢ the fueling [mg/stroke], N the engine speed
[RPM] and ¢y is defined by equation[2.35] where n.,; is the number of cylinders
and n, the number of revolutions of the crankshaft per stroke. It is assumed
that the engine runs on idle fueling during gear shifts since an automatic
manual transmission ramps engine torque up and down during a gear shift
and therefore some fuel will be used.

mf = CfN(S (2.34)

B 1 Neyl
T 60-10° Tn, (2:35)
m; (N, P,G) = / i (N, P,G) dt (2.36)

Where

¢fNP6pas(N) G #0

CfNidle(Sidle G=0 (2.37)

rs (N, P,G) {
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2.7 Fuel and Time

To be able to compare different simulations over the same road profile a differ-
ence in fuel consumption and travel time has to be measured. These quantities
are called At and Af. They are defined according to Equation [2.38] and [2.39]
where t...c and ¢,.¢ are the travel times of the current simulation and a ref-
erence simulation. mfe.sc and mf,.; stands for the fuel consumption of the
current simulation and a reference simulation. Most times the standard PI
cruise controller is chosen as the reference simulation.

At = Lease = lres (2.38)
tre f
mfcase - mfref
mf're f

There is one quite difficult question that will be raised when different speed
profiles for a given road are evaluated, how can difference in travel time be
compared to a difference in fuel consumption. For example if the fuel con-
sumption for a given road decreases with 1 % and the travel time increases
with 1 %, is this system better or worse than the original cruise controller?
The problem here is that there are no direct answers. The struggle for a look
ahead cruise controller is to keep the travel time constant while lowering the
fuel consumption. Due to the optimization problem on real road profiles this
is hard to achieve therefore some type of weight or penalty function has to be
constructed.

Af = (2.39)

2.7.1 One Delta Function

The idea is to construct one single A-function from Atime and A fuel or rather
convert the difference in time to a difference in fuel. A test on level road with a
base speed of 85km/h was done, simulation were then made to compare what
happens with the fuel consumption if the road was driven faster or slower.
The results are collected in the diagram presented in figure[2.7l In this figure,
2.7 also a least square estimation of the measured data, see equation
is presented. The offset in the least square approximation was too small to
have any impact on the results later on in this report and was removed to
simplify the approximation slightly. The result for this case is that a —1%
decrease travel time can be seen as a 0.903% increase in fuel consumption in
other words resulting in ¢ = 0.903. It should be noted that a changed speed
interval or set speed would lead to a changed c as well.

Aior = Af+cAt (2.40)
Here: Ajyy = 0
_ _Af
¢ T At

c = 0.903 (2.41)
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3 T T T

T
simulated data
— — — approximated function

Delta f [%]
=
T

Delta t [%]

Figure 2.7: Af as a function of At, solid line represents measured data while
the dashed line represents the least square approximation.
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Analytically Derived
Optimal Speed Profiles

It has previously been shown by Froberg et al. (2006) that optimal speed pro-
files for simple road profiles can be derived analytically. The focus of this thesis
is to analyze which effects disturbed input data has on a look ahead cruise con-
troller given the knowledge of optimal speed profiles for different roads. This
chapter will handle how these optimal speed profiles look like. It should also
be stated since traveling at a lower speed saves fuel so time also has to be
taken into consideration when calculating the optimal speed profiles.

A look ahead system could allow for more than just the velocity to be opti-
mized over a given road. For example if it is known that the vehicle is almost
at the top of a hill a gearshift could be avoided by allowing the vehicle to drag
it self over the top at the current gear. When a gearshift really is necessary it
could instead be done before an up- or downhill slope. For example the vehicle
could shift the gear down one step and enter a steep uphill slope at a slightly
higher engine speed. This could allow the vehicle to finish the slope without
being forced to shift down two steps while in the slope.

The road profiles accounted for in this chapter are of theoretical interest
since it is possible to find analytical solutions to the optimal speed profiles,
this comes with the drawback that they do not reassemble real road profiles.
Effects of real world road profiles will be explored later in this thesis. The
reference speed is set to 85km/h, minimum speed to 80km/h and maximum
velocity to 90km/h. The vehicle mass is set to 40 000kg and the gear number
is 12 if nothing else is stated. In this chapter it is assumed that the control
system has perfect knowledge of the road topography, vehicle parameters and
environmental conditions. Optimizations are done to keep an average speed
of 85km/h over the road sections.

13



14 Chapter 3. Analytically Derived Optimal Speed Profiles

3.1 Optimal Speed Profiles on Level Road and
Small Gradients

First speed profiles on level roads will be handled. By intuition one can argue
that with a given travel time it is optimal to keep a constant velocity. Unnec-
essary accelerations should by intuition be seen as non fuel optimal behaviour.
Also by traveling at a higher speed the aerodynamic drag force, which has a v
part in it, will quickly increase in size. Froberg et al. (2006) also shows that it
is optimal to keep the velocity constant on level road when the travel time is
given.

These arguments also applies to small gradients, which are defined as
downbhill slopes where the gravity is not enough to accelerate the vehicle and
uphill slopes where the engine is capable to keep the vehicle at reference
speed. There is no reason to accelerate the vehicle in a small downhill slope
if the gravity is not enough to speed up the truck, the same applies for small
uphill gradients if the engine can keep the velocity constant then that is the
optimal solution for a given travel time. This is also shown in Froberg et al.
(2006).

It should be noted that the solution explained here is true for an affine
engine map. There is no guarantee that a non affine engine map will give
this result in the optimal case. A non affine engine map makes it a lot more
difficult to analytically derive the optimal trajectory and solutions with such
engine maps are not considered in this thesis.

3.2 Optimal Speed Profile for Steep Downhill
Slopes

It has been shown in for example Hellstrom (2005) and Froberg et al. (2006)
that controlling the speed of a vehicle in steep gradients give the potential
to save some per cent of fuel. The idea is in a downbhill slope to cut the fuel
injection before the slope and then make use of the gravity to accelerate the
vehicle. For a typical speed profile see Figure 3.l This will if compared to a
standard cruise controller take some extra time since the vehicle will travel
at a lower average speed. To make up for this loss of time the vehicle will be
accelerated before uphill slopes which will be seen later in this chapter. The
500m, 3% slope is steep enough to accelerate the vehicle but still short enough
to point out most effects of disturbances which in longer slopes wont be possi-
ble to notice. It should be noticed that if the vehicle would be allowed to reach
a higher speed than 90km/h in downhill slopes a lot of the gain of using this
optimization would be lost. This is because energy is lost when the vehicle is
forced to brake when 90km/h is reached. However the top velocity should real-
isticly be restricted due to safety reasons and legislation. The cruise controller
parameters are the same for both the optimization and the standard cruise
controller.

In Figure a standard PI cruise controller is compared to the optimal
speed profile for the given downhill slope. The result is an increased travel
time by At = +1.02 % and Af = —12.65 % less consumed fuel.
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Figure 3.1: The optimal speed profile on the given downhill slope.
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3.3 Optimal Speed Profile for Steep Uphill Slopes

Steep uphill slopes are defined as slopes in which the engine isn’t strong
enough to keep the vehicle at reference velocity. The optimal solution is to
accelerate the vehicle before the uphill slope, see Figure [3.3] for a road and
speed profile. This allows the vehicle to enter the slope at a higher speed and
therefore also finish the slope at a higher speed, something which will shorten
the travel time but of course cost more fuel. This is in other words not fuel
optimal but makes it possible to regain some of the time lost because of the
decreased vehicle speed before steep downhill slopes. So when the uphill slope
is combined with the profile of a downhill slope the travel time will be more
or less constant but still a few percent fuel can be saved. The complete idea of
the system is to save fuel by cutting the injection before steep downhill slopes
and regain the lost travel time by accelerating the vehicle before steep uphill
slopes.
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Figure 3.3: The optimal speed profile on the given uphill slope.

In Figure [3.4] a PI regulated cruise controller is compared to the optimal
speed profile. In this case the distance will be driven in At = —1.92% less time
but with the cost of Af = +1.18% extra fuel.

3.4 Combining Up- and Downhill Speed Profiles

If the two road profiles explained in section [3.2] and [3.3] are combined and also
the optimal velocities a case like the one in Figure is constructed. For this
road profile it is not only possible to save fuel but also to drive the distance
faster than what the standard PI cruise controller is capable of.

Figure [3.6] shows a comparison between the PI regulated cruise controller
and the optimal cruise controller. In this case both the travel time and the
fuel consumption are less for the optimal controller, At = —0.90% and Af =
—5.75%.
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Chapter 4

Disturbance of Analytical
Speed Profiles

In Chapter[3]the analytically calculated speed profiles for steep up- and down-
hill slopes were presented. Of great interest is the capability of the system to
handle disturbed input data. How large differences can be tolerated on the in-
put data compared to the real road? There are several reasons why the system
should be able to handle quite big disturbances, higher precision on map data
will be more expensive and require more storage space and some parameters
in the system, like vehicle mass are not possible to estimate perfectly. Due to
the limitations of road profiles for which it are possible to analytically calculate
the speed profiles there will also be limitations to which types of disturbances
it are possible to simulate for this road profiles.

Therefore in this chapter only bias faults of different types will be given
attention. To handle disturbances of types like white noise or quantization of
map data some type of numerical optimization will be necessary. Another no-
tation that should be made is that all faults are implemented in the prediction
since this leaves the simulation conditions untouched for fair comparisons. It
should also be noted that unless anything else is mentioned all simulations are
done with the highest gear, number 12. The reference speed is set to 85km/h,
minimum speed to 80km/h, maximum speed to 90km/h and the vehicle mass
to 40 000 kg. For the simulated scenarios the difference in travel time and fuel
consumption are presented and also the combined delta function defined in
Section 2.7l Both the travel time and the fuel consumption are compared to a
standard PI cruise controller.

4.1 Types of Disturbances

This chapter will handle several types of disturbances, primary bias faults
in position and in the angle data of steep up- and downhill profiles. Effects
of mass and wheel radius errors in the optimization and some environmen-
tal disturbances like badly estimated rolling resistance and aerodynamic drag
will also be handled for these simple road profiles.

19
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4.2 Effects of Disturbed Input Data in Steep Up-
hill Slopes

4.2.1 Position Bias Errors

In Figure[4.1]a plot of the results of a positive or negative bias error in the po-
sition data can be seen. A 50m bias is a quite large error and is approximately
twice the length of a long haulage truck. The difference in travel time and
fuel consumption compared to the standard PI cruise controller can be seen
in Table [4.1]l Figure [4.]] clearly shows the effect, if the system believes that
the uphill slope comes early, the case marked as —50m, it will start to acceler-
ate too early and reach maximum speed before the slope begins. The effect is
higher fuel consumption but also slightly shorter travel time.

There is also another problem which is not directly visible. If the vehicle
has already reached its maximum speed it will stop accelerate and reduce
throttle level and therefore lose turbo pressure, something which should be
avoided just before steep uphill slopes. The lost turbo pressure is not modeled
in this thesis work but is very likely to lead to a loss in travel time and possibly
also increased fuel consumption. In the opposite situation when the system
believes that the hill starts further away, the scenario marked as +50m, than
it actually does the vehicle will start to accelerate too late and does therefore
not reach the optimum speed before the slope and therefore also receives a
lower average speed on the distance.
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Figure 4.1: This figure shows simulations with position bias errors compared
to the optimal scenario. The disturbed system will, as can be seen, either react
too early or too late.

4.2.2 Angle Bias Faults

An angular bias fault will result in a similar result as the position bias fault. If
the system receives data that says that the hill is less steep, here 2.4% instead
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Uphill 3% 500m

A-Function Value A-Function Value
Optimal Scenario Angle Bias —20%

Afopt 1+1.17% Af_a0 10.61%
Atopt —1.92% At_og —1.03%
Afopt + cAtopt —0.56% Af oo +cAt_sg  —0.32%
Position Bias —50m Angle Bias +20%

Af_50 +1.27% Af+20 +1.27%
At_50 —2.05% Aty20 —2.05%
Af_50+cAt_s50 —0.58% Afioo+cAtyog  —0.58%
Position Bias +50m

Afyso +0.87%

Atys0 —1.45%

Afis0 + cAtyso —0.44%

Table 4.1: Results from a 500m 3% uphill slope with bias faults in the position
data or in the angle data, a standard PI cruise controller is used as reference.

of 3%, it will accelerate to reach an expected optimal top speed which is lower
than the optimal top speed for the real slope. If the situation is the opposite
the control system will accelerate the vehicle to a higher speed before the slope
than what is optimal. In this case optimization is done for a 3.6% slope but the
vehicle is run over a 3% slope. These behaviours are shown in Figure [4.2] and
the result in time and fuel consumption compared to a standard cruise con-
troller are presented in Table[4.Jl The reason for the small difference between
the optimal solution and the disturbed solution with an expected 3.6% hill is
because of the hard maximum speed limit of 90km/h for the vehicle. Thus
since the vehicle never accelerates to a velocity over 90km/h a steeper uphill
slope will not affect the result by much compared to the 3% 500m uphill slope
where the top speed is almost reached before the slope.
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Figure 4.2: Simulations with a bias error in the angle forcing the system to
optimize for a too steep or too flat slope. The system reacts too late when
velocity is optimized for a assumed flatter slope but the difference is minor
when the slope is assumed steeper due to the hard speed limit at 90km/h.
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4.3 Effects of Disturbed Input Data in Steep Down-
hill Slopes

4.3.1 Position Bias Errors

The effects of a bias error in the position data in steep downhill slopes are
similar to those in steep uphill slopes. If the system believes that the slope
starts later than it really does it will cut the fuel injection too late and there-
fore waste fuel that could otherwise be saved, see Figure [4.3] the plot marked
as +50m. In the opposite situation fuel injection will be cut too early which
will cause the vehicle to reach minimum speed too early resulting in a slightly
longer travel time but also a slightly lower fuel consumption, see Figure [4.3]
and the scenario marked as —50m.
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Figure 4.3: Simulations of a downhill slope with position bias faults in the
optimization compared to the optimal speed trajectory. Again it is obvious
that with a disturbance like these the system reacts either too early or too late
which results in lost time or wasted fuel.

4.3.2 Angle Bias Errors

Scenarios with positive and negative angle bias faults are plotted in Figure
[4.4 and the differences in fuel and travel time are presented in Table [£.2] As
can be seen a positive bias fault of 0.6 percentage units, marked as +20% in
Figure [4.4] in the angle of the slope will not affect the outcome since a 500
m 3% slope is enough to accelerate the vehicle to maximum speed, 90km/h,
from minimum speed, 80km/h. A negative bias fault of —0.6 percentage units,
marked as —20% in Figure [4.4] on the other hand will affect the behaviour of
the system and some potential saved fuel will be wasted since fuel injection is
cut too late before the slope.
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Downhill 3% 500m

A-Function Value A-Function Value
Optimal Scenario Angle Bias —20%

Afopt —12.65% Af_20 —8.33%
Atopt +1.02% At_o +0.56%
Afopt + cAtopt —11.73% Af_go+cAt_o  —7.82%
Position Bias —50m Angle Bias +20%

Af_s50 —12.85% Afi20 —-12.65%
At_50 +1.16% At4o0 +1.02%
Af_50 4+ cAt_50 —11.80% Af+20 + CAt+20 —11.73%
Position Bias +50m

Afiso0 —-9.81%

At4s0 +0.07%

Afis0 4+ cAtyso —-9.75%

Table 4.2: Results from a 500m 3% downbhill slope with bias faults in the po-
sition data or in the angle data. The standard PI cruise controller is used as
reference.
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Figure 4.4: Plots of simulations with angle bias errors compared to the optimal
scenario. With a assumed flatter slope the system reacts to late and a lot of
the fuel that could be saved is wasted. For the assumed steeper slope there is
no difference since the 3% downhill slope is enough to accellerate the vehicle
from 80 to 90km/h.
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4.4 Effects of Disturbed Input Data on a Plateau
Road Profile

When a steep uphill slope is combined with a steep downhill slope the effects
on the speed profiles are the same as in the single cases for these two slopes,
see Figure More interesting is the fact that when the control system acts
too early the fuel consumption and travel time are almost unaffected but in
the opposite situation the losses in both travel time and the amount of fuel
used are facts, see Table [43] When the system reacts too early the minor
difference can be explained by the fact that the vehicle will travel at top speed
for some extra time before the uphill slope and at minimum speed for a longer
time before the downhill slope. These two errors will cancel each other and
therefore the small difference. In the case where the control system does not
cut the fuel injection in time some of the potential fuel that could be saved
before the downhill slope is wasted and therefore the degraded performance.
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Figure 4.6: Simulations done over a 3% plateau with angle bias faults com-
pared to the optimal speed trajectory.

Plateau 3% 500m

A-Function Value A-Function Value
Optimal Scenario Angle Bias —20%

Afopt —5.75% Af_ao —3.96%
Atopt —0.78% At_og —0.42%
Afopt + cAtopt —6.45% Af o0+ cAt_ g0 —4.34%
Position Bias —50m Angle Bias +20%

Af_s0 —5.75% Afio0 —5.65%
At_50 —0.79% Atyo0 —0.90%
Af_50+ cAt_s50 —6.46% Afio0 4+ cAti20 —6.46%
Position Bias +50m

Afis0 —4.50%

Atys0 —0.65%

Af+50 + CAt+50 —4.56%

Table 4.3: Results from simulations on an 500m 3% uphill slope combined
with a 500m 3% downbhill slope, the standard PI cruise controller is used as

reference.
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4.5 Mass Error

To accurately calculate how to control the velocity in up and downhill slopes
the mass of the vehicle has to be known. A mass estimation is available to
the trucks control systems. This function will estimate the mass of the vehicle
with an error of approximately +10%. A disturbance in the mass estimation
of the vehicle could be seen as a disturbance in the road slope angle since
gravitational force can be approximated as in Equation [£.1]l If both errors
are large this may result in large prediciton errors for the look ahead cruise
controller. A mass error however will affect other parts of the speed profile
calculation as well and will therefore have a larger impact than a pure angle
fault of the same size, see Equation [2.32] Figure[4.7] shows a plot of the speed
profile when calculated with a +10% and with a —10% error in the vehicle
mass, which initially was 40 000kg. The impacts on fuel consumption and
travel time are presented in Table [4.4
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Figure 4.7: Plots of the speed trajectories when optimizations are done with a
mass fault of +10%.

4.6 Wheel Radius Errors

The effects of wheel radius errors might at first seem hard to predict since it
affects several different parts of the complete vehicle model. The force at the
wheel from the engine torque will be wrongly predicted, see Equation[2.8 and
but also the aerodynamic drag force and the roll resistance force will be
affected, see Equation 2.22] and Still more parts of the prediction will
be affected as can be seen in the complete vehicle model given in Equation
[2.28] The effects of a wheel radius fault do not get as big as could be expected
initially with all affected parts of the driveline equations. Wheel radius errors
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Plateau 3% 500m

A-Function Value A-Function Value
Optimal Scenario r = 52cm Radius —5¢m, r = 47em

Afopt —5.75% Afrar —5.86%
Atopt —0.78% Atrg7 —0.42%
Afopt + CAtopt —6.45% A fra7 + cAtray —6.24%
Mass Error —10% Radius +5cm, r = 57cm

Af_10% —5.77% Afrsr —4.78%
At*lo% —0.36% Atr57 —0.97%
Af_ 109 + cAt_10% —6.47% Afrs7 + cAtpsy —5.66%
Mass Error +10%

Aft10% —4.92%

At 10y —0.95%

Af 109 + ¢At, 109 —5.78%

Table 4.4: Results from simulations with wheel radius errors (right column)
and mass errors (left column) on an 500m 3% uphill slope combined with a
500m 3% downbhill slope. The standard PI cruise controller is used as reference.

will only have an larger effect in steep uphill slopes where the optimal speed
profile will be falsely predicted. Steep downhill slopes are almost unaffected.

The reason for this can be explained by looking at the equations referred
to earlier in this section. A positive fault in the wheel radius will predict a
lower engine torque as long as the engine speed is kept under approximately
1 500 7pm due to the v? dependent maximum torque function, see Section 2,11
The aerodynamic drag and roll resistance will on the other hand be estimated
higher than what they really are. This results in a predicted slower accelera-
tion in uphill slopes but only with minor effects in steep downhill slopes due
to an estimation of decreased engine drag torque. In the opposite situation
with a negative fault in the wheel radius the control system will predict an
increased engine torque and decreased roll resistance and aerodynamic drag.
This causes the control system to accelerate the vehicle too late in steep up-
hill slopes. Again steep downhill slopes remain relatively unaffected due to an
increased engine drag torque which makes up for the lower rolling resistance
and aerodynamic drag. In Figure [4.8 these two cases can be seen compared
to the optimal case, the wheel radius is 52cm in the vehicle model and opti-
mizations are done with a wheel radius of 47c¢m, the optimal 52¢m and 57cm.
Results from the simulations are presented in Table [4.4]

4.7 Changes to the Aerodynamic Drag Force and
Rolling Resistance

The last model errors presented directly in this thesis are changes to the aero-
dynamic drag force and the rolling resistance in the optimization. It could be
argued that good models are needed for these two forces since both directly af-
fect the calculation of when to accelerate and decelerate to reach the optimal
speed. The aerodynamic drag force is heavily dependent on weather condi-
tions or more exactly wind speed and direction compared to the truck. The
same can be said about the rolling resistance which is dependent on road con-
dition, road material and also the tyres and the condition of those. Errors in
both these resistances will show similar effects on the model since both are



4.7. Changes to the Aerodynamic Drag Force and Rolling Resistance 29

Road Profile
15F . _
£ 10F |
[}
k=]
3
£ 5 |
<
0 / ) ‘ ‘ ‘
0 500 1000 1500 2000 2500 2000
Distance [m]
Speed Profiles opt r52

- — —r47
57

©
o

©
o

Velocity [km/h]
o]
(5}

®

o
T
/
\

-~
al

1 1 1 1
500 1000 1500 2000 2500 3000
Distance [m] optr52
Cruise Demand — a7

T — =57

05 p ey i
pe 1
] i

ot I I I 1 1 ]
0 500 1000 1500 2000 2500 3000
Distance [m]

Throttle

Figure 4.8: Simulations where optimization are done with wheel radius faults
of +5¢m resulting in a wheel radius of 47¢m or 57cm instead of the vehicles
real 52cm.

modeled as negative forces, or rather torques, in the complete driveline model,
see Equation [2.28] Due to that the roll resistance force model is only depen-
dent on weight and road angle and the v? dependence in the aerodynamic drag
force an error in the rolling resistance will have larger impact in low velocities
while the aerodynamic drag force fault will have larger effects the faster the
truck is traveling. It is interesting to note that even though at first glance
it looks bad with large errors in these two negative forces on the vehicle the
impact is less serious than expected. A 10% error in roll resistance does not
affect the calculation of the optimal speed profile very much, the effect is ap-
proximately the same as of a 20m bias fault in position in an uphill slope and
that of a 10m bias fault in a downhill slope, see Figure With a 10% error
in the aerodynamic drag force the effects are even less, still steep uphill slopes
suffer more from this type of error, approximately the same as a 15m bias fault
while steep downhill slopes remain relatively unaffected, see Figure[4.10l
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Road Profile
15F ! B
E o} i
[}
=]
3
£ 5 bl
<
0 { | | | Y
0 500 1000 1500 2000 2500 3000
Distance [m]
Speed Profiles opt
95 \ - — —-10%
= +10%
£ 90 °
=
285
(53
(=}
@ 80
>
75 L L L L L
0 500 1000 1500 2000 2500 3000
Distance [m]
Cruise Demand opt
- - —-10%
1r Il -
+10%
o 1
=4 it
S 05 Ei
F=
[
| F
oL | | ‘\ 1 il

0 500 1000 1500 2000 2500 3000
Distance [m]

Figure 4.10: Simulations done over a 500m, 3% plateau with model faults in
the aerodynamic drag force.



4.8. Combined Disturbances 31

Plateau 3% 500m

A-Function Value A-Function Value
Optimal Scenario Aerodynamic drag —10%

Afopt —5.75% Af_10% —5.86%
Atopzt —0.78% At,lo% —0.42%
Afopt + cAtopt —6.45% Af_10% + cAt_19% —6.24%
Rolling resistance —10% Aerodynamic drag +10%

Af_10% —6.02% Afyi0% —4.78%
At_105 —0.60% At 109 —0.97%
Af_10% + cAt_109 —6.56% Afi10% + Aty 10 —5.66%
Rolling resistance +10%

Afii0% —5.31%

At 109 —0.98%

Afi10% + Aty 109 —6.19%

Table 4.5: Results from simulations with falsely estimated rolling resistance
(left column) and falsely estimated aerodynamic drag (right column) in a 500m
3% uphill slope combined with a 500m 3% downbhill slope. The reference is the
standard PI cruise controller.

4.8 Combined Disturbances

Of course in real world applications the system will be under the influence of
many different disturbances at the same time. Therefore it is of interest to add
several types of disturbances together. When earlier results in this chapter are
taken into account it is easily realized that some faults will add together in a
way which will result in even larger loss of travel time or fuel compared to
scenarios with perfect input data. In other cases the effects will more or less
cancel each other.

If a downhill slope is considered, from fuel consumption perspective the
worst possible scenario is when a large positive position bias fault, in other
words the slope is coming earlier than expected, is combined with a large neg-
ative angular bias error meaning that the hill is steeper in reality than in the
recorded data. In this case the look ahead cruise controller will cut the in-
jection way too late compared to optimum wasting a lot of the potential saved
fuel. The same scenario in an uphill slope will instead cause longer travel time
since the vehicle will not accelerate early enough to reach optimal speed before
the uphill slope. In Figure[4.11] the result of a position bias fault of 50 m and
an angle error of —20 % in a 3% downbhill slope can be seen. The result is a loss
of more than 50% of the potential fuel that could be saved, see Table

The problem is that it does not end there. If an error of —10% is added
to the mass approximation the result will be even worse, see Figure [4.12] and
[4.13l Still there are more possible faults that can be added to the system
which will degrade performance even more. In Figure[4.13|the same faults are
implemented in a simulation over a road profile with a 500m, 3% uphill slope
combined with a 500m, 3% downhill slope. The results from these simulations
are presented in Table [4.6]
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an angle bias fault and a position bias fault.
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Figure 4.12: Plot of a simulation done in a 500m, 3% downhill slope with an

angle bias fault, a position bias fault and a mass estimation error.



4.8. Combined Disturbances 33

Road Profile
151 L 7

10 B

Altitude [m]

L L I
0 500 1000 1500 2000 2500 3000
Distance [m]
Speed Profiles

opt
— — —dist

©
o1

©
o

Velocity [km/h]
2] o}
o (4]

~
ul

I I I
0 500 1000 1500 2000 2500 3000

Distance [m]
Cruise Demand
T T opt
1 | | — — —dist
[} ! !
g ! ‘
= 0.5 - = =1 3
= v |
|
or I I I I I |
0 500 1000 1500 2000 2500 3000

Distance [m]
Figure 4.13: Plot of a simulation done with an angle bias fault, a position bias

fault and a mass estimation error in a 500m, 3% uphill slope combined with a
500m, 3% downbhill slope.

Several faults added together

Downhill 500m, —3% plateau, —3%

A-Function Value A-Function Value

Optimal Scenario Optimal Scenario

Afopt 71265% Afopt 7575%

Atopt +1.02% Atopt —0.78%

Afopt + cAtopt —11.73% Afopt + cAtopt —6.45%

Position bias +50m, Position bias +50m,

angle bias —20% Angle bias —20%,

Afaist1 —5.50% mass —10%

Atdistl +0.32% AfdistB —2.32%

Afaistr + cAtgisn —5.21% Atgists +0.17%
Afaists + cAtgises —2.17%

Position bias +50m,
Angle bias —20%,
mass —10%

Afgist2 —4.21%
Atgista +0.22%
Afaista + cAtaisea —4.01%

Table 4.6: Results from simulations with several different faults, position bias,
angle bias and mass fault, added together on a 500m 3% downbhill slope (left
column) and on a 500m 3% uphill slope combined with a 500m 3% downhill
slope (right column). The standard PI cruise controller is used as reference.
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Function Value
Af opt *5.43%
Atopt —1.49%
Disturbed Scenario with Gearshift:

Afaws —3.23%
At s ~1.35%
Disturbed Scenario without Gearshift

Af dns —4.89%
Atgns —0.94%

Table 4.7: Results from a disturbed scenario which forces a gearshift and a
scenario where the gear shifting point has been lowered to avoid this unnec-
essary gear shift. The A values are calculated with the PI cruise controller as
reference.

4.9 Gearshifts Caused by Disturbances

A disturbance could affect the vehicle in such a way that it will shift gear in
an uphill slope. If the look ahead system calculates wrong due to false input
data and accelerates the truck too late before a steep uphill slope the truck
might lose enough velocity to be forced to shift down one step. With correct
input data this unnecessary gear shift would have been avoided. There is also
another possible scenario here, the system could be constructed to lower the
shifting points slightly if the uphill slope is about to reach its end. This section
will compare both scenarios to the optimal case. In Figure [4.14] the optimal
speed trajectory is compared with a PI cruise controller and the disturbed op-
timal controller. According to the values received, see Table [4.7] this gearshift
wastes more than 2 percentage units of the potential fuel that could be saved.
There is also a minor loss in travel time, therefore avoiding this gearshift is
valuable. In Figure [4.15| the down shift point has been lowered to avoid a gear
shift at the end of the uphill slope. The results in Table [4.7] show that this is a
much better solution than the previous one. Travel time is increased slightly
compared to the scenario with the gearshift and fuel consumption is lower, not
as good as in the optimal case but the loss is more acceptable. A look ahead
system could and most likely should incorporate a system for gear selection
based upon the knowledge of upcoming road, this however is outside the sub-
ject of this master thesis.

4,10 Conclusions

Several different disturbances covering positioning errors, faulty angle data,
bad environmental models and mass errors have been simulated with this
model. It can be seen that the environmental errors have less effect on the
system than large angle or position faults. Wrong wheel radius almost only
has an impact in steep uphill slopes. Miscalculations in the mass estimations
also has a quite large impact on the system. A mass error combined with
an angle fault and a position fault results in severely degraded performance
compared to the optimal case. From the results in the section, since there is
known that a mass error of 10% is hard to avoide, it defenitely is of interest to
keep the angle fault under 10%. Also by keeping the position error under 25m
a lot has been won.
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Figure 4.14: Speed profile with a gear shift for the PI cruise controller but not
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Chapter 5

MPC with Dynamic
Programming, DP-tool

DP tool is a program written by Ph.D. Student Erik Hellstrom at Link6ping
University. It uses a model predictive control (MPC) scheme with dynamic
programming (DP) as optimizer to achieve an optimal control strategy of how
to control the velocity and gear selection for a vehicle on a given road profile.
The control algorithm and optimization are thoroughly described in Hellstrom
(2005) and Hellstrom et. al. (2007). This approach is not bound to the simple
road profiles which the analytic approach in previous chapters was limited to.
Therefore it is possible to calculate optimal speed trajectories for real roads.
To suite the purpose of this thesis some modifications to DP-tool are made,
making it possible to optimize over defect input data but simulating the vehi-
cle over undisturbed data. This chapter will briefly note the algorithms behind
the DP and MPC used in this program. The vehicle model used in DP-tool is al-
most the same model as the one used in the previous chapters. Only a slightly
different model of the gearbox is used, see Appendix[Aland the simulation uses
a recorded torque map instead of the approximation in Section 2.1

5.1 Model Predictive control

The idea of model predictive control is to use a model to predict future outputs
of a system. This puts some requirements on the model since if its power to
predict is not good enough the optimization algorithm would not be able to
accurately choose the optimal strategy. The algorithm for MPC is explained in
Ljung and Glad (2003) and is as follows:

1. At each instant ¢ calculate predictions for the number of outputs y spec-
ified by a given horizon M, §(t + k|t), k = 1,..., M. These outputs will be
based upon future control signals, u(t + j),j = 0,1,..., N, and at time ¢
known measurable values.

2. Formulate a criterion based on these prediction and optimize in regard
of the control signals, u(t + j),7 =0,1,..., N.

3. Send the optimal control signal u(t).

4. Wait for the instant ¢t + 1 and repeat the algorithm from step 1.

36
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5.2 Dynamic Programming

DP-tool utilizes dynamic programming (DP) to find the optimal control strat-
egy. Basically what the DP part of DP-tool does is to find a solution to a short-
est path problem. Dynamic programming is covered in Bertsekas (2000) and
Appelgren, Holvid and Zachrisson (1972) here only the shortest path algo-
rithm will be noted.

Shortest Path DP Algorithm (Bertsekas (2000) and Hell-
strom (2005))

aZ’j , transition cost at step k from state i € Sy to state j € Siy1
a%!, terminal cost of state i € Sy

gk (4, u'fc’j, wy, ), weighting function to define the cost of a policy
wy, a random disturbance

J, the cost function

The cost aZ’j is equal to g (i, u;] , wi) where u}gg is the control
that causes the transition between state i and j. The termi-
nal cost of state i is equal to gx (7). In DP-tool the cost of the
final stage gy (i) = 0 and wy, is the road slope angle and is
considered as known.

1.
JIn (i) = aé\’[t, 1€ SN
2.
E=N-1
3.

Ji(i) = min {a?c’j—i-JkH(j)}, i €Sk

JESk+1
repeatfor k=N -2, N —3,...,1
The optimal cost Jy(s) is equal to the cost of cheapest trajec-

tory between s and ¢. The control sequence of the cheapest
trajectory is the optimal control sequence.

5.3 Complete Control Algorithm

The complete control algorithm for the system can be found in Hellstrém
(2005) but since this thesis work was published the system has evolved and
some changes have been made. Basically the system looks at a horizon of
1500m with a step size of 50m. The optimal speed for the vehicle every 50m
of the entire horizon is calculated and a control is used to get the vehicle to
the optimum speed at the next step. The optimal control for the next step is
defined by the cheapest way to reach the end point of the horizon. Then after
50m the entire optimization is redone with a new horizon and also fault cor-
rection based upon current speed and the during last optimization predicted
speed is applied and so on.
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5.3.1 Cost Function

A cost function is introduced to weigh fuel consumption and travel time this
cost function is given in Equation[5.1] and was already noted in Section 2.7]

I =M+ BT (5.1)

To make the cost function in 5.1 usable in dynamic programming the look
ahead horizon is divided into N steps of length h. This brings the expression
given in Equation

N—1
J = Z gk(vkﬂkarlaukagkvngrlaak) (52)
k=0
Where gy, is given in Equation 5.3l For the optimization algorithm the cost
function is including not only consumption, my; and travel time ,¢;, but also
velocity changes ,|vx —vi+1|, and gear shifts ,|Gy — Gi1|. v represents velocity
at stage k, uy the control at stage k.

mgk
23
= . 5.3
Gr (Vkey Ve 1, W, U1, k) = [Q1, Q2, @3, Qu] (0 — Vs | (5.3)
X (IGx = Gral)
k=0,1,...,N—1
Where x is the unit step:
1, t>0

x(t){ 0 <0 (5.4)

The penalty factors have to be decided for use in the optimization. First
the penalty on the amount of fuel used is assumed, ); = 1. The two parame-
ters penalizing gear shift and velocity changes are chosen on experience with
the system. Still the penalizing factor for travel time has to be calculated or
decided in some way. In Hellstrom et al. (2007) a way to calculate 8 = Q- is
introduced and goes as follows:

If Equation [2.1]is considered with § as a control signal, u, the equation can
be written as in Equation[5.6l Together with Equation [2.28 and [2.29] v can be
written as in Equation 5.7l This calculation of 3 is only correct as long as the
vehicle is traveling in a slope where it can keep it is reference velocity.

I =M+ BT (5.5)

where M  is the integrated amount of fuel and T the total time.

Tmap(N7 U) =a.N + beu + c. (5.6)

0= c2®? + c,0 + f(a) 5.7

The fuel mass flow into the cylinders is stated in Equation 2.34] and
which together with Equation [2.29] 2.3T]and § = u gives Equation [5.8

d
d—ﬂ;(v, u) = c3u (5.8)
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The cost function I = M + T is then:

oF

j(’lA)) = /0 <63 (201}2’02 -+ Cv@f (Oé)) + %) ds (59)

A stationary point to ] is desired and is found by taking the derivative and
set it equal to zero:

- b
I ¥ N p
pri /sﬂ (03 (2¢,20 + ¢y) — @—2) ds =0 (5.10)

Finally by solving Equation [5.10] Equation [5.17]is received.

B = c30?(2¢,20 + ¢,) (5.11)



Chapter 6

Results DP-tool

This chapter contains results of simulations done with DP-tool over different
road profiles with different types of disturbances. Since a numerical approach
is used to solve the optimization problem almost any type of disturbance are
theoretically possible to simulate. However due to limitations in the imple-
mentation some types of disturbances aren’t possible to implement without
doing changes in the optimization algorithm. In some other cases the results
are somewhat odd and one should consider them with the knowledge that this
is a numerical approach in mind. The control system calculates the optimal
speed trajectory based upon the coming 1 500m of the road. The calculation is
redone every 50m. Reference speed is set to 85km/h and the vehicle is allowed
to speed up to 90km/h which is a hard limit and the soft lower limit is set to
80km/h. In other word if the vehicle cannot hold the minimum velocity in a
steep uphill slope it is allowed to drop to a lower speed, but it will be punished
in the cost function. All simulations starts at reference speed and uses gear
number 12 from the beginning.

6.1 Basic Roadprofiles

To be able to compare the results from DP-tool to those given in Chapter[3land
[ simulations with the same road profiles and disturbances will also be done
in DP-tool. For the cases with perfect input data see Figure [6.1] and
The results from the simulations shown in these plots are in line with those
from the analytical optimization approach, see Chapter[3l

Looking at the throttle level plots for these three cases something worth
noting is obvious, the PI cruise controller used to set the speed has trouble
handling the discrete speed steps given to it by the control algorithm. To re-
duce this ripple effect the signal containing the reference speed to the cruise
controller passes through a low pass filter. Still however not all undesired
variations are removed. The low pass filter has an unwanted effect in that
it has a small negative influence on the result from the MPC. The effects of
the ripple and the low pass filter are not very large but it should not be ne-
glected because it reduces the potential of the MPC slightly. Changing the PI
controller parameters can solve this problem but while improving MPC con-
troller performance the standard cruise controller performance gets degraded.
Thus a balance where performance is acceptable for both cases has to be found.
When DP-tool has been tested on board this problem has not been seen most
likely due to the more advanced cruise controller available there.

40
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DP-tool seems to suffer in the same way from disturbances as the system in
Chapter 4] but the difference between the optimal scenario and the disturbed
ones are smaller. This is interesting and DP-tool does seem to be a lot less
sensitive to disturbances which will be seen in this chapter. There are most
likely several reasons why this system is more robust. First of all it is not as
exact as the precalculated speed profile from the beginning something which
has to do with the numerical optimization and the MPC. Secondly since it does
calculate a trajectory every 50 m and also has a feedback with the current
speed it has the opportunity correct prediction errors. This is most likely the
greatest part to why it is so much more robust. Also DP-tool does not set the
fuel injection to zero or max directly instead the driver demand is ramped up
and down. This with the help of the feedback built into the system allows
for changes in the ramps if it is discovered that the model and the real world
differs.
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Figure 6.1: A 500m, 3% downhill slope simulated in DP-tool with perfect input
data, the results are: Af = —12.51% and At = 0.71%.
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Figure 6.2: A 500m, 3% uphill slope simulated in DP-tool with perfect input
data, the results are: Af = 0.36% and At = —1.52%.
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6.2 Disturbance of Basic Road Profiles
6.2.1 Position Bias Faults

The result of a position bias fault in one of these simple road profiles is similar
to the effect of having the same fault in the simple model used earlier. However
the difference in fuel consumption and travel time between the disturbed road
profile and the optimal one are not as large as in the simple optimization used
earlier. This is most likely due to the feedback in the MPC. In Figure the
behaviour of the dynamic programming based optimization is shown when a
position bias fault is added in a steep downhill slope. The behaviour in a steep
uphill slope is presented in Figure[6.5] The resulting changes in travel time
and fuel consumption are collected in Table
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Figure 6.4: The Optimal solution calculated by DP-tool compared to solutions
calculated with position bias errors in the input data.

Downhill Uphill

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt —12.27% Afopt +0.36%
Atopt +0.70% Atopt —1.52%
+50m position bias: +50m position bias:

Afts0m —11.63% Afisom +0.46%
At+50m +0.62% At+50m —1.46%
—50m position bias: —50m position bias:

Af_50m —12.80% Af_50m 4+0.47%
At_s50m +0.78% At_50m —1.72%

Table 6.1: The resulting changes in fuel consumption and travel time corre-
sponding to the cases simulated with position bias errors, Figure and
The standard PI cruise controller is used as reference.
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Figure 6.5: The Optimal solution calculated by DP-tool compared to solutions
calculated with position bias errors in the input data.

6.2.2 Angle Bias Faults

Adding a bias error to the angle data in a steep uphill or downhill slope also
gives similar behaviour as with the precalculated speed trajectory, see Figure
[6.6] and Figure[6.7] Again it is obvious that the MPC with dynamic program-
ming is much better at handling inaccurate input data which is confirmed by
the Af and At values in Table The reason for the non existent differ-
ence between the optimal case and the case where the downhill slope appears
steeper than it really is to the system is because that a 500m 3% downhill slope
is enough to accelerate the vehicle from 80km/h to 90km/h. Thus because of
the 80km/h lower speed limit the control system cannot slow the vehicle more
even if it still would be possible to accelerate to maximum allowed velocity,
90km/h.

Downhill Uphill

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt —12.27% Afopt +0.36%
Atopt +0.70% Atopt —1.52%
+20% angle bias +20% angle bias

Af+20% 71227% Af+20% +O52%
At 509, +0.70% At 09 —1.67%
—20% angle bias —20% angle bias

Af—oo% —7.72% Af—oo% +0.03%
At_o09 +0.20% At_509 —0.76%

Table 6.2: The resulting difference in fuel consumption and travel time from
simulations with angle bias faults, Figure and[6.7 The standard PI cruise
controller is used as reference.
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6.2.3 Mass Errors

Next fault to take a look at using DP-tool is a vehicle mass estimation error.
One problem, as explained earlier, with the mass estimation error is that it
is hard to get rid off since the estimation has to be made on board. Thus the
estimation has to be done with available resources in the truck. Therefore a
mass error of at least 10% should be accounted for when simulating a look
ahead system. A mass error will bring a direct error in the normal and grav-
itational force calculations, Equation [2.24] and 2.25] Also the vehicle inertia
will be affected by a mass error. In the downhill slope the outcome is hardly
influenced by the a mass error, see Figure A higher or lower gravitational
force will be canceled by a lower or higher rolling resistance. In an uphill slope
there are on the other hand quite large differences. This because of a for the
control system increased mass results in estimations of an increased gravita-
tional force, an increased rolling resistance and an increased vehicle inertia.
If the vehicle mass is estimated lower than it really is the situation is the op-
posite. In an uphill slope all faults from parts that are influenced by a mass
error are added together resulting in quite large deviations from the optimal
speed trajectories. In downhill slopes the increased or decreased resistance
forces are canceled by an increased or decreased gravitational force.
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Figure 6.9: Simulations with mass faults done over a 3%, 500m uphill slope.

Downhill

A-Function Value
Optimal scenario

A fopt —12.27%
Atopt +0.70%
+10% mass fault:

Afi10% —12.24%
At 10y +0.65%
—10% mass fault:

Af_10% —11.97%
At_1o% +0.65%

Uphill

A-Function Value
Optimal scenario

Afopt +0.36%
At opt ~1.52%
+10% mass fault:

Af+10% +080%
At 10% —1.87%
—10% mass fault:

Af_10% +0.58%
At_q9% —1.43%

Table 6.3: Results for simulations done with mass errors, Figure and
The reference is the standard PI cruise controller.
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6.2.4 Wheel Radius Error

Continuing through the basic model errors, optimization with the wrong wheel
radius in DP-tool gets a closer look. As said in Chapter [4] the outcome of a
wheel radius error is slightly harder to predict. The pattern though is again
the same with downhill hardly affected and quite large differences in steep
uphill slopes. Values and plots from the simulations are presented in Table
and Figure and A false wheel radius will result in wrongly
calculated torque from the aerodynamic drag force, the gravitational force and
the rolling resistance force. Also the engine torque will be wrongly predicted.
In steep uphill slopes these errors will add to each other while in a downhill
slope the errors carries different signs and more or less cancel each other.
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Figure 6.10: The optimal solution calculated by DP-tool compared to solutions
calculated with wheel radius errors in the input data.

Downhill Uphill

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt ~12.27% Afopt 10.36%
Atopt +0.70% Atopt —1.52%
+5cm radius fault, 757 +5cm radius fault, r57

Afrs7 —12.47% Afrs7 +0.58%
Atr57 +0.70% Atrs7 —1.87%
—5cm radius fault, 747 —5cm radius fault, r47

Afrar —12.45% Afrar +0.30%
Atrar +0.68% Atrar —1.35%

Table 6.4: The resulting delta values corresponding to the simulated cases in
Figure and[6.11] The PI cruise controller is used as reference.
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Figure 6.11: The optimal solution calculated by DP-tool compared to solutions
calculated with wheel radius errors in the input data.

6.2.5 Changes in Aerodynamic Drag and Rolling Resis-
tance

The first of the two disturbances to be studied in this subsection is the aero-
dynamic drag force. The fault is implemented as a change in the constant c,,
in Equation 2221 In the simulation environment the constant is left at its
nominal value, ¢, = 0.6, while it is changed to ¢, = 0.66 and ¢, = 0.54 in
the optimization. As indicated by Table and Figure and The
effects could be seen as within the margin of error especially since one of the
disturbed cases gives better performance than the optimal scenario. In the
case of a rolling resistance error the result is following the same pattern as
for the aerodynamic drag force. The disturbance is introduced in the rolling
resistance force in the optimization, see Equation[2.23] The differences are a
bit larger between the optimal solution and the disturbed ones than what was
the case with the aerodynamic drag force, see Figure and and Table
6.6l
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Figure 6.12: The optimal solution calculated by DP-tool compared to solutions
calculated with a fault in the aerodynamic drag force in the input data.

15

10

Altitude [m]

90

85

Velocity [km/h]

80

0.5

Throttle level

Road profile

0 500

I
1000 1500 2000 2500

— opt N
- - —-10%
+10%

0 500

1000

——opt
- - —-10%
+10%

I
0 500

I
1500

1000
Position [m]

Figure 6.13: The optimal solution calculated by DP-tool compared to solutions
calculated with a fault in the aerodynamic drag force in the input data.
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Downbhill Uphill

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt ~12.27% Afopt 10.36%
Atopt +0.70% Atopt —1.52%
+10% aerodynamic drag +10% aerodynamic drag

Afyi10% ~11.57% Afi10% 10.62%
Aty 109 +0.59% Aty 109 —1.58%
—10% aerodynamic drag —10% aerodynamic drag

Af,lo% 71230% Af,lo% +028%
At_10% +0.66% At_19% —-1.50%

Table 6.5: The difference in fuel consumption and travel time for simulation
with bad aerodynamic drag force estimation compared with the optimal case.
The PI cruise controller is used as reference.
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Figure 6.14: The optimal solution in a steep downhill slope compared to solu-
tions calculated with a fault in the rolling resistance in the input data.

Downbhill Uphill

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt ~12.27% Afopt +0.36%
Atopt +0.70% Atopt —1.52%
+10% rolling resistance +10% rolling resistance

Afi10% ~11.05% Afi10% +0.74%
Aty 10% +0.44% Aty 10% -1.71%
—10% rolling resistance —10% rolling resistance

Af,lo% 71192% Af,lo% +067%
At_19% +0.64% At_10% —1.47%

Table 6.6: The difference in fuel consumption and travel time for simulation
with bad rolling resistance estimation compared with the optimal case. The
standard PI cruise controller is used as reference.
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Figure 6.15: The optimal solution in a steep uphill slope compared to solutions
calculated with a fault in the rolling resistance in the input data.

6.2.6 Combining Disturbances

To find a worst case scenario several different disturbances of the input data to
the optimization are simulated simultaneously. A look at Figure[6.16]and [6.17]
shows that with both a positive position bias error and a negative angle fault
the vehicle hardly accelerates before a steep uphill slope or decelerates before
a steep downhill slope. As a result a lot of the possible gains in fuel or time are
lost due to the disturbances. This is also confirmed by the values in Table
Adding a —10% mass fault to the system does not make that much difference
but the result is slightly worse. Plots of a steep downhill slope and a steep
uphill slope with a +50m position bias, a —20% angle bias and a —10% mass
error are presented in Figure and The corresponding differences in
travel time and fuel consumption are presented in Table

Downhill Uphill

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt ~12.27% Afopt 10.36%
Atopt +0.70% Atopt —1.52%
Disturbed scenario Disturbed scenario

Afpist —5.24% Afpist +0.12%
Atpist +0.04% Atpist —0.29%

Table 6.7: Results from simulations done with both a +50m bias fault and a
—20% angle fault. To the left downhill and to the right uphill. The standarad
PI cruise controller is used as reference.
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Figure 6.16: The optimal solution in a downhill slope calculated by DP-tool
compared to solutions calculated with a +50m bias fault in the position and a
—20% bias fault in the angle.

Downhill Uphill

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt ~12.27% Afopt +0.36%
Atopt +0.70% Atopt —1.52%
Disturbed scenario Disturbed scenario

Afpist —5.01% Afpist —0.08%
Atpist +0.01% Atpist +0.26%

Table 6.8: Results from simulations done with a +50m position error, a —20%
angle fault and a —10% mass error. To the left downhill and to the right uphill.
As reference is the standard PI cruise controller used.
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Figure 6.17: The optimal solution in a uphill slope calculated by DP-tool com-
pared to solutions calculated with a +50m bias fault in the position and a —20%
bias fault in the angle.
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Figure 6.18: The optimal solution in an downhill slope calculated by DP-tool
compared to solutions calculated with a +50m bias fault in the position, a
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Figure 6.19: The optimal solution in an uphill slope calculated by DP-tool
compared to solutions calculated with a +50m bias fault in the position, a
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6.3 Real Road Profiles

While the simple road profiles are interesting from an analytical point of view
the real interest is of course in using a look-ahead system on real roads. This
section contains simulations done over the road Sodertélje toward Norrkoping
(the E4), see Figure This road, especially the first part of it, is good for
speed optimizations of this kind which can be seen in the results and also by
looking at the altitude plot of the road. The first part of the road has up- and
downbhill slopes of a length around 1 — 2km each which are quite optimal for
this type of optimizations. In Appendix[Blresults from simulations done over
the road between Uppsala and Géavle are presented. Uppsala toward Géavle is
a road which isn’t really suited for this type of speed optimizations. As can
be seen in the altitude plot there are only smaller local variations and it is
not possible to optimize over a slowly climbing or descending road with the
look ahead horizon used here. The starting gear in all simulation is gear num-
ber 12, the reference speed is set to 85km/h and the vehicle mass to 40 000kg.
Again the vehicle is allowed to accelerate to a maximum of 90km/h and the
minimum speed is set to 80km/h, a boundary which if necessary may be bro-
ken.

Sodertalje — Norrkdping
80 T

40 4

20 E

Altitude [m]

—20| 4

—40 I I I . .
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Figure 6.20: The road between Sodertélje and Norrkoping.
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6.3.1 Position Bias Errors on Real Road Sections

Adding position bias faults to the system on a real road simulates an inexact
map or, bad GPS signal or possibly delays in the calculation of the trajectory.
DP-tool is only mildly affected of a 50m bias fault like this road section. The
results in fuel consumption and travel time are presented in Table

Sodertilje - Norrkoping

A-Function Value A-Function Value
Optimal scenario +25m position bias

A fopt —1.74% Afiosm —1.74%
Atopt —0.04% At+25m —0.02%
Afopt + CAtopt —1.78% Afiosm + cAtyosm —1.71%
—50m position bias +50m position bias

Af_50m —1.72% Af+50m —1.65%
At_50m —0.12% At 50m —0.06%
Af_s50m + cAt_s0m —1.83% Afisom + cAtisom —1.70%
—25m position bias

Af—o5m —1.68%

At_25m —-0.12%

Af_25m +cAt_2sm —1.79%

Table 6.9: The results from simulations of the first 40 km of Sédertélje toward
Norrkoping with position bias faults. The standard PI cruise controller is used
as reference.

6.3.2 Mass and Wheel Radius Errors

A mass error gives some minor effects on the outcome when this road is sim-
ulated. The benefits or losses in time and fuel are slightly reorganized but
totally the change is down to a one tenth of a percentage unit. When a false
wheel radius is used in the optimization slightly larger differences in fuel con-
sumption and travel time appears but they are still small. DP tool is appar-
ently very good at handling model errors when real roads are used to. Results
are presented in Table

Sodertilje - Norrkoping

A-Function Value A-Function Value
Optimal scenario r, = 52cm Wheel Radius, 7, = 47cm

Afopt —1.74% Afrar —1.79%
Atopt —0.04% Atrg7 0.15%
Afopt + cAtopt —1.78% Afrar + cAtraz —~1.65%
—10% mass fault Wheel Radius, 7, = 57cm

Af_10% —1.79% Afrs7 —1.57%
At_19% 0.14% Atrs7 —0.32%
Af,lo% =+ CAt,lo% 7167% Afr57 + CAtr57 7186%
+10% mass fault

Afii0% —1.67%

At 0% —0.25%

Af+10% Jr CAt+10% 7189%

Table 6.10: Results from simulations of Sodertélje - Norrképing with mass
errors to the left and false wheel radius to the right. The reference is the
standard PI cruise controller.
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6.3.3 Roll Resistance and Aerodynamic Drag Force Er-
rors

The impact of environmental disturbances like changes in the aerodynamic
drag force or the rolling resistance do not have much effect on the system ei-
ther when running simulations on recorded real world road profiles. It should
be remembered that a change in the aerodynamic drag force in the optimiza-
tion also affects the value of 3, see Equation [5.11l The differences in travel
time and fuel consumption are presented in Table

Sodertalje - Norrkoping

A-Function Value A-Function Value
Optimal scenario —10% rolling resistance

Afopt —1.74% Af_ 1o -1.91%
Atopt —0.04% At*lo% 0.19%
Afopt + cAtopt ~1.78% Af_ 109 + cAt_10% ~1.73%
—10% aerodynamic drag +10% rolling resistance

Af_10% ~1.88% Afi10% ~1.61%
At_q9% 0.16% At+10% —0.25%
Af_ 109 + cAt_10% ~1.73% Afi109 + Aty 109 ~1.83%
+10% aerodynamic drag

Afti0% —1.61%

Aty 109 —-0.21%

Afi10% + ¢At, 109 ~1.79%

Table 6.11: Difference in fuel consumption and travel time for simulations
over Sodertélje toward Norrkoping with wrongly predicted aerodynamic drag
force (left) or rolling resistance (right). The standard PI cruise controller is
used as reference.

6.4 Map Quantisation

One of the key elements of this master thesis is to define how good the topo-
graphic road map has to be. To lower the amount of memory needed to store
the map some sort of quantization of the road gradient has to be done. The
system should not change the velocity for angles where it can keep reference
velocity. With the engine used in this thesis, a reference velocity of 85km/h and
with a truck mass of 40 000kg, angles between approximately —1.5% and 1.5%
should be possible to handle without loosing or gaining speed due to gravity.
Choosing a minimum angle in the quantization too close to these values will
result in optimization problems in DP-tool. Border angles of —1% and 1% with
a zero level in between did however work quite well. Two different types of
quantization will be investigated in this section, an uniform quantization and
a non uniform quantization with increasing step sizes and a gap between +1%
but still with a zero level.

One company which currently is looking into the construction of a commer-
cial topographic road map has said that they at the moment are looking at im-
plementing a solution where the road slope angle is represented by five bits.
This limits the number of different angles that can be described to 2° = 32,
which at first look might seem like a dangerously small number. The results
from simulations though are not really what could be expected when a quite
“rough” quantization is applied. It should be noted that in applications like



6.4. Map Quantisation 59

sound and video encoding there is often of interest to calculate the signal to
noise ratio (SNR). The SNR could be an interesting measurement of how good
the quantized signal actually is but it doesn’t work very well for the non uni-
form quantization used in this thesis due to the noise building up in the gap
around zero.

6.4.1 Uniform Quantisation

The first form of quantization which is studied is uniform quantization. A
uniform quantization is easy to implement and has the benefit of the same
difference in angle between every step. The big drawback is primary that the
relative errors for narrow angles will be much larger than for wider angles.
This also, if the number of levels are limited to 32, leads to a quite narrow
interval of angles if the errors for small angles should be left at a reasonable
level. It could be said here that it possibly would not matter if small angles
have a quite large fault since the angles of interest are generally over 1.5% for
the engine used in this thesis.

It will be noticed in the simulations that the system is not even closely as
sensitive as one could expect to quantization with relatively large step sizes.
The results speak for themselves, see Figure [6.22] [6.23] [6.24] and Table [6.12
The system handles map data with quantization step sizes of up to 1.2% ex-
tremely well in this case which is kind of surprising since with a step size of
1.2% on this road, Sodertélje - Norrkoping, the system is limited to only seven
different angle values, from —3.6% to +3.6%. It should be said though that the
results in some simulations start to vary a bit already at a stepsize of 0.8%.
The figures shows that when utilizing a step size of 0.4% or 0.8% still the re-
sulting road is very similar to the real road, see Figure[6.221and[6.23] At a step
size of 1.2% the resulting road is differing quite a bit from the real road but
still most dynamics is reconstructed by the quantized road and performance is
still good, Figure

It should be remembered that the system is only looking at the coming 1.5
km section of the road so slowly climbing or falling roads will not affect the
performance of the system much. Once a quantization step size of over 1.2% is
used system performance becomes unstable leading to random results which
can be seen in Table Whether a stepsize of 0.8% should be tolerated
or not can be discussed, there are deviations from the optimal result but it
cannot be concluded that it is performing worse. There might be situations
where the result is greatly degraded instead. A stepsize of 0.4% is no problem
for the result other than the limited amount of angles that can be covered if a
saturation is set. Simulations over the road between Uppsala and Gévle are
available in Appendix Bl
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Figure 6.21: Uniform quantization, here with an angle step size of 0.2%.
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Figure 6.22: Uniform quantization with a step size of 0.4% applied on the first
40 km of the road between Sodertilje and Norrkoping.
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Figure 6.23: Uniform quantization with a step size of 0.8% applied on the first
40 km of the road between Sodertélje and Norrkoping.
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Figure 6.24: Uniform quantization with a step size of 1.2% applied on the first
40 km of the road between Sodertélje and Norrkoping.
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Sodertalje - Norrkoping

A-Function Value A-Function Value
Optimal scenario Stepsize 0.8%

Afopt —1.74% Afq08 ~1.80%
Atopt —0.04% Atqos +0.02%
Afopt —+ CAtopt —1.78% quOS + CAtqog —1.78%
Stepsize 0.2% Stepsize 1.2%

A fq02 —1.77% Afq12 —1.84%
Atqog —0.01% Atq12 +0.02%
A fq02 + cAtgo2 —1.76% Afqi2 + cAtqi2 —1.82%
Stepsize 0.4% Stepsize 1.6%

Afq04 —1.72% Afqg6 —2.03%
Atqoa —0.06% Atgie +0.42%
A fq0a + cAtgoa —1.77% Afq16 + cAtqie —1.65%

Table 6.12: Results from uniform quantization of the angle vector from the
road between Sodertélje and Norrkoping (E4). As reference is the standard PI
cruise controller used.

6.4.2 Non Uniform Quantisation

The second type of quantization which is used in this thesis is a type of non
uniform quantization with a gap between +1% but still the zero level is kept,
see Figure[6.25] Uniform quantization has the drawback that the precision for
small angles is much worse than for larger angles. For example if an uniform
quantization stepsize of 0.4% is used, a road slope angle of 1.01% would be
rounded off to 1.2% which is almost a 20% error. But for an angle of 2.19%,
which will be rounded off to 2.0%, the error will only be close to 10%. Thus
the step size is forced to be small enough to handle narrow angles which due
to data storage size limitations results in a low saturation of the angle data.
For example uniform quantization of a system with a step size of 0.2% and 32
levels will run into saturation at an angle of 3.2% which is not enough for most
roads.

Therefore it might be advantageous to look at a non uniform quantization
which allows small step sizes for small angles and larger step sizes the larger
the angle gets. This will result in better precision for smaller angles but lower
precision for larger angles compared to the uniform quantization. The system
will also not run into the saturation of the quantization as soon as for the
uniform quantization.

The idea with the gap is that since the system will be limited in the number
of angle sizes that it can represent, why waste space on angles that are not of
interest. For angles where reference speed can be kept it should be kept. A
good solution would be to let the vehicle run on standard cruise controller for
small angles where the reference speed can be kept. The size of the gap has to
be chosen so that all possible vehicle configurations can make use of the road
map. Here the minimum levels are chosen as +1% which is quite a bit lower
than what is needed for the chosen vehicle configuration, 420hp and 40 000kg.
Most vehicle configurations should be able to handle road slopes of +£1% but it
might be needed to close the gap slightly to avoide performance reductions in
some cases.

For this to work of course the optimization algorithm has to be able to han-
dle the loss of information for angles between +1%. With a step size resulting
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in maximum of a 10% fault, in other words steps increasing with 20% each
time, and a gap between +1% the quantized angle now spans over the interval
[-12.84% + 15.41%] when 5 bits (32 levels) are used. This should be more than
enough for most roads. Possibly a stepsize where the fault is maximum of 20%
could be used but with larger steps than that performance is degraded. Using
5 bits, a maximum fault of 20% and a gap between +1% allows a span of angles
over +£100%. Since angles between +12.84% should be more than enough for
this system there is no reason to lower the precision more when 32 angle levels
are available. It should be remembered that a mass fault also directly will add
to the induced fault for the angle from the quantization, therefore keeping this
fault low should be a priority.

Non Uniform Quantization
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Figure 6.25: Non uniform quantization with gap between +1% but with a zero
level and with a step size increasing 20% from the current step.
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Figure 6.26: Non uniform quantization with an increasing step size of 20%
applied on the first 40 km of the road between Sodertélje and Norrkoping.
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Figure 6.28: Non uniform quantization with an increasing step size of 80%
applied on the first 40 km of the road between Sodertilje and Norrkoping.

Sodertélje - Norrkoping

A-Function Value
Optimal scenario

Afopt —1.74%
Atopt —0.04%
Afopt + CAtopt —1.78%
Stepsize 20%

Afq20 —1.72%
Atqgo —0.06%
A fq20 + cAtg20 —1.78%
Stepsize 40%

Afq0 ~1.80%
Atq40 +0.02%
A fqa0 + cAtqa0 —1.78%

A-Function Value
Stepsize 80%

Afgs0 —1.89%
Atqgo +0.20%
quBO + CAtqgo —1.71%
Stepsize 120%

Afq120 —1.62%
Atqlgo —0.22%
Afqi20 + cAtgi20  —1.81%
Stepsize 160%

Afq160 —1.61%
Atqlﬁo —0.26%
Afqi60 + cAtgieo0  —1.85%

Table 6.13: Results from non uniform quantization of the angle vector from
the road Sodertéalje toward Norrkoping (E4). The standard PI cruise controller

is used as reference.
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Conclusions

This thesis looks into the sensitivities of two different types of look ahead sys-
tems. The first system uses analytical solutions of the optimal speed trajectory
for very simple road profiles. The second system uses model predictive control
and dynamic programming to be able to calculate the optimal solution and
thus gives the opportunity to optimize the velocity over complex road profiles
such as real recorded roads.

The results from the simple road profiles looked first upon in the two dif-
ferent implementations are quite clear. With disturbed road data the system
either reacts too early or too late, with a loss of fuel and/or time as a result.
While both the tested systems still are better than the PI cruise controller in a
case with road data with quite large deviations from the real world data a lot of
the potential fuel that otherwise could be saved is wasted. On these road pro-
files position faults of maximum of 25m and angle faults of max 10% of current
angle seems to be quite realistic tollerances. Especially since there is a mass
estimation error that can be upto around 10%. The analytical solution often
gives a better result in non disturbed cases but the model predictive control
with dynamic programming handles disturbed cases better. It should also be
kept in mind that dynamic programming is a numerical approach which some-
times does not result in a perfect solution compared to an analytical solution.
Also the MPC has the benefit of a built in feedback in the system.

However when the system using MPC and DP is run over recorded real
roads the disturbances do not have nearly the same influence on the result
as was the case with the simple road profiles. The system turns out to be
extremely tolerant toward defect input data. For example quantization of the
map data where a fault of up to 40% in the angle data is tolerated hardly has
any effect on the outcome. Also a position fault of 50m seems tolerable which
stands in contrast to the results from the simple road profiles. There are most
likely several parts to why this is the case. First of all real roads are more
forgiving since they will not change from level road to a 3% down or uphill
slope in a single sample. Second there is a feedback in the system allowing
for some correction of model errors. DP-tool ramps the driver demand up and
down which works well together with the feedback in the system to correct
model errors.

There should not be any problems to keep the position error under 50m
and the smaller fault the better and to be realistic it should not be a problem
to keep it under 25m either. A modern GPS gives a position error of under
5m, 95% of the time and with a modern integrated computer and the right
sampling requirements on the road map, giving a maximum position error at
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arround +20m, this should be possible. Map quantization should be done so
the error stays under 20% for the angle and it is defenitely prefered to use a
non uniform quantization. A non uniform quantization will either save data
space and therefore cost of the system or allow better precision for most angles
than the uniform quantization. With a non uniform quantization of the kind
described in this thesis it is possible to keep the angle fault under 10% and
still keep the span of angles between [—12.84 + 15.41] % which is more than
enough. In an implementation it most likely would be better to close the gap
slightly and use a smaller stepsize to increase precision. Generally angles over
around 8% are of less interest since there are very few road slopes steeper than
that.



Chapter 8

Extensions and Future
Works

Still there are no topographic road maps available which will be needed if a
system like this is going to be constructed. While the dynamic programming
and model predictive control approach certainly works well it, at least in the
current implementation, requires too much computational power to be imple-
mented on board. In his licentiate thesis (2007) Erik Hellstrom has shown that
it is possible to implement a dynamic programming algorithm that is N log, N
dependent instead of the current N? dependant implementation. This opens
for new possibilities for the use of dynamic programming on board especially
if a dedicated unit can be added for this use. In time dynamic programming
might be a good choice but for use in trucks of today a simpler optimization
method is needed. When an on board implementation is constructed new simu-
lations and tests have to be done to investigate its robustness toward degraded
input data. Also tests of the system on board with scrambled input data espe-
cially with a quantized map have to be done to ensure the results are in line
with simulations of the system. Quantization of the road gradient might not
be the only possible solution instead a library of different road sections could
be built up and then combined together to form a complete topographic road
profile. The next step for look ahead control might very well be to implement
it in a hybrid driveline which should allow for very good control of when to
use the electrical engine and when it is advantageous to charge the energy
storage.
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Appendix A

Model Parameters

A.1 Simulink Model

In Figure[A dlthe Si mul i nk model used in the first part of this thesis is shown.

=]

Ta Wetspace

Figure A.1: Simulink model used in the first simulations, see Chapter[3land 4l
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A.2 Shared Parameters

Model Parameters

Parameter Value Unit
Engine Parameters

Number of Cylinders n.yl 6 —
Number of Revolutions per stroke n, 2 —
Engine Inertia J. 3.5 kgm?
Idle Engine Speed N, 4. 600 rpm
Idle Fueling §;4; 10.83 pe
Engine Map

Qe —0.1135 o
be 9.4263 Hmstroke
Ce 5.6282 Nm
Maximum Fuel Flow

as —1.429-107" | ol
bs 0.3973 %
cs —48.5649 _mg_
Drag Torque

aq —0.0917 o
ba —46.0140 Nm
Forces

Gravity g 9.81 5
Rolling Resistance Coefficient ¢, 7-1073 —
Air Drag Coefficient c,, 0.6 —
Air Density pq 1.29 %
Cross-section Area A, 10 m?
Wheel Inertia J,, 32.9 kgm?
Wheel Radius 7., 0.52 m
Final Drive

Ratio iy 3.27 -
Efficiency 7y 0.97 —
Brake

Brake Constant &, 20-10° -

Table A.1: Model Parameters
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A.3 Cruise Controller

The cruise controller used in this thesis is a standard PI regulator. Brake us-
age is controlled by a second PI controller.

The cruise controller constants are:

K, =20
K; =0.05

The brake controller constants are:

K, =50
Ki =0.02

To avoid integrator windup saturation levels are set for both PI controllers.
The cruise integrator part is allowed to take values between 0 and 30 and the
brake integrator part is allowed to take values between 0 and 35.

A.4 Gearbox

The gearboxes differs slightly in the two models used in this thesis due to
different ways of implementation.

Gear Ratios

Gear | Ratio | Efficiency Gear | Ratio | Efficiency
1 11.27 0.93 7 3.01 0.96
2 9.14 0.93 8 2.44 0.96
3 7.17 0.94 9 1.91 0.96
4 5.81 0.95 10 1.55 0.96
5 4.62 0.95 11 1.23 0.96
6 3.75 0.95 12 1.00 0.97

Table A.2: Gear ratios and efficiencies for a GRS 900 gearbox, the efficiency
values stated here are only used in DP-tool.

A.4.1 Gearbox Model 1

The gearbox used by the simulation environment in chapter [3] and 4 The
efficiency is assumed to be i, = 0.97 for all gears. The gearbox is only able to
shift the gear one step at a time but since all simulations but one with this
gearbox model only uses gear number 12 this is adequate for the purpose of
this thesis. Changing gear will drop the from the engine generated torque
after the gearbox to zero for one second.
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Gear shift points model 1

Gear Number 1-2 2-3 6-7 7—-8 11-12
Shift Up Engine Speed 1400 1400 1550 1550 1650
Shift Down Engine Speed 1150 1135 1120 1110 1100

Table A.3: Gear shift points for a GRS 900 gearbox, down shift points modified
for maximum load. For gear shifts that are not listed linear interpolation
between listed points is applied.

A4.2 Gearbox model in DP-tool
The gearbox used in DP-tool is a slightly better model.

Gear shift points (Engine Speed)

Gear | Up [rpm] | Down [rpm] Gear | Up [rpm] | Down [rpm]
1-2 1500 950 7—-8 1497 1006
2-3 1501 960 8—-9 1489 1012
3—-4 1502 970 9-10 1481 1018
4-5 1503 980 10 —-11 1473 1024
5—6 1504 990 11 —-12 1465 1030
6—-17 1505 1000

Table A.4: Gear shift points used in DP-tool

Modifier at Max and Min Load

Load | Up [rpm] | Down [rpm]
Min —70 ‘ —100

Max 150 175

Table A.5: Gear shift points used in DP-tool



Appendix B

More Results

B.1 More Results from DP-tool

This section contains more results from simulations with DP-tool. The roads
simulated are Uppsala toward Gévle and in the opposite direction, this road
is plotted in Figures Also some simulations from Norrkoping toward
Sodertélje are presented in the tables in this section. The reference run was
done with the standard PI cruise controller.

Uppsala — Géavle
80 T T

70

50

Altitude [m]

40 -

30 =

20 —

10 . . . . . . . . .
o 10 20 30 40 50 60 70 80 920 100
Distance [km]

Figure B.1: The road between Uppsala and Gévle.
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Sodertilje - Norrképing Norrkoping - Sodertilje
A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt —1.74% Afopt —2.08%
Atopt —0.04% Atopt +0.39%
Afopt + cAtopt —1.78% Afopt + cAtopt —1.72%
—50m position bias —50m position bias

Af_s50m —-1.72% Af_s50m —2.18%
At_50m —0.12% At_50m +0.50%
Af_50m + cAt_s50m —1.83% Af_50m + cAt_50m —1.73%
+50m position bias +50m position bias

Afysom —1.65% Afisom ~1.86%
Atys50m —0.06% Aty s50m +0.30%
Afis0m + cAtyisom —1.70% Afisom + cAtysom —1.59%

Table B.1: Results from the road between Sédertélje and Norrképing in differ-
ent directions with position bias faults.

Uppsala - Gavle Gévle - Uppsala

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt —0.05% Afopt —0.48%
Atopt +0.21% Atopt +0.25%
Afopt + cAtopt +0.15% Afopt + cAtopt —0.26%
—50m position bias —50m position bias

Af_s50m —0.07% Af_50m —0.56%
At_50m 4+0.19% At_50m +0.29%
Af_s0m + cAt_50m  +0.10% Af_s0m + cAt_s50m  —0.30%
+50m position bias +50m position bias

Af+50m —0.06% Af+50m —0.44%
Atys50m +0.22% Aty s50m +0.25%
Afisom + cAtysom  +0.13% Afisom + cAtysom  —0.21%

Table B.2: Results from simulations of the between Uppsala and Gévle in
different directions with position bias faults.

Sodertilje - Norrképing Norrkoping - Sodertilje
A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt —1.74% Afopt —2.08%
Atopt —0.04% Atopt +0.39%
Afopt + cAtopt —1.78% Afopt + cAtopt —1.72%
—10% mass fault —10% mass fault

Af_10% —-1.79% Af_109% —2.15%
At_10% +0.14% At_10% +0.50%
Af,lo% + CAt,lo% 7167% Af,lo% + CAt,lo% 7170%
+10% mass fault +10% mass fault

Afi10% —-1.67% Afi10% —1.98%
At 0% —0.25% Aty 0 +0.26%
Af+10% + CAt+10% 7189% Af+10% + CAt+10% 7175%

Table B.3: Simulations with mass faults on the road between Sodertélje and
Norrkoping in both directions.
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Uppsala - Gavle Gévle - Uppsala

A-Function Value A-Function Value
Optimal scenario Optimal scenario

Afopt —0.05% A fopt —0.48%
Atopt +0.21% Atopt +0.25%
Afopt + CAtopt +0.15% Afopt =+ CAtopt —0.26%
—10% mass fault —10% mass fault

Af_10% —-0.27% Af_109% —0.54%
At_10% +0.20% At_10 +0.29%
Af,lo% + CAt,lo% 7009% Af,lo% + CAt,lo% 7028%
+10% mass fault +10% mass fault

Afi10% +0.09% Afi10% —0.46%
Aty10% +0.11% At 10 +0.25%
Af+10% + CAt+1O% +0.19% Af+10% + CAt+10% —0.24%

Table B.4: Simulations with mass faults on the road between Uppsala and
Gavle in both directions.

Uppsala - Gavle

A-Function Value A-Function Value
Optimal scenario Stepsize 0.8%

Afopt ~0.05% Afq08 —0.28%
Atopt +0.21% Atqo8 40.24%
Afopt + cAtopr  +0.15% Afgos + cAtgos  —0.06%
Stepsize 0.2% Stepsize 1.2%

Afq02 ~0.15% Afqg12 ~0.10%
Atqo2 4+0.23% Atg12 4+0.34%
Afq02 + cAtgo2 +0.05% Afq2 + cAtgi2 +0.21%
Stepsize 0.4% Stepsize 1.6%

qu04 +0.08% qulﬁ 70.49%
Atqo4 +0.18% Atq16 +0.62%
A fq04 + cAtgo4 +0.25% Afqi6 + cAtqgie  +0.07%

Table B.5: Results from uniform quantization of the angle vector from the road
between Uppsala and Gévle (E4).

Uppsala - Gavle

A-Function Value A-Function Value
Optimal scenario Stepsize 80%

Afopt —0.05% Afqs0 —0.21%
Atopt +0.21% Atgso +0.28%
Afopt + cAlopr  +0.15% Afy80 + cAtgs0 ~0.05%
Stepsize 20% Stepsize 120%

A fq20 —0.28% Afq120 +0.07%
Atqgo +0.27% Atqlgo +0.08%
quQO + CAtQQO —0.03% qulQO + CAtqlgo 4+0.15%
Stepsize 40% Stepsize 160%

A fqa0 —0.03% A fq160 +0.15%
Atqa0 +0.30% Atq160 +0.03%
A fqa0 + cAtqao 40.24% Afqi60 + cAtgie0  +0.18%

Table B.6: Results from non uniform quantization of the angle vector from the
road Uppsala toward Géavle (E4).



Appendix C
DP-Tool GUI

The original graphical user interface (GUI) for DP-tool was designed by Erik
Hellstrom. To be able to control disturbances the GUI was modified. The
original GUT allows the user to set the look ahead horizon, penalty parameters,
reference speed and vehicle parameters. The modified GUI also allows the
user to control position bias faults, mass estimation errors, angular bias faults
and add low pass filtered white noise to position and altitude data. Another
possibility for the user is to load an already disturbed road profile and run it
against the real one. The position bias fault slider is controlling the position
bias fault in meters. The mass fault is given in percent of the current mass
and also the angle bias is given in percent of the current angle, meaning that
a +20% bias fault on a 3% slope equals an angle of 3.6%. Quantization is
given in road slope angle percent and the control variable for white noise is
the variance.

-} DPtool 1.11 @©2007 Erik Hellstrin, =10lxl
— Optimizatic — Road select — Disturbance - Characteristi
) " No Disturhance )
Stage grid S0m 4 | » Load from file - A Horizan: 1500 m
e 30 Al o " Load Disturbed Road Profile Estimated time: Srin
Welooitydisc.  02kmh 4] r Postion Bias Faut  50m 4 »
Mass Fault 0% 4 r
Max. increase skmh o[ [ vl | Angle Bias Fault 0% o » || — Evaluation-
Uepotencey Sl [ | While Noise LP fitered:  Postions| o Ve
I Aftituce: 14 ™ Plat segrch space
v Linearize engine
I 9 G [ Map Quantization Stepsizel| 01
[~ Autormatic gearbox o Poran o
% 2 i o S Load Disturked Rod Profie |
— Time penatty —Parametet — Run control
vehiclemass 4 [ »| 40ton a
Fuel use an 1 MPC setspeed [ [ o B5kmh " Optimize once
i T 6 Ed
Tmeuse G2 [5gg5  Auto ety I S5 & Evalugle aigorthm
Accslerstion @3 [oy Initisl speed. 4 V| B5kmh
Gear shifts Q4 |_2 Initial gear A e 12 -0
Frediction LY
o 400 1000 1500 000

Figure C.1: The DP-Tool GUI
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