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Abstract
The introduction of autonomous vehicles comes with many benefits related to
safety and quality-of-life, the implementation of which is a challenging task
for engineers to solve; one part of this aforementioned task is the requirement
for precise positioning.

Firstly, this thesis work investigated the contemporary fields of science rel-
evant for the task of position estimation. The paper then dissertated the theory,
implementation and the experimental evaluation of three different methods of
estimating position. The individual properties was then examined for the dif-
ferent vehicle filters and the optimal method of estimating position was then
determined with regards to its specified use case, the autonomous truck appli-
cation.

Themethods chosen for evaluationwere theUnscentedKalman Filter (UKF),
the Controller Output Observer (COO) and the Washout filter method. These
methods were evaluated using physical experiments carried out on roads and
the result of which showed that the Controller Output Observer (COO) and the
Washout filter methods shared significant disadvantages compared to the supe-
rior Unscented Kalman Filter (UKF). Based on the experimental results a new
filter constellation were proposed whereby two modified position evaluating
filters are connected in series.



v

Sammanfattning
Introduceringen av autonoma fordon kommer med många fördelar inom såväl
säkerhet som livskvalité; implementationen av denna teknik innebär en mängd
utmaningar för ingenjörer inom området. En av dessa utmaningar är kravet på
nogrann positionering.

Detta examensarbete undersöker först de discipliner inom vetenskapen re-
levanta för positioneringsuppgiften för att sedan på detaljnivå beskriva teorin,
implementationen och sedan den experimentella utvärderingen av dessa olika
estimeringsmetoder. De individuella egenskaperna undersöktes och den opti-
mala metoden utsågs för det valda användarfallet; autonoma lastbilar.

De valda estimeringsfiltrena var Unscented Kalman Filter (UKF), Control-
ler Output Observer (COO) och Washout-filter metoden. Dessa koncept blev
utvärderade med hjälp av vägburna experiment varav resultaten visade att bå-
de Washout- och COO metoderna delade tydliga nackdelar i jämförelse med
det överlägsna UKF konceptet. De experimentellt härledda resultaten ligger
till grund för ett nytt föreslaget filterkoncept för att estimera position där två
modifierade fordonsfilter kombineras i serie.
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Nomenclature

Vehicle Parameters
Abbreviation Description Unit
m Vehicle mass kg
g Standard gravity (9.81) m/s2
CoG Center of gravity -
lf Length between the front axis and the CoG m
lb Length between the back axis and the CoG m
lt Length between the left and right tyre sets m
rt Tire radius m
C12 Collective tire stiffness of the front tire set N/rad
C34 Collective tire stiffness of the rear tire set N/rad
Kus Steering Ratio -
Iz Rotational inertia around the z - axis kg/m2

Physical Quantities
Abbreviation Description Unit
X Vehicle velocity, global East (ENU) m
Y Vehicle position, global North (ENU) m
vx Vehicle velocity, Longitudinal m/s
vy Vehicle velocity, Lateral m/s
ax Vehicle acceleration, Longitudinal m/s2
ay Vehicle acceleration, Lateral m/s2
θ Vehicle roll (Rotation around x - axis) rad
ψ Vehicle pitch (Rotation around y - axis) rad
ϕ Vehicle yaw (Rotation around z - axis) rad
F Force applied on vehicle N
M Moment applied on vehicle Nm

Miscellaneous Variables
Abbreviation Description Unit
α Tyre slip -
β Vehicle body slip -
δ Steering angle (tire) rad
γ Steering wheel angle rad



Contents

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 State-Of-the-Art . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Research Question . . . . . . . . . . . . . . . . . . . . . . . 5
1.5 Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Sensor Theory 8
2.1 GNSS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.2 IMU . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.3 Vehicle Specific Sensors . . . . . . . . . . . . . . . . . . . . 10

3 Vehicle State Modeling 12
3.1 Vehicle Model . . . . . . . . . . . . . . . . . . . . . . . . . . 12

3.1.1 Bicycle Model . . . . . . . . . . . . . . . . . . . . . 12
3.1.2 Double Track Model . . . . . . . . . . . . . . . . . . 14

3.2 Tire model . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

4 Filter Design 16
4.1 Kalman Filter . . . . . . . . . . . . . . . . . . . . . . . . . . 16

4.1.1 Unscented Transform . . . . . . . . . . . . . . . . . . 18
4.1.2 Unscented Kalman Filter Algorithm . . . . . . . . . . 20
4.1.3 UKF in Vehicle Positioning . . . . . . . . . . . . . . 21

4.2 Velocity Based Estimation Filters . . . . . . . . . . . . . . . . 25
4.2.1 Washout Filter . . . . . . . . . . . . . . . . . . . . . 26
4.2.2 Controller Output Observer . . . . . . . . . . . . . . 29

5 Evaluation Methodology 34
5.1 LCM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
5.2 Data Collection & Processing . . . . . . . . . . . . . . . . . . 34

vii



viii CONTENTS

5.3 Test Plan . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

6 Results 37
6.1 Velocity Based Estimators . . . . . . . . . . . . . . . . . . . 38

6.1.1 Washout Filter . . . . . . . . . . . . . . . . . . . . . 39
6.1.2 Controller Output Observer (COO) . . . . . . . . . . 45

6.2 Kalman Filter . . . . . . . . . . . . . . . . . . . . . . . . . . 53

7 Discussion 61

8 Conclusion 64

9 Future Work 65
9.1 Simulation Evaluation . . . . . . . . . . . . . . . . . . . . . . 65
9.2 Filter Coupling . . . . . . . . . . . . . . . . . . . . . . . . . 65
9.3 Estimation Validity . . . . . . . . . . . . . . . . . . . . . . . 66
9.4 Relevant Criteria for Position Estimation . . . . . . . . . . . . 66

Bibliography 66



Chapter 1

Introduction

1.1 Background
The implementation of autonomous vehicles will have a great impact on soci-
ety. The human factor is shown to be a contributing factor of 95% of traffic ac-
cidents [1]. The ability to transport people and goods without a human driver
is an upcoming revolution in the automotive sector. In addition to significantly
increased road safety, autonomous drive allows for the increase of recreational
time by reducing the amount of hours that now are dedicated to driving; this
would also have the effect of reducing traffic congestion [2][3].

The Society of Automotive Engineers has introduced six levels for auto-
mated driving systems [2]. These range from zero, where the human driver
does all the driving to five, were all the driving in all circumstances is au-
tonomous, see Figure 1.1. The coming generation of autonomous vehicles is
situated in level three and four on the technological road-map and expected
to be on the market by 2030 [2][4]. These vehicles can themselves perform
all driving tasks and monitor the driving environment but only during limited
circumstances [2].

1



2 CHAPTER 1. INTRODUCTION

Figure 1.1: NHTSA’s six levels of driver assistance technology advancements,
ranging from no to full automation [2]

This level of autonomy requires robust and competent software to guide the
vehicle trough traffic while ensuring safety at all times. This is a challenging
task for engineers to solve.

Knowledge of position is of high priority in autonomous drive. To enable
the vehicle’s ability to plan and act upon its position, the precision and avail-
ability of the vehicle measurements is of great importance, for that reason the
vehicle can not rely solely on Global Navigation Satellite System (GNSS) or
similar positioning systems. The need for precision, robustness and availabil-
ity has resulted in the use of mathematical models to combine and merge the
several measurements available for a autonomous system. This method pro-
vides an estimation of the vehicle position instead of a measurement.

The measurement, although being subjected to errors such as scaling, bias
and offset errors, have some connection to the physical unit which it is mea-
suring. If used correctly, these measurement deficiencies can somewhat be
known in advance when performing calibration.

Although fulfilling the aforementioned needs there is an additional uncer-
tainty of this estimation based on the mathematical methods used and the mea-
surement on which it relies, the estimation validity, that needs to be taken into
account during operation.

Themain focus of this paper is to evaluate position estimation techniques in
autonomous truck application and what requirements that application entails.
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1.2 Methodology
A pre-study of previous vehicle estimation strategies will determine which fil-
ters will be evaluated from the rationale of scientific contribution, previous re-
sults and methodological diversity. Vehicle experiments will be designed and
carried out; the resulting measurement data will be recorded. These experi-
ments will evaluate the filters performance during different driving scenarios.
The chosen filters will then be constructed in MATLAB and Simulink [5] and
compared to each other with this pre-recorded experimental data. The filters
are then assessed from the perspective of accuracy and robustness to vehicle-
and filter variables e.g. vehicle mass and sourced sensors. Vehicle data, such
as global position, velocity and acceleration will be recorded and used to check
the deviation of the filters; see Chapter 5 for a more detailed list of the relevant
vehicle measurements.

1.3 State-Of-the-Art
The precision and reliability of positioning in autonomous drive is imperative
to ensure safe operation. Many conventional vehicle navigation systems relies
on so called map-matching. Map-matching uses coordinates from the Global
Navigation Satellite System (GNSS)which is matchedwith a digital geograph-
ical map and the most probable position on the road is displayed to the driver.
Such a system can also be used for a low demanding position acquisition where
precision and update rate is not of high priority. In fleet management, map-
matching is adequate to keep track of the motion of the fleet vehicles and give
a logistic overview. However, the performance of the latter is insufficient for
autonomous applications which will be covered later in this section.

When solely relying on GNSS-signals the positioning encounters several
problems. One of the biggest problems is occurring when the GNSS-signal
is somehow disturbed or blocked. This may happen in urban environments
where building density is higher or in sub terranean tunnels. This phenomena
will cause the satellites to use a poor geometric setup which will make the
map-matching position estimation faulty and unreliable. In some cases the
GNSS-signal might reflect on buildings and cause disruptions to the continuity
of the signal, hence decreasing the integrity of the GNSS-system [6]. Due to
this issue other complementary navigational methods can be implemented to
counteract possible errors in the GNSS reception. Such methods might rely on
sensors inside the vehicle such as accelerometers, gyroscopes and odometers.
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These sensors can be used in many ways to improve the positioning.
Anothermethod of estimating position is the dead-reckoning (DR)method,

this method uses senor data such as starting point, velocity and heading to es-
timate the vehicle’s current position. Methods using only DR tend to drift
over time i.e. accuracy difficulties. By combining these position estimation
methods and limiting the use of a DR-algorithm to when the GNSS-signals
are insufficient provides a more accurate and reliable system when possible.
If DR is relying solely on odometers for position estimation, body- and wheel
slipage could cause estimation errors when executing transient maneuvers [7].
By introducing more sensors and hardware that enables the vehicle to greater
interpret its surroundings , the position estimation is better. Increasing the
number of sensors does not only make the system more accurate but also gives
the system a higher update rate. There are several algorithms to handle all the
information that is fed to the positioning system but one in particular has been
widely used, Kalman filters (KF). This filter is a fusion algorithm that deter-
mines whether to trust one input over the other based on probability. These
KF’s haves many alterations and can easily be modified [8] [9]. Since math-
ematical models is the very foundation of the KF they can be changed to suit
the application, sensors can be fused and variables that can not be measured
can be approximated [10].

The importance of centimeter accuracy is obvious in autonomous drive
applications. If the task is to keep the vehicle in its designated lane, the po-
sition estimation requires better precision than what a GNSS-system are ca-
pable of today. Pizán, Olaya, Lorente, Iglesias & Espino was able to achieve
this centimeter accuracy by using a new global positioning technique in com-
bination with one particular KF [11]. Aforementioned problems with GNSS
have been circumvented by including several satellite operators, such as GPS
(USA), GLONASS (Russia), GALILEO (Europe) and BEIDOU (China) to in-
crease the number of available satellites, so called Multi-GNSS. However, this
technique also encountered issues with urban canyons and reflection, hence an
additional system was added; Real-Time Kinematic (RTK). RTK works by us-
ing fixed points to aid the GNSS localization. With this combination of Multi-
RTK-GNSS and a Extended Kalman Filter (EKF) the position data was fused
with the vehicle data from the wheel encoders. This way the authors was able
to obtain centimeter accuracy.

Hugh Durrant-Whyte & Tim Bailey claim that Simultaneous Localiza-
tion And Mapping (SLAM) will provide the means to make a vehicle truly
autonomous [12]. SLAM is the mapping of an unknown surrounding by a
robot/vehicle that is able to simultaneously deduce its current position. It uses
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vision or laser based sensoring to detect landmarks and topological character-
istics. SLAM estimates the future path of the vehicle as well as the surround-
ings even when lacking previous knowledge about its location.

State estimation of vehicles is a well explored subject, the previous re-
search relevant for this paper is mainly focused on velocity estimation. Theo-
retically, if given true measurements of the longitudinal and lateral velocities,
the vehicles trajectory and position in relation to its starting point can be found
by integrating these measurements. However, there are no such thing as true
measurements and a vehicle’s lateral speed is not possible to measure directly
with contemporary vehicle sensor set-ups. Prior vehicle state estimation have
been done with several Kalman methods, observers and physical models.

Ozkan, Margolis & Pengov used a Controller Output Observer (COO) to
estimate specific states from a physical system by modeling a vehicle as a
control feedback problem and designing a feedback controller using a Lin-
ear–Quadratic Regulator (LQR) [13]. This method can be used to estimate
immeasurable quantities in real time by fusion of measurable quantities and
physical models.

Thismethod simulatesmotion by applying virtual forces to a vehiclemodel
and deriving desired vehicle states from this self-containing Newtonian sys-
tem. The aforementioned controller is fed by the control error of the vehicle
reference measurements of choice and their model-derived counterparts; this
ensures correct forces being applied to the vehicle model.

This concept was later expanded upon by Alacantar, Assadin & Kuang
by using Youla parameterization (or Q-parameterization [14]) to design their
feedback controller instead of LQR making a Youla Controller Output Ob-
server (YCOO) [15]. This was later expanded upon again by Alacantar &
Assadin to cover more complex vehicle systems [16].

1.4 Research Question
With several different methods to estimate position for the autonomous vehi-
cle, this paper aims to evaluate the performance of these from the viewpoint of
commercial truck application. The following research question is formulated

1. How shall position be estimated for autonomous vehicles?

2. What are the most relevant criteria in a autonomous truck application?
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1.5 Scope
The scope of this paper will be defined by which methods are chosen to es-
timate position and to which extent the evaluation will be carried out. The
position estimation is limited to three methods, the Unscented Kalman Filter
(UKF), Controller Output Observer (COO) and the ’Washout Filter method’
which will be described in more detail in Chapter 4.

Experiments will be carried out to test the filters performance during dif-
ferent driving scenarios. These scenarios will aim to mimic that of the more-
and less boundary situations of a truck’s handling. One parameter identified as
relevant for truck applications was the load weight. The experiments carried
out will evaluate the effects of this parameter to some extent when possible.
The impact of the weight parameter will be estimated from observations made
during the evaluation phase and will not be quantified.

The experiments will be carried out on road and be limited to 50 km/h
with one exception, this will be introduced in more detail in Chapter 5. The
evaluation therefore excludes information of the high velocity behaviour of
the vehicle. The vehicle used for testing will be a conventional car, namely a
Lincoln MKZ, see Figure 1.2.

Figure 1.2: The conventional test vehicle

The global position will be measured by Global Navigation Satellite Sys-
tem (GNSS) and used as ’ground truth’ when evaluating the vehicle filters.
The deviation between the measured and estimated position will be quanti-
fied and this will be the basis for the conclusion. This limits the precision of
our evaluation to that of the measuring device. In addition, observations will
also be made from estimated vehicle states, such as acceleration, velocity etc.,



CHAPTER 1. INTRODUCTION 7

whenever relevant. These will not be quantified but instead used as grounds
for the conclusion of the paper. Some simplifications of the mathematical rep-
resentation of the physical model will be made, these are described in more
detail in Chapter 3 and 4.

Due to the nature of the practical evaluation methodology, opting to use ac-
tual road tests instead of computer simulations to collect vehicle data, the pre-
cision of the measurements will be limited in comparison since the presence of
error sources can not be eliminated as easily. Road bank angle, estimated vehi-
cle parameters and offset placement of the Internal Measurement Unit (IMU)
will contribute to uncertainty when measuring and comparing velocity and
acceleration of the vehicle. These potential sensitivities will however be basis
for evaluation in the later stage of the report, promoting robust characteristics
of the vehicle filters.



Chapter 2

Sensor Theory

In order to evaluate different position estimation strategies, several sources of
data are needed. This section goes trough and describes the relevant sensor
technologies used in this paper. The position state estimation will be based
on measurement available to the autonomous vehicle, that is, Internal Mea-
surement Unit (IMU), Controller Area Network (CAN) and Global Navigation
Satellite System (GNSS) data.

2.1 GNSS
Global Navigation Satellite System (GNSS) is a constellation of satellites which
together provide geo-spatial positioning; examples of GNSS services are GPS,
BeiDou Navigation Satellite System (BDS), GLONASS or Galileo [17].

There are several ways of describing a coordinate position; the conven-
tional way is the geographic coordinate system. This represents a position in
angles of longitude, latitude and altitude (lon, lat, alt) given in degrees from the
pole and equator. This representation is excellent for giving position globally
but is difficult for a vehicle to act upon. In order to combine global coordi-
nates with local vehicle measurements, the global position is projected on a
plane tangent to the earth’s surface so that its movement can be described in
Cartesian coordinates, (x = East, y = North, z = Up). This coordinate system
is called Local Tangent Plane Coordinates (LTP), see Figure 2.1.

8
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Figure 2.1: Local Tangent Plane Coordinates (LTP) (Green) and the Geo-
graphic Coordinate System (Orange)

If the GNSS system would yield perfect measurements the use for other
sensors and software would be unnecessary. Unfortunately that is not the case.
The GNSS-receiver is experiencing issues regarding its precision and reliabil-
ity. The reliability issue originates from faulty translation of the signal [18]. In
a scenario where the GNSS receiver is located close to tall buildings or highly
vegetated areas the signal may be interrupted or reflected hence making the re-
ceiver misconceive its true position. GNSS precision depends on many things
like the earths radius, the number of satellites, if the satellites are synchronized
etc. The specified expected error in precision from the GNSS-receiver used
in this particular vehicle is 2.0m Circular Error Probable, CEP, in horizontal
direction and 5.0m CEP in vertical direction which is the position bias [19].
The modeled measurement with noise and bias is expressed as

Xm = X + bX + vX , (2.1)

whereXm is the value measured, the true value of the position isX and the po-
sition bias is denoted as bX . The signal noise of the measurement is introduced
in the equation as vX .
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2.2 IMU
The Internal Measurement Unit (IMU) of the vehicle is a component which
mainly uses accelerometers and gyroscopes but could also include other sen-
sors such as magnet sensors, barometers etc. to measure the specific kinematic
data of the unit such as acceleration and rotational speeds. These units have
themselves sometimes integrated methods to derive orientation states from
these measurements such as the Euler angles of the device. The accelerations
are measured along each axis in the vehicle coordinate system. The X-axis is
longitudinal, the Y-axis is lateral and the Z-axis is vertical. For the rotation,
the measurements are made around each axis. The rotation about the X-axis is
called roll, the rotation about the Y-axis is called pitch and the rotation about
the Z-axis is called yaw. Due to inadequate manufacturing and orientation
some bias and noise will occur in the measurements. A bias in the acceler-
ation measurement may occur due to a tilted plane compared to the desired
plane to be measured. In the vehicle case the IMU might be installed with
a slight angle from theoretical coordinate system introducing a constant off-
set. This offset can be accounted for if the offset is known. The measurement
model for the acceleration with noise is expressed as

am = a+ ba + va, (2.2)

and the rotational measurement with corresponding noise as

ωm = ω + vω. (2.3)

Where am are the actual measurement from the IMU, a is the true value,
ba is the bias from poorly installed IMU regarding unwanted tilt. There is also
noise in the signal va and vω. The gyro is not sensitive to placement hence no
bias is considered. [18].

2.3 Vehicle Specific Sensors
In addition to the IMU, there are several on-board sensors of the vehicle. The
relevant sensors for our implementation are mainly the wheel odometry sen-
sors and the rotary encoder for the steering wheel. These sensors measure the
rotational speed and rotational position of the wheels and the steering wheel
respectively. For wheel speed measurement a wheel speed encoder is used
and are mainly used in ABS-systems hence most modern car has them. The
encoder is a so called Hall sensor which uses magnets that is attached to the
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wheel axle. The sensor counts how often the magnets are passing by, sensing
their magnetism. Errors and noise are introduced due to the electromagnetic
conversion. Another type of error that might occur regarding wheel speed
sensors is that the tire radius might vary causing error when converting from
rotational- to peripheral velocity. A set of wheels on a vehiclemight have small
differences in radius due to pressure, wear and other physical influences. The
mathematical model for the wheel speed encoder is expressed as

ω̂m = ωwheel + vω, (2.4)

where ω̂m is the measurement from the wheel speed sensor. ω is the real wheel
speed and the noise of the measurement is vω.

The steering wheel senor the angle is measured in the steering actuator and
are normally a good signal that can be measured directly according to

δm = δ, (2.5)

where δm is the measured value and δ is its true value hence no noise or bias
is added [18].

For the vehicle used in these experiments however, a small offset bias was
observed and the measurement expression 2.5 is therefore revised as

δm = δ + bδ. (2.6)



Chapter 3

Vehicle State Modeling

3.1 Vehicle Model
In order to express and calculate the dynamics of the vehicle, mathematical
models can be formulated to solve for different vehicle states. This chapter
introduces the models that later will be used by the vehicle filters. Common
for the vehicle model used is that they are both two-dimensional, planar rep-
resentations of their individual vehicle dynamics.

Two dimensional movement of this character can be expressed as the force
equilibrium around the center of gravity; which is governed by the following
equations 

∑
Fx = max = m (v̇x − ϕ̇vy)∑
Fy = may = m (v̇y + ϕ̇vx)∑
Mz = Izϕ̈

(3.1)

3.1.1 Bicycle Model
One of the most famous and widely used technique to model a vehicle is the
Bicycle Model (or the Single Track Model) [20]. This model is a two dimen-
sional representation of a vehicles lateral and longitudinal dynamics where the
tire track of the vehicle have been simplified to a single one, see Figure 3.1.

12
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Figure 3.1: Example of the single track bicycle model, planar model which
gives the essential information about the vehicle dynamics [21]

This model is useful for simply and reliably describing the vehicle dy-
namics at low to intermediate speeds and near-steady state driving conditions.
Since the model neglects the three dimensional properties of the vehicle han-
dling such as load-transfer, roll, pitch and jump movements, the accuracy is at
its highest when these occurrences are low [22].

The forces applied by the vehicle in the bicycle model is expressed in terms
of wheel angles. This relation of the force applied and the tire angle is further
explained in Section 3.2.

When expressing the longitudinal and lateral forces introduced in Figure
3.1 in the model (3.1) the governing equation of motion for the bicycle model
is derived as 

∑4
i=1 Fxi = Fx12 cos δ − Fy12 sin δ + Fx34∑4
i=1 Fyi =Fx12 sin δ + Fy12 cos δ + Fy34∑4
i=1Mzi = lf (Fx1 sin δ + Fy1 cos δ)− lrFy2

(3.2)
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3.1.2 Double Track Model
A slightly more detailed model is the double track model; this model, unlike
the bicycle model, allows for different tractive forces, steering and slip angles
of the left and right tires, see Figure 3.2

Figure 3.2: Example of the double track model

When assuming the identical steering angles, δ, for the front tire set and
Center-of-Gravity (CoG) placement on the central axis, this model does not
deviate all that much from the aforementioned single track, or bicycle model.
This does however allow us to describe the governing forces in somewhat
greater detail.

This model is driven by the driving- and cornering forces FD and FC re-
spectively, where the additional subscripts f, b, l, r, represents the orientations
front, back, left and right. The governing equations of the double track model
expressed in the model (3.1) are derived as

∑
Fx = FDr + FDl∑
Fy = FCf + FCb∑
Mz = lfFCf − lbFCb + lt

2
(FDr − FDl)

(3.3)
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3.2 Tire model
The tires influence on the vehicle’s handling and in extension the position esti-
mation is significant since it is the only element of the vehicle which transfers
forces from the vehicle to the ground on which it travels. The force generated
by the tire is correlated to the angle of slip between the tire and the ground
below. This correlation is close to linear in initial stage of slip but transition
to highly non-linear at higher ratios of slip, see Figure 3.3.

Figure 3.3: Maximal tire force available as a function of tire slip angle

The complex correlation between the slip angle, α, and the tire forces ap-
plied can be simplified and estimated with different methods in order to be
integrated in the mathematical models. One popular method is the ’Pajeca
magic tire formula’[23] other methods include: ’Dugoff tire model’ [24] and
the ’Brush tire model’ among others.

The tire model used in this paper will be where the tire force, Ftire, is
modelled as a linear function of the slip angle α, were the slope, Ctire is a
parameter related to the stiffness value of the tire, much as a traditional spring-
force equation

Ftire = Ctireα. (3.4)
This linear tire force simplificationwill overestimate the tractive forcewhen

used at high slip angle but provide a good estimationwhen situated in the linear
region of the relation. This is deemed acceptable with regard to the use case
of commercial truck applications where high dynamic- transient behaviour is
mostly absent.



Chapter 4

Filter Design

4.1 Kalman Filter
In state estimation there is one particular filter that has been widely used for
over 50 years, the Kalman Filter (KF). In mathematics the KF has been called
a linear least mean square esimator (LLSME) and linear quadratic estimator
(LQE). The KF works by minimizing the mean-squared estimation error for
linear stochastic systems using noisy signals and minimizing a quadratic func-
tion of estimation error for a linear dynamic system with noisy measurements
and disturbances. In other words, the KF is a mathematical algorithm that
takes noisy measurements and fuses them with predicted states from a model
that represents the physical behavior [25].

Theway theKalman Filter is described is originating from [25] even though
they use different notation. In this paper, the notation will be selected based
upon the authors liking.

The KF process consists of two major steps; Prediction step and Update
step, where the prediction step provides the algorithm with an estimate of the
future states by one time increment and the update step adjust the predicted
step taking measurements into account. The prediction is governed by

x̂k|k−1 = Ax̂k|k +Buk + wk−1, (4.1)

where x̂k|k−1 is the predicted state matrix. Matrix A ∈ Rnxn relates the state
x from time step k − 1 to k and can be either constant or changing in time.
The matrix A is often referred to as the process model of the Kalman filter.
MatrixB ∈ Rnx l relates the control input uk to the states from time step k−1

to k and can be either constant or changing in time. x̂k|k is the prior state
estimate. wk−1 is assumed to be white, normally distributed system noise. To

16
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merge themeasurement with the prediction aKalman gain has to be calculated.
Kalman gain is a weighing factor that later on will decide whether to trust
measurements or mathematical predictions. In order to get the Kalman gain a
process covariance matrix has to be predicted. This matrix is calculated as

Pk|k−1 = AkPk−1|k−1A
T
k +Q. (4.2)

The predicted process covariance matrix Pk|k−1 uses a previous process
covariance matrix Pk−1|k−1(first iteration a initial covariance matrix is set),
and a covariance matrix of the stochastic noise Q. The Kalman gain Kk is
then calculated as

Kk = Pk|k−1H
T
k

(
HkPk|k−1H

T
k +Rk

)−1
. (4.3)

MatrixH ∈ Rmxn is relating the state x from time iteration k to measured
z at the time step k. H is constant or modified over time. The matrix H re-
lates the measurements to the model predictions of the Kalman filter. Rk is
measurement uncertainty matrix. Before making the update step the measure-
ments is observed according to

zk = Hxk + vk. (4.4)

The observation, zk, is governed by the measurement vector C, measure-
ment noise, vk and the matrix H that determines what states should be mea-
sured. In the next step, when themeasurement values, in this case, senor data is
available the current state can be more accurately estimated using the Kalman
gain as a weight factor that gives measured or model based state estimates
more importance. The updated estimation is yielded by

x̂k|k = x̂k|k−1 +Kk

(
zk −Hx̂k|k−1

)
. (4.5)

The updated states is the output of theKF and after onemore necessary step
the KF iteration process can start over again from 4.1. However, the process
covariance matrix must be updated for the next iteration. In order to update
the process covariance matrix is calculated as

Pk|k = Pk|k−1 −KkHPk|k−1. (4.6)

To handle the problem of non-linear functions a different approach to the
KF is necessary. For non-linear models there are modified versions of the
KF that will be mentioned in this section, Extended Kalman Filter (EKF) and
Unscented Kalman Filter (UKF). Both of these are applicable to non-linear
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systems but with different strategies, one of them will be used in this paper.
The EKF uses linearization about the current estimate by computing the Ja-
cobian matrix of the system for each time step. The UKF uses an unscented
transform that picks a set of sigma points at the mean that are put through the
non-linear functions to estimate a new covariance and mean. The fundamental
difference between EKF and UKF is their way of estimating the new Gaussian
distribution. The EKF estimates one mean which will represent the whole dis-
tribution where on the other hand the UKF estimate several points. The UKF
outperform the EKF in the most non-linear cases [26], unless EKF propagates
all points in the Gaussian through the non-linear equations. However, since
that operation is computationally demanding the UKF is preferred, hence the
UKF will be used in this paper and presented in sequent subsection.

4.1.1 Unscented Transform
As mentioned in previous Section 4.1 the UKF uses a strategy called Un-
scented Transform to estimate the new distribution of a random variable x.
By propagating a mean and covariance matrix through a linear function, the
distribution stays linear; this is not the case for non-linear functions. By prop-
agating several sigma-points through the nonlinear function the newmean and
covariance is closer to reality. Prior to propagating these sigma-points through
the nonlinear function, these have to be determined.

For a sigma point and corresponding weight to be valid following con-
straints must be fulfilled ∑

i

w[i] = 1, (4.7)

µ =
∑
i

w[i]χ[i], (4.8)

Σ =
∑
i

w[i]
(
χ[i] − µ

) (
χ[i] − µ

)T
, (4.9)

where χ[i] is a vector of sigma (σ) points. w[i] is weights for the sigma points.
µ is mean of the random variable. There is no unique solution to determine χ[i]

and w[i]. There are several different strategies to select the points and weights.
Choosing sigma point can be done this following way; the first sigma point
will be the mean as

χ[0] = µ. (4.10)
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The number of sigma point depend of the dimensionality of the distribu-
tion. For every dimension two additional sigma points is chosen. E.g. if the
Gaussian is one dimensional, three sigma points is chosen; one for the mean
and two for the one dimension in this case. The sigma points is chosen as

χ[i] = µ+
(√

(n+ λ) Σ
)
i
∀ i = 1, ..., n, (4.11)

χ[i] = µ−
(√

(n+ λ) Σ
)
i−n
∀ i = n+ 1, ..., 2n. (4.12)√

(n+ λ) Σ is a matrix square root which is a result of a Cholesky de-
composition, n is dimensionality of the Gaussian distribution, λ is a scaling
parameter telling how far away from the mean the corresponding sigma-point
is, i− n is column vector and Σ is the covariance matrix.

The equations to determine the weightsw[i] for the sigma-points are chosen
as

w[0]
m =

λ

n+ λ
, (4.13)

w[0]
c = w[0]

m +
(
1− α2 + β

)
, (4.14)

w[i]
m = w[i]

c =
1

2 (n+ λ)
∀ i = 1, ..., 2n. (4.15)

Once the points andweights are determined they can be propagated through
the nonlinear function g to enable recovering of the new estimated mean and
covariance matrix. The mean and covariance of the propagated sigma points
are estimated as

µ′ =
2n∑
i=0

w[i]
mg
(
χ[i]
)
, (4.16)

Σ′ =
2n∑
i=0

w[i]
c

(
g
(
χ[i]
)
− µ′

) (
g
(
χ[i]
)
− µ′

)T
. (4.17)

µ′ is the weighted average of the transformed points and Σ′ is the covari-
ance which is the weighted outer product of the transformed points. UT-
parameters are free parameters which is adjustable according to the builder
of the filter. λ = α2 (L+ κ)−L is a scaling parameter. α is telling how much
to spread the sigma points around the mean and are usually set to a small pos-
itive value between 1 and 0. The second scaling parameter is κ which often is
set to 0. β is optimal at a value of 2. [27].
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4.1.2 Unscented Kalman Filter Algorithm
The Unscented Transform is a tool in the UKF algorithm. To put this together
the full algorithm of the UKF has to be explained for. As the regular KF the
UKF will follow the same general plan; Predict a new state of the system with
corresponding covariance matrix, update the prediction via the observation
with corresponding innovationmatrix and predict the cross-correlationmatrix.
The first prediction starts by computing the states as seen in (4.18) using the
sigma points χai|k generated in (4.10 - 4.12).

χi,k+1|k = f
[
χai,k|k, Uk

]
. (4.18)

Once the states are predicted, the predicted mean is calculated by

X̄k+1|k =
2na∑
i=0

w
(m)
i χai,k+1|k, (4.19)

using weights(w[i]
i ) that was calculated by (4.13 - 4.15).

Like the standard KF the predicted covariance has to be computed. The
covariance is calculated by

P̄k+1|k =
2na∑
i=0

w
(c)
i

{
χi,k+1|k − X̄i,k+1|k

}{
χi,k+1|k + X̄i,k+1|k

}T
. (4.20)

(4.19 - 4.20) uses statistics to approximate the a priori state and covariance.
The update sequence starts by running the predicted state points χk+1

i through
the observation model h[..] as

γi,k|k = h
[
χ
k+1|k
i , Uk

]
, (4.21)

to get the predicted measurement points. Like for the prediction step the mean
of the measurement points are calculated. The governing equation of which is

Ȳk+1|k =
2n∑
i=0

w
(m)
i γi,k+1|k. (4.22)

Once the predictedmean of the states and the predictedmeasurement points
are calculated, the innovation covariance matrix, including the noise matrixR,
can be computed as
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P(ξξ),k+1|k = R +
2na∑
i=0

w
(c)
i

{
γk+1|k − Ȳk+1|k

}{
γk+1|k + Ȳk+1|k

}T
, (4.23)

followed by the cross-correlation matrix given by

P(XY ),k+1|k =
2na∑
i=0

w
(c)
i

{
χk+1|k − X̄k+1|k

}{
γk+1|k + Ȳk+1|k

}T
. (4.24)

As of now the filter has predicted its states and measurements and the
Kalman filter gain can be calculated like in the standard KF. The Kalman gain
is later used to determine to what degree the filter should use measured or
estimated values. The Kalman gain (Kk+1) is calculated as

Kk+1 = P(XY ),k+1|kP
−1
(ξξ),k+1|k. (4.25)

Before the next iteration a new covariance matrix is to be estimated, so
called a priori covariance matrix which is determined by

Pk+1|k+1 = Pk+1|k −Kk+1P(ξξ),k+1,kK
T
k+1. (4.26)

The final calculation is made to get the KF estimation of the states

X̄k+1|k+1 = X̄k+1 +Kk+1

(
Yk − Ȳk+1|k

)
. (4.27)

This estimation contains mathematical predictions corrected with mea-
surements and each corresponding likelihood [28] [29].

4.1.3 UKF in Vehicle Positioning
The utilization of the UKF will be explained in this section. As previously
mentioned the UKF is preferred due to the fact that the system upon which to
apply this filter is described by non-linear equations. In this particular case,
the equations that are used is derived from the bicycle model introduced in
Section 3.1.1. The states that are relevant in this case are specified in the state
vector

x =
[
x vx y vy ϕ ϕ̇

]T
=
[
x1 x2 x3 x4 x5 x6

]T
, (4.28)

where x is vehicle position in longitudinal direction, vx is corresponding veloc-
ity, y is vehicle lateral position and vy is corresponding velocity. The vehicle
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yaw is expressed as ϕ and corresponding angular velocity as ϕ̇. The states
are given new names for simplicity. Even though position is the state that is
of most importance the other states are relevant to observe when tuning and
verifying the UKF.

As aforementioned, the first step of anyKalman Filter is the prediction step.
In this stage the system state ahead x̂k|k−1 is predicted and also the covariance
ahead Pk|k−1. x̂k|k−1 and Pk|k−1 are discrete systems updated for all time-
steps k. The system state ahead is procured using the dynamic bicycle model.
Owing to the non-linear system models, the process models cannot be phrased
in state space form. Instead, the state vector derivative is used and expressed
by states on vehicle model form. Like before the states were given new names
to coincide with state space representation and to ease the understanding

ẋ =



ẋ

v̇x

ẏ

v̇y

ϕ̇

ϕ̈


=



vx

ax

vy

ay

ϕ̇

ϕ̈


=



ẋ1

ẋ2

ẋ3

ẋ4

ẋ5

ẋ6


(4.29)

The governing equations for the vehicle model are the functions that will
predict the future state k + 1 in the UKF algorithm. Where δ is the steering
wheel input. Ẋ can then be written as

ẋ =



ẋ1

ẋ2

ẋ3

ẋ4

ẋ5

ẋ6


=



x2 cos x5 − x4 sin x5

x6x4 +

(
x4+x6f

x2
−δ

)
C12 sin δ

m

x2 sin x5 + x4 cos x5
−C34

(
x4−x6b

x2

)
−
(

x4+x6f
x2

δ
)
C12 cos δ

m
− x6x2

x6
f
(

x4+x6f
x2

)
C12 cos δ+b

(
x4−x6b

x2

)
C34

J


(4.30)

To solve for the future state vector a method for solving differential equa-
tions has to be introduced. In this particular case, a forth order Runge-Kutta
integration was used to discretize the continuous system where each iteration
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step is ∆t, which corresponds to the time between measurements in the mea-
surement vector. However, the time step between measurement is not constant
but changing throughout the measurement vector z. Hence the time step de-
noted ∆t is a variable that changed for each iteration to increase accuracy.
The accuracy is also depending on the process noise Q, which in this case is
a matrix of dimensions n × n where n is the length of the state vector. The
Q-matrix is a diagonal matrix where the values are the expected error for cor-
responding state. Due to the assumption that the model states are uncorrelated
the diagonal appearance is valid, if they were correlated a much more com-
plex matrix would have been necessary based upon empirical values which is
not possessed in this thesis. Choosing the values of the diagonal is a tuning
process since the accuracy of the model is usually unknown. A standardized
approach is applied in this set up where the matrix is a symmetric diagonal
matrix as

Q =



0.1 0 0 0 0 0

0 0.1 0 0 0 0

0 0 0.1 0 0 0

0 0 0 0.1 0 0

0 0 0 0 0.1 0

0 0 0 0 0 0.1


(4.31)

To perform all the steps in the UKF algorithm the UT-parameters also need
to be defined to be able to calculate sigma points and weights. For this partic-
ular filter the parameters was set accordingly: α = 1, β = 2, κ = 0.

In the update step of the UKF the measurements are considered and the
final state vector is updated. The measurement vector consists of available
readings from sensors on the vehicle and are represented as

zk =
[
X Y vx ax ay ϕ̇

]T
. (4.32)

X and Y are coordinates from the GNSS-receiver converted to Local Tan-
gent Plane Coordinates (LTP). vx is vehicle velocity measured at the wheels.
From the IMU accelerations are introduced as ax and ay and are defined in
longitudinal and lateral directions respectively. ϕ̇ is vehicle angular velocity
around its z-axis which is also measured by the IMU. To enable fusion of these
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measurements and the predicted states from the process model, the measure-
ment vector has to be transformed into the same units so that the values can
match. The measurement is transformed via the measurement model as

h (xk) =
[
x y vx

1
m

∑
Fx

1
m

∑
Fy ϕ̇

]T
. (4.33)

Worthmentioning in this implementation is that themeasuredGNSS-coordinates
were translated to LTP Cartesian coordinates before being put in the filter. The
measurement model did not take care of the coordinate system translation. A
more detailed description can be found in Chapter 2.1.

In the update phase, the innovation matrix is determined and another noise
matrix is introduced. This noise matrix R is related to the measurements and
are most often designed from empirical data regarding expected noise from
sensors. The R-matrix will, like theQ-matrix, be a diagonal matrix assuming
no correlation between measurements. The diagonal values should be set ac-
cording to sensor data sheets where the standard deviation is known. In this
case the error in the measurements are unknown hence will be picked heuris-
tically as

R =



0.1 0 0 0 0 0

0 0.1 0 0 0 0

0 0 0.1 0 0 0

0 0 0 0.1 0 0

0 0 0 0 0.1 0

0 0 0 0 0 0.1


(4.34)

Once everything is defined and in place the UKF can be implemented. The
only thing missing is to define a few parameters that is just for initialization.
The initial state vector, x, is set as

x =
[
0 vx(1) 0 0 0 ϕ̇(1)

]
, (4.35)

where vx(1) represents the first measured value of vx and ϕ̇(1) is also the first
measured value of the yaw-rate ϕ̇. The initial process covariance matrix is set
to a 6× 6 diagonal matrix with leading ones as
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P =



1 0 0 0 0 0

0 1 0 0 0 0

0 0 1 0 0 0

0 0 0 1 0 0

0 0 0 0 1 0

0 0 0 0 0 1


(4.36)

4.2 Velocity Based Estimation Filters
One way to estimate position of a vehicle is to integrate its velocity when
assuming that the velocity estimations is sufficiently accurate. This velocity is
related to its orthogonal directions, see Figure 4.1 as

v =
√
v2x + v2y. (4.37)

Figure 4.1: Orthogonal local vehicle velocities (Blue), yaw-angle heading
(Yellow) and global coordinate system (Red)

The global coordinates in the Local Tangent Plane Coordinates (LTP) is
then estimated as the discrete integral of the global velocity plus the previous
estimate as
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Xi = Xi−1 + (vx cosϕ− vy sinϕ)∆T

Vi = Yi−1 + (vx sinϕ+ vy cosϕ)∆T
(4.38)

The longitudinal velocity of a vehicle, vx, is quite easy to read of the vehicle
sensors with acceptable precision. This is unfortunately not the case for the
vehicle’s lateral velocity, vy. However, there is several methods for deriving or
estimating this lateral velocity, two of which will be described in the following
sections.

4.2.1 Washout Filter
Thewashout filter principle is a frequencyweighted sum of two separate veloc-
ity estimations; firstly, a model based estimation that relies on the previously
mentioned bicycle model, (3.1 - 3.2). Since this estimation mostly is relied
upon during low-dynamic driving situations, the tire behaviour is assumed
linear, (3.4). The vehicle is then modelled as

v̇y
ϕ̈

 =

 −C34−C12

mvx
−v2xm−lbC34+lfC12

mvx

− lfC12−lbC34

Izvx

l2fC12+l2bC34

Izvx

vy
ϕ̇

+

 C12

m

lfC12

Iz

[u] (4.39)

If the state equation input, u, is set to 0, and a linear relation of between
the tire steering angle, δ, and the steering wheel angle input, γ, with the ratio
of Kus, is assumed, γ can be expressed as

γ = Kusδ, (4.40)

where Kus is the steering wheel ratio. Cramer’s rule is used to solve (4.39)
for vy. The lateral velocity term is then solved for using the vehicle steering
wheel angle, γ, and the longitudinal speed vx as

vmody (γ, vx) =
vx(lr(lf + lr)C12C34 − lfC12mv

2
x)γ

Ks((lf + lr)2C12C34 +mv2x(lrC34 − lfC12))
. (4.41)

The second lateral velocity estimation method is based on the kinematic
behaviour of the car body. The velocity derivative, v̇y, is firstly derived for the
car body’s CoG and integrated to velocity,

ay = v̇y + ϕ̇vx − θ̇vz + g sin θ cosψ. (4.42)
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Assuming two dimensional motion with the inclusion of roll angle, θ, the
vertical speed, vz and the pitch angle of the car body, ψ, is omitted. The lateral
speed is then estimated as

vkiny ≈
∫
ay − ϕ̇zvx − g sin θ dt. (4.43)

These methods have their own strength and weaknesses. The model based
estimator relies on a linear relation between the tires slip angle and its lateral
force (3.4). This simplification of the tire force characteristics is accurate at
low speeds and near-steady state conditions where the slip angle of the tire, α,
is low. However when the tire slip increases and the tire force characteristic
starts to be heavily non-linear the model overestimates the lateral speeds at
calm steering behavior and underestimates during erratic conditions.

In these circumstances the kinematic estimator produces more accurate re-
sults. The integrating element of the estimator is however vulnerable to offset
errors and noisy signals, this is exaggerated with the additional integration
from velocity to position causing excessive drift if to be relied on solely.

To mitigate the velocity drift from faulty acceleration signals, integrate
reset logic were implemented and two reset criteria were stated, see Figure
4.2. Firstly, the lateral velocity is reset when the steering wheel angle, γ, in
combination with the yaw-rate, ϕ̇, both have been close to zero for a certain
amount of time. The velocity integrate is also reset when the longitudinal
velocity, vx, is below a certain threshold. This is implemented asγ̄ < Thresholdγ ∧ ¯̇ϕ < Thresholdϕ̇

vx < Thresholdvx
(4.44)

These thresholds were chosen to be

• Thresholdγ = ±5◦ over 500 data packages at 400Hz

• Thresholdϕ̇ = ±0.1rad/s over 500 data packages at 400Hz

• Thresholdvx = 0.5m/s
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Figure 4.2: Simulink schematic of reset logic

To benefit from both of these estimator strengths, the washout principle
combines these estimates with regards to the output signal frequency, a low fre-
quency lateral velocity signal conveys a driving scenario more close to steady
state and low slip angle, conversely, a high frequency signal conveys transient
kinematic behaviour. The contributions from each estimator is determined by
a frequency tuning parameter, T as

vwashouty =
1

1 + sT
vmody +

sT

1 + sT
vkiny , (4.45)

where the tuning variable T determines the ’cut-off’ frequency which in turn
regulates how the high frequency composition of the velocity estimation is
weighed, see Figure 4.3.
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Figure 4.3: Bode gain-magnitude diagram for the low-pass filter contribution
(Red), the high-pass filter contribution (Blue) and their collective sum (Or-
ange) for a selected T-value of 0.6

To draw maximal benefit from the strengths of the two velocity estimators,
the tuning parameter, T , is constantly calculated as the product of how fast the
steering wheel is turned, δ̇ and the vehicles lateral speed, vx as

T = |G1δ̇G2vx|. (4.46)

T , is then low-pass filtered to remove spikes and get a more stable value
that lingers for a bit. The latter is to account for the high-dynamic initiated
movement due to the vehicles inertia that otherwise would not contribute to
the washout filter.

T is constantly calculated to exclude unwanted signal noise and velocity
reset spikes from the integrator contribution when possible by moving the cut-
off frequency. This does also have the additional benefit of providing better
tracking at higher velocities by relying more on the integrator contribution
when the model based velocity is underestimating.

The gain values were chosen to be G1 = 0, 05 and G2 = 0, 01.

4.2.2 Controller Output Observer
The concept of the Controller Output Observer (COO) is to estimate signals
that are themselves hard to measure through the use of signals that in turn can
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be measured directly. The concept, developed by Ozkan, Margolis & Pengov
uses estimated quantities as inputs to drive a physical model [13]. This model
is constructed so that its output will be comparable against vehicle measure-
ment and the error driven towards zero. The vehicle estimation model chosen
is the two track model, see Chapter 3.

The vehicle model states chosen were longitudinal velocity, vx, lateral ve-
locity, vy and rotational velocity, ϕ̇. The model inputs are the driving and cor-
nering forces of the tires, FD and FC respectively, where f, b, l, r represents
the orientations front, back, left and right, see Figure 4.4.

Figure 4.4: Double trackmodel used in the Controller Output Observer (COO)
with applied cornering and driving forces (Red)

The vehicle estimation model equations are as follows

v̇x =
1

m
(FDl + FDr) + ϕ̇vy, (4.47)

v̇y =
1

m
(FCf + FCb)− ϕ̇vx, (4.48)

ϕ̈ =
1

Iz
(lfFCf − lbFCb) +

lt
2Iz

(FDl − FDr). (4.49)
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The model states and state inputs are then defined as

X = [vx vy ϕ̇]T , (4.50)

u = [FDl FDr FCf FCb]
T . (4.51)

The desired system outputs, which is to be compared with vehicle mea-
surements, is limited to the number of estimated quantities as shown by [13];
in this case four. These are chosen to be the longitudinal and lateral accelera-
tion signals, ax and ay, the longitudinal velocity, vx and the rotational velocity
ϕ̇. The output vector is defined as

y = [ax ay vx ϕ̇]T . (4.52)

The reference vector, r, which themodel output vector, y, is to bemeasured
against is defined as

r = [arx ary vrx ϕ̇r]T , (4.53)

whereby the superscript r denotes the signals to be measured. The measure-
ments arx, ary and ϕ̇r is retrieved from the vehicles IMU and vrx is derived from
the wheel odometry sensors. These measurements aim to ensure the controller
applies correct forces to themodelled vehicle so that themodeled accelerations
match that of the actual vehicle’s.

This resulting system of equations (4.47 - 4.49) is then linearized about a
certain operating point using Jacobian linearization as


v̇x

v̇y

ϕ̈

 =


0 ϕ̇op vyop

−ϕ̇op 0 −vxop

0 0 0



vx

vy

ϕ̇

+


1
m

1
m

0 0

0 0 1
m

1
m

− lt
2Iz

lt
2Iz

lf
Iz
− lb
Iz



FDl

FDr

FCf

FCb


(4.54)


ax

ay

vx

ϕ̇

 =


0 0 0

0 0 0

1 0 0

0 0 1



vx

vy

ϕ̇

+



1
m

1
m

0 0

0 0 1
m

1
m

0 0 0 0

0 0 0 0




FDl

FDr

FCf

FCb

 (4.55)
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To reduce steady state errors, output integrators are added to the state vec-
tor in the form ė = r − y,

e =

∫
r − y =

[
eax eay evx eϕ̇

]T
, (4.56)

Z =

X
e

 (4.57)

The operating points were chosen to be

• vxop = 5m/s

• vyop = 0m/s

• ϕ̇ = 0 rad/s

To achieve this desired behaviour, state and output feedback is used and
this estimation filter can then be expressed in the feedback control form, see
Figure 4.5.

Figure 4.5: Control schematic for the Controller Output Observer (COO) using
Linear-Quadratic-Integral Control (LQI)

Where the feedback gain matrix, K of size 4x7 is designed with a Lin-
ear–Quadratic Regulator (LQR) [30, p. 344-352] in accordance with [13].

The LQR gain matrix,K, is found when the state-feedback law u = −KZ
minimizes the quadratic cost function∫ ∞

0

ZTQZ + uTRu dt, (4.58)
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where Q and R are weighting matrices consisting of high and low values de-
noted by their superscript, H and L for high and low. These matrices are
defined as

Q =



QL
1 0 0 0 0 0 0

0 QL
2 0 0 0 0 0

0 0 QL
3 0 0 0 0

0 0 0 QH
1 0 0 0

0 0 0 0 QH
2 0 0

0 0 0 0 0 QH
3 0

0 0 0 0 0 0 QH
4


(4.59)

R =


RL

1 0 0 0

0 RL
2 0 0

0 0 RL
3 0

0 0 0 RL
4

 (4.60)

Table 4.1: LQR Q & R matrix values
QL

1 QL
2 QL

3 QH
1 QH

2 QH
3 QH

4 RL
1 RL

2 RL
3 RL

4

2e-2 2e-2 2e-2 1e6 2e2 1e7 12e5 1e-4 1e-10 9e-10 8e-8

Where the values in Table 4.1 are chosen to get a desired character, penalise
the error integrals, e, and requesting fast following of its meassured counter-
parts. This was calculated using the Linear-Quadratic-Integral Control (LQI)
command in MATLAB.
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Evaluation Methodology

5.1 LCM
To be able to run these estimation filters, sensor signals are needed in real time
from the vehicle in question. The relevant sensor signals for the position es-
timation are either connected to the Controller Area Network (CAN) of the
vehicle, or directly to the Central Processing Unit (CPU). To communicate
the information from the CAN connected sensors to the CPU of the vehicle, a
Lightweight Communications and Marshalling (LCM) network has been im-
plemented in the programming language Go (or GoLang). This enables low
latency, non-centralized efficient communication using User Datagram Proto-
col (UDP) [31]. The information is read of the CAN-bus of the vehicle with
SocketCAN [32] by a computer and the relevant information is then broad-
casted as a UDP-formatted message upon a LCM-network together with IMU
package data, which is read fromUSB. This data is then retrieved at the central
CPU for processing and use in the estimation filters.

5.2 Data Collection & Processing
To ensure the fair evaluation of each filter, the input and measurement data
were recorded to be the same for all filters. With the LCM-network, the mea-
surement data of the relevant sensors could be recorded with a common times-
tamp regardless of the sensor arrangement. The data is then formatted and
saved in a CSV-file. To record this data, a conventional vehicle equipped with
a XSENS mti-g-710 [33] IMU with GNSS capability, was run in accordance
with subsequent mentioned test cases, see Figure 5.1

34
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Figure 5.1: XSENS mti-g-710 [33]

The different vehicle sensor signals had their own package frequency, see
Table 5.1, in order to use these for calculations, the lower frequency signals
were then padded and upsampled to 400Hz.

Table 5.1: Sensor information
Source Sensor name Frequency Dim Unit

IMU Euler angle 400 [Hz] 3 ◦

IMU Acceleration 400 [Hz] 3 m/s2

IMU Rate of turn 400 [Hz] 3 rad/s

IMU Position 400 [Hz] 3 [◦] Lon, Lat, Alt

IMU Velocity 400 [Hz] 3 m/s

IMU GNSS position 4 [Hz] 3 [◦] Lon, Lat, [m] height

CAN Steering angle 100 [Hz] 1 rad/s

CAN Wheel speed 100 [Hz] 4 rad/s
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5.3 Test Plan
To evaluate the estimation filters behaviour during different vehicle dynamic
situations, several tests were concluded, see Table 5.2. Steady state conditions
were achieved by driving in a circle with constant steering angle at different
speeds and weight loads. Behaviour during transient kinematic scenarios were
investigated by slalom driving, this too at varying speeds and weight loads.

Table 5.2: Vehicle test plan
Vehicle Test Case Velocity (Constant) Load Weight

1a Circle driving 3km/h -

1b Circle driving 10km/h Low

1c Circle driving 10km/h High

2a Slalom driving 10km/h -

2b Slalom driving 30km/h Low

2c Slalom driving 30km/h High

2d Slalom driving 50km/h Low

2e Slalom driving 50km/h High

3a Straight driving 30km/h -

3b Straight driving 50km/h -

4 City driving Varying -

Low weight constituted as one person in the vehicle, estimated to weigh
around 75kg, whilst high weight were three persons. Some tests were deemed
weight independent and therefore the load weight category were left empty in
some tests.



Chapter 6

Results

To evaluate the vehicle filters, they were first implemented in MATLAB and
Simulink [5] to then be run with pre-recorded experimental data. To assess
the performance, several measurable vehicle states were compared to its es-
timated counterpart; quantitative and qualitative observations were made and
are discussed in this chapter.

Notably of themeasurements available is the lateral velocity; albeit sourced
from the IMU, the measurement is a estimated value derived from a strapdown
integration algorithm [19] and therefore may be subject to faulty acceleration
signals and imperfect orientation of the device. This measurement is not to be
viewed as a high integrity measurement for the reasons stated but instead as
a pointer of trends of which will lay basis for the subjective evaluations. The
quantified accuracy of the position estimate is evaluated with a quadratic mean
of its measured GNSS counter part in the planar coordinate system. Each es-
timated point of position is evaluated to corresponding point of measurement.
The position error, ε, is given as

ε =
∑

εi = rms(
√

(Xest
i −Xmeas

i )2 + (Y est
i − Y meas

i )2). (6.1)

Since the initial yaw angle is arbitrary for the velocity based estimators and
differs between the estimation and measurement, it is iterated for the model
with 0.5 degrees increments until the initial position error, for a short distance
of 25 meter, is at its lowest.

The observations in this chapter will be supported by plots relevant to the
claims made.
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6.1 Velocity Based Estimators
The velocity based position estimators Controller Output Observer (COO) and
the Washout filter principle, were the estimators whereby model predictions
of the vehicle’s lateral and its measured longitudinal velocities were integrated
to position without any reference to the Global Navigation Satellite System
(GNSS) coordinates except the origin.

One weakness noted is that the position estimate is vulnerable to initial
offset in the yaw-angle direction, ϕε. This initial angle offset error, εϕ, is pro-
portional to the distance traveled, S and assuming small angle approximation
can be calculated as

εϕ = Sϕε. (6.2)

A initial angle error of 1◦produces a lateral error of almost 17,5m over a
1km distance.

Although being conceptually simple, these estimators suffer greatly from
drift in the lateral direction. These filters do not have any rooting in any ac-
tual measurement of position as the Kalman filter and such cannot adjust its
position estimation drift accordingly. Offset error in the acceleration signals
produces a growing drift in the velocity estimation and in turn a exponentially
growing error in the position estimation. The drift can however be lessen in
several ways.

Oneway to lessen the drift is to implement a high-pass filter for the velocity
estimation signals, this solution has the benefit of simplicity and tune-ability
but disadvantage of neglecting possible low frequency change in velocity. One
additional draw-back is that high-pass filtering the signal introduces a phase
shift to the estimation depending on the cut-off frequency chosen. Since the
velocity drift is affected by the orientation of the IMUdevice, some angle offset
around the x-axis of rotation will produce a velocity drift in one particular
direction. When estimating positive velocity in the opposite lateral direction
the sum of the actual signal and the offset error will have a lower frequency
and therefore resulting in a asymmetrical velocity filtering for positive and
negative lateral direction, see Figure 6.1.
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Figure 6.1: Perceived velocity (yellow) as a sum of actual lateral velocity
(blue) and the offset drift (red) in the negative lateral direction

Another way to lessen the lateral drift is to implement a velocity reset logic
as described in Section 4.2.1. This resets the lateral velocity estimation when
it ought to be zero and such halts the position error growth.

Lastly, position error can be significantly reduced by estimating position
from velocity differently. By using the COO or the Washout filter principle to
estimate lateral and longitudinal velocity, position can then be estimated using
a non-linear Kalman filter implemented in series. This would have the benefit
of modularity, decoupling the velocity estimation from the Kalman filter as
it is described in Section 4.1.3. These estimation filters in series would also
have the benefit of position measurement integration due to the Kalman filter
properties.

6.1.1 Washout Filter
The need for several vehicle parameters such as tire stiffness values, position
of the center-of-gravity and the steering wheel gear ratio means that this vehi-
cle filter needs the most vehicle parameter information of the velocity based
estimators. This introduces sources of potential error since some of these pa-
rameters have been estimated.

The washout filter estimator provides decent tracking during both high and
low dynamic driving scenarios. Some inertia of the model is observed since
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the trajectory showmore ideal motion than the GNSSmeasurement in circular
movement, see Figure 6.2. This is expected since the lateral velocity estimate
is calculated as a function of vx and γ, both of which are kept constant during
this experiment. The estimation method does not consider road bank angles
or bumps; things that could contribute to a more uneven trajectory.

Figure 6.2: Washout position estimation (red) vsmeasured position (blue) [m].
Experiment 1a, ε = 1, 541m

When comparing the lateral velocity estimates from experiment two and
three, one can see that better tracking is achievedwhenmass is higher; showing
possible sensitivity to vehicle mass, see Figure 6.3 and 6.4.
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Figure 6.3: Washout Lateral velocity estimation (red) vs measured velocity
(blue) [m/s] over time [s]. Experiment 1b

Figure 6.4: Washout lateral velocity estimation (red) vs measured velocity
(blue) [m/s] over time [s]. Experiment 1c

During the more transient and dynamic behaviour of experiments 2b and
2d, one can more clearly see the weakness of the absent position feedback.
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While providing partially good tracking of the lateral velocity during select
parts of the experiment; the portions of worse tracking effect the position es-
timation resulting in a permanent offset error. This is easily observed during
and after the turnarounds in said experiments, albeit the errors cancel out in
experiment 2d.

Figure 6.5: Washout position estimation (red) vsmeasured position (blue) [m].
Experiment 2b, ε = 3, 500m
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Figure 6.6: Washout lateral velocity estimation (red) vs measured velocity
(blue) [m/s] over time [s]. Experiment 2b

Figure 6.7: Washout position estimation (red) vsmeasured position (blue) [m].
Experiment 2d, ε = 4, 456m

A half of a seconds offset is observed in the lateral velocity signal, notably
in experiment 2d, see Figure 6.8. This is due to the filter coefficient, T , being
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high during this highly dynamic maneuver producing a phase shift effect, see
section 4.2.1. It is difficult to say how this affects the position estimate since
the lateral position change does not seem to be noticeable offset.

Although producing acceptable tracking during the slalom event, the ve-
locity estimate diverges notably during the exercise of turning around, this
phenomenon can also be observed in experiment 2b, see Figure 6.6.

Figure 6.8: Washout Lateral velocity estimation (red) vs measured velocity
(blue) [m/s] over time [s]. Experiment 2d

The velocity estimate during the initial and final parts of the experiment is
closer to zero than the IMU measurement. The car is started from stationary
and brought to a stand still after the experiments were concluded which is
clearly noticeable in the washout estimated velocity, whilst the IMU sourced
measurement has a settling time of a couple of seconds before settleling at
an offset, see Figure 6.8. With regards to the measurements available for the
strap-down integration algorithm used by the IMU, the washout filter might
provide a more correct estimate of the lateral velocity during these moments
of low speed.

During longer periods of time and driving conditionsmore generalizable to
commercial truck use, the performance of the washout filter is commendable.
As previously stated, the biggest issue of the washout method is the absence of
position measurement feedback, this is noticeable in experiment four as a slow
growth in position error. The position estimation error is low during the initial
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parts of the trajectory then slowly grows. As stated previously, the estimate
diverges during high turning scenarios, visible during the motorway exit ramp
approximately 40% of the way.

Figure 6.9: Washout position estimation (red) vsmeasured position (blue) [m].
Experiment 4, ε = 35, 892m

6.1.2 Controller Output Observer (COO)
The COO estimated vehicle state values shows good tracking of the reference
signals supplied, longitudinal velocity, lateral and longitudinal acceleration
and yaw-rate, when tuned, all follow their respective values.

Both describing the same general motion, the longitudinal velocity and ac-
celeration is closely related in the vehicle model and therefore coupled when
tuning the weighting matrices. The wheel velocity encoders is deemed to be
a more reliable source of measurement and therefore take priority over the
longitudinal acceleration signal when tuning. This results in a estimated lon-
gitudinal velocity that is closely matching that of its respective measurement
while resulting estimated acceleration signal deviates a bit from its reference
signal, see Figure 6.10 and 6.11.
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Figure 6.10: COO longitudinal velocity estimation (red) vs measured velocity
(blue) [m/s] over time [s]. Experiment 2d

Figure 6.11: COO longitudinal acceleration estimation (red) vs measured ac-
celeration (blue) [m/s2] over time [s]. Experiment 2d

This deviation, when compared to the estimated lateral acceleration, is
noteworthy; the estimated longitudinal acceleration is less noisy and settles
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more closely to zero during stand still, clearly visible in Figure 6.12.

Figure 6.12: COO longitudinal acceleration estimation (red) vs measured ac-
celeration (blue) [m/s2] over time [s], five minute segment of experiment 4

The estimated yaw-rate signal is showing good tracking to its reference
signal in addition to a slight filtering effect, reducing signal noise. No notice-
able phase shift is observed, see Figure 6.13. The same effect can be observed
in the lateral acceleration signal but to a much lesser extent, see Figure 6.14.
The estimate and measurement are inextricable with the exception of the peak
values during signal spikes.

These differences between the lateral signals and the two discussed above
is down to the longitudinal modeling redundancies. The absent of cross mea-
surement in the lateral acceleration and yaw-rate signals enables almost perfect
tracking of each respective signal.
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Figure 6.13: COO yaw-rate estimation (red) vs measured yaw-rate (blue)
[rad/s] over time [s]. Experiment 2d

Figure 6.14: COO lateral acceleration estimation (red) vs measured accelera-
tion (blue) [m/s2] over time [s]. Experiment 2d

The unmodified Controller Output Observer (COO) shows extensive drift
in the lateral direction due to lack of alternative method of estimate velocity
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other than with acceleration measurements. This drift is as aforementioned a
result of erroneous acceleration signals in the lateral direction. This position
estimation error is growing continuously until the criteria for the lateral ve-
locity reset is met, see Section 4.2.1. This velocity reset in clearly visible in
Figure 6.15 after approximately 60% of the way whilst absent in Figure 6.16.

Figure 6.15: COO position estimation (red) vs measured position (blue) [m].
Experiment 2d, ε = 26, 177m
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Figure 6.16: COO position estimation (red) vs measured position (blue) [m].
Experiment 1b, ε = 133, 306m

Due to low accuracy of the position and lateral velocity estimation, no
observations can be made of the sensitivity to variation of weight.

When the COO is evaluatedwith a high-pass filter as described in the initial
part of this chapter instead of the integrate reset logic, the accuracy of the
estimations increases to a level comparable to the results of the Washout filter
method, see Figure 6.17 to 6.19. The integrate reset logic has to be omitted
due to the high frequency nature of the reset which otherwise produces a spike
in the velocity estimation.
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Figure 6.17: COO position estimation (red) vs measured position (blue) [m].
Experiment 1c, ε = 3, 487m

Figure 6.18: COO position estimation (red) vs measured position (blue) [m].
Experiment 2d, ε = 6, 893m
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Figure 6.19: COO position estimation (red) vs measured position (blue) [m].
Experiment 4, ε = 29, 972m

The lateral velocity estimations however shows erratic and unreliable be-
haviour as seen in Figure 6.20, pointing to that the results achieved might be
down to a overall low lateral velocity alternating signs eliminating any poten-
tial drift and/or offset.
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Figure 6.20: COO Lateral velocity estimation (red) vs measured velocity
(blue) [m/s] over time [s], Over a segment of time. Experiment 4

6.2 Kalman Filter
In this subsection the UKF results from two different driving scenarios will
be presented. Experiment 1a, low speed circular driving and Experiment 2d,
high speed slalom. See section 5.3 for details.

The low speed circular driving test was conducted at approximately 3 km/h.
One can see in Figure 6.21 that the longitudinal velocity based on wheel speed
average do not match with intended speed of the test. Velocity peaks at 2 m/s
(7,2 km/h) and velocity drops at 0.5 m/s (1.8 km/h) resulting in a unsteady test.
However, the UKF approximation did coincide with the measured values.



54 CHAPTER 6. RESULTS

Figure 6.21: Unscented Kalman Filter estimation of longitudinal velocity vs
corresponding measured values. Experiment 1a

The yaw-rate measured from the IMU was compared to the estimated yaw
rate from the UKF in Figure 6.22. Even though position is of most interest
the other states was observed to see that the filter is behaving dynamically
correct. One can see in Figure 6.22 that the estimated yaw-rate is following
the trend of the measurement quite accurate with a bit of noise. There is a
clear correlation between the values in Figure 6.21 and Figure 6.22. When the
longitudinal velocity drops there is a visible contribution to the yaw-rate e.g.
at 40 seconds in both figures there is a significant change. The velocity drops
due to a drastic change in direction hence the way rate peaks. This correlation
is a proof that the state estimations work properly.
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Figure 6.22: UnscentedKalman Filter estimation of yaw-rate vs corresponding
measured values. Experiment 1a

The lateral velocity is approximated without any sensor feedback and are
purely calculated. In Figure 6.23 the UKF lateral velocity is compared with
the measured velocity. The estimated lateral velocity is not based on any mea-
surements due to the uncertainty of that particular measurement as mentioned
earlier in this chapter. Despite the fact that the lateral velocity measurement is
of low quality there is resemblance between the two curves. Both peak at 20
seconds, and later again at 30 and 80 seconds.
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Figure 6.23: Unscented Kalman Filter estimation of lateral velocity vs corre-
sponding measured values. Experiment 1a

The position is estimated in Figure 6.24. In the position comparison the
measured GPS position is compared to the UKF estimated position on a Carte-
sian coordinate system. As seen in the figure, there is a small deviation from
the measured value and the approximated value. The RMS error in position
for this driving scenario was comparably small, ε = 0, 0351m
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Figure 6.24: Unscented Kalman Filter estimation of position vs corresponding
GPS values, Experiment 1a

The high speed test was a slalom driving pattern conducted at 50km/h. The
velocity was kept constant with a cruise control feature in the car. As seen in
Figure 6.25, the speed do not deviate significantly during the actual slalom.
The speed when initiating the first turn was approximately 13,5 m/s (48,6
km/h) and the speed when exiting the slalom was approximately 13 m/s (46,8
km/h). The estimated longitudinal velocity is close to the measured value. The
estimation method was accurate for longitudinal speed.
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Figure 6.25: Unscented Kalman Filter estimation of longitudinal velocity vs
corresponding measured values, Experiment 2d

Like the slow circular test the high speed slalom test was also compared
regarding its lateral velocity. The lateral velocity is a more important param-
eter for estimating the proper dynamics of the system since it is not measured
that easily. In a high speed slalom the motions are more transient as seen in
Figure 6.26 where the lateral measurement is compared with the UKF esti-
mation. The vy measurement which is not a parameter in the measurement
vector in the Kalman algorithm is objectively compared with the estimation.
It is clear that the filter estimation is giving realistic result considering that the
measurement is somewhat true for vy. As seen 24 seconds in, the measure-
ment deviates from zero which should not be the case as the slalom starts out
with straight driving hence no lateral forces or movement is introduced.
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Figure 6.26: Unscented Kalman Filter estimation of lateral velocity vs corre-
sponding measured values. Experiment 2d

Since the slalom maneuver is highly dynamic the yaw-rate is important
to be tuned for the filter to perform well. In Figure 6.27 the estimated yaw-
rate and the measured yaw-rate is compared and the resemblance is significant.
The estimation is coinciding all through the test. Although some abnormalities
occur at approximately 31,5 seconds. The UKF prediction is more noisy than
the measurement.

The position estimation in Figure 6.28 is very close to the GPS measured
value. With an RMS error of ε = 0, 2753m.
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Figure 6.27: UnscentedKalman Filter estimation of yaw-rate vs corresponding
measured values, Experiment 2d

Figure 6.28: Unscented Kalman Filter estimation of position vs corresponding
GPS values. Experiment 2d
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Discussion

In this section the results from previous chapter will be discussed and possible
sources of error will be highlighted and explained.

With the chosen methodology several sensors was used during the driv-
ing tests to enable simulation and testing of the filters. The quality of the
data collected was of great importance for the outcome of the filter simula-
tions. During the data collection, the GNSS-signals was recorded from the in-
tegrated GNSS-receiver in the XSENS unit. As mentioned earlier in the report
a GNSS-signal might be faulty and may behave unexpected especially during
urban conditions which was the case during this data collection procedure.
This may be a reason for decreased performance of the filters hence lower ac-
curacy in the position estimation. On top of uncertain GNSS-recordings some
other sensors may cause inaccurate results e.g. the steering wheel angle en-
coder and the wheel speed estimation logic. As seen in Figure 6.26 the initial
part of the graph, 22 seconds to 26 seconds are not a straight line as expected
when driving straight ahead with minimal steering input and minimal lateral
velocity. Since the lateral velocity is estimated from dynamic equations where
the steering wheel angle is the input taken from the measurements the quality
of that measurement is of great importance for the result.

To improve the reliability of the results a reference measurement of the
GNSS-position could be comparedwith the simulated results. With the chosen
methodology the GNSS-position retrieved from the XSENS unit is assumed to
be ground truth. A ground truth device like a GNSS with RTK function would
increase the credibility of the already satisfactory results.

Another way to minimize the errors in the measurements could be to im-
prove the installation of the IMU (XSENS). According to the XSENS user man-
ual the unit should be installed where the least transient accelerations occur
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[19]. For crafts/vehicles it is typically close to the centre of gravity. There-
fore the placement of the XSENS in these tests are somewhat bad since it was
installed arbitrarily in the front of the car. In addition to the placement, for
optimal results the plane that the X and Y axis are spanning i.e. orthogonal
to the Z axis should be parallel to the ground. If that is not the case some of
the force of gravity will act on wrong axis hence giving faulty readings unless
it is compensated for. Compensating for this angle is difficult since it can only
be approximated.

The mathematical models and methods in this paper were designed to ful-
fill this purpose. However, in some cases more complex vehicle models would
probably yield better results in the simulations. One important part of the ve-
hicle model is the choice of tire force representation. A linear tire model was
used instead of other mentioned tire models due to the fact that the truck in
which this results should be applicable to should not go faster than 5 km/h
for legislative reasons, hence the non-linear characteristics of the tire would
not be present. Some of the tests were conducted at high speed with transient
maneuvers were the tire performed in the non-linear region where the magic
tire model could result in more realistic simulations. One example where the
linear tire model is over estimating the lateral velocity is in Figure 6.26. One
can see that the filter is estimating a lateral velocity above the measured one
for all dynamic peaks.

In real applications when using a UKF or a KF the insight of sensor behav-
ior generally enhances the outcome of the filter. Insight of the sensors behavior
meaning knowing the sensor noise and expected errors as mentioned earlier
in this chapter. Since the KF matrices are designed to model the senor noise
it is of great importance that the values is correct. For some of the matrices
the numbers are set by specified values from the sensor manufacturer but for
the R matrix the values should originate from empirical data and experience
in the field. In this report the latter was not possible hence the matrices were
formed in a default way. This set-up might have affected the UKF results, es-
pecially the position estimation. As seen in Figure 6.28 the estimated position
of the UKF is very similar to the measured GNSS-position. This behavior is
probably due to poorly designed matrices which leads to a filter that is relying
to much on the GNSS.

Relying solely on the GNSS is not a clever decision due to previously men-
tioned issues with the GNSS-signal. In this paper another issue is also han-
dled regarding the GNSS. When sampling data the sensor frequency is dif-
ferent for different sensors. The IMU is transmitting data at a frequency of
400Hz whereas the GNSS-receiver is transmitting data at 4Hz. The way the
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UKF is designed in this paper the algorithm is requiring data from all sensors
simultaneously which is not possible at the different transmission rates. By
padding the GNSS signal it was possible. Padding in this context means that
if the GNSS-signal gave nothing when there was a IMU-signal the previous
GNSS-reading would be represented in the empty slot. This procedure could
decrease precision of the results for the UKF since the vehicle model is pre-
dicting a movement when the GNSS is saying that it is not moving. Instead of
filling the empty GNSS-slots with previous data a interpolation could help to
improve the precision.

In filters where the GNSS-position is not integrated in the filter algorithm
like the COO, drift is more likely to appear. The drift could have many rea-
sons like the ones mentioned above regarding IMU installation etc. In Figure
6.15 it is clear that the process have some inherent drift. To avoid this occur-
rence it might be suited to reset the COO in a better way to tell the algorithm
where it ’should’ be at that very time. One way of doing that is by using
LIDAR or other sensor mechanisms like Simultaneous Localization and Map-
ping (SLAM). Since this is already implemented inmany autonomous vehicles
it could be the next step to fend off such problems when using methods like
COO.
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Conclusion

When evaluating how position should be estimated for autonomous vehicles,
conclusions were made from the observations in Chapter 6.

The best position estimate were indisputably the Unscented Kalman Fil-
ter (UKF). Although the Washout filter principle had arguably the best lateral
velocity estimate, the integration from velocity to position was shown to be
superior in the Kalman algorithm. When estimating position, some form of
positionmeasurement feedback is paramount. These results show that if accel-
eration signals is relied upon, the lateral velocity will have some drift present.
This error will grow indefinitely if not corrected against some measurement
of position.

Some kind of Kalman filter is proposed for best estimation of position for
this autonomous application. This Kalman filter could itself include velocity
estimation or could be coupled to one of the velocity estimators evaluated in
this paper. If proceeding with the latter, the washout filter method showed
the best results estimating lateral velocity; this is because of its robustness to
the acceleration measurement quality. Since the usual driving behaviour in
commercial truck application is low dynamic and therefore more kin to the
lateral velocity model prediction of the Washout filter it should in theory be
more reliable than its acceleration based counterpart, the Controller Output
Observer (COO), a theory that also is reflected in the results.

The COO shows some promise when it is able to measure a vehicle state
by multiple methods, such as the wheel speed and the longitudinal acceler-
ation measurement. This have positive effects on the estimated vehicle state
acceleration, e.g. grounding it to zero when it ought to be. This ’cross mea-
surement’ is not available in the lateral direction, the accuracy of the estimator
is therefore limited by the quality of the lateral acceleration signal.
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Future Work

In addition to the findings in this paper, some relevant questions were identified
that fell out of the scope set out, these are listed below in no particular order.

9.1 Simulation Evaluation
Although the experimental evaluation strategy provided key insights into what
operational criteria were of importance, the results of the Controller Output
Observer (COO) was heavily penalized for its dependency of the acceleration
signal measurement quality. A more fair evaluation of its potential perfor-
mance would be acquired if evaluated in a simulation environment where the
acceleration measurements is more reliable.

9.2 Filter Coupling
The lack of position feedback measurement is a large detriment to the velocity
based estimators. The integration step from velocity to position is generally
better if done by a Kalman filter than a sole integration because of its position
feedback properties in parts. The position estimation of the velocity based
filters could potentially be significantly improved if coupled with a Kalman
filter is such a way, see Figure 9.1
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Figure 9.1: Velocity estimator coupled to a Kalman filter to better estimate
position

9.3 Estimation Validity
Continuous work on this subject could investigate the quantification of these
estimator’s validity. The vehicle state estimation is an important step for how
the vehicle perceives itself and its future trajectory. Therefore it is of high pri-
ority for the path planning algorithm to also know to which extent this state
estimation is valid and how this validity should affect the vehicle’s path plan-
ning.

One interesting aspect of this question is how the quantified estimation va-
lidity can be translated into operational safety for legislative purposes, some-
thing that is very topical at the time of writing.

9.4 Relevant Criteria for Position Estimation
Although touched upon in this paper, the question of how change in weight af-
fects the performance of the filters could be expanded upon; more significant
change of mass in relation to the vehicles own mass and the placement of mass
in both lateral, longitudinal and vertical position could provide interesting in-
sights that is absent in this paper. This question would be best suited to be
answered in a simulation environment were the repeatably is greater such that
the eventual differences could be easily quantified, something that was proven
hard to do in experimental evaluation.
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