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Abstract
With an increasing amount of advanced technology in the car industry, the develop-
ment of new features that improve user experience is essential in order to stand out
against competitors. A team at Volvo Cars has a desire to make their cars adapt to
the driver automatically before use and be ready for immediate use with a minimal
amount of manual inputs required by the driver. In this thesis, a prototype system is
developed where the intention of the driver is predicted by tracking the trajectory of
the key assumed to be carried by the driver to activate certain start-up functions in
the car in an optimal way in terms of energy consumption. To track the movement
of the key, UWB-technology has been used together with an Unscented Kalman
Filter to create position, velocity and heading estimates relative to the car. This
information is then used together with a loss function that quantifies the intention
of the driver and enables to determine which start-up functions that should be acti-
vated. A function concept enabling the proposed system to remember the outcome
of the trajectories, being whether the driver used the car or not, is also introduced.
This concept is discussed to model the usage patterns of the car to predict future
driver intentions as the car adapts to the driver over time. The results presented in
this thesis are used to evaluate how well this prototype can estimate the trajectory,
avoid false positives/negatives — where the vehicle misinterprets the intention of
the driver — and also to compare the power consumption of the prototype towards
other speculated methods. The evaluation shows that the prototype estimates the
trajectory well enough to be used for the intention prediction formulated in this
thesis, and that there is potential in the UWB-technology for even more accurate
estimations. The intention prediction algorithm performs better in comparison to
speculated systems in terms of up-time and minimising false positives, and this
minimisation of false positives led to a theoretical reduction in energy consumption.
This thesis is also meant as a starting point for Volvo Cars within this research area
and also as a proof of concept, where ideas for future improvements are discussed.
These improvements include how the inclusion of more data, such as GPS data, time
of day and calendar data of the driver can be fused to further predict the driver’s
intention, as well as further optimisation of UWB-technology within a vehicle.

Keywords: Intention prediction, Loss function, Vehicle wake-up, Ultra-Wideband,
Trajectory Estimator, False positives, False negatives, Decision-making method
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1
Introduction

Traditionally, many systems have been developed around the pressing of a button
� from light switches and phones to ticket machines and cars. This product-centric
approach has in return required the user to learn how the system works. Nowadays,
as an increasing amount of technology is becoming more advanced, several �elds are
transitioning into making their products more user-centric. This means that the in-
teractions with them are based on the intuition of the user rather than on the easiest
way to design the system. One of these �elds is the car industry, where Volvo Cars
has a goal of being in the forefront of user experience. Included in their vision is to
minimise the amount of manual adjustments required by the user, such as adjusting
mirrors, the steering wheel and comfort systems. Instead, the car should adjust to
the user automatically.

There are several systems a�ected by this product transition, and one of them is
the Vehicle Mode Management(VMM) system in charge of initiating the Vehicle
Wake-upsequence. In a Volvo car, this sequence generally consists of pressing the
unlock-button on the car key and being greeted by �ashing indicator lights, while
underlying software systems start up and prepare the car for use. Included among
the systems are a wide range of sub-systems, i.e. systems handling driver/passenger
comfort, battery warm-up for Battery Vehicles and the Vehicle Mode Management
system. At Volvo Cars, an important step in the product transition is that the VMM
should initiate the Vehicle Wake-up sequence when sensing the user approaching and
understand the intention of the user � without the manual input of pressing the
unlock-button on the car key. One current method available has already removed
the manual input of pressing the unlock-button, and is based on radio-polling be-
tween the car and the car key the user is assumed to be carrying. However, it still
requires the user to grab the door handle, thus not fully eliminating manual inputs.
With the VMM system sensing the user approaching, the ideal case is instead that
the car should be ready for immediate driving when the user reaches the car, and
therefore unlocking the door without the user grabbing the door handle. However,
if the user doesn't intend to use the car, no waking sequence should be initiated,
such as if the user simply passes the car when it is parked on the driveway.

In this thesis, the user of the vehicle will further on be referred to as the �driver�,
since it is considered more likely that the user is the driver of the vehicle. Various
devices may serve as a car key, such as a key fob or a mobile phone, and will further
on be referred as �key�.

1



1. Introduction

1.1 Problem formulation

In this thesis, the problem considered is that of predicting the intention of the driver
in order to initiate optimal wake-up. An example of when it should be initiated is
when the vehicle is parked on the driveway and the driver intends to use the vehicle
to get to work in the morning. Here, the vehicle should consider it plausible that the
driver will use the vehicle soon, with the help of speci�c data inputs, and initiate an
optimal wake-up before the driver has reached the vehicle. This wake-up consists of
processes such as battery warm-up, booting of navigation/infotainment systems and
adjusting comfort settings. Another example also concerns the vehicle being parked
on the driveway, but now the driver is mowing the lawn next to the driveway. In
both cases, the driver is within close range of the vehicle, yet in the latter case, no
wake-up sequence should be initiated since the vehicle should predict that the driver
does not intend to use the vehicle. One part in the principle of optimal wake-up
in the context of this thesis is that the wake-up should be tailored to the intention
of the driver. This means that if the vehicle is able to predict the intention of the
driver, it should be able to draw conclusions onhow the wake-up sequence should
be initiated, or if it should be initiated at all. By doing this, a minimum amount
of energy resources are spent, i.e. through processing power and high-energy pro-
cesses, which in return reduces the wear on system hardware of the vehicle such as
the battery.

A system that tries to predict the intention of the driver will inevitably make mis-
takes. One type of mistake is when the driver only passes the vehicle, or approaches
the vehicle and then walks away. This is referred to as afalse positive, which is when
the system, due to the faulty prediction, wakes the vehicle even though the driver
didn't intend to use the vehicle. Two key trajectories showing examples of this are
shown to the left in �gure 1.1.

Figure 1.1: Trajectories that might lead to false positives and false negatives
respectively.

At the same time, the system must be tuned to avoidfalse negatives, where the
vehicle does not wake-up at a comfortable range between the vehicle and the ap-
proaching driver who intends to use it. An example of this is seen to the right in
�gure 1.1. Minimising these false negatives correlates with maximising user comfort.

2



1. Introduction

Relating these two factors to optimal wake-up, the problem can therefore be for-
mulated asminimising the amount of false positives, while maximising user comfort.

Extending the topic of maximising user comfort includes that the visible systems
should not be confusing for the driver, nor frustrating or annoying. For example,
the headlights should not be turning on every time the driver passes the vehicle, a
function called �welcome lights�. This also includes the automatic adjusting of seats,
mirrors and other comfort systems. These are important user-related aspects that
need to be treated, other than aspects related to power consumption and systems not
directly visible to the driver that are handled by the minimisation of false positives.
In summary, the problem formulation for this thesis is to predict the intention of
the driver while minimising the amount of false positives and maximising the user
comfort to achieve optimal wake-up.

1.2 Purpose

The main purpose of investigating the problems formulated in this thesis is to assist
Volvo Cars on their progress towards making their products more user-centric within
vehicle wake-up, and to propose bene�cial technical solutions that can be used in
other areas of their products. The reason for Volvo Cars to research into developing
more user-centric products is due to their belief that it will improve the overall user
experience. The current solution for waking the vehicle requires the user to take
actions before being able to drive. Therefore, the purpose is tominimise manual in-
puts required, such as adjusting seats and mirrors, and tominimise the waiting time
for the driver before all systems are up and running, such as infotainment systems.
These are seen as valuable solutions for Volvo Cars in their progress to enhance the
user experience for the driver.

Another purpose of this thesis is to research the usage ofultra-wideband (UWB)
radar technology that Volvo Cars believe they could bene�t from. They believe
that this technology could be of assistance for minimising manual inputs, as it
could be used to sense the driver approaching by polling the key that the driver is
assumed to be carrying and thus initiate the vehicle wake-up. By also investigating
this technology overall in this thesis, a starting point in the research of it can be
established and used in similar applications in current and future products that has
considered this type of technology.

1.3 Objectives

The main objective of this project was to research and develop a propositional pro-
totype solution for an optimal wake-up with a minimum of manual interactions
through driver intention prediction using UWB technology. This prototype will
from here on be referred to as theDriver Intention System. This system will then
be evaluated in how well it can predict the intention of the driver in relevant sce-
narios. The intention of the driver is based on probabilities which makes it close to

3



1. Introduction

impossible to completely avoid false positives and false negatives. There is therefore
a trade-o� between the false positives and false negatives, where a system with zero
false positiveswould simply never activate any wake-up functions, and a system
with zero false negativeswould keep the functions up all the time. Therefore, the
objective was to develop a method that�nds an optimum between minimising false
positives and minimising false negatives.

Another important objective was to evaluate the performance of the UWB system,
and to determine if UWB technology is suitable for the Driver Intention System.
Volvo Cars also requested that the inclusion of additional data types to further
model the intention of the driver was investigated. This includes data such as GPS
position of the vehicle and time of the day for vehicle use.

Formally, these objectives have been divided into four main research questions (RQ)
that this thesis answers and discusses.

ˆ RQ1: How can the key position measured by UWB sensors be used to opti-
mally estimate the position and trajectory of the key, and how robust is this
solution?

ˆ RQ2: To what extent can the Driver Intention System be used to identify
false positives, that is, when the driver seemingly intends to use the vehicle
but decides not to and how can they be minimised in order to minimise power
consumption?

ˆ RQ3: How does the Driver Intention System perform for trajectories that
enter or leave the vehicle, thus trajectories that can induce false positives and
false negatives respectively, compared to other proposed solutions?

ˆ RQ4: How can the UWB-data and other data types such as GPS position
and time of day be used to further model the intention of the driver?

1.4 Scope

The scope of this thesis is limited to the Driver Intention System representing a pro-
totype system that is created entirely in MATLAB. Predicting the intention of the
driver is also made from technical where the main baseline is the observed kinemat-
ics of the key. The Driver Intention System has a Bayesian framework as core and
is divided into three main algorithms: Measurement processing, a key Trajectory
Estimator (TE) and a driver Intention Predictor (IP). The Measurement processing
handles outlier data in the UWB sensor data. The tracking functionality of the TE
is based mainly on nonlinear �ltering of UWB sensor data, to estimate the position
and trajectory of the key with the use of motion and measurement models. In the IP
algorithm, a decision-making function is utilized that decides which functions in the
vehicle that should activate, depending on the current information that is produced
from the TE algorithm. The possibility of combining data from the TE algorithm
with additional data, such as vehicle GPS position and time of day, is also discussed
and a proposed method for this using simulated data is introduced.

4
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Due to this area not being extensively researched at Volvo Cars, the more general
scope of the thesis is that it will serve as a starting point in their research regarding
wake-up with driver intention prediction. Therefore, a solution ful�lling the funda-
mental requirements of wake-up through intention prediction has been considered
as adequate by the company, and no extensive research for a completely integrated
solution has been made. This means that the Driver Intention System will only
provide the binary outputs for activating certain example functions in the vehicle.
This thesis also serves as a proof of concept and as a foundation for further work
within similar areas of wake-up, such as �vehicle sleep�, being when the driver walks
away from the vehicle after using it.

1.5 Previous work

Driver intention prediction is a �eld that has been widely researched lately when
it comes to a vehicle in tra�c and when the driver is already using the vehicle
which can be read in [2] and [3]. However, there seems to have been little research
for waking the vehicle by predicting the intention of the driver. There are some
examples of remote wake-up such as �Passive Entry�, which is only triggered by the
measured distance between the key and vehicle [4], or the received signal strength
(RSSI) [5]. The solution proposed in this thesis takes additional factors into account,
such as evaluating the trajectory of the key to better estimate the driver's intention.

1.6 Limitations

In order to limit the scope and work during the given time span, the following lim-
itations have been introduced in the project.

ˆ The localisation of the key is simpli�ed to a 2D problem, and the di�erence
in z-axis is assumed to be negligible. With the amount of sensors used in this
thesis, a robust 3D localisation is not feasible.

ˆ Both the collected and simulated measurement data in 2D Cartesian coordi-
nates are assumed to be perturbed by zero-mean, white Gaussian noise.

ˆ Computations made within the prototype are made with a computer device
that may require high processing power. The computations are therefore as-
sumed to be easily transferred to another device, such as a mobile phone or
to a cloud service in a later stage for potential commercial use.

ˆ The wake-up functions in the vehicle are assumed to be activated or deacti-
vated by binary outputs from the prototype. The project will not focus on
implementing these functions in a real vehicle.

ˆ The placement and setup of the UWB sensors is only provisional due to a com-
plete integration within the vehicle being infeasible with the acquired UWB
equipment.

ˆ The collection of data is made with a UWB module that is connected with
a USB cable to a computer to depict the key. This limits the movement of
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the key and introduces a potential risk of disturbances from the computer
corrupting collected measurements.

1.7 Thesis outline

In chapter 2, the theoretical preliminaries are presented in detail such that anyone
with su�cient mathematical foundation can understand the thesis in its entirety.
This chapter covers the vehicle wake-up preconditions, presentation of hardware,
and basic theory of the implemented methods used in the project.

The methodology for the implementation of the system is described in chapter 3.
By following this, it should be possible to understand how the prototype is formed
and what decisions were made during the design process.

Chapter 4 covers the experimental setups which were made to produce the results
that can be seen in chapter 5.

Lastly, chapter 6 covers the discussion of the presented results and of the project in
its entirety. This chapter also provides some propositions regarding how the project
can be further improved for future work. The last part of this chapter presents the
conclusions of the project conducted in this thesis.
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2
Theoretical Preliminaries

The following chapter contains information about the systems discussed at Volvo
Cars to locate the key, as well as the current preconditions within that area that have
resulted in the ideas for the Driver Intention System. It also presents the hardware
as well as the overall theory used for the Driver Intention System. Connected to the
implementation of the Driver Intention System, this includes the UWB radar sensor
technology and the development board used, followed by how the sensor data is used
for estimating the trajectory of the key through Bayesian �ltering and �nally how
decision making is made through a speci�c Decision Making Method. Connected to
the development of the Driver Intention System and the performance evaluation of
it, the visualisation tool created in MATLAB and the performance metrics used are
presented.

2.1 Vehicle wake-up preconditions

The latest cars developed by Volvo Cars are �tted with multiple sensors capable of
sensing the presence of the key, whether inside or outside the car, and future cars
are planned to have systems capable of estimating the position of the key. One
system that is discussed at Volvo Cars is a multiple-zone system that senses which
zone the key is located in, and activates the functions related to that zone. The
location of the key is made by measuring the distance to the key as a function of
the received signal strength. A visualisation of this with an example of zones can
be seen in �gure 2.1

Figure 2.1: Illustration of the discussed zone system with zones connected to
functions for vehicle wake-up.

As an example, when the key approaches and enters Zone 3, the wake-up sequence
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is initiated. If the key continues approaching the car and enters Zone 2, the next
set of systems are activated, and so forth. As the key enters the Zone 1, also being
a security zone, the doors are unlocked and the driver can enter the car. If the key
exits any of the zones, the wake-up sequences connected to that zone are deactivated.
An overview example of the speci�c functions that each zone could contain can be
seen in table 2.1.

Table 2.1: Example description of each zone and corresponding functions.

Zone 1 - Lock/Unlock the vehicle
- Open/Close doors
- Full welcome lights

Zone 2 - Eject/Retract door handle
- Adjustment of comfort systems

- Adjusting suspension leveling system
Zone 3 - Discrete welcome light

- Infotainment systems

Another system discussed is a key positioning system with multiple sensors located
around the vehicle. This system localises the key in 2D Cartesian coordinates[x y]>

in relation to a �xed coordinate system of the car. An example of the localisation
using two sensors mounted on the left hand side of a car is shown in �gure 2.2.
The intersection of the two yellow lines, marked with a black arrow, determines the
position of the key in relation to the vehicle.

Figure 2.2: Car with multi-sensor localisation system to locate the key.

2.2 Ultra-wideband (UWB)

Based on the preconditions presented in section 2.1, this thesis investigates the use
of the UWB technology as a multi-sensor localisation system. The UWB technology
is a rising trend for positioning methods, although the concept for the �rst antenna
design was patented as early as 1898 [6]. According to The Federal Communications
Commission, the de�nition of UWB is a radio-frequency (RF) signal occupying a
portion of the frequency spectrum that is greater than 20% of the center carrier
frequency, or has a bandwidth greater than 500 MHz [7]. Because of the wide fre-
quency band, the UWB transmitters are able to transmit large amount of data while
maintaining very low transmit energy consumption. Also, due to its good ability of
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travelling through di�erent kinds of materials, it is a very popular choice for indoor
positioning where there are many re�ecting objects and other physical interference.
Because of this, the UWB system is also suitable for being placed inside a vehicle
where the signal can penetrate through the chassis.

Other noteworthy characteristics of the UWB system is the low signal-to-noise ratio,
high accuracy (5-30 cm) [8], and low interference with other RF signals due to its
low spectral density. A �gure showing the di�erence in power spectral density for a
UWB signal and a Narrowband (NB) signal can be seen in �gure 2.3.

Figure 2.3: Illustration of the di�erence in spectral density between UWB- and
NB signals [7].

2.2.1 Position estimation through trilateration with time of
�ight

The UWB system consists of anchors and tags where the anchors are antennas with
�xed positions, and the tags are the antennas which are to be estimated. Both the
anchors and the tags are con�gured to transmit and receive data. To compute the
distance from a single tag to the anchor (r ), a method called Time of Flight (ToF)
is used, which evaluates the speed of the sent radio waves (speed of light,c), and
the time it takes for being transmitted from the tag until it is received back (tT oF ),

r =
ctT oF

2
: (2.1)

By utilizing several receivers in the system, the distance from the single tag to
the anchors can be used with trilateration to estimate the relative position of the
transmitter with cartesian coordinates. An illustration of the concept for estimating
position through trilateration is shown in �gure 2.4.
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Figure 2.4: Illustration of trilateration for a phone as tag and three anchors [9].

The problem in �gure 2.4 can be solved for the position of the tag,(x; y) if the three
sensor positions,(x i ; yi ), with i 2 f 1; 2; 3g, are �xed and known, and each radius,r i ,
is well estimated [9]. The position of the tag is derived from the equation for each
of the circles, which is de�ned as

8
><

>:

(x � x1)2 + ( y � y1)2 = r 2
1

(x � x2)2 + ( y � y2)2 = r 2
2

(x � x3)2 + ( y � y3)2 = r 2
3

(2.2)

By expanding the squares for each equation, they can be rewritten as
8
><

>:

x2 � 2x1x + x2
1 + y2 � 2y1y + y2

1 = r 2
1

x2 � 2x2x + x2
2 + y2 � 2y2y + y2

2 = r 2
2

x2 � 2x3x + x2
3 + y2 � 2y3y + y2

3 = r 2
3

(2.3)

By subtracting the second row in equation 2.3 with the �rst row, then subtracting
the second row in the same equation with the third row, the problem can be written
as the two equations below

(� 2x1 + 2x2)x + ( � 2y1 + 2y2)y = r 2
1 � r 2

2 � x2
1 + x2

2 � y2
1 + y2

2 (2.4)

(� 2x2 + 2x3)x + ( � 2y2 + 2y3)y = r 2
2 � r 2

3 � x2
2 + x2

3 � y2
2 + y2

3 (2.5)

To simplify this problem, the known variables can be grouped together to get a
system of the formA; B; C; D; E; F . The new system of equations can then be
written as (

Ax + By = C
Dx + Ey = F

(2.6)

The solution to this equation system with two equations and two variables can then
be solved

x =
CE � FB
EA � BD

(2.7)

y =
CD � AF
BD � AE

(2.8)
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2.3 DWM1001: Two-Way-Ranging Real-Time Lo-
cation System

The UWB sensor used in this thesis is called a Decawave DWM1001 module [10]
which contains a Bluetooth Low Energy (BLE) module and a UWB module, and
can thus communicate through both protocols. DWM1001 also includes a 3-axis
accelerometer which further improves the position estimation. A schematic of the
module is shown in �gure 2.5.

Figure 2.5: Schematic overview for the DWM1001 module containing a BLE mod-
ule, UWB-module, and 3-Axis accelerometer [10].

The UWB module is a transceiver which means that it can both receive and transmit
data. The BLE modules have protocols for connectivity to a smartphone or tablet
(requires a 6.0 or more recent Android device) with the purpose of visualisation and
con�guration of the UWB system. The UWB antenna has a centre frequency of 6.5
GHz and a point-to-point range up to 60m within line of sight.

Each of the modules can be con�gured as an anchor, tag, or listener, where the
position of the anchors can be set and �xed with cartesian coordinates. The UWB
system has the potential of supporting up to thousands of tags being tracked simul-
taneously, whereas this project focuses on using only one or two tags to be tracked.
To remotely track the position of the tag, the DWM1001 module can be con�gured
as a listener to communicate over USB to a computer for real-time logs. The listener
appears as invisible in the UWB system and serves only the purpose of evaluating
the system. A visualisation for an example UWB system with four anchors, several
tags and a listener can be seen in �gure 2.6.
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Figure 2.6: An example UWB system and the di�erent communication protocols
being in use [11].

2.3.1 Development board, DWM1001-Dev

The Development board DWM1001-Dev [12], see �gure 2.7a, is an extension to the
DWM1001 module with the purpose of further evaluation and programming of the
module. This board can be inserted into a casing from Decaware, see �gure 2.7b,
which is the unit being used for this project. This casing comes with a battery slot
for Lithium 123 batteries, which can act as power source for the sensor instead of
the alternative of using a mini-USB cable.

(a) DWM1001-Dev board [12]. (b) Casing and battery
slot for DWM1001-Dev
[11].

Figure 2.7: Development board and casing for Decawave DWM1001.

2.4 Bayesian statistics, inference and �ltering

With the hardware and theory of the UWB technology used in this thesis now ex-
plained, and therefore how the Driver Intention System observes its surroundings,
the following section regards the processing of the gathered observations made by
the system to create position estimates of the key through Bayesian �ltering. The
reason to why Bayesian �ltering has been used is due to the observations being noisy
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and that the measurements alone would produce inaccurate data of the position of
the key.

The term Bayesian �ltering refers to using Bayesian statistics when formulating op-
timal �ltering, whereas optimal �ltering stems from a set of methods that can be
used for estimating the state of a system that is indirectly observed through noisy
measurements [13]. The state of the system, denoted asxk at a discrete-time in-
stancek, can consist of dynamic variables such as position, velocity, orientation and
angular velocity.

Observing a system through a noisy measurement sequencey1:T = f y1; :::; yT g re-
sults in uncertainties of the system state sequencex0:T = f x0; :::; xT g. To mitigate
this, one can use Bayesian inference where the state of the system is modelled as a
probability density, p, rather than by a �xed deterministic value. This is achieved
by using Bayes' Theorem where theposterior density, p(x0:T jy1:T ), is derived using
a prior , p(x0:T ) and a likelihood, p(y1:T jx0:T ). The prior distribution describes all
the state densities up until discrete-time instanceT and the likelihood describes the
probable evolution of the measurements given the prior. Given the prior distribution
and the likelihood, the posterior distribution of all the states given the history of
measurements can be summarised through Bayes' theorem as

p(x0:T jy1:T ) =
p(y1:T jx0:T )p(x0:T )

p(y1:T )
/ p(y1:T jx0:T )p(x0:T ): (2.9)

However, working with full sequences ranging from 0 toT and computing posterior
distributions of all the states quickly becomes problematic as soon as additional
measurements are obtained, due to the set of states growing larger. This needs to
be addressed for real-time applications regardless of computational resources. The
solution to this is to model the system states asmarginal distributions of possible
state variablesand restricting the class of the system models as Markovian [13]. This
produces a more general probabilistic state space model withthree main components:

1. A prior distribution , x0 � p(x0), a distribution describing the initial state
distribution at discrete time step k = 0 or the previous state distribution at
discrete stepk > 0.

2. A system model , xk � p(xk jxk� 1), a transition probability distribution
specifying the system dynamics and its uncertainty as a Markov sequence.
With the system model, it is possible to make aprediction of what the next
state might be given the history of measurements up untilk � 1.

3. A measurement model , yk � p(yk jxk), also calledlikelihood, a conditional
probability distribution of the measurement given the state, specifying how
the measurementsyk might evolve based on the current state,xk . With the
measurement model, it is possible toupdatethe prediction made by the system
model using an observation made at discrete-time instancek.

With the probabilistic state space model above, theorem 4.1 in [13] shows that the
computation of the posterior distribution up until a measurement made at discrete
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time step k now can be summarised as:

p(xk jy1:k) / p(yk jxk) p(x0) ; for k = 0 (2.10)

p(xk jy1:k) / p(yk jxk) p(xk jy1:k� 1) ; for k > 0 (2.11)

where

p(xk jy1:k� 1) = p(xk jxk� 1) p(xk� 1jy1:k� 1) : (2.12)

What has now been obtained are the basic building blocks of aBayesian model,
a crucial step in the context ofBayesian �ltering, the recursive methodology to
compute the posterior density. In order to practically make use of these building
blocks provided by Bayesian inference, numerical methods are necessary for com-
puting the posterior distributions. In this thesis, Gaussian approximatorsare used
to approximate the posterior distributions as Gaussian distributions, meaning that
the posterior distribution is formulated in the following way

p(xk jy1:k) ' N (x̂kjk ; P kjk): (2.13)

where x̂kjk is the posterior mean, also being the state estimation, andP kjk is the
posterior covariance matrix, both at discrete-time instancek given all the informa-
tion up until k. How these are calculated will be speci�cally dependent on which
Bayesian �ltering method is applied, which further determines the performance of
the �ltering. This will be covered further in section 2.4.1.

As mentioned earlier, two of the three main components in a Bayesian model is the
system model and the measurement model. When it comes to target tracking ap-
plications, these can be modelled in a wide variety of ways depending on the system
and measurement properties. The system model, denoted asf , describes the evolu-
tion of the system states, such as the movement of a target in 2D. The uncertainty
of this evolution, or process noise, is de�ned by the process noise covariance ma-
trix Qk . The measurement model, denoted ash, describes the likely evolution of a
measurement given the statexk . The uncertainty of this evolution, or measurement
noise, is de�ned by the measurement noise covariance matrixR k . The matrix Qk

together with the chosen �ltering method de�nes the predicted covariance matrix
P kjk� 1, which is the uncertainty of the predictions made by the system model. Simi-
lar reasoning can be done for the measurement model, where the matrixR k together
with the chosen �ltering method de�nes the posterior covariance matrixP kjk , and
therefore the uncertainty, or covariance, of each state estimation. How these covari-
ance matrices are computed in detail depends on the choice of �ltering method used
in this thesis, which will be covered in 2.4.1. Concerning the models used in this
thesis, a Gaussian 2D Coordinated Turn model with polar velocity components is
used as the system model. This model has the discrete-time state vector

xk = [ pxk pyk vk � k ! k ]> (2.14)

where (pxk ; pyk ) is the target position in Cartesian coordinates,vk velocity, � k the
heading and! k the turn-rate to model the movement of the key as seen in �gure
2.8.
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Figure 2.8: Illustration of the rotational kinematics of the target, in this case a
smartphone, using the Coordinated Turn Motion Model with Polar Velocity.

In �gure 2.8, the target heading � k 2 [� �; � ], where the velocity,vk , takes positive
values for � k > 0 and negative values for� k < 0. The values of the turn rate! k

depends on the discrete time derivative of� k . Since the model considers the motion
of a target, it can further on be considered as a motion model. As described in [14],
this model assumes that the target is driven by linear rotational acceleration inputs
v and ! , which in this thesis are decided by the additive Gaussian noise parameters
� v and � ! . The discretised model is of the form

xk+1 = f (xk ) + G(xk ) k ;  k =
h
� 2

v � 2
!

i >
(2.15)

where

f (xk ) =

2

6
6
6
6
6
6
4

pxk + 2vk
! k

sin( ! k T
2 )cos(� k + ! k T

2 )
pyk + 2vk

! k
sin( ! k T

2 )sin(� k + ! k T
2 )

vk

� k + ! kT
! k

3

7
7
7
7
7
7
5

; G(xk) =

2

6
6
6
6
6
6
4

T 2

2 cos(� k) 0
T 2

2 sin(� k) 0
T 0
0 T 2

2
0 T

3

7
7
7
7
7
7
5

(2.16)

and T being the sample time. This model setup has shown to be a su�cient choice
in terms of tracking performance as shown in [14] and [15]. By using the matrixG,
a zero-order-hold behaviour is established on the inputs creating a smoother input
sequence rather than having impulses for each sample instance. WithG and  k , the
process noise covariance matrixQk , consisting of the two input parameters� v and
� ! , is modelled as

Qk = G(xk) diag(� 2
v ; � 2

! )G(xk)> : (2.17)

The measurement model used in this thesis is a linear model. This is due to the
Bayesian �ltering utilising the trilaterated measurements from the UWB-sensors
being in 2D Cartesian coordinates[x y]> while the Bayesian �lter outputs estimates
in the same form. Therefore, the measurement model is as follows:

h(xk) = diag( pxk ; pyk ; 0; 0; 0): (2.18)

The measurement model covariance matrixR k depends on the type of sensors used
and can be modelled through experiments. In this thesis, this has been done through
experiments with the UWB-sensors. The chosen covariance matrix will be explained
further on in chapter 3.
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2.4.1 Gaussian approximations and the Unscented Kalman
Filter

In the context of target tracking, Bayesian �ltering is a common and powerful type
of method to determine the state of a target with nonlinear properties, for example,
movement. This is often realised with a nonlinear Kalman Filter, such as one that
estimates the system states through Gaussian approximations which has shown to
be an e�ective way to estimate state evolutions of a nonlinear system [13], [15]. Tra-
ditionally, the Kalman Filter is a common choice for estimating the state of a system
with linear properties. To handle systems that are nonlinear, many di�erent types
of extended version of the Kalman Filter has been developed, such as the Extended
Kalman Filter (EKF) or the Unscented Kalman Filter (UKF).

The �lter used in this thesis is the Unscented Kalman Filter, which is a relevant
choice of �lter for applications similar to the one treated in this thesis, as shown
in [15] where it was used for a tracking application. Other work, such as [16], has
also shown that the traditional Kalman Filter performs well together with UWB-
sensors. In [16], the author suggests working with a nonlinear Kalman Filter to
achieve better performance, such as the Extended Kalman Filter, to better handle
disturbances caused by an obstructed line of sight. In this thesis, the Unscented
Kalman Filter is applied instead of the Extended Kalman Filter, due to its better
performance according to the results shown in [15] as well as its more straightfor-
ward implementation and less heavy computations as discussed in [14].

There are di�erent ways of implementing a nonlinear Kalman Filter constructed as
a Gaussian approximator. However, all Gaussian approximators rely on a prior dis-
tribution of the state estimate that initialises the �ltering and that this is followed
by two main steps computed recursively:

1. A prediction step : x̂ kjk� 1 � N (x̂ kjk� 1; P kjk� 1), where given the prior state
estimationx̂ k� 1jk� 1, a prediction of the next statex̂ kjk� 1 is based on the system
model f and predicted covariance matrixP kjk� 1.

2. An update step : x̂ kjk � N (x̂ kjk ; P kjk), where the posteriorx̂ kjk is computed
by combining the prior and measurement likelihood, as �rst introduced in
Bayes' theorem in equation 2.9.

The way the Unscented Kalman Filter conducts these two tasks is by relying on
the Unscented Transform for the approximation of �ltering distributions. It does
this by approximating the mean and covariance of the nonlinear function directly
by generating a set of sampledsigma points using the prior meanx̂ k� 1jk� 1 and
covarianceP k� 1jk� 1. As explained in chapter 5.5 of [13], the Unscented Transform
is a numerical method that can be used for approximating the joint distribution of
random variablesx and y that are de�ned as

x � N (m; P); y = g(x) (2.19)

It is also mentioned that the idea of the Unscented Transform is that it is easier to
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approximate a probability distribution than it is to approximate the nonlinear func-
tion g, therefore a set of sigma points are chosen to capture the mean and covariance
of the original distribution of x directly. These sigma points are then propagated
through the non-linearity of g and the mean and covariance of the transformed
variable are estimated directly from them. As can be seen in [13], the Unscented
Transform forms the sigma points and conducts the Gaussian approximation as
illustrated in �gure 2.9.

(a) Original (b) Transformed (c) Original with
sigma points

(d) Transformed
with sigma points

Figure 2.9: A non-linear transformation applied on a random variable, shown in
2.9a, resulting in the random variable shown in 2.9b. The Unscented Transform
then approximates the mean and covariance of the transformed random variable
by computing sigma points (black circles) in the original random variable in 2.9c
and then propagates them through the nonlinear functiong resulting in what can
be seen in 2.9b. It is from 2.9b that the mean and covariance then are directly
estimated from. The dashed line represents the true distribution and the solid line
is the approximation. All �gures are adapted from [13].

To show how the performance using the Unscented Transform di�ers from the more
traditional Extended Kalman Filter, [13] also illustrates what the corresponding
results of the linearisation-based approximation of the EKF would look like in �gure
2.10b.

(a) Original, EKF (b) Transformed, EKF

Figure 2.10: Illustration of the linearisation-based transformation made by the
Extended Kalman Filter. Both �gures are adapted from [13].

As one can see when comparing 2.9d and 2.10b, the approximated covariance com-
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puted by the Unscented Transform is far more accurate than the one made by the
EKF, which further results in more con�dent state estimations.

In �gure 2.9c, a total of �ve sigma points are used and the placement of these are
directly related to the prior mean and covariance and weightsW0 and Wi . In this
thesis, due tox̂k� 1jk� 1 is assumed Gaussian, the weights are assigned as

W0 = 1 �
n
3

; Wi =
1 � W0

2n
(2.20)

where n is the amount of state variables in̂x k� 1jk� 1. To connect to the state rep-
resentations used in this thesis, the variablesx, P and g introduced in 2.19 can be
substituted with x̂ k� 1jk� 1, P k� 1jk� 1 and f for the prediction step andx̂ kjk� 1, P kjk� 1

and h for the update step. With reference to the detailed theory in [13], the Un-
scented Kalman Filter computes the posterior mean and covariance the following
way:

ˆ Prediction step:
1. Form a set of2n + 1 sigma points using the prior mean and covariance

x̂ k� 1jk� 1 and P k� 1jk� 1

X (0)
k� 1 = x̂k� 1jk� 1; (2.21)

X (i )
k� 1 = x̂k� 1jk� 1 +

s
n

1 � W0
(P1=2

k� 1jk� 1) i (2.22)

X (i + n)
k� 1 = x̂k� 1jk� 1 �

s
n

1 � W0
(P1=2

k� 1jk� 1) i (2.23)

2. Propagate the sigma points through the system modelf

X̂ (i )
k = f (X (i )

k� 1) (2.24)

3. Compute the predicted mean̂xkjk� 1 and the predicted covarianceP kjk� 1:

x̂kjk� 1 =
2nX

i =0

Wi X̂
(i )
k (2.25)

P kjk� 1 =
2nX

i =0

Wi

�
X̂ (i )

k � x̂kjk� 1

� �
X̂ (i )

k � x̂kjk� 1

� >
+ Qk� 1 (2.26)

ˆ Update step:
1. Form a new set of2n + 1 sigma points using the predicted mean and

covariancex̂ kjk� 1 and P kjk� 1, wheren is the amount of state variables in
x̂ kjk� 1.

X (0)
k = x̂kjk� 1; (2.27)

X (i )
k = x̂kjk� 1 +

s
n

1 � W0
(P1=2

kjk� 1) i (2.28)

X (i + n)
k = x̂kjk� 1 �

s
n

1 � W0
(P1=2

kjk� 1) i (2.29)
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2. Propagate the sigma points through the measurement modelh

Ŷ (i )
k = h(X (i )

k ) (2.30)

3. Compute the measurement likelihood̂ykjk� 1, the predicted measurement
covarianceSk and the cross-covariance of the state and the measurement
Ck :

ŷkjk� 1 =
2nX

i =0

Wi Ŷ
(i )
k (2.31)

Sk =
2nX

i =0

Wi

�
Ŷ (i )

k � ŷkjk� 1

� �
Ŷ (i )

k � ŷkjk� 1

� >
+ R k (2.32)

Ck =
2nX

i =0

Wi

�
X (i )

k � x̂kjk� 1

� �
Ŷ (i )

k � ŷkjk� 1

� >
(2.33)

4. Compute the Kalman Filter gain K k , the posterior state meanx̂kjk and
posterior covarianceP kjk conditional on the obtained measurementyk :

K k = CkS� 1
k (2.34)

x̂kjk = x̂kjk� 1 + K k

h
yk � ŷkjk� 1

i
(2.35)

P kjk = P kjk� 1 � K kSkK >
k (2.36)

With the posterior mean and covariance obtained, the state estimation̂x kjk �
N (x̂ kjk ; P kjk) has been computed using the Unscented Kalman Filter.

2.5 Decision-making method

There are many di�erent methods for making decisions, and to know if a chosen
method is suitable or not depends on the given environment and accessible types
of data. Initially, Bayesian Decision Theory was planned to be implemented as the
decision-making method, which incorporates the uncertainty of the states to �nd
optimal decisions [17]. However, a lack of prior knowledge for the covariance of
the chosen states led to the choice of evaluatingdeterministic values, rather than
probability distributions. Aside from this di�erence, the method that was developed
shares much of the same fundamental structure as the Bayesian Decision Theory,
which is presented in this section. Further explanation of the design choices behind
the decision-making method of this thesis can be found in chapter 3.4.

To summarize the objective of this decision-making method, the goal was to develop
a method that quanti�es the intention of the driver through a loss function, mainly
from evaluating the movement of the key. This value should then be evaluated with
a decision function to decides which functions to activate in the vehicle.

2.5.1 Decision space

The decisions,a 2 A , can be formulated in various ways depending on the problem or
situation. It can for example be expressed as a real value (a 2 R ), multidimensional
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value (a 2 R n ), or binary value (a 2 f 0; 1g). For this thesis, the decision will be
binary values for three actions in a vector,a = [ a1; a2; a3]> , which are listed below.
The functions for each zone can be seen in table2:1.

a1 : Start/Turn o� Zone 1 functionality

a2 : Start/Turn o� Zone 2 functionality

a3 : Start/Turn o� Zone 3 functionality

2.5.2 Information space

The elements of the information space� 2 � can also be expressed in several di�erent
ways, similarly to the decisions. The information for this project is based on the
distance and movement of the key which are expressed as real values (see section
3.4). More information can easily be added to the information space even if they
are not expressed as real values, such as time of the day, GPS position of vehicle,
events, etc.

2.5.3 Loss function

The loss function is used to evaluate how good a decision is depending on given
elements of the information space. The result from a loss function is always a real
value, and a simpli�ed expression can be seen in equation 2.37.

L : � ! R (2.37)

The choice of loss function is subjective, but the general purpose is to evaluate the
loss of each decision depending on the current information to quantify which decision
is most suitable for the current situation. This project focuses on achieving a low
return value from the loss function when the probability of using the vehicle is high.
In essence, this return value captures the intention of the driver, which is used for
making the decision. A more in-depth description of the loss function for the project
can be seen in section 3.4.

2.5.4 Decision function

Unlike the standard use of Bayesian Decision Theory, a simple decision function
was created to convert the output value from the loss function into the actions that
activate/deactivate the functions in the vehicle;

D(L ) : R ! a (2.38)

The decision function consists of threshold values for Zone 2 and Zone 3, that are
denoted by � z2 and � z3. The function outputs ai = 0 for each zone (i 2 f 2; 3g) if
the loss value is higher than the respective threshold, andai = 1 if the loss value
is lower. Due to security reasons, Zone 1 was designed to be activated only by the
distance to the vehicle and thus not included as a decision to be made from a loss
value threshold. Further description of the decision function can be found in section
3.4.
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2.6 Performance evaluation

With the technology for how the Driver Intention Systems observes its surroundings
presented, as well as the theory for how these observations are used, this �nal sub
section explains the development tool and performance evaluation metrics used.
For the development of the Driver Intention System and to obtain a visual way of
studying its performance, a visualisation tool was developed in MATLAB. With
this tool, the performance of the accuracy and precision of the position estimates
made by the system could be studied using speci�c metrics such as Cumulative
Distribution Functions (CDF) and Root Mean Square Error (RMSE). These are
common metrics studied in the performance of tracking algorithms such as UWB-
radar systems [18]. Metrics to study the overall performance of the Driver Intention
System have been established as well. This has been done by studying how the
Driver Intention System handles false positives/false negatives in comparison to
other similar systems, such as the discussed solution by Volvo Cars using zone-based
systems based on distance introduced in section 2.1. Doing these comparisons have
also allowed the studying of the performance of the Driver Intention System in terms
of energy consumption. The performance for optimally waking the vehicle is also
evaluated, where the distance from the driver to the vehicle is of interest and the
performance of �nding an optimum between minimising false positives and false
negatives for the system has been evaluated.

2.6.1 Visualisation tool in MATLAB

The �rst step to study the performance of the Driver Intention System was to develop
a visualisation tool using MATLAB. This tool visualises the trajectory of the key,
and is also made for evaluating the functionality of the TE and IP algorithms. The
plot of this visualisation tool can be seen in �gure 2.11.

Figure 2.11: A plot made by the visualisation tool in MATLAB showing a car
surrounded by three static zones A, B and C
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The vehicle seen in the center of �gure 2.11 is a Volvo XC40, which is the car model
used during the experimental setups in section 4. Surrounding the vehicle are three
static zones, where the zone closest to the vehicle, Static Zone A, is the area used
for unlocking the security zone, namely Zone 1. This static zone is based on the
distance from the centre of the vehicle to its corner points,lc = 2:400 m, which is
calculated from the vehicle width,lw = 1:863 m and vehicle length,l l = 4:425 m.
The other two zones are de�ned as circles with the radius of5 m and 10 m, and are
included for the viewer to easily identify the distance of the measurements to the
centre of the vehicle. The exact measurements for each zone are presented in table
2:2.

Table 2.2: Radius values in metres of the static zones A, B and C.

Static zone A Radius 2 [0; lc � 0:25] � [0; 2:15] front and rear of car
Radius 2 [0; lc + 0:25] � [0; 2:65] left and right of car

Static zone B Radius 2 [� 2:15; 5] front and rear of car
Radius 2 [� 2:65; 5] left and right of car

Static zone C Radius 2 [5; 10]

2.6.2 Accuracy and precision

The accuracy is calculated by evaluating the Euclidean distance between the esti-
mated coordinates,̂px;k ; p̂y;k and the true coordinates,ptrue

x;k ; ptrue
y;k of the key through

the following equation

TEaccuracy =
q

(p̂x;k � ptrue
x;k )2 + ( p̂y;k � ptrue

y;k )2 (2.39)

Evaluating the precision produces metrics that can be used to assess the robustness
of the position estimates produced by the TE as it reveals the variation of position
estimates over several sequences of �ltered measurement data, each with a sequence
length N , also referred as �runs�. To compute the precision of the position estimates
during one run requires the median of all state estimates made in that run,̂pmedian

y;1:N ,
followed by the Euclidean distance to each estimated position, which is summarised
in the following equation

TEprecision =
q

(p̂x;k � p̂median
x;1:N )2 + ( p̂y;k � p̂median

y;1:N )2; N = Sequence length (2.40)

Combining accuracy and precision, the accuracy of the estimations can be expressed
as a Cumulative Distribution Function (CDF) which gives a metric for the perfor-
mance of the position estimates that is often easier to understand, i.e. that an
estimate has a precision of 1 metre with a 90 percent accuracy.

2.6.3 Root Mean Square Error, RMSE

This metric presents the error between the true and of any estimated state class� ,
and is for each estimate at discrete-time instancek calculated by

RMSE � =

s P
(� true

k � �̂ k)2

N
; N = Sample size (2.41)
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Driver Intention System

The following chapter explains how the Driver Intention System has been imple-
mented using the theoretical preliminaries introduced in the previous chapter. It
also explains further methods used to gather and make use of the measurements
from the UWB-sensors, as well as motivations for the speci�c design choices made.

3.1 System outline

As introduced in the �rst chapter of this thesis, the implemented system consists
mainly of three function blocks; Measurement processing, the Trajectory Estimator
(TE) and the Intention Predictor (IP). In this section, their purpose and functional-
ity is explained as well as motivations behind some of the main design decisions that
were made during their development. Figure 3.1 shows an overview of the system
as a block diagram.

Figure 3.1: An overview of the Driver Intention System where the measured dis-
tances to the keydi;k with i = 1:::4 for each anchor are converted into the vector
x (T E )

k used in the Intention Predictor to create the boolean action vectorak describ-
ing which actions to be performed.

The variables shown in �gure 3.1 are presented with explanations in table3:1.
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Table 3.1: Explanations to the variables used in the Driver Intention System seen
in �gure 3.1.

Alg. Variable Explanation

MP
di;k
~di;k

~px;k ; ~py;k

Measured distance from anchori at instancek to the key
Processed measurement from anchori at instancek to the key
Key coordinates based on processed measurements

TE

x0

P0

f
h
Qk

R k

p̂xk ; p̂yk

�̂ k

v̂k

d̂k


̂ k�

|v̂k |
'̂ k

x (T E )
k

Prior state mean vector
Prior state covariance matrix
Motion model function
Measurement model function
Process noise covariance matrix
Measurement noise covariance matrix
Estimated key coordinate
Estimated heading of the key w.r.t. axis parallel to the car
Estimated velocity of the key
Estimated distance to the key
� :th estimated heading of the key w.r.t. center of car
Absolute value of estimated velocity of the key
Estimated angle of arrival of the key
TE-state vector consisting of�̂ k and '̂ k

IP

" k

�̂ k

L (�̂ k)
D(L (�̂ k))
ak

Parameters such as GPS position and time of day
IP-states consisting ofd̂k , 
̂ k� , |v̂k |
Loss value, describing the probability of driver using vehicle.
Decision function, activates zones depending on the loss value
Action describing which zone/zones has been activated

3.1.1 Choice of system design

The development of the Driver Intention System required several design choices, but
the main design choice was based on the point of view from which the modelling
of driver intention was made. In this thesis, modelling the intention of the driver
is made from a kinematic point of view, which narrowed down to the three state
variables used in the loss function, namely the distanced,relative heading 
 and
velocity v. The relation between these variables and the centre of the vehicle can
be seen in �gure 3.2.

Figure 3.2: Relation between the variablesd; 
 and v and the centre of the vehicle.
Here illustrated with smartphone assumed to be carried by the driver.
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For the sake of notation simplicity, the chosen variables can be combined into a
single vector� . The relationship between the chosen variables, either a low or high
intention of using the vehicle and either a low or high loss value can be seen in table
3.2.

Table 3.2: Extreme-values of the IP-states modelling the intention of the driver

d 
 v Intention of using the vehicle L (� )
Low Low High High Low
High High Low Low High

This means that a low distance valued, a low relative angle value
 and a high ve-
locity value v � all together corresponding to the driver being close to vehicle, facing
the vehicle and travelling at a high velocity � implies high intention. Contrarily,
a high distance valued, a high relative angle value
 and a low velocity valuev
� all together corresponding to the driver being far away from the vehicle, facing
away from the vehicle and travelling at a low velocity � implies a low intention. To
make the relationship between the intention and the loss function more intuitive,
one can think of the intention of using the vehicle as always being high, since it is
the goal of the driver in the vehicle approach context of this thesis, and that the loss
function decides how much this intention is reduced. Therefore, a low loss means a
high intention, and a high loss means a low intention. Since this thesis focuses on
the driver approaching the vehicle, the main problem became constructing a system
that could convert the data from the UWB-system into the variablesd; 
 and v, and
through these, mathematically model the intention of the driver.

The �rst block seen in �gure 3.1, measurement processing, gathers raw measure-
ments from the UWB system and pre-processes and re�nes these by removing out-
liers. The pre-processed measurements are then trilaterated into 2D Cartesian coor-
dinates that are then used as inputs to the next block, the TE algorithm. Here, the
choice of �ltering method was based on the desire that the information regarding
the movement of the key is highly accurate as well as the assumed properties of the
obtained trilaterated measurements being zero-mean and Gaussian. Having detailed
information about the movement of the key was considered fundamental for the ac-
curacy of the intention prediction. This therefore required modelling the movement
of the key with a nonlinear model since the model produces such adequate range of
information.

With the choice of using a nonlinear model to model the movement of the key, this
led to the choice of using a nonlinear Kalman Filter for position estimation. Since the
measurements output from the measurement processing are assumed as Gaussian,
this lead to the choice of a Gaussian approximator as Kalman Filter. The Unscented
Kalman Filter was chosen due to it being a well-performing and common type of
Gaussian approximator used in tracking applications. With a high-performing �lter
producing position estimates, these estimates are converted into states that are used
by the loss function to quantify the intention of the driver. Finally, a decision func-
tion uses the loss values produced by the loss function and decides which functions
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in the vehicle that should be activated. The detailed explanation of these function-
alities and the design choices made for each function block are further presented in
the following subsections of this chapter.

3.2 Measurement processing

This section describes the chain of events from extracting the distance for each
sensor to how the trilaterated measurements~px;k ; ~py;k are processed to the form
which is used as input for the Unscented Kalman Filter. By connecting the tag to
a computer with USB, the raw measured distances from the anchors to the tag can
be logged to the computer device with a sample rate of 10 Hz. There are several
ways of logging the measurements, both for real-time and batch processing. This
section will only cover the method for batch processing which is used for the results
in this report, whereas the real-time solution is only used for live demonstration.
The chosen method for batch processing is to use the inbuilt UART shell through a
terminal program, Tera Term. To connect and communicate with the UART shell,
the COM port for the tag must be selected, and the terminal baud rate needs to
be set to 115200 bits per second. The information is then logged to a �le that is
used as input to a MATLAB script. More details of the setup can be read in the
MDEK1001 System User Manual [19]. The measurements from the four anchors;
DW8A0C, DW1591, DW408F and DW4338, for an example trajectory can be seen
below in �gure 3.3.

Figure 3.3: Raw measurements from four anchors for an example trajectory.

The measurements su�ers from noise which occurs when the signal quality of the
anchor decreases. This is often realised as an outlier. A visible example for this
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is around samples 90-120 for the anchor 408F. The accuracy of the measurements
also decreases heavily when the distance is further than 12 m, which can be seen in
�gure 3.4, extracted from another trajectory that is moving straight from the rear
and outwards from the vehicle.

Figure 3.4: Raw measurements from two anchors for moving straight from the
vehicle. Showing the di�erence in accuracy when measurements are over 12m.

The outliers caused by these disturbances heavily in�uence the trilateration in a
negative way, leading to a deterioration in the accuracy of the sensors as the distances
grows. This can be assessed by preprocesing the measurements to remove the most
obvious outliers.

3.2.1 Outlier removal

The preprocessing of measurements contain three implemented methods for remov-
ing outliers. Removing outliers in this context corresponds to replacing the mea-
surement value with a value of NaN (Not a Number).

Method 1: Removing raw anchor measurements that increase with 0.8m, or larger,

than the last non-NaN measurement.

Method 2: Removing any raw anchor measurements above 12 m.

Method 3: Removing any trilaterated measurements that lies outside the

radius of 10 m from the vehicle.

The �rst method is implemented to handle measurement outliers caused by lower
signal quality, shown earlier in �gure 3.3. An increase in the measured distance
of 0.8 m between a sample at instancek and k + 1 with a sample rate of 10 Hz
corresponds to a velocity of at least 8 m/s over one sample instance, which classi�es
it as an outlier. The results from implementing this method on the measurements
seen in �gure 3.3 can be seen in �gure 3.5.
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Figure 3.5: Comparison of raw and processed measurements from four anchors,
gathered from an example trajectory.

The two remaining methods were implemented to counter the decreasing accuracy
for a longer distance, which led to a constraint of only tracking the tag within a
10 m radius from the centre of the vehicle. The measurements for distances further
than 10 m from the vehicle are considered too uncertain, resulting in trilaterated
measurements that are not feasible for �ltering. The three closest anchors are chosen
for the trilateration, which further improves the accuracy since a shorter range
is more reliable. Optimally, the signal quality of each anchor could be utilized
such that the three anchors with best quality are chosen; however, this information
is not available through the chosen implementation with the UART shell. The
resulting di�erence of using raw measurements and combining all three methods of
preprocessing measurements for the trajectory presented in �gure 3.4, can be seen
in �gures 3.6a, 3.6b.
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