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Chapter 1

Introduction

This thesis utilised a mobile ground robot that that was created in the Mechatronics
Hegre Kurs - Advanced Course (HK) MF2059 at Kungliga Tekniska Hegskolan -
Royal Institute of Technology (KTH). The robot had the ability to autonomously
drive and localise itself in its environment, however improvements were incorpo-
rated for it to localise itself and drive in a sparse environment. This project was
commissioned by a company and included support from KTH through the lend-
ing of a Light Detection and Ranging (LiDAR) sensor and an Real-time kinematic
(RTK) capable Global Navigation Satellite System (GNSS). The application of the
robot is covered by an Non Disclosure Agreement (NDA) so can not be revealed
here. However, key performance criteria and technical information can be disclosed.

In order to complete the ultimate task, it was critical for the system to accurately
position itself in a Global Positioning System denied (GPS-denied) outdoor environ-
ment with minimal features such as trees, shrubs, buildings or poles, also described
as a “sparse environment. The system also had be able to follow a prede ned path
accurately. The base system contained a 3D LIiDAR (Velodyne Puck 16 (VLP-16)),
a stereo-vision camera, a NVIDIA Jetson TX2 and a Raspberry Pi Model 3 B+.
These were all integrated on a Robot Operating System (ROS) on the MF2059
robot. However, this thesis modi ed the drive system, the construction and inte-
grated additional sensors to enable the robot to perform in a sparse environment.

1.1 Problem Statement

The aim of this thesis was to develop a system that could provide accurate posi-
tioning in a sparse, outdoor environment. In order to do this, a variety of position
estimation combinations and robot parameters were tested. These combinations
were tested in both a sparse and a densely featured environment to determine how
much improvement was made and what were the optimal parameters. The under-
lying hypothesis of the project was for the system to have the lowest positioning
error compared to the other scenarios in the sparse environment when all sensors
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CHAPTER 1. INTRODUCTION

were involved in positioning, at low speeds and at high payload.

1.2 Purpose and Delimitations

This thesis only discusses the localisation performance of the robot. It was not a
requirement of this thesis for the system to operate autonomously or complete path
planning. Therefore, the paths the robot takes during testing were not identical as
the robot was radio-controlled. In addition the Raspberry Pi microcontroller and
accompanying software developed for the MF2059 robot was not used in this thesis
as autonomous control was not required.

While Vidhyaprakash and Elango [3] include wheel diameter and wheel width in
their study of odometry error, this thesis only analysed speed and payload. Ad-
ditional funding and time would have been required to analyse more parameters.
If wheel diameter was also tested, three additional wheel sets would have had to
be purchased and designed into the robot chassis. Additionally, in Ravikumar and
Saravanan's study [4] wheel diameter a ected the odometry the least and the study
treated it as negligible in the results. While varying wheel width was included in the
design of the robot, varying wheel width in testing was not undertaken due to time
constraints. The future scope of work for this project could include varying wheel
width and wheel diameter in order to see if Ravikumar and Saravanan's study [4] re-
sult is repeatable. While quantitative values are included in this thesis for analysis,
it should be noted that many factors a ect the accuracy of these results. Mainly,
the angle of the GNSS output with respect to the algorithm output needed to be
manually adjusted so may not be consistent across all tests. However, all recorded
data is still useful and a discussion of the results considering this factor has been
included.

1.3 Research Question

The aforementioned problem statement led to the research question as follows.

How does optimising an Extended Kalman Filter (EKF) fused Lightweight and
Ground-Optimised LIDAR Odometry and Mapping (LeGO-LOAM) Simultaneous
Localisation and Mapping (SLAM) algorithm for position accuracy for a sparse
outdoor environment, compare to optimising for a densely-featured outdoor envi-
ronment? The optimisation consisted of varying across the below mentioned sensors
and test robot con gurations. The benchmark chosen for most accurate localisation
was the output of a GNSS.

Sensor scenarios tested were as follows:

1. Wheel odometry
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2. Inertial Measurement Unit (IMU) and wheel odometry
3. LeGO-LOAM and fused odometry (IMU and wheel odometry)
4. LeGO-LOAM
Test robot parameters were as follows:
1. Speed

2. Payload






Chapter 2

Background Study and Design Decisions

Mobile robots have a wide variety of applications such as cleaning, agriculture,
medical services, space exploration, military and entertainment [5]. The localisa-
tion process is an essential aspect of the mobile robotic system during navigation.
The localisation process provides the robot with the ability to determine its correct
position using collected sensor data [6].

There are two basic position estimation methods, absolute and relative [4]. Rel-
ative (local) localisation involves determining the position and orientation through
using information provided by various on-board sensors (e.g. encoders, gyroscopes,
accelerometers) [7]. Whereas absolute (global) localisation is determined from ob-
taining the absolute position using beacons, landmarks or satellites (e.g. GPS,
SLAM) [7]. Relative localisation often has the drawback of inaccuracy over time
due to the growth of errors while absolute localisation methods have di culty track-

ing in small distances, with limited landmarks and signal blockages [7].

This study was centred around both relative and absolute localisation within a
GPS-denied, sparsely featured outdoor environment. Both localisation methods
were used in order to maximise each of their bene ts while minimising errors. Fur-
ther reasoning will be described in the following sections.

2.1 GPS-Denied, Sparse, Outdoor Environment

There are many mobile robot applications within GPS-denied environments such as
navigation near large man-made structures, mining in tunnels and rescue operations
[8][9]. As such there is a growing interest for research in GPS-denied environments

[10].

Simultaneous Localisation and Mapping (SLAM) algorithms are the main alter-
native to a GPS in GPS-denied environments [11]. The main problem with au-
tonomous robot navigation is the ability to explore and navigate its surroundings
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CHAPTER 2. BACKGROUND STUDY AND DESIGN DECISIONS

and recognise its position without previous knowledge of the environment [12]. How-
ever, SLAM algorithms solve this navigation problem by generating geometrically
consistent environment maps and localising the robots and landmarks positions con-
currently [12]. SLAM is thus a key component of any autonomous robot and has
been greatly developed in recent years in the robotics context [13][14]. Most SLAM
technologies have been applied and created for indoor use or in urban scenarios, so
outdoor applications are of interest [15].

The main challenge that this project focused on was navigation in a sparse environ-
ment. Navigation in a sparse environment with a lack of features is an important
research area since many applications involve tunnels, corridors or agricultural elds
[16]. However, the accuracy and consistency of SLAM in such an environment is
known to be aected [17]. In particular, the position accuracy of LIDAR SLAM
where there are no obvious changes between two consecutive scanning outputs is
still considered unsatisfactory [10][18]. It is therefore important to improve the po-
sition accuracy of SLAM in a sparse, GPS-denied environment.

There are a few algorithms that have been specically constructed to deal with
sparse environments. Tian et. al. [19] discuss how a featureless environment can be
likened to the "kidnapping" situation where a mobile robot has been picked up and
moved in the same map so therefore cannot localise. In their paper, they discuss how
the robot's locomotion can a ect localisation in a featureless environment, proving
that a zig-zag motion while using Hector SLAM provides a positive improvement
[19]. However, changing the motion of this projects robot was not feasible due to
its application.

Other solutions to featureless environments are tracking multiple hypothesis and
metric based kidnapping detection [19]. However, these methods focus on nding
the best match of the current sensor data in the known map [19]. These meth-
ods assume that the current sensor data will be useful enough to be able to nd
something which may not be the case in this project. Hong and Ye [20] present a
pose graph based visual SLAM method which uses an Iterative Closest Point (ICP)
algorithm to enhance visual odometry in a feature-sparse environment. They show
that this method outperforms the traditional EKF method, however was conducted
indoors and is still in development at the time of writing.

Among the previously mentioned solutions, sensor fusion (the utilisation of mul-
tiple sensors for data acquisition) is a popular solution. Chen et. al. [21] discuss
the concept of a particle Iter to fuse sensors with multiple EKFs ensuring dead
reckoning in the absence of features. Deilamsalehy and Havens [22] also propose a
multi-sensor fusion to improve accuracy of 3D pose estimation with an IMU, a 2D

or 3D LiDAR and a camera in order to compensate for sensor de ciences. However,
this system was also only tested in simulation at the time of writing. Toroslu and
Dogan [23] implement their own sensor fusion algorithm for SLAM implementation
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with a optical encoder, an IMU sensor and an ultrasonic sensor (ultrasonic sensor
chosen over a LIiDAR due to cost). Saman and Lotfy [24] implement SLAM with an
EKF algorithm to fuse wheel encoders and a laser in order to explore the accuracy
and limits of the algorithm in a real life physical environment. They use EKF over
other fusion methods like Compressed Extended Kalman Filter (CEKF), Unscented
Kalman Filter (UKF) or a particle lter because EKF is the most common. Wang
et. al. [17] integrate an IMU with a 2D LiDAR sensor with EKF to produce a
position estimation nding that this greatly improved the accuracy. Yuan et. al.
[10] also use an IMU to aid a 2D LIDAR SLAM in a sparse environment. They use
a Micro Electro Mechanical Systems Inertial Measurement Unit (MEMS-IMU) to
compensate the initial pose of the robot that the LIDAR SLAM determines, again
utilising EKF. Tang et. al. post-fuse an IMU mechanisation algorithm with SLAM
positioning results with an EKF algorithm [25]. Among the IMU or encoder only
solutions dead-reckoning is utilised to determine the position of the robot. Dead-
reckoning or odometry (relative position measurements) can quickly estimate the
position of a mobile robot by kinematic model [26]. It provides dynamic informa-
tion of the position estimation of a mobile robot from sensors that output position,
velocity or orientation [26].

From the above information it can be determined from literature that aside from
speci ¢ new development algorithms, EKF with a LiDAR, wheel encoders and an
IMU are a popular choice for navigation in a sparse environment. In the case where
LiDAR data is sparse, the robot can navigate using odometry (with only IMU
and=or wheel encoder odometry information), allowing it to still nd its way in the
environment. The LIiDAR odometry can be reconsidered as input when the LiDAR
odometry is accurate again (i.e. once features are present).

2.2 Hardware

A component list of utilised hardware is included in Appendix A.

2.2.1 Sensors
LiDAR

The choice of sensor is based on the application and the environment. While there
are many sensors that can be used for environment perception, the LIDAR is an
important sensor to utilise as it dominates the current commercial mobile mapping
systems [27][28]. LiDARs have an advantage over visual systems due to the fact
that LIiDAR is not a ected by illuminance and produces more precise data [10][29].
In addition, many can view the environment in 3D and capture ne details over
long ranges which is required for this projects application [29]. LiDAR based ap-
proaches have an advantage over other SLAM solutions based on point clouds from
Red Green Blue Depth (RGB-D) sensors and from multi-view stereo reconstruction
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CHAPTER 2. BACKGROUND STUDY AND DESIGN DECISIONS

as they have a larger operating range and eld of view [18].

Most of the aforementioned studies analysing a sparse environment utilise a 2D Li-
DAR and 2D SLAM, mainly due to cost and weight limitations (Unmanned Aerial
Vehicle (UAV) applications) and indoor use.

Trevor et. al. [30] noted that 2D LiDARs miss landmarks that do not fall within
their measurement plane, surfaces that are parallel to the ground plane are also
missed, and additionally small amounts of clutter in the plane can aect their
ability to extract useful features. Cole and Newman [31] state that 3D SLAM is
important for outdoor environments that may have a non- at terrain. As the appli-
cation environment for this project is outdoor and non-smooth motion is expected,
it was safe to assume that a 3D algorithm would perform better outdoors on undu-
lating terrain than a 2D algorithm. Therefore, this project focused on 3D LIiDAR
implementations. The LIiDAR that was used is a Velodyne Puck VLP-16 loaned
from the Mechatronics department at KTH. The VLP-16 has a measurement range
of up to 100 metres with an accuracy of 3 cm[29]. The VLP-16 also has a vertical
Field of View (FOV) of 30 ( 15 ) and a horizontal FOV of 360 which makes it
a versatile sensor to use [29].

IMU

Inertial Measurement Unit (IMU) are popular navigation sensors due to their low
cost and their direct measurement of physical motion. IMUs commonly consist of
three gyroscopes and three accelerometers for measuring acceleration and rotation
of the body that it is applied to [32]. The accelerometers are mounted in angles
perpendicular to each other so that acceleration can be measured along the X-,Y-
and Z-axis [32]. The gyroscopes are mounted in a way that enables measurement of
rotation around the X-axis (roll), Y-axis (pitch)and the Z-axis (yaw) [33]. Figure.

2.1 presents a visualisation of the axis.

Figure 2.1. IMU measurement axes
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Inertial sensors have two main types of errors, deterministic (scale factor, bias and
misalignment) and stochastic (bias and scale factor instability) [32]. The position
and orientation of a robot can be calculated by the numerical integration of the ac-
celeration and angular velocity measurements of an IMU [34]. However, the position
and orientation errors grow over time due to the numerical integration [34]. The
position error increases at a much faster rate as two integration steps are required
[34]. The deterministic and stochastic errors also increase due to the integration
[34]. Due to these errors, IMUs are usually fused with another position sensor and
not used by themselves [34]. This is why the research question does not look at the
IMUs performance by itself.

The project utilised the same IMU as the previous work on the project for sim-
plicity.

Wheel Odometry Sensors

Wheel odometry is an inexpensive and easy positioning method for real time appli-
cations [4] and thus is an important aspect to focus on.

There are a variety of sensors that can provide position estimation. The two most
widely used sensors for position measurement are the encoder and the resolver [35].
The optical incremental encoder has high resolution performance but is high priced
and the resolver is large and heavy [35]. Another alternative to an optical encoder
is the linear hall sensor (utilised in magnetic encoders). A linear hall sensor has
a ner resolution than the square wave hall sensor so is the preferred out of the
two [35]. However, an optical encoder has a higher incremental accuracy and signal
frequency than the linear hall sensor [36]. Another possibility for position estima-
tion is the use of stepper motors. Stepper motors are used frequently in open-loop
positioning applications [37] and therefore are an option as wheel odometry input.
Stepper motors can wear due to abrupt motion and torque pro les and thus can
produce inaccurate positioning [37]. If stepper motors were implemented into this
project they would have been used instead of Direct Current (DC) motors, thus
introducing extra complexity.

This project required as high as possible resolution in order to obtain the most
data to complete as accurate as possible odometry calculations. In addition, this
data was needed to be obtained quickly and easily. Therefore, optical encoders were
chosen to be used.

There are two types of optical encoders, absolute and incremental. Absolute en-
coders have the possibility of a direct digital readout of their angular position while
incremental encoders just output pulses. Absolute encoders are more expensive and
so incremental encoders were chosen for this application.
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Speci cally two Kubler encoders were used due to availability.

Optical shaft incremental encoders are basically a disk with two sets of slots around
concentric circles [38]. Each gap in a slot produces a pulse and the two sets are in
quadrature, meaning it is possible to deduce the direction of motion from knowing
which pulse train is leading [38]. The calculations for position and velocity from
encoder pulses are described in Section 2.3.4.

2.2.2 Robot Parameters

When the system is in ‘odometry only' mode it is important that it is as accurate
as possible. Vidhyaprakash and Elango [3] state that odometry error is a disrupt-
ing factor of wheeled mobile robots. They show that speed, wheel diameter, wheel
width and payload are contributing parameters to odometry error and that there is
an ideal range within them to improve performance [3]. As aforementioned in Sec-
tion 1.2, diameter was not included in this study. The ability to vary wheel width
was investigated and included in the design but not tested due to time constraints.

Considering a test robot had to be modi ed for this project it was academically
interesting to determine the optimal physical parameters for accurate positioning.

The bounds of the parameters tested depend on the nal application and each pa-

rameter was considered at three levels following Ravikumar and Saravanan's study
of similar e ects [4]. Table 2.1 displays the physical values used when completing

the tests. These values were chosen due to the application and available hardware.
Note that speeds are an average as it was not possible to maintain a uniform speed
during the tests.

Table 2.1. Physical Parameter Values

H Average Speed (m/s) Payload (kg) H

low: 0.08 0
medium: 0.25 5
high: 0.4 10

Speed

Ravikumar and Saravanan's study [4] only looked at relative positioning, however,
speed may also a ect the absolute positioning from the LIDAR as well. Joerger
and Pervan [39] found that the higher the vehicle speed, the worse the position
accuracy was in a GPS/Laser scanner positioning system. They compared 1m/s
to 3m/s (approximately 3 to 10km/h) [39]. As the test path for the robot in this
thesis was only a short distance, in order to limit large accelerations slower average
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speeds were chosen. During testing the di erence between speeds were determined
on a case by case basis as there was no speed reading on the controller.

Robot Weight

The initial criteria was that the robot's minimum payload was 5kgs. This was
achieved with the nal product carrying variable additional weight above that min-
imum criteria. In order to observe any possible di erence based on payload, 10kg
was chosen as an upper limit and no payload was chosen as the base test case.

2.3 Software

The nal position output is represented by a centre point position. However, before
then, each position algorithm (SLAM, wheel odometry and the IMU) input into the
EKF provides its own positioning value. The IMU input to the EKF is described
in Section 3.1.2. Whilst there is software governing the IMU's output, this was not
developed in this thesis so is not elaborated on any further.

The main middleware for the robot is described in the following section before
outlining the SLAM, wheel odometry and EKF methods utilised.

2.3.1 Robotic Operating System

ROS is an open source middleware for large scale development of complex robotic
systems [40]. It has a collection of tools, libraries and conventions intended to
simplify creating complex robot behaviours [40]. For this reason ROS was already
implemented on the robot prior to this thesis and was used again.

2.3.2 Simultaneous Localisation and Mapping

As aforementioned, SLAM is a tool for robot map building and state estimation
[29]. The current State of the Art (SotA) LIiDAR based SLAM algorithm is LIiDAR
Odometry and Mapping (LOAM) algorithm [41]. A 3D LIiDAR based algorithm
called a LeGO-LOAM is an improved version of LOAM [29]. Shan et. al. improved
the LOAM algorithm to perform well on embedded systems and it is open-source
so this algorithm was used for the thesis.

2.3.3 EKF

The EKF is the nonlinear version of the kalman lter. The kalman lter, also
known as linear quadratic estimation, uses a series of measurements observed over
time to estimate the current mean and covariance of a particular state. It is useful
for providing one state estimate from a variety of state inputs. In this thesis these
state inputs come from di erent sensors and localisation methods.

The high level view of a kalman lter can be seen in g. 2.2.

11
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Figure 2.2. Discrete kalman lter cycle

Fig. 2.2 shows that the kalman lIter process continuously involves two stages: pre-
diction and correction. The prediction equations project forward in time utilising
the current state and error covariance estimates to obtaina priori (theoretical) es-
timates for the next time step [42]. The correction stage involves equations that
incorporate new measurements into thea priori estimate to provide an improved a
posteriori (estimated or observed) estimate [42].

The EKF is based on the non-linear state-space process and observation models
described by eq. 2.1 [42].

f(Xk 15Uk 1, Wk 1)
h(Xk; Vk)

Xk 2.1)

Zy

Here, f is the non-linear function that relates the state at the previous time step,
Xk 1 to the state at the current time step xx [42]. zk is the measurement vector and
Uk, Wk and vg are the control input, the process noise and measurement noise at
time step k respectively. h is a non-linear function that relates the state xx to the
measurement,z,. Considering that in practice the individual values of wy and vy are
unknown at each time step, the state and measurement vectors are approximated
without them providing eq. 2.2 [42].

Xk
pa

f(Xk 15Uk 1;0)

h(xy; 0) 22

xKk and z are the approximate state and measurement vectors due to excluding
and vy.

When input with a variety of states from di erent localisation methods, EKF equa-
tions Iter the noise and determine the most probable state. Thus, the EKF is a
valuable tool for this thesis.

12
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Design Decision

Whilst an EKF algorithm could be coded from scratch, in order to reduce the scope
of the project open source EKF algorithms were investigated. ROS supports two
open source EKF algorithms, robot_pose_ekf and robot_localisation [43][44].

robot_localisation was used due to the better readability and support.

2.3.4 Wheel Odometry

Wheel odometry is the determination of position based on wheel rotation. Before
wheel odometry can be calculated the encoders must be decoded. The chosen opti-
cal incremental encoders have a 6 channel output, A, B, A-, B-, Z and Z-. Channel
A and B are pulses o set by 90 degrees and therefore depending on the sequence
direction can be determined. The index Z produces one pulse per revolution.

There are a variety of methods to calculate the wheel odometry of two drive wheels.
Davidek et. al. [1] have a robot that has a similar geometric representation to the
robot in this project. The centre point position of the robot is a projection of the
drive wheels' axis centre point to the plane surface on which the robot drives [1].
This can be visually seen in g. 2.3 with coordinates as shown.

Figure 2.3. Robot wheels with marked zero coordinates (Xo; Yo)
From this diagram relationships between wheel paths and travelled path angles can
be calculated assuming the following:
Each wheel has one point contact to the oor.
There is no slippage.
Zero angular acceleration for both wheels.

From this model, simple geometric equations are formed to compute the momentary
position of the vehicle relative to a known starting point [45]. This process is called
dead-reckoning [45]. Fig. 2.4 displays the geometric relationships which are used
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ineq. 2.3, eq. 2.4, eq. 2.5, eq. 2.6 [1p_ refers to the left wheel path, pr to the

right wheel path, pc the centre path, b the distance between the wheels an®R is

the radius to the common centre of curvature. The fact that both circle segments
(for the left and right wheel paths) have a common centre of curvature is due to
the aforementioned model assumptions.

Figure 2.4. Geometric relationship between wheel paths and path angles [1]

pc = P22 2:3)
_ Pr - Pu (2.4)
b
) DFE)L PL 23)
C:RJ’lz):pR;prRpr:pC (2.6)

p. and pr are calculated from encoder tickst, and tg respectively. Both calcula-
tions are the same so only the left side will be explained.

Eq. 2.7 shows howp is calculated usingt,, the radius of the wheel, r. and
ticker per revolution of the encoder, T .

2 re to
L
Assuming su ciently small change in angle, the geometry involved in g. 2.5 can
be used to update the cartesian position from one position,Xo; Yo; o), to the next

position, (X1;y1; 1). EQ. 2.8

pL = (2.7)
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Figure 2.5. Geometric diagram showing coordinate update

8
3X1=Xo+ pc coy o+ =2)
S V1= Yo+t Ppc sin( o+ =2) (2.8)

1= + 0

pc is calculated from the individual wheel paths utilising eq. 2.3. These calculations
are the simplest method of wheel odometry.

However, Davidek et. al. [1] take this a step further and implement localisation
probability calculations as well. They utilise this as any error that occurs increases
with time and path length. This is because the position is calculated relatively to
the last calculated position. Any error can be introduced into the system due to sys-
tematic and non-systematic errors. Systematic errors are unequal wheel diameters,
misalignment, nite encoder resolution and sampling rate, while non-systematic er-
rors are uneven oors, unexpected objects, wheel slippage and skidding [1]. While
there are many probabilistic Iters, Davidek et. al chose an EKF over particle I-
ters or other methods as it uses a lower data bandwidth [1]. This is an important
di erentiation for this project as the localisation data was processed by a micro-
controller unit before being sent to the main processor thus bene ting from a low
data bandwidth. The EKF implementation takes into account the encoder noise co-
variance. The nal step that Davidek et. al complete is UMBmark and scale factor
parameter correction [1]. Their study showed that the addition of these corrections
reduced the localisation error.

Additional re nement processes can be applied to base wheel odometry system
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such as scale factor and UMBmark in order to improve accuracy.

Scale Factor Davidek et. al. performed a scale factor measurement in order to
reduce systematic errors [1]. This involved driving the robot in a straight line of

known length a number of times. The scale factorEg can then be calculated from

the calculated odometry and the actual length of the line as seen in [1, eq. 2.9].

Es _ L reallength (2'9)

L calculatedlength

This scale factor can then be applied to all calculated odometry values.

UMBmark The UMBmark measurement involves driving the robot in a marked
square pattern. The robot travels the four straight sections and makes three 90
turns. The odometrically measured position is recorded when the robot arrives
back at the starting position and is completed a number of times both clockwise
and anti-clockwise. If the measurement is correct the recorded end position should
be 0 in both x and y directions. However, in reality this most likely will not be the
case and these measurements can be used to produce scale factors for the odometric
algorithm. For further details on this correction technique refer to [1] and [45].

Design Decision

A basic odometry was implemented due to time constraints without using scale
factors, the UMBmark or an additional EKF algorithm.

2.4 Research Methodology

2.4.1 Ground Truth

The position output from the results need to be compared to a ground truth in or-
der to determine position accuracy and error. Literature uses a variety of methods.
One of the more common methods is to utilise a high precision GNSS [46], however
they are very expensive to buy. GNSS is used in collaboration with GPS systems
to provide precise location positioning anywhere on earth [47]. GNSS-compatable
equipment can use navigational satellites from other networks beyond the GPS sys-
tem [47]. More satellites means increased receiver accuracy and reliability [47].
RTK is a common technique used to improve the accuracy of one GNSS receiver
[2]. RTK involves utilising two or more GNSS modules. One of the modules acts as
a reference station that transmits over radio link, while the other GNSS acts as a
roving station on the robot [2]. To improve accuracy even further multiple stations
can be used to form a network [2]. Another common RTK technique is called net-
work RTK which is based on permanent reference stations which can be access from
the mobile rover by a subscription service and a sim card. Data is sent from these
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reference stations continuously to a management centre. RTK techniques provide a
constant centimetre or better level accuracy [48].

Other less accurate methods involve bench-marking against a state of the art al-
gorithm, creating complex measurement setups or running the algorithm only in
simulation [49]. WuIf et. al. created a Monte Carlo localisation algorithm utilising
highly accurate reference maps in a vector format [49]. Cristofalo et. al. utilised
an Optitrack motion capture system [50], an aerial view camera system, in order to
track the ground truth position of the robot [51]. While accurate, it can only cover
a limited volume and is expensive.

GNSS

GNSS signals are electromagnetic waves that propagate at the speed of light [2].
The basic measurement made by a GNSS receiver is the time required for the
signal to propagate from a satellite to a receiver. The signal is modulated with
a characteristic pseudorandom noise (PRN) code and a low rate navigation data
stream. The navigation stream provides information on the orbit of the transmitting
satellite and the o set of its local clock from the GNSS clock. The PRN facilitates
measurements of the signal transmission time, . Fig. 2.6 explains how the PRN
code can be used to obtain this value. A local copy of the PRN sequence is
generated which is compared and aligned to the signal received from the satelite.
The satellite (transmitter) clock corresponding to the currently received signal is
compared to the local receiver clock time. This results in the signal propagation
time, and through multiplication with the speed of light, the distance from receiver
to satellite is obtained.

Figure 2.6. Pseudorange measurements basic principle [2]

This measurement type is calledPseudorange however the GNSS is also capable
of two other measurement types calledCarrier Phase and Doppler. Carrier Phase
measures the instantaneous beat phase and the number of zero-crossings from the
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mixing of a reference signal to the nominal frequency to calculate distance. The
Carrier Phase is approximately 2 orders more precise thanPseudorange Doppler

is the change in the received frequency caused by the Doppler e ect and measures
line-of-sight velocity. Pseudorange Carrier Phase and Doppler measurements allow
the GNSS to calculate position, velocity and the time o set.

Network RTK

The aforementioned traditional GNSS measurement process is an absolute mea-
surement as position is directly determined. However, RTK is a relative positioning
method where more than one receiver simultaneously measures against the same
GNSS satelites. A GNSS receiver at a known position is called a reference station
while the other reciever of unknown position is called a rover. There may be multiple
reference stations which can be temporary or permanent depending on the method
used. Network RTK is a method that uses many permanent reference stations for
relative GNSS positioning. Users send the rover position to the management centre
of a subscription service and receive correction data of the position based on the
networked reference stations. In Sweden this management centre is called SWE-
POS. SWEPOS has 431 reference/base stations that can be accessed.

There are some advantages and disadvantages of network RTK. One of the ad-
vantages is the the method only requires one RTK unit compared to traditional
RTK that would require at least two (at least one needs to be a temporary refer-
ence station). This also means that the quality of the reference station does not
need to be veri ed by a user. Another advantage is that the measurement is under-
taken directly by a reference system adapted speci cally for GNSS measurement.
This is called SWEREF 99 in Sweden. Disadvantages are that the user does not
have access to the complete information about the calculation method and a mobile
network is necessary to communicate with the management centre.

Design Decision

The network RTK technique was chosen due to attaining the most accuracy and due
to accessibility. The disadvantages of this technique do not a ect this project. A
KTH department was able to lend a Trimble R4 GNSS receiver for testing purposes
and so the cost issue was negligible. The receiver had a controller with a sim card
that was connected to the SWEPOS management centre.

2.4.2 Position Accuracy Test

Following the methodology undertaken by Shan et. al. [29], the position accuracy
tests avoid aggressive manoeuvres where possible. The translational di erence be-
tween the error between the calculated position and the output from SWEPOS was
recorded and compared. The test path was similar both sparse and dense environ-
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ments for each parameter variation and the root mean squared (RMS) error was
recorded.

2.4.3 Test Path and Environment

Environment The research question required testing in two di erent environ-
ments, a sparse and a feature dense one. |Initially the sparse environment was
chosen to be a at open eld (30 metres between the robot and the next feature),
g. 2.7, and the dense one was the sparse environment with added features like the
tra c cones in g. 2.8. The de nition of a sparse environment (30 metres distance
from the robot to the nearest feature) was de ned from the projects application that
can not be disclosed. However, after initial testing, the sparse environment needed
to have some features in order to produce meaning-full results. This resulted in g.
2.8 becoming the sparse environment. The dense environment needed to be another
environment with as many as possible features to provide a good comparison. The
environment shown in g. 2.9 was chosen as dense. Both environment tests were
completed in as ideal as possible conditions for the position accuracy tests.

Figure 2.7. Robot in the ultra sparse environment

Test Integrity and Repeatability Each test was physically completed once
while recording ROS bags. A ROS bag is a le format in ROS that stores ROS
message data. Recording a bag means that all data going through the ROS system
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