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Abstract/Resümee

Development of Localisation System Framework and Ground Truth Generation Pipeline
for KuupKulgur

This thesis presents the development of a localisation system framework that includes a custom-
built Unscented Kalman Filter (UKF) library for lunar rovers and a lidar-based ground truth
generation method for evaluating its performance. The work is motivated by the Estonian mi-
crorover project KuupKulgur, which requires a localisation system as part of its larger auton-
omy software development. The created system needs to be modular to support the project’s
changing requirements due to its early stage of development, which includes different robot me-
chanical modifications and sensor configurations. A C++ localisation library that includes the
UKF was developed together with a Robot Operating System (ROS) package that enables future
integration with the existing software stack of KuupKulgur. The library supports modular state
and measurement vector handling with easily interchangeable system models. For ground truth
generation and evaluation, a ROS package was implemented that utilises the Direct LiDAR-
Inertial Odometry (DLIO) algorithm with the Ouster OS-1 lidar. This work serves as the basis
for estimating lunar rover localisation and verifying the results. Verification is performed by
comparing localisation results to ground truth generated from a lunar analogue site using the
microrover KuupKulgur.

Keywords: T125 Automation, robotics, control engineering, T320 Space technology

Märksõnad: Kuupkulgur, Moon, rover, robot, localisation, UKF

Lokaliseerimissüsteemi raamistiku ja võrdlusandmete genereerimissüsteemi väljatöötamine
KuupKulgurile

Bakalaureusetöö eesmärgiks on luua lokaliseerimissüsteemi raamistik, mis sisaldab endas spet-
siaalselt kuukulgurite jaoks loodud UKF tarkvarateeki ning lidaripõhist võrdlusandmete loomise
meetodit süsteemi täpsuse hindamiseks. Töö on ajendatud Eesti mikrokulguri projektist Kuup-
Kulgur, mille autonoomiatarkvara arenduse üks osa on lokaliseerimissüsteemi loomine. Kuna
projekt on alles varajases arengujärgus ja robotit võivad oodata ees erinevad muudatused mehaanikas
ning sensorite konfiguratsioonis, siis peab loodav süsteem olema modulaarne ja paindlik. Töö
käigus arendati programmeerimiskeeles C++ lokaliseerimisteek koos UKF implementatsiooniga
ning sellele tuginev ROSi teek, mis võimaldab hiljem süsteemi sujuvat integreerimist KuupKul-
guri olemasoleva tarkvaraga. Teek toetab modulaarset oleku- ja mõõtmisvektorite haldamist
ning võimaldab süsteemimudelite vahetamist. Võrdlusandmete määramiseks ja lokaliseerim-

2



istulemuste hindamiseks loodi eraldi ROS pakett, mis kasutab Ouster OS-1 lidarit koos DLIO
algoritmiga. Töö loob platvormi Kuukulguri lokaliseerimiseks ning tulemuste kontrollimiseks.
Verifitseerimine toimub Kuu-analoogkeskkonnas KuupKulguriga kogutud võrdlusandmete abil,
võrreldes neid lokaliseerimissüsteemi väljundiga.

CERCS: T125 Automatiseerimine, robootika, control engineering, T320 Kosmosetehnoloogia

Märksõnad: Kuupkulgur, Kuu, kulgur, robot, lokalisatsioon, UKF
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1 Introduction

The high latency experienced when communicating with extraterrestrial rovers makes it im-
possible for a human operator to intervene when something goes wrong during an autonomous
operation. For example, the communication latency with the Mars Science Laboratory rover
Curiosity is between 8 and 21 minutes, depending on the relative positions of Earth and Mars
[1]. The dependence on orbital relay satellites and the overused Deep Space Network only
worsens the problem. This warrants the need for the rover to perform activities autonomously.
They need to be able to move, perform science experiments, and detect faults autonomously,
making robotic missions on other celestial bodies possible.

By design, rovers are built to explore and move on the planetary surface, making autonomous
movement one of the most essential aspects of rover operations. The rover’s knowledge of its
state is a critical prerequisite for such mobility. The availability of this data allows the rover to
make decisions that influence its behaviour and movement trajectory. The localisation system
is responsible for handling this task. It takes input from available sensors, fuses the data, and
estimates the machine’s state. For such robots, the state usually consists of position, orientation
within the environment and relevant velocities and accelerations.

This thesis presents the development of such a localisation system for the Kuupkulgur, a small
modular rover being developed at Tartu Observatory for future Lunar surface missions. It is one
of the first steps in creating a full autonomy software stack for the rover. Its success would be a
step towards autonomous navigation on a mission to the Moon further in the future.

1.1 Background

Recently, there has been an increasing interest in returning to the Moon. The Artemis project,
led by National Aeronautics and Space Administration (NASA), aims to create a permanent
human presence on the Moon and in orbit [2]. Efforts are being made by other governmental
space agencies as well, like the European Space Agency (ESA) mission Argonaut or the China
National Space Administration (CNSA) Chang’e Project [3, 4]. Private companies, relatively
new agents in the field, have also been making steady progress. Firefly Aerospace’s mission
Blue Ghost 1 completed the first successful soft lunar landing by a commercial company on
March 2 2025 [5]. Previously, there were other attempts as well, by the Astrobotics Peregrine
lander (which suffered a propellant leak en route) and by Intuitive Machines Odysseus lander
(which landed on the Moon sideways) [6, 7].
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Long-term human presence on the Moon pushes for more complex lunar missions than the
Apollo era. The logistics of having humans stay away from Earth for an extended period raise
the mission difficulty considerably. At the same time, private companies aim to be efficient
and minimise costs. This has led to the development of micro rovers, which only weigh a
couple of kilograms [8]. They would aim to support a larger (human) mission cost-effectively,
for example, as a device for surface mapping or sample collection [8]. Examples of recent
missions with such rovers include the Peregrine One mission with the Carnegie Mellon rover
Iris as a payload [6], the ispace-EUROPE rover TENACIOUS [9], with a planned landing on
the Moon in June 2025, and NASA’s Cooperative Autonomous Distributed Robotic Exploration
(CADRE) project [10].

One of the rovers following this concept is KuupKulgur. It is being developed as a student
project at Tartu Observatory, University of Tartu. The goal is to provide a flexible autonomous
rover platform to support standardised payloads, similar to the CubeSat standard, for lunar
exploration [11]. During 2023 and 2024, the primary focus was on developing a robust and
suitable hardware to provide a testing platform for Estonian space-technology companies for
low Technology Readiness Level (TRL) payload testing. The current version of KuupKulgur
can be seen in Figure 1.1. Now that a good hardware platform is available, the focus is shifting
towards autonomy software development.

A significant component of the autonomy software development for Kuupkulgur is creating an
extensible localisation system. It is the backbone for the rest of the autonomy software. The
localisation system helps determine the rover’s state within the environment, forming a basis on
which other subsystems can build. For example, obstacle and feature detection require knowing
the rover’s position within a global map to position the detected objects on the map accurately.

Figure 1.1: KuupKulgur in the Space Mission Simulation Centre in Tartu Observatory
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1.2 Problem Statement

KuupKulgur requires a localisation system to support the ongoing development of its autonomy
software and improve its value as a testing platform. Such a system must be flexible to allow
for rapid prototyping and development. The rover is still in the early stages of its development
cycle, and many future modifications are expected. It is important to develop the system to
be a highly extensible framework rather than a targeted solution for the current rover only.
Special challenges presented by performing localisation on an extraterrestrial body have to be
considered. These include:

• One of the most used absolute position sensors, Global Positioning System (GPS), is not
available on extraterrestrial bodies.

• Very unlikely to use lidars, as these sensors are too fragile to survive transportation to
orbit via rocket.

• Usage of different reference frames and other specialised sensors, like providing a posi-
tion update from Earth.

• Specific vehicle model for a lunar rover, which could be much different from the ones
used on Earth.

These challenges warrant a different approach to localisation compared to Earth-bound solu-
tions and require a specialised system.

1.3 Thesis Objectives

This work aimed to develop a localisation system framework for KuupKulgur as a part of a
larger development of its autonomous capabilities. To make this possible, several sub-goals
needed to be achieved:

• analysis of existing localisation systems,

• selection and implementation of a suitable localisation algorithm,

• derivation of basic vehicle and sensor models for proof-of-concept testing,

• integration with the existing ROS stack of the rover,

• evaluation and testing of the system.
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2 Literature Review

Robot localisation is an important problem within robotics, containing some, if not all, of the
following subtopics [12, 13]:

1. determining the robot’s state (position and orientation),

2. determining the robot’s position relative to a global map,

3. fusing the available sensor data,

4. detecting when the robot returns to a previously visited location (loop closure),

5. sensor and robot state evolution modelling.

The first two tasks would be trivial if there were perfect sensors to directly measure the robot’s
state. This is rarely the case. Even if a sensor measures a state variable of the robot, such as
the GPS measures the position in global coordinates, the resulting measurement is still noisy.
This warrants the need for subtopics 3 and 4. If all sensors have some characteristic noise,
combining their data makes it possible to obtain a better estimate of the state compared to
using each sensor separately. Loop closure allows for improving map generation and trajectory
estimation. Accurate system and sensor models enable all of the previously mentioned elements
of localisation. This allows for accurate propagation and noise modelling where necessary.

2.1 Existing localisation systems and frameworks

This section overviews some of the most common localisation systems and frameworks.

2.1.1 Navigation 2

Navigation 2 is a large ROS framework for autonomous robot navigation. It features tools for
the entire navigation stack of a robot, including localisation, path planning and controllers. For
localisation, it is integrated with multiple localisation systems [14]:

• Robot Localization,

13



• SLAM Toolbox,

• AMCL.

Robot localisation is a ROS package that offers sensor fusion and localisation functionality,
developed by Charles River Analytics, Inc. [15]. This package offers implementations of Ex-
tended Kalman Filter (EKF) and UKF. [16]

SLAM Toolbox is a ROS package that offers simulataneous localization and mapping (SLAM)
algorithms and is developed by Steve Macenski [17]. It features optimisation-based localisation,
map margin, RViz-based manipulation and visualisation tools.

AMCL is a ROS package that implements the KLD-sampling-based adaptive Particle Filter
(PF) developed by Dieter Fox [18]. The name is an abbreviation of Adaptive Monte Carlo
Localization. It uses an adaptive number of samples in a particle filter. If the belief about the
state is deemed to be accurate, fewer samples can be used, leading to a saving of computational
resources.

2.1.2 Fuse

Fuse is a ROS framework for performing sensor fusion and localisation using the Ceres Solver,
developed by Locus Robotics [19]. It is based on graph optimisation and aims to be flexible and
extensible. Some of the features based on its documentation [20]:

• on-the-go configurable state vector,

• access to state history and re-linearization as needed,

• plugin-based system for models and sensors,

• multi-robot cooperation and mapping using the same graph.

2.1.3 GTSAM

Georgia Tech Smoothing and Mapping (GTSAM) is a C++ library that implements smoothing
and mapping, developed by Frank Dellaert, his students and other contributors [21]. It utilises
factor graphs for robot localisation and uses the sparsity of graphs to conserve computational
resources [22]. ROS, MATLAB and Python interfaces are provided.

2.2 Existing algorithms

Based on the review of existing systems, several usable algorithms were determined. The
descriptions of algorithms in the first three subsections are based on the book Probabilistic
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Robotics [12] with additional citations provided as needed.

2.2.1 Kalman Filters

Kalman filters are a class of algorithms for recursive state estimation and sensor fusion. They
utilise multivariate normal distributions to represent the system’s belief about the state. The
normal distributions are represented using their mean and variance. Because of the reliance on
Gaussians, Kalman filters have a limitation: they can only track unimodal systems. In the scope
of this thesis, this is not highly relevant, but it can be important for other systems, like radars.

In general, Kalman filters combine predictions (propagated from the previous state estimate)
and measurements in the presence of noise. The system state is propagated from the previous
state estimate in the predict step. Then, in the update step, the prediction is converted into
measurement space and combined with the measurement. Using this combination, the new
state estimate is derived. The covariance of variables is also tracked. This allows for combining
variables optimally, based on the certainty of their belief. Note that the optimality is guaranteed
only for the (linear) Kalman Filter (KF) in the presence of Gaussian noise. Only an estimate
of the optimal value can be calculated for non-linear filters like the EKF and UKF. The main
working principles of Kalman filters are also shown in Figure 2.1

Figure 2.1: Kalman filtering main logic [23].

The KF is the most common and researched optimal state estimation and sensor-fusion algo-
rithm. However, it is not considered an applicable algorithm within the scope of this thesis,
as it is only usable on linear systems. An example is the inclusion of angular positions and
velocities in the estimated state, which is incredibly common in autonomous robot localisation.
Transforms for these cannot be described using linear functions, making the Kalman filter un-
usable in such a scenario. However, its extensions for non-linear problems, EKF and UKF, are
of interest.

The EKF is a non-linear extension to the KF that uses linearization to obtain the Gaussian ap-
proximation of the state. The algorithm is similar to its linear counterpart but has a distinct
difference in obtaining the state transition and measurement matrices. For a KF, matrices are
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provided for state transition and conversion into measurement space. In a EKF, these are re-
placed by (non-linear) state transition and measurement functions. The state transition and
measurement matrices are linearised at each filter iteration to obtain the respective matrices. A
standard method to achieve this is to use a first-order Taylor approximation by evaluating the
Jacobian of the function. This means that this type of filter is susceptible to high non-linearities,
especially if the uncertainty about the system’s state is high. Furthermore, as the linearization
only provides an approximation, EKF cannot be considered optimal.

Another, newer non-linear extension to the KF is the UKF that Julier and Uhlmann developed
[24]. The following description is based on the paper by Wan and van der Merwe, which pro-
poses an improved UKF implementation[25]. To overcome non-linearities, this type of filter
uses the UT. This transform uses a relatively small number of sigma points propagated through
the provided non-linear state transition and measurement functions. The resulting Gaussian is
approximated based on the resulting transformed sigma points. This differs from sampling-
based methods, as the number of points is small (2n + 1, where n is the number of estimated
state variables). They are chosen not randomly, but clustered around the mean using a math-
ematically derived offset distance from it. Despite its simplicity, this transformation method
produces surprisingly good results, having an accuracy comparable to second or third-order
Taylor approximations [25, 26].

The UKF overcomes the limitations of the EKF, but this type of filter has its typical flaws.
Using Cholesky decomposition (or some other matrix decomposition method) can lead to non-
positive definite covariance matrices, resulting in filter divergence [26]. Several improvements
have been proposed, like the Square-root UKF [27], but this problem is considered mostly
unsolved to this day [26].

2.2.2 Monte Carlo Localization

Monte Carlo Localization (MCL) describes a group of algorithms that use Monte Carlo methods
to perform localisation. This means that many randomly sampled points are used to approxi-
mate statistical distributions. The larger the number of points, the better the approximation and
virtually any distribution can be estimated. This is a substantial improvement over the previ-
ously mentioned Kalman filters, which were limited to (unimodal) Gaussian distributions. One
of the most common MCL algorithms is the PF. Figure 2.2 features an example of MCL in
action.

In general, MCL methods work as follows:

1. N particles are randomly sampled from some (initial or previous) state distribution.

2. The sampled points are assigned importance factors (or weights) according to sensor
measurements. This step is similar to the measurement update from the Kalman filter.

3. The distribution is then resampled according to the weights. This aims to eliminate par-
ticles with low weights and concentrate on high-probability regions. This step improves
algorithm performance substantially. The resulting distribution weights are reset to equal
values.
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4. The expected system change is then incorporated into the distribution. Robot odometry or
simple physical model-based predictions can be used to achieve this. This step is similar
to the Kalman filter’s time update (prediction) step.

Then, steps 1 to 4 are repeated.

Figure 2.2: Example of MCL in action for a simulated robot trying to localise itself in a 2D
environment. Each blue dot is a particle representing a possible location of the robot. The
status of the algorithm is shown at filter iterations k = 1; 8; 60. [28]

Random sampling-based methods require much more computational resources than other algo-
rithms, like Kalman Filters. This is especially relevant for high-order systems, because the num-
ber of samples needed for adequate results does not grow linearly with respect to the number
of estimated variables. The number of samples used directly relates to the estimation accuracy
and the required computational resources. There is a tradeoff between these variables.

2.2.3 Simultaneous Localisation and Mapping

In addition to probabilistic robotics, this subsection uses information from a SLAM introduction
on the Mathworks website [29].

Some localisation problems require a map of the environment to be available for the robot,
for example, in global localisation. But this is often not the case, and in such scenarios, an
algorithm implementing SLAM could be used. It is one of the most fundamental problems in
robotics: a robot tries to map its environment and localise itself inside it simultaneously. SLAM
is not an algorithm but a group of methods implementing a solution to a similar problem. Some
implementations use different algorithms: EKF, factor graph optimisation, etc.

17



SLAM can either be performed online or offline. Online algorithms try to localise the robot
only using the current pose and the map. Offline SLAM often processes the entire dataset all at
once, and the estimation is given using all of the available datapoints.

For SLAM to work, it requires a sensor to sense features in its environment. Cameras, lidars
(2D or 3D) or radars are often used. Combining it with odometry data to include information
about the robot’s movement is also possible. However, processing the data from cameras and
lidars requires significant processing power, as images and point clouds are relatively large units
of data compared to sensors used in odometry, for example.

SLAM systems are often comprised of two parts. A sensor-specific front end performs data
processing, feature tracking, and loop closure. Feature tracking means detecting features in its
environment and then tracking their position relative to the robot. This allows for loop closure:
detecting when the system senses a feature it has seen previously, allowing it to realign its
current position relative to the previous sighting of the feature. This also allows for improving
the accuracy of the whole map. The back end of SLAM focuses on the sensor-agnostic elements
of the system. An example of this would be the implementation of a factor-graph optimisation,
which produces the estimated trajectory and map.

2.2.4 Factor Graphs

A factor graph is a bipartite graph that consists of variables and factors, introduced into the
world of robotics by Frank Dellaert [30]. It has been used successfully in SLAM, structure
from motion (SFM) and other localisation systems. Figure 2.3 showcases an example of a
factor graph.

Figure 2.3: Upper left corner features a simplistic example of a factor graph. In the centre is an
example of a factor graph from a mapping algorithm using a synthetic dataset. The blue squares
are landmarks identified in the environment, cyan dots are robot poses, and black squares are
measurements [31].
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Bipartite graphs are graphs where the nodes can be separated into two sets with no overlap.
The edges of the graph can only be formed between members of different sets. In the case of
factor graphs, one set contains variables. Variables are the unknowns of the system. The other
set contains factors, which are functions that utilise variables. An edge connecting a variable
to a factor indicates that this factor depends on this variable. For example, in a scenario where
SFM is utilised, modelling robot positions and connecting them to features identified within
the environment would be possible. Both the features and the robot positions would be the
variables. They would be connected using factors. [32]

Factor graphs allow for solving optimisation problems that use locality. This is the case for
many problems in robotics. It means that the effect of a single measurement most likely provides
information about the position of a robot at that particular time, not over the whole problem [30].

2.3 Ground Truth Generation

Within robotics, ground truth is (accurate) data that can be used as a reference and a point of
comparison against other systems. It should be considerably more accurate compared to the
data being evaluated [33]. In the context of localisation, ground truth data can be treated as
the ”true” position and orientation of the rover, and any output from a localisation system can
be compared against it. This allows for the evaluation of the accuracy and performance of the
system. Extra sensors can be fitted on a robot, or external systems and/or data can be used for
ground truth generation. Here is a list of some existing ground truth generation methods in the
literature:

• The KITTI dataset uses a combination of sensor data to obtain ground truth: Velodyne
laser scanner, inertial measurement unit (IMU) and a GPS unit [34].

• The Newer College dataset uses lidar scans compared to a pre-existing 3D point cloud
map [35]. This allows for very accurate ground truth determination, but is computation-
ally expensive.

• External cameras can track an object and determine its position and orientation using
motion capture [36].

• Simulations can be used for testing. There, it is possible to use ground truth data from
the simulator. This can be compared with the data obtained from simulated sensors, after
passing it through the localisation system [36].
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3 Methodology

3.1 Requirements and Constraints

The development of KuupKulgur is still far away from any flight hardware or software develop-
ment, and the current focus is on active prototyping and testing. Any systems developed for the
rover should be as flexible as possible to support these activities. Still, factors affecting flight
hardware and software development tradeoffs should also be considered, such as the availability
of computing power. This would allow (re)using the existing systems as much as possible.

Based on the problems and goals in sections 1.2 and 1.3, and the currently available KuupKulgur
platform, a set of functional and non-functional requirements was formulated. These can be
found in Table 3.1

3.2 KuupKulgur Sensor Kit

This section briefly overviews the localisation-relevant sensors currently available on the rover.
Covering this is important because sensors are integral to a localisation system. The type, accu-
racy and available computing power could also play a role in determining a suitable algorithm
for the robot.

The current version of KuupKulgur has three relevant sensors for localisation:

• 1 front-facing camera,

• 6 wheel encoders (one for each wheel),

• 1 IMU.

Adding additional sensors as payloads was possible using the payload adapter plate. However,
this was considered only in the context of ground truth generation, not for the development and
use of the localisation system directly.

The nature of the available sensors supports performing odometry and position tracking. Any
localisation with only such sensors has to rely heavily on inertial driving. There are no abso-
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Table 3.1: KuupKulgur localisation system requirements

Code Type Requirement

R.1
Functional The system shall fuse the data from all available and rele-

vant sensors onboard KuupKulgur: wheel encoders, cam-
era and IMU.

R.2
Functional The system shall support different combinations of the

measurements at each filter iteration (dynamic measure-
ment vector).

R.3
Functional The localisation system shall run at a frequency that en-

ables using the existing sensors at their current rate. IMU
currently uses the highest frequency: 100 Hz.

R.4
Functional The system must have ROS 2 Humble integration and

work with the existing KuupKulgur software stack.

R.5
Non-functional The system shall work in real-time on the onboard com-

puter of the rover (Nvidia Jetson Orin Nano).

R.6
Non-functional Sensor list shall be easily expandable and not limited to

only currently available sensors.

R.7
Non-functional Any sensor/robot models shall be easily exchangeable.

R.8
Non-functional The system shall be easily configurable using configura-

tion files.

lute position sensors, so performing global localisation is difficult. The only possible option
for global localisation would be using visual SLAM using the available camera. However, it
is essential to design any localisation system so that it would be possible to integrate global
localisation easily in the future.

3.2.1 Camera

Kuupkulgur uses a monocular front-facing camera by Waveshare. There is an existing ROS
node that acts as a driver between the Jetson hardware interface and ROS, using a NVIDIA
camera GStreamer plugin to control the camera. A monocular visual odometry (VO) imple-
mentation generates state data from camera images in a separate ROS node. Currently, the
camera is configured to record at 1280 x 720 resolution with 20 frames per second (FPS). A list
of the camera parameters can be found in Appendix A.

3.2.2 Wheel Encoders

KuupKulgur uses six 12 V DC motors with integrated encoders to turn its wheels. The wheels
and motors are attached to the rover using a triple bogie suspension system [37]. The ROS stack
features a node for motor control and encoder reading using Serial Peripheral Interface (SPI),
which reads the encoder data with a frequency of 20 Hz. A separate node generates movement
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information from the encoder data using a vehicle model. Currently, the rover is operated using
skid-steering, meaning that all the wheels on the same side turn with the same speed.

The motor control board features an Atmel microprocessor, which handles communication with
the rover’s onboard computer and interrupts generated by the incoming ticks from wheel en-
coders. Because of hardware limitations, the Atmel chip cannot handle interrupts from all six
encoders at once. To mitigate this, encoders from only two middle wheels are read. As the rover
uses skid-steer, the difference between the encoder values of different wheels on the same side
should be slight. The sensor model for encoders was developed with this in mind.

3.2.3 IMU

The rover features a 6 degrees of freedom (DOF) InvenSense IIM-20670 IMU on the electrical
power system board. A ROS node is responsible for communicating and reading the IMU over
SPI. The sensor data is read with a frequency of 100 Hz. A list of parameters can be found in
Appendix A.

3.3 Algorithm Selection

UKF was chosen as an appropriate algorithm for the localisation system of Kuupkulgur. This
decision was based on the following factors:

• Available sensors listed in section 3.2 allow for local state tracking, not global locali-
sation. For this, Kalman filters are a good choice. However, other options, like factor
graphs, could also be considered.

• Available computing power onboard KuupKulgur is somewhat limited. Nvidia Jetson
Orin Nano is powerful for its size, but not as powerful as desktop computers. This aspect
is also crucial for a future lunar mission and relevant for the requirements ?? and ??.
During the actual rover mission, the computing power will be minimal. Considering this,
Kalman filters are a good choice. Less computing power is needed compared to SLAM
algorithms, and they should be more memory efficient compared to factor graphs.

• UKF should offer better performance than EKF, especially for highly non-linear scenar-
ios. Tracking the orientation of the rover in three dimensions presents such a scenario.
However, UKF can suffer more easily from numerical instability compared to the EKF.

• For best results, different approaches should be combined, and the UKF is a suitable
choice because of its flexibility. For example, it is possible to incorporate the output from
SLAM into the UKF as a part of the measurement vector. This makes the algorithm
powerful and suitable according to the requirement R.6.

Based on the previously mentioned factors, Factor graphs could be considered, but were left as
a possible research interest for the future because of their greater need for computing power and
greater technological and theoretical complexity.
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It was decided to implement the algorithm from scratch and not use an external library. This
would enable complete control over the implementation of the UKF and offer great configura-
bility for KuupKulgur. This is important because the rover is still in the early stages of develop-
ment, and significant changes to the mission definition and concept design are to be expected.
It would also be a valuable learning opportunity for future use during an actual lunar mission.
If the same algorithm were implemented in flight software, it would likely be much closer to
hardware on an embedded processor. This means that it would have to be implemented by the
flight software engineers anyway. The current localisation system could be a stepping stone
towards this, allowing for the gain of knowledge about the inner workings of the algorithm.

3.3.1 UKF description

This subsection gives a deeper overview of the algorithm in general and its most essential part:
the UT.

This work will use the variant proposed by Wan and van der Merwe [25], as it offers numerous
advantages over the original version by Julier and Uhlmann [24]. Some of these improvements
include the improved tuning of sigma points and more flexible weight calculation for sigmas.
The rest of this subsection uses the paper by Wan and van der Merwe [25], with additional
references provided as needed.

As mentioned, the UKF uses the UT to overcome non-linearities. This transform uses 2n + 1
sigma points, where n is the number of state variables. Consider a transform of some state
vector x⃗ with n dimensions with a covariance matrix P. Each sigma point is a state vector in
the state space that is moved away from the expected mean by some distance. The n sigma
points X⃗i are calculated as follows:

X⃗0 = x⃗

X⃗i = x⃗+
(√

(n+ λ)P
)
i

i = 1, ..., n

X⃗i = x⃗−
(√

(n+ λ)P
)
i

i = n+ 1, ..., 2n

In
(√

(n+ λ)P
)
i
, the index i signifies the i-th row from the calculated matrix. The sigma

points have 2n + 1 weights wi associated with them. The weight for the central sigma point is
different for mean and covariance calculations:

W0 (m) =
λ

n+ λ

W0 (c) =
λ

n+ λ
− (1− α2 + β)

The other weights are equal and calculated as follows:
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Wi (m) = Wi (c) =
1

2(n+ λ)
i = 1, ..., 2n

Here, λ = α2(n + κ) − n is a scaling parameter. α is a tunable parameter for adjusting the
distance of sigma points from the mean. β is another tunable parameter for incorporating prior
knowledge about distributions of state variables. κ is another parameter for scaling. Their
common default values are α = 0.001 (a small positive value), for Gaussian distributions β = 2
and κ = 0. The sigma points can then be propagated using a nonlinear function. In the context
of UKF, this nonlinear function would be the state dynamics function or the observation model.

Y⃗i = f(X⃗i) i = 1, ..., 2n

Then, the estimations of the mean y and covariance Py are calculated. Any noise Q (for exam-
ple, process or sensor noise) can be added to the covariance in this step.

y⃗ =
2n∑
i=0

Wi (m)Y⃗i

Py =
2n∑
i=0

Wi (c)

(
Y⃗i − y⃗

)(
Y⃗i − y⃗

)T

+Q

Figure 3.1 shows an example of UT on a 2D plane. 100000 samples were sampled from the
following Gaussian distribution:

µ⃗ =

[
0
0

]
Σ =

[
0.8 −0.95

−0.95 1.5

]

The nonlinear function used for propagation:

{
x̄ = x2 + 5y2

ȳ = x+ 0.5y3

The mean calculated using all the propagated sampled points was (8.273;−0.009). Performing
UT with α = 1, β = 2 and κ = 0, the calculated mean was (8.300; 0.000). As seen, UT
captured the resulting mean extremely well, even though the underlying function is nonlinear
and the resulting distribution is non-Gaussian.

Figure 3.2 provides a graphical representation of an iteration of the algorithm. The red boxes
represent information moving into or out of the filter, grey boxes represent data, and yellow
boxes are calculations or other actions. The algorithm creates a set of sigma points based on the
previous state estimate and propagates these using a system model. Based on these propagated
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Figure 3.1: Example of UT on a 2D plane.

sigma points, the a priori estimate of the state and covariance are derived using the UT. The
propagated sigma points are also transformed into the measurement space, where the predicted
measurement is calculated using the UT. The resulting data is then combined with measurement
data from the sensors to obtain the new state and covariance estimates. The full description of
the mathematics involved in UKF can be found in Appendix B.

3.4 Software Development

The language of choice for implementing the localisation system was C++ [38], based on the
requirements and constraints derived in section 3.1. It is supported by ROS 2, simplifying the
fulfilment of the requirement R.4 and making it easy to integrate with the existing software.
From this perspective, another alternative would be Python 3 [39], but C++ offers better speed
and was therefore preferred, especially considering the requirement R.3. This is especially
important as the algorithm was to be implemented from scratch. C++17 was chosen as the lan-
guage version, because this is currently targeted by ROS 2 Humble (requirement R.4). During
development, the C++ Core Guidelines were followed [40].

However, Python would offer better flexibility, which would be needed to support the rapidly
evolving needs and requirements of KuupKulgur. It was decided to heavily rely on config files
and runtime memory allocation to address this. This decision was driven by the requirement
R.8 This would allow rapid testing of different configurations, state vectors and sensors with
the localisation system without recompiling the library every time. Structuring the system like
this would enable flexible testing (like in Python), but still utilise the speed of C++.
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Several third-party software libraries were used:

• JSON library by Niels Lohmann [41] was used for configuration file parsing. This option
was chosen because of its ease of use and excellent integration with the C++ standard
library. Version used: 3.12.0.

• Eigen was utilised for linear algebra and matrix calculations [42]. It is one of the most
common and mature C++ libraries in its domain and offers wide functionality. Version
used: 3.4.0.

• CMake 3.22.1 was used as the build tool [43].

• To simplify C++ package management Conan 2.0 was used [44]. Conan was chosen as it
integrates well with the build toolkit, and soon, a local Conan server will be set up for C
and C++ package management in Tartu Observatory.

During development, testing new features was performed using simple simulations. This al-
lowed for deterministic and straightforward system performance evaluation with or without
sensor noise and easy identification of bugs. In Python, a moving point mass was simulated
in 2D or 3D and its movement data was saved. This data was fed to the localisation system
(in C++), and the resulting data was graphed using Python. This gave the author immediate
feedback about any changes in filter behaviour when making edits in the software.

3.5 Testing and Evaluation

The test drives with the rover were performed in the Space Missions Simulation Centre in Tartu
Observatory, Tõravere. It features a lunar analogue site, about six by eight meters in size, with
sunlight imitation. This is a suitable testing ground for KuupKulgur as it provides a good visual
analogy to the environment on the Moon. Figure 3.3 showcases the conditions in the lunar
analogue site.

To test the performance of the localisation system, the rover was driven around in the analogue
site in visually easy-to-recognise patterns. The following trajectories were used:

• rectangles,

• back-and-forth driving in a straight line,

• trajectory creating a figure-eight shape.

Such predictable and straightforward patterns allow for quick empirical evaluation by a human
to determine whether the system’s output is correct. The drives started and ended in nearly the
same position. This allows for evaluating the overall drift during the test run, as the difference
in position between the first and last state can easily be obtained.
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Figure 3.3: The lunar analogue site is being readied for a KuupKulgur test. Notice the prepared
ground features (rocks and craters) and the searchlight providing a sunlight analogue.

Currently, no optimised (C++) node exists for performing VO live on KuupKulgur while op-
erating. This software is under development and outside the scope of this thesis. There is a
Python-based VO node that is too slow to run on the Jetson onboard KuupKulgur. Therefore,
running the localisation system onboard the rover during the tests would not be possible and still
use VO. It was decided to test the localisation library with data from ROS bags collected with
the rover, but the data would be extracted from the bags into CSV files. Then the tests could
be run on a separate personal computer, offline, not on the rover, in the development environ-
ment of the library. Then, the Python-based VO node could still be utilised, but its performance
would not be critical to the success of the test. The tests were run using ROS 2 Humble on
Ubuntu 22.04 natively, without using Docker. The computer used for testing was a Legion 5
15ACH6H laptop with an AMD Ryzen 5 5600H processor and 16 GB DDR4 random access
memory. The data obtained from the tests could then be compared with the ground truth.

3.6 Ground Truth Generation

Different ways of ground truth generation were investigated to develop a pipeline for evaluating
the localisation system. This meant testing readily available sensors in Tartu Observatory.

3.6.1 Marvelmind indoor GPS beacons

The beacons use ultrasonic frequency-based triangulation and are advertised to offer ±2 cm
accuracy [45]. The starter set comprises five beacons (one mobile, four stationary) and one
modem. The mobile beacon would be attached to the rover; the other four beacons could be
spread across the testing area. The modem is connected to a computer and controls the whole
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network. The set of beacons available in Tartu Observatory can be seen in Figure 3.4. A 50-cent
coin is also provided as a reference for size.

Figure 3.4: The starter set of beacons by Marvelmind used for testing.

The beacons were easy to use and set up, but acquiring a mesh calibration of the system was
problematic. After the beacons have been placed, they should be able to triangulate their re-
spective positions, but this was not achieved once during the tests. After spending a reasonable
amount of time trying to solve these issues, it was decided not to continue testing the beacons
and return to them if no better alternative was available.

3.6.2 External (ceiling-mounted) camera

Another option was using an external camera to track the rover. A properly positioned camera
(for example, high above the rover) could record the rover’s movement, and the resulting video
data could be used for tracking and ground truth generation. The lunar analogue site already has
a ceiling camera installed, which would mean that no extra hardware installation is needed for
the testing site. Figure 3.5 shows an example image from the ceiling camera. This method has
already been investigated before by the KuupKulgur team, but multiple issues were discovered.
Using an external camera would mean a marker must be added to the rover and its performance
tested. Industry-standard ArUco markers are unusable because of the lighting conditions. Ex-
periments have been done with markers utilising light-emitting diodes, but the initial results
were poor. This approach would require a substantial amount of further work and investigation.
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Figure 3.5: Ceiling camera picture of the lunar analogue site.

3.6.3 Ouster OS-1 lidar

The third option was using a lidar, which would have to be attached to the KuupKulgur. How-
ever, this process has already been streamlined as the rover is used as a testing platform for
third-party hardware. Attaching a lidar and gathering point cloud data with it would allow us-
ing a wide range of lidar-based SLAM and other algorithms, like SLAM Toolbox [17], GLIM
[46], DLIO [47] or D-LIOM [48]. Such algorithms are generally computationally quite de-
manding, but this limitation need not be considered, as ground truth generation could be run
offline. Therefore, the only impact would come from running the lidar itself.

The rover was fitted with a lidar as a payload to perform initial tests using the payload adapter
plate. Ouster OS-1 lidar was used as it was readily available in Tartu Observatory from previous
projects and easy to integrate with the existing system. A list of the lidar parameters can be
found in Appendix A. Communication with the onboard computer was established using a short
RJ45 cable. The sensor was positioned at the centre of the adapter plate, above the centre
point of KuupKulgur, so that position transforms could be easily obtained. An external step-up
voltage converter was required because the nominal voltage of the lidar (24 V) was higher than
the nominal voltage of the battery pack (22.8 V). Integration with the existing ROS stack was
achieved using the official Ouster driver kit [49]. See Figure 3.6 for the rover setup with the
lidar.

The DLIO algorithm by Chen and Nemiroff was used for testing [47]. This was preferred
over other lidar-based methods for its good performance and ease of use. Examples of the
output from the DLIO algorithm can be seen in Figure 3.7. The data was captured at the lunar
analogue site of the Space Mission Simulation Centre in Tartu Observatory. As can be seen
from the figure, the estimated trajectory is relatively noise-free and follows the path taken by
the rover well. Based on the good performance during testing with the lidar, it was decided to
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Figure 3.6: KuupKulgur with the Ouster OS-1 lidar as a payload

use this method for ground truth generation.
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Figure 3.7: Lunar analogue site lidar testing. Screenshots from visualisation software.
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4 Localisation System Implementation

This chapter gives an overview of the implemented localisation system. It starts by providing a
brief overview of the KuupKulgur ROS stack and how the localisation system fits into it. Then,
an overview of the architecture of the implemented UKF library is presented.

4.1 KuupKulgur ROS Stack

The localisation library was written as a standalone C++ library for use with or without ROS.
Such a setup offers flexibility, as the sensor data can be processed within the localisation system
or in a separate node. This will also make it easier to port the localisation software to another
system if KuupKulgur eventually moves away from ROS. However, as the rover is currently
using ROS, the localisation system was integrated into the ROS stack. Figure 4.1 features the
relevant parts of the KuupKulgur software stack concerning the localisation system. The light
grey boxes are ROS nodes, dark grey boxes symbolise hardware components, and red is data
from outside the system. The connections between the boxes list communication protocols or
ROS message types for topics.

Motor control 
board

IMX-219 
Camera

IIM-20670 IMU

Motor control 
node

Camera driver 
node

IMU ROS driver 
node

Encoder 
translator node

VO node

SPI

CSI-2

SPI

kuupkulgur_msgs/
EncodersStamped

sensor_msgs/
Image

Hardware ROS

User input from 
 controller

geometry_msgs/Twist

Localisation 
node

nav_msgs/
Odometry

geometry_msgs/
TwistStamped

nav_msgs/Odometry

MCI/PS4 controller

IMU translatorsensor_msgs/
Imu

sensor_msgs/
Imu

Figure 4.1: Overview of KuupKulgur autonomy related ROS stack.
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Each (hardware) sensor has a specific node acting as a driver, which handles the low-level com-
munication and, if necessary, initial data processing. For each sensor, a separate translator node
can do more advanced data processing, for example, perform VO. The output of these translator
nodes was used as the input for the localisation node. This allowed leveraging the strengths of
ROS and keeping separation between different systems and nodes. The encoder translator node
performs wheel odometry using a simple skid-steering model. The IMU translator node cali-
brates the IMU and offers filtering capabilities. The VO node performs visual odometry using
the monocular front-facing camera of the rover. More detailed descriptions of sensor models
can be found in section 4.4.

The rover can be controlled using a standard PlayStation 4 controller or the web-based Mission
Control Interface developed by the KuupKulgur team. Both control methods provide input for
the system in the form of target velocities, specifically for the linear x-axis and angular z-axis
components. In the context of localisation, this control input can be utilised within the system
propagation for more accurate results.

4.2 Localisation System

The library was designed to be highly extensible and configurable without recompiling. This
warranted the use of flexible state and measurement vectors. Both consist of smaller blocks
(fields or sensors, respectively) that contain their respective data and other necessary function-
ality. Such a modular design makes it easy to add or remove the blocks and reconfigure the
filter at any point during the development. Furthermore, it allows passing necessary parameters
for the fields, sensors or models. For example, this could include sensor configurations or bias
estimations. This design would allow satisfying requirements R.7 and R.8. Figure 4.2 features
an example architecture of the filter object. The state and measurement vector are filled with
sensors and fields commonly utilised for robot localisation.

The state vector consists of multiple fields that can vary in size. A field houses its data, provides
mathematical operations (addition, subtraction), and a function to calculate a mean value over
multiple fields of the same kind. The number of fields is not limited; there can be multiple fields
of the same type, as long as the name associated with each is different. The algorithm utilises all
of this functionality. The field type differentiates the underlying datatype and mathematics used.
For example, a ”Generic” field type for data is handled using simple addition and subtraction.
However, using Euler angles would require normalisation and the circular mean formula for
calculating the mean, warranting a need for a different field type. A list of potential field types
could be (but not limited to): generic, Euler angles, axis-angle, and quaternions. Interfacing
with the filter was achieved using an interface class, IField, from which the field classes
would inherit virtual function definitions.

An identical approach was also used with the measurement vector, but instead of fields, sensors
were utilised, and the interfacing class used was ISensor. For sensors, the differentiating
feature was the type of sensor. For instance, there would be different types for IMUs and wheel
encoders.

Models describe the dynamics of the robot being localised by the system. They are used to
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Figure 4.2: Overview of general architecture of the filter.

propagate the system between filter iterations. The main logic is similar to fields and sensors,
as the interfacing is done by IModel. The only difference is that the filter utilises only a single
model compared to (possibly) multiple fields or sensors.

Reliance on configuration files meant the library initialisation had to be handled dynamically.
A factory programming pattern was used to achieve the dynamic generation of fields, models
and sensor objects based on a config file. After initialisation, the filter can be used for local-
isation. The user creates a new empty measurement object at each iteration using the method
get_empty_measurement and populates it with available sensor data. The measurement
vector can vary in size between iterations, meaning only sensors available during each iteration
can be provided. The measurement vector and other relevant matrices are automatically sized
and initialised accordingly in the filter. This design choice was driven by the requirement R.2.
This measurement with the timestamp is then fed to the filter update method, which performs
a single iteration of the UKF algorithm and produces the new state and covariance estimates for
the system. Figure 4.3 provides an overview of the library software workflow.

4.3 KuupKulgur Physical Model

A basic state-space system model was derived for proof-of-concept testing. Using a state-
space model enables using the RK4 algorithm, which was implemented within the library and
used for system propagation. The state vector consisted of four fields: 3D position (global
frame), 3D velocity (body frame), 3D angular position, and 3D angular velocity. The current
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Figure 4.3: Overview of library software workflow.

model uses a velocity-based point mass for simplicity and easier filter tuning. If needed, it
can be expanded to include rover-specific dynamics, accelerations and control inputs. The
implemented library architecture will make switching to a new model relatively easy. The
mathematical representation of the model’s state vector:

x⃗ =
[
px py pz vx vy vz θx θy θz ωx ωy ωz

]T
Here, pn, vn, θn, and ωn are the position, (linear) velocity, Euler angle and angular velocity of
the axis n. The state dynamics function was defined as follows:
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⃗̇x = f(x⃗) =



ṗx = vx

ṗx = vy

ṗx = vz

v̇x = 0

v̇y = 0

v̇z = 0

θ̇x = ωx

θ̇y = ωx

θ̇z = ωx

ω̇x = 0

ω̇x = 0

ω̇x = 0



4.4 Sensor Models

This section gives a brief overview of the sensor models used on KuupKulgur. For measure-
ments associated with a specific point on the rover (IMUs, cameras), a rigid body transforma-
tion is needed to transform T between the rover’s base link (the reference point tracked by the
localisation system) and the sensor location:

T (x⃗) = Rx⃗+ t⃗

Here, x⃗ is the vector being transformed, R is the rotation matrix describing the rotation of
between the coordinate frames of the rover’s base link and the sensor, t⃗ is the linear transfor-
mation between the base link and the sensor as a vector. On KuupKulgur, such transformations
are needed for the IMU and VO as the sensors are not located at the base link.

Wheel encoders

The encoder translator node in the rover’s software stack performs wheel odometry. It calculates
the forward (x-axis) velocity vx and turning (z-axis) angular velocity ωz of the robot based on
the following formulas [50]:

vx = r
ωL + ωR

2

ωz = r
−ωL + ωR

2c
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Here, ωL and ωR are the angular speeds of the left and right wheels of the robot, respectively.
These can be calculated based on the encoder tick values obtained at 20 Hz from the motor
control board. Parameters r and c represent the wheels’ effective radius and the wheel’s effec-
tive distance from the robot’s centre. If such a model is used on a differentially driven robot,
the r and c would represent their actual physical counterparts. However, KuupKulgur uses
skid-steering, which means that the wheels slip considerably, and their values are determined
heuristically. The calculated values vx and ωz can then be treated as a measurement by the lo-
calisation system. Integration with the filter is relatively simple, as they are already part of the
state vector.

Currently, only the encoder tick values from the middle wheels from both sides are available due
to hardware limitations mentioned in section 3.2. This makes the model simple to implement
and use, but at the cost of losing accuracy. However, in the future, it would be beneficial
to develop a more accurate skid-steering model that would also consider the dynamics of the
KuupKulgur’s triple bogie suspension system.

Visual Odometry

VO is performed using the camera images from the rover’s frontal camera. Due to the technical
complexity of VO, the localisation library treats it as a black box. It just utilises the odometry
output (combined with a covariance matrix), which is in the following form (similar to the state
vector currently used):

yV O =
[
px py pz vx vy vz θx θy θz ωx ωy ωz

]T
IMU

The rover features an IIM-20670 IMU, but it is currently excluded from the used sensors in
the context of localisation for simplicity. However, it is still a valuable sensor and shall be
incorporated into the localisation system in the future, hand in hand with the necessary changes
to the system model. The IMU translator node on the rover provides calibration and filtering
capabilities, meaning that it is possible to negate the effects of biases and other effects before
sending the data to the localisation system. The output of the IMU contains accelerations and
angular velocities:

yIMU =
[
ax ay az ωx ωy ωz

]T
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5 Results and Analysis

Different algorithms and approaches for developing the localisation library were considered. A
dynamic and configurable approach was chosen with the UKF as the algorithm, with focus being
on the extendability and flexibility. For verification, a lidar-based algorithm was investigated
and chosen. As part of this thesis, based on the formulated goals and approaches chosen, the
following pieces of software were developed:

• C++ library implementing the UKF algorithm with a focus on flexibility within the state
and measurement vectors and exchangeability regarding the system model.

• ROS package implementing a node for the developed localisation system, allowing easy
integration with the existing software stack of KuupKulgur.

• ROS package implementing convenient tooling for ground truth generation. The package
has the DLIO algorithm by Chen and Nemiroff [47] as a dependency. A ROS launch file
is provided to generate ground truth using a provided bag file, and the resulting data can
be saved into a CSV file.

Proof-of-concept demos were performed both with the localisation system and the ground truth
generation pipeline, with the results presented below. For showcasing the behaviour of the
ground truth generation pipeline and the filter behaviour, a test featuring a figure-eight trajectory
is used. The data was gathered on 18.05.2025 in the Space Mission Simulator Centre in the lunar
analogue environment. The filter tests were run using combined data from the wheel encoders
of the rover and the Python-based VO pipeline. Figure 5.1 showcases the trajectory of the test
and the point cloud map generated by DLIO.

5.1 Test Results

The figures 5.2 and 5.3 showcase the evolution of ground truth linear positions and quaternion
elements over the course of the test run. The figure 5.4 showcases the trajectories of the ground
truth and the filter output in three dimensions. The figure 5.5 showcases the linear positions of
the ground truth and the filter output. The filter output data had to be scaled down because the
output from the VO has an arbitrary scale and had to be matched with the ground truth. The
data is plotted over the first 50 seconds of the test, because after this time, the filter diverged
from the actual trajectory to infinity. Figure 5.6 features the evolution of the variances of the
linear position over time.
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Figure 5.1: Test trajectory and the pointcloud. Screenshot from visualisation software.

5.2 Analysis

Overall, the lidar-based algorithm is able to track and capture the state of the rover well for
ground truth generation. Some noise can be seen at the apexes of the figure-eight. This is most
likely due to vibrations experienced during heavier turning. Heavier computational load on the
onboard computer is also likely to contribute to the effect of noise, as it causes a drop in the
lidar capturing frequency, leading to the ground truth generation algorithm diverging from the
actual path taken. An example of such a scenario can be seen in Figure 5.7.

The filter’s performance over time decreases; this is to be expected as the filter is currently
using only relative sensors, so an increasing drift is expected. In Figure 5.6, peaks can be seen
in the covariance. Such peaks were encountered very often in the development process, and
a considerable amount of time was spent in trying to minimise or mitigate them. They were
especially destructive if appearing near the initialisation of the filter, often leading to immediate
filter divergence toward infinity.
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Figure 5.2: Evolution of linear position elements in ground truth data.

Figure 5.3: Evolution of quaternions elements in ground truth data.
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Figure 5.4: Ground truth output vs filter output in three dimensions.

Figure 5.5: Ground truth output vs filter output for linear positions.
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Figure 5.6: Filter output variances for linear positions.

Figure 5.7: Diveging trajectory from DLIO. Screenshot from visualisation software.
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6 Conclusion and Future Works

The primary goal of this Bachelor’s thesis was the creation of a flexible and modular localisation
system framework for the microrover KuupKulgur as a part of the larger development of its
autonomy software stack. The main contributions of this work towards this goal were:

• investigation into different localisation methods,

• research and testing of different ground truth generation methods,

• development of a C++ localisation library featuring an implementation of the UKF,

• creation of a ROS package for the localisation library for future integration with the
rover’s software and deployment on KuupKulgur,

• development of a software toolkit for ground truth data generation using the DLIO algo-
rithm.

The created software satisfies the established requirements in section 3.1, with a few exceptions.
The requirements R.3 and R.6 need deployment and testing on the rover, which has not been
completed as of yet because there is no suitable VO pipeline available. Development of this
is ongoing, and these requirements are expected to be verified soon. A substantial amount of
work is expected with the KuupKulgur autonomy stack. The results from this thesis create
a reasonable basis for such work when moving forward. Regarding localisation, the main task
ahead is the more experimental work of building a complete localisation system for KuupKulgur
with better models and better filter tuning.

During the thesis, several possible improvements for the future were identified:

• The filter performance could be improved with a better system model. Including inputs to
the system model would be an option to obtain more accurate system propagation results.

• The filter currently uses Euler angles for orientation tracking in three dimensions. This
causes problems regarding the stability of the filter. Using Euler angles leads to numerous
problems, such as encountering singularities in the orientation. This representation was
chosen for its simplicity and proof of concept testing. However, any developments in the
future must switch to a more robust orientation representation: axis-angle or, preferably,
quaternions.

44



• The rover has an IMU that has not yet been integrated with the localisation software.
It was not used during proof of concept testing of the library, but there is no reason to
discard the data provided by the IMU. A complete localisation solution for KuupKulgur
should include the IMU as a sensor.

As a research interest, there is a possibility to also investigate other algorithms besides the UKF
for localisation. Comparison with an EKF implementation could be of interest. It could provide
an interesting trade-off analysis between the possibility of numerical instability within the UKF
and the potential difficulty of calculating Jacobians within the EKF.

Another algorithm of interest would be graph optimisation using factor graphs. Again, a direct
comparison in performance for KuupKulgur would be of interest. It would also potentially be a
new application within the space sector if applied to microrovers.

The proposed method for ground truth generation works with reasonable accuracy and is suit-
able for the presented use case. Instability may occur when passing through tight spaces like
doorways and operating close to walls. The created ROS node makes it convenient to use and
integrates well with the utilised DLIO algorithm. The same pipeline can also be used for other
KuupKulgur-related engineering and research tasks. For example, as reference data during VO
development, for verification of image-based depth estimation, the point cloud can also be used
for obstacle detection. These will likely play a part in KuupKulgur’s autonomous software
development in the near future.

Furthermore, integrating the Ouster OS-1 lidar onboard KuupKulgur is an excellent example of
the platform’s capabilities. It is strengthened by the fact that the sensor is directly interfaced
with the onboard computer and the ROS stack and receives power from the rover. To date, it is
the most demanding payload to have been used onboard KuupKulgur. The KuupKulgur team
can use the integration of this sensor as an opportunity to showcase their work and publicly
demonstrate the rover’s capabilities.
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A Sensor Parameters

Table A.1: KuupKulgur camera parameters [51]

Sensor type IMX219
Sensor resolution 3280 x 2464

Field of view 160°
Interface MIPI CSI-2

Operating mode 1280 x 720, 20 FPS

Table A.2: KuupKulgur IMU parameters [52]

Model InvenSense IIM-20670
Interface 10 MHz SPI
Sensors 3-axis gyroscope, 3-axis accelerometer
Range configurable from ±2 to ±65 g

Package 24-pin DQFN

Table A.3: Ouster OS-1 lidar parameters [53]

Model OS1-32-U
Hardware revision C
Firmware version 2.5.3

Interface Gigabit Ethernet
Vertical resolution (channels) 32

Supported horizontal resolutions 512, 1024, 2048, 4096
Integrated IMU InvenSense ICM-20948
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B UKF description

Here is a full description of the mathematics of the UKF algorithm. It is based on the paper by
Wan and van der Merwe [25]. For notational brevity, the sigma points are stored in matrices,
where each column contains the values for a single sigma point. Using a subscript i for such a
matrix denotes the i-th sigma point. The overall notation has been changed from the one used
by Wan and van der Merwe for improved readability.

The UT weights are non-changing; these can be calculated before starting the filter. Initialise
the filter with some belief about the initial state x̄0 and covariance P0 of the system. Then, for
each filter iteration:

1. Calculate sigma points using the estimation from the previous iteration (or from the ini-
tialisation):

X =
[
⃗̄x0 ⃗̄xi ±

(√
(n+ λ)P

)
i

]
i = 1, ..., 2n

2. Propagate sigma points through the function f to predict the system’s behaviour over
some time period ∆t:

Y = f(X ,∆t)

3. Using the UT, calculate the mean and covariance of the prediction:

x⃗pred =
2n∑
i=0

Wi (m)Y i

Ppred =
2n∑
i=0

Wi (c) (Y i − x⃗pred) (Y i − x⃗pred)
T +Q

Notice that the process noise Q is added in this step.

4. Move the propagated sigma points (derived in step 2) to measurement space, using the
measurement equation. This calculates the predicted measurement for each sigma point:

Z = h(Y)
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5. Using the UT, obtain the predicted measurement mean and covariance:

z⃗pred =
2n∑
i=0

Wi (m)Z i

Pmeas =
2n∑
i=0

Wi (c) (Z i − z⃗pred) (Z i − z⃗pred)
T +R

Notice that the measurement noise R is added in this step.

6. Calculate the cross-covariance matrix:

Pcross =
2n∑
i=0

Wi (c) (X i − x⃗pred) (Z i − z⃗pred)
T

7. Calculate the Kalman gain:
K = PcrossP

−1
meas

8. Find the state estimate:
x̄ = x⃗pred +K(z⃗ − z⃗pred)

9. Find the covariance estimate:

P = Ppred −KPmeasKT

These steps are then repeated.
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