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Abstract

Over the last decade, advancements in Unmanned Aerial Vehicle (TAV]) technology and
Artificial Intelligence ([All) have offered promising solutions for enhancing navigation and
positioning capabilities under challenging conditions. Despite significant progress, widespread
adoption in the field has been limited due to the complexities of integrating various technologies
and ensuring real-time, reliable data processing. This thesis addresses these challenges by
developing a comprehensive framework that combines advanced data collection platforms,
deep learning algorithms, and novel fusion methods to improve [UAV] positioning accuracy
and reliability.

The core of this research is the development of the Quality Driven Drone Ultra-
Wideband (UWB)) benchmark dataset, which includes data collected from a [TAV] equipped
with five [TWBI sensors across five diverse sites, covering indoor, outdoor, and semi-outdoor
environments over a distance of 4 km. This dataset provides a standardized benchmark
for testing [UAV] positioning systems, allowing researchers to develop and validate their
algorithms under varied conditions. The publicly available dataset supports advancements in
[TAV] navigation and positioning research.

Building on this foundation, the thesis introduces an incremental smoothing approach that
integrates high-rate and low-rate [TWB] measurements with inertial data within a unified pose
graph framework. This method, featuring an "add-after-eliminating" strategy, reduces Mean
Absolute Error (MAEI) by approximately 0.2 meters compared to baseline multilateration
methods and achieves a 0.3-meter reduction compared to two-factor pose graph methods.

The research further advances positioning accuracy with the development of the Deep-

Learning-based Dynamic Covariance Prediction in Pose Graphs (DeepCovPG|) framework,
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which combines a Variational Autoencoder (VAE]) with a Long Short-Term Memory (LSTM])
network to predict and incorporate dynamic covariances into the pose graph. This deep
learning-based approach results in a 48% reduction in The Root Mean Squared Error (RMSEI)
and a 51% reduction in Range Covariance [RMSE] with significant improvements of 0.41
meters in tunnels and 0.23 meters in fields. Additionally, the framework achieves a 26%
reduction in multilateration and a 32% reduction in multilateration Covariance RMSE],
demonstrating substantial improvements over baseline methods.

The thesis also explores Light Detection and Ranging (LIDARI)-based positioning and
mapping and proposes the Inferred Attention Fusion (INAF]) fusion method, which dynami-
cally selects relevant information from geometric and Al-based odometry techniques. This
method excels in managing large angle rotations and motion distortions, achieving a 3.90%
improvement over direct fusion methods and a 0.25% improvement over attention-based
fusion methods. The [NAT] fusion method’s adaptability to various driving conditions en-
hances accuracy in both straight and dynamic environments, showcasing the effectiveness of
integrating [LIDAR] technology with advanced fusion techniques.

The research conducted in this thesis addresses several scientific challenges, each aimed
at improving navigation and positioning systems. By developing a comprehensive dataset,
refining multilateration techniques, and integrating advanced deep-learning models, this work
makes substantial contributions to [JAV] positioning. Additionally, the novel fusion

method enhances vehicular positioning using [[IDAR] and [Allbased odometry techniques.
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Chapter 1

Introduction

In this thesis, I explore the challenges and solutions related to positioning in autonomous
vehicles and their navigation systems. I discuss the importance of accurate localization and
mapping and introduce novel techniques to enhance these systems in environments where
traditional Global Navigation Satellite System (GNSS) are limited or unavailable. This
includes examining advanced technologies like [JWB], [LIDAR] and their integration with other
sensors to improve performance and reliability. The goal is to provide a comprehensive
understanding of achieving precise navigation and mapping in complex and demanding

conditions.
1.1 Motivation

Positioning is a foundational aspect of autonomous vehicles, essential for ensuring safe and
efficient navigation. Autonomous systems face risks such as collisions, operational inefficiencies,
and failures without accurate positioning. As illustrated in Figure positioning is one of
the key modules in an autonomous vehicle system, working in conjunction with other critical
components to maintain vehicle integrity and safety.

In this thesis, the focus is specifically on the localization and mapping of autonomous
vehicles. This includes developing and improving algorithms for mobile mapping systems to
accurately and efficiently navigate and map unknown environments. By concentrating on

these aspects, the research aims to enhance the performance and reliability of autonomous



navigation systems.

Localization and

Mapping Path Planning Decision Making

Perception Environment Vehicle Control

Figure 1.1 Key Modules in an Autonomous Vehicle System.

The Growing Role of Unmanned Aerial Vehicles (UAVs)

[UAVE, known as drones, have quickly become essential tools across many industries,
revolutionizing tasks ranging from inspection, reality capture, and tracking to safety and
delivery. [JAVEk can navigate diverse environments using methods unattainable through
traditional means, launching new productivity and safety levels.

In the inspection field, [TAVE allow for close-up views and assessments of infrastructure
like bridges, power lines, and wind turbines, significantly reducing the need for hazardous
manual inspections [1]. Additionally, drones are automating flights over railroad tracks,
using technology to detect rails and follow track lines in real-time, resulting in more frequent
and safer inspections than traditional methods [2|. In agriculture, drones provide precise
monitoring and analysis of crop health, leading to optimized resource usage and improved
products [3|. Similarly, drones capture reality on-site in construction, using automated drones
and ground robots to gather data, thereby improving worker safety and operational efficiency
[4]. TAVE have also significantly influenced logistic services, where drones fly through cities
to make deliveries and access areas unreachable by ordinary vehicles, thus shortening lead
times [5]. Furthermore, drones are invaluable in emergency and disaster response, providing
real-time situation awareness and delivering supplies to areas inaccessible by road [6]. These
capabilities improve operational efficiency across various sectors, enhance safety, and reduce
costs, highlighting the truly transformational impact of [UAVk.

Advancements in drone tracking, such as the virtual-reality training system developed

by MIT researchers, allow drones to visualize complex environments while flying in empty



spaces. This system can potentially reduce crashes during training sessions, improving safety
and proficiency [7]. Furthermore, drones are vital in ensuring the success and safety of
infrastructure projects, offering cost-effective inspection solutions and delivering high-quality
imaging and positioning data [8]. Additionally, in response to the COVID-19 pandemic, drone
companies have explored delivery applications, particularly in delivering medical supplies
to frontline workers. This proactive response underscores drones’ potential to meet critical
needs during emergencies and streamline delivery operations [9).

One of the main reasons for using [UAVE is their efficiency in maneuvering and functioning
in areas where conventional procedures have difficulty. Conventional positioning systems
relying on signals often encounter difficulties in the event of signal obstructions or
unavailability, hence the need for alternative solutions. This provides a platform on which
the introduction of Q-Drone system hardware and software components becomes essential.

GNSS Challenges in Various Environments

Localization forms the core of [UAV] operation, and several techniques are adopted for
accurately locating the vehicle in space. Until now, [GNSSlaided positioning has been the
core of [JAV] navigation. have revolutionized positioning and navigation by providing
universal coverage and high accuracy. The current state-of-the-art technology, including
systems like GPS, GLONASS, Galileo, and BeiDou, offers precise positioning in various
applications ranging from autonomous vehicles to personal navigation devices [10].

While highly effective in many applications, technology faces significant challenges
in specific environments that can severely impact performance. In urban canyons and dense
forests, signals often encounter multipath effects, where signals reflect off buildings,
trees, and other surfaces, leading to inaccuracies in position estimation. This occurs because
the receiver struggles to distinguish between direct and reflected signals. Additionally, [GNSS]
signals are susceptible to electromagnetic interference from various electronic devices, such
as cellular phones and radio transmitters, which can distort or weaken the signals, further
complicating accurate positioning [11] [12].

Atmospheric conditions also impact I[GNSS| accuracy. Variations in the ionosphere and



troposphere can cause delays in signal propagation, leading to position calculation errors [13].
Moreover, signals are vulnerable to jamming, whether intentional or unintentional,
which can block or disrupt signals and pose operational risks [14]. Spoofing, where false
signals are transmitted to deceive the receiver, further complicates the integrity and
security of systems [15].

Emerging technologies such as Low Earth Orbit (LEQI) satellite constellations are being
explored to address these limitations. [LEQ] satellites promise enhanced positioning accuracy
and reduced latency due to their proximity to Earth, which could mitigate some of the
current challenges and improve performance in challenging environments [16]. While
focusing on other technologies for positioning and mapping, this research recognizes the
evolving landscape of It considers future advancements like satellites as potential
improvements in autonomous navigation.

Given these limitations, relying solely on for positioning in challenging environments
is often inadequate. Alternative positioning methods are essential to ensure reliable operations,
especially in [GNSStdenied settings. Techniques such as trilateration (e.g. [TWB)) technology,
combined with Inertial Measurement Unit (IMU]), [LIDAR] and visual odometry, provide
robust solutions. By integrating data from multiple sensors, these methods enhance the
accuracy and reliability of positioning systems in complex environments where signals
may be obstructed or unreliable [17, 18, 19].

Alternative Wireless Sensors and the Choice of UWB
In [GNSShdenied environments, alternative positioning methods are essential to ensure reliable
and accurate navigation. Various wireless sensors can serve as replacements or supplements
to [GNSS], including [TWBl Wi-Fi, Bluetooth Low Energy (BLE]), and Radio Frequency
Identification (REIDI). Each technology has distinct advantages and limitations that influence
its suitability for different applications.

technology is distinguished by its high precision in three-dimensional positioning.
The technology operates across a broad frequency spectrum, which enables acceptable spatial

resolution. [UWHB] utilizes Time of Flight (ToF]) techniques such as Time Difference of



Arrival (TDoAl) and Two-Way Ranging (TWRI) to achieve positioning accuracy typically in
the range of 10 to 30 centimetres [20]. Studies have demonstrated that systems can
achieve centimetre-level accuracy, which is critical for applications requiring detailed spatial
awareness, such as autonomous navigation and industrial automation.

technology exhibits superior resilience to interference compared to other wireless
communication methods. The wide frequency range and low energy per bit of [TWDB] signals
allow it to handle interference and multipath effects effectively (Figure . [UWBI signals
are less susceptible to degradation caused by reflections and noise, owing to their short pulse
duration and low power spectral density. Research highlights that [[WB] maintains robust
performance even in environments with significant multipath interference and Non-Line-of-
Sight (NLOS) conditions. The versatility of makes it suitable for both indoor and
outdoor environments. Its ability to penetrate obstacles and perform well in challenging
conditions is particularly advantageous for complex environments such as indoor settings with
dense structures and outdoor areas with potential signal blockage. This adaptability ensures
that can provide reliable positioning in various scenarios where other technologies
might fail [21, 22, 23].

One of the critical benefits of [JWB] technology is its low power consumption, which is
crucial for battery-operated devices like [JAVE. systems are designed to operate with
minimal power usage, thus extending the operational time of [UAVk without significantly
depleting their battery resources. This characteristic is significant for maintaining long-
duration missions and reducing the frequency of battery replacements or recharges [24].

[UWBI provides high temporal resolution, which allows for precise tracking of rapid
movements and fast changes in position. This capability is essential for [JAVE that often
need to maneuver through dynamic and rapidly changing environments. The ability to detect
and respond to quick movements ensures that the positioning system remains accurate and
responsive during complex flight operations [25].

The theoretical upper bound for UWB-based positioning accuracy is often influenced

by the signal’s time-of-flight measurement, with ideal conditions allowing for accuracies



around 1-10 cm. However, practical factors such as multipath effects, signal attenuation, and
calibration errors typically result in a 10-30 cm real-world accuracy range. My work achieved
approximately 20 cm accuracy in 3D positioning, highlighting the impact of these real-world
challenges on achievable accuracy.

Combining [TWBl with [MUk enhances continuous positioning even during rapid movements
or sudden changes. While provides accurate distance measurements, [MUs offer
detailed data on motion dynamics, such as acceleration and rotation. This integration enables
consistent and reliable navigation by addressing the limitations of each technology when used
alone.

Corrects [MU] Drift: technology helps correct the drift that commonly affects
IMUk. Over time, IMUk can accumulate errors due to biases and noise, leading to positional
drift. The precise measurements from [TWB] assist in recalibrating the IMUl thus minimizing
drift and ensuring the long-term accuracy of the positioning system.

Captures Detailed Motion Dynamics: provide detailed insights into motion
dynamics, such as rapid accelerations and rotations. While [UWB] excels at distance measure-
ment, combining it with data offers a comprehensive view of the [JAVI's movement. This

integration enhances positioning accuracy and better handling of dynamic flight conditions.

Table 1.1 Comparative Analysis of Wireless Sensors for Positioning. Adapted from sources
on wireless sensor technology [26].

’ Technology H Accuracy \ Range (m) \ Battery Lifetime ‘
UWB <10 centimeters 10-50 meters Moderate to Long
Wi-Fi <1.5m 30-100 meters Moderate
BLE <30 cm 10-50 meters Long
RFID <1 meter (typical) 1-10 meters Long
LEO Satellites 0.1-1m Global Coverage Moderate
5G (Fifth Generation) 0.1-1m Several kilometers Moderate

While this research acknowledges the potential of advanced positioning technologies such
as 5G and [LEQIsatellites, the focus remains on [UWB] technology due to its specific advantages
in the context of [GNSStdenied environments.

5G technology, known for its high data rates and low latency, is primarily designed to
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Figure 1.2 Frequency vs. Power Consumption for Different Wireless Technologies.

enhance mobile communications rather than specialized positioning tasks. While 5G can
improve positioning accuracy in urban environments with dense infrastructure, its reliance on
terrestrial base stations limits its effectiveness in remote or [GNSSldenied areas. Additionally,
the deployment and operational costs of 5G infrastructure can be prohibitive, especially in
less developed or rugged environments.

satellites offer advanced capabilities for global coverage and high-precision positioning.
However, they are not yet widely deployed or integrated into mainstream positioning systems.
The operational complexity, data transmission challenges, and reliance on satellite networks
make [LEQ] satellites less practical for real-time, high-frequency applications in [GNSSFdenied
environments. Consequently, the study focused on [[WD] technology due to its proven
effectiveness in such scenarios. It offers high accuracy and reliability without the limitations
associated with terrestrial infrastructure or satellite networks.

Use Cases for UWB-Based Positioning
Indoor Navigation and Asset Tracking: technology is particularly effective for indoor
navigation and asset tracking due to its high precision and ability to manage challenges
like multipath interference. In settings such as warehouses and hospitals, allows for
accurate real-time tracking of assets and personnel, which enhances operational efficiency and

safety. For instance, in healthcare facilities, [UWBI systems are used to monitor equipment
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and staff, which helps streamline workflows and ensure better management of resources [27].

Autonomous Vehicles: In the field of autonomous vehicles, [[WBl improves localization
and navigation, especially in environments where other positioning systems might not perform
well. is beneficial for autonomous drones and ground vehicles as it provides precise
location data in indoor and cluttered settings. It works well alongside other sensors, such as
[LIDAR] and IMU], to enhance overall navigation accuracy and reliability [28].

Smart Building Systems: [UWDBis also useful in smart building systems by offering precise
indoor positioning for various applications. It supports real-time location-based services, such
as smart lighting and HVAC (heating, ventilation, and air conditioning) systems, by adapting
to changes in occupancy. This capability improves energy efficiency and user comfort within
buildings [29].

Industrial Automation: In industrial automation, [TWBI plays a key role in accurately
positioning machinery and robotic systems. It is essential for operations involving automated
guided vehicles (AGVs) and robotic arms, where precise localization and real-time adjustments
are critical for both efficiency and safety. [[WB] helps ensure that these systems operate
smoothly and accurately within industrial environments [30].

Augmented Reality (AR): For augmented reality (AR) applications, [[WB] enhances
spatial accuracy and interaction quality. It precisely tracks users and objects within AR
environments, improving virtual experiences’ realism and responsiveness. This accurate
tracking is crucial for creating immersive and interactive AR applications [31].

Pose-Graph Optimization and Covariance Management Pose-graph optimization
is crucial in improving the accuracy of [[WBlaided [TUAV] positioning by converting sensor data
into actionable positioning information [32, 33, 34]. It represents the [JAVTs trajectory with
nodes on a graph and their spatial and temporal relationships with edges, aiming to minimize
location estimate uncertainty. However, managing the dynamic uncertainties present in the
sensor data poses a significant challenge [35, 36]. Conventional methods, which often treat
these uncertainties as static, overlook the fluctuating nature of environmental factors—such

as signal noise and multipath reflections—that continuously impact sensor readings [37].



Variability in [[WB] range measurements requires an advanced pose-graph optimization that
addresses dynamic uncertainties, including signal noise, environmental changes, and clock
drift that affects [TWBI timing [38, 39, 40].

UGV Positioning and Mapping with Deep Neural Networks: Leveraging Li-

DAR and Innovative Fusion Techniques

[LiDARI technology plays a crucial role in autonomous vehicle systems, particularly in
positioning and mapping. Its high-resolution, three-dimensional data provides detailed
information about the environment, essential for creating accurate maps and enabling precise
navigation. For autonomous vehicles, accurate mapping is vital as it supports the development
of detailed environmental models that aid in obstacle detection, path planning, and safe
navigation. [[IDARI's ability to capture fine details of the surroundings, even in complex or
dynamic environments, complements other sensor data such as [UWDBl and [MUl, enhancing
overall system performance. While my research initially aimed at UAV positioning and
mapping, the lack of an available [[IDAR] dataset for [UAVk led me to utilize the KITTI
dataset for Unmanned Ground Vehicle (UGV])s. This allowed me to explore and validate the
integration of [LIDAR] data in positioning and mapping tasks, thereby extending the benefits
of [LiDARI to different vehicle platforms.

The "Self-supervised Learning of [IDAR] Odometry for Robotic Applications" [41] research
has significantly inspired my work, particularly in the context of my INAF fusion method.
This pioneering study demonstrated the potential of self-supervised learning to achieve high
accuracy in [LIDAR] odometry by leveraging the inherent structure of [LIDAR] data without
the need for extensive labelled datasets. The approach taken in this research to derive a
loss function from the self-supervised learning framework resonated with my objectives of
enhancing positioning accuracy in [GNSSldenied environments. Inspired by this, I integrated
their innovative loss function into my supervised network to serve as feedback for parameter
optimization. This integration allowed me to effectively quantify and minimize the error

in positioning parameters, thereby improving the robustness and accuracy of my proposed



INAF fusion method.

Additionally, my work drew inspiration from the research "Selective Sensor Fusion for
Neural Visual-Inertial Odometry," [42], which explores fusing different sensors in various ways
to optimize odometry. This approach allowed me to fuse different methods rather than just
sensor data. Building on this concept, I designed the INAF fusion method, which employs a
novel way of integrating diverse sources of information. This selective and dynamic fusion
approach enabled me to achieve superior performance in terms of accuracy and robustness,

particularly in environments where traditional methods struggle.

1.2 Research Objectives

This research delves into various aspects of UAV technology, particularly enhancing positioning

capabilities in challenging environments. The primary objectives of this study are as follows:

1. Create a unique UWB benchmark dataset to facilitate robust testing of UAV positioning

systems across diverse environmental conditions.

2. Advance multilateration techniques to improve UAV positioning accuracy in GNSS-

denied environments.

3. Integrate deep learning with traditional pose graph optimization to enhance positional

estimations.

4. Develop a novel fusion method that combines geometric and Al-based techniques for

improved odometry.

A summary of the positioning systems studied in this thesis is provided in Table for
quick reference.

Development of a Comprehensive UWB Benchmark Dataset

The first goal of this research is to establish the Q-Drone UWB benchmark dataset. This

standardized dataset is designed to test UAV positioning systems robustly across diverse
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Table 1.2 Summary of positioning systems and contributions

studied in this thesis.

Chapter || Key Topics Objectives Methods Contribution Sensors
. Provided a comprehen- | UWB/IMU
UWB benchmark dataset Est-abhsh @ 'd-a taset across Multilateration sive dataset across five > L,
various conditions L . LSV |
3 distinct sites. P
Z. Arjmandi, J. Kang, K. Park and G. Sohn, "Benchmark Dataset of Ultra-Wideband Radio Based UAV Positioning, "
in ITSC, 2020 (Published)
K. Park, J. Kang, Z. Arjmandi, M. Shahbazi and G. Sohn, "Multilateration Under Flip Ambiguity For Uav Positioning,"
in ISPRS, 2020 (Published)
Incremental Smoothing Rcﬁno positioning  tech- A Improved positioning UWB/IMU
with Ranee and niques to enhance UAV | Pose Graph Smoothing, | accuracy through an 1
4 \’Iultilatelgation positioning accuracy in | Multilateration innovative smoothing | ¢~/ ¢
: ‘ GNSS-denied environments. technique. t ot
J. Kang, K. Park, Z. Arjmandi, G. Sohn, M.Shahbazi and P. Menard, "Ultra- Wideband Aided UAV Positioning
Using Incremental Smoothing with Ranges and Multilateration,” in IROS, 2020. (Published)
' ' Enhance the adaptablhty Deep Learning En.h.an(:ed the' jdda:pt— UWB/IMU
Dynamic covariance and accuracy of UAV posi- (VAE, LSTM) ability of positioning =
- prediction tioning in real-world scenar- " ’ in challenging scenar-| ¢ /" ¢
5 . Covariance . ¢
ios. ios.
Z. Arjmandi, J. Kang, G. Sohn and C. Armenakis, M. Shahbazi, “DeepCovPG: Deep-Learning-based Dynamic
Covariance Prediction in Pose Graphs for Ultra-Wideband-Aided UAV Positioning” in CASE, 2024. (Published)
Z. Arjmandi, J. Kang, G. Sohn and C. Armenakis, M. Shahbazi, “Dynamic Covariance Prediction in Pose Graphs using
Deep Learning for Ultra-Wideband-Aided UAV Positioning” in IJRR Journal, 2024 (Ready to be submitted)
Synergize geometric and Al- Enhanced UGV posi- )
. based odometry methods to | Deep Learning tioning accuracy, prov- LiDAR
Al and geometric methods | 1o o Lositioning accu-| (ResNet, LSTM) ing highly effective i s
integration, LIDAR SLAM enhance positioning accu- e , , ing highly effective in =
6 racy in challenging environ- | Fusion diverse and challeng-
ments. ing environments.
Z. Arjmandi, G. Sohn and C. Armenakis, “Dynamic Recalibration in LiDAR SLAM: Integrating AI and Geometric
Methods with Real-Time Feedback Using INAF Fusion” in RA-L Journal, 2024. (Drafted)

environmental conditions. Utilizing the Q-Drone system equipped with five UWB sensors,

the dataset is developed over five distinct sites, including indoor areas and various outdoor
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settings. Additionally, the benchmark includes IMU and ground truth position data. This
comprehensive dataset aims to provide a realistic benchmark for researchers to enhance the
development and testing of algorithms under varied conditions.

Advancement of Multilateration for UAV Positioning

The second goal involves refining multilateration techniques to enhance UAV positioning
accuracy in GNSS-denied environments. This includes developing an innovative smoothing
technique integrating high-rate and low-rate UWB range measurements with inertial data
within a unified factor graph. This method significantly improves positioning accuracy, as
demonstrated through extensive experimental validation.

DeepCovPG: Deep-Learning-based Dynamic Covariance Prediction in Pose
Graphs for Ultra-Wideband Aided UAV Positioning

Building upon previous work in pose graph optimization, the third goal introduces
DeepCovPG, a framework that integrates a VAE with an LSTM network to predict dynamic
covariances. This shift from static to dynamic models significantly enhances the adaptability
and accuracy of UAV positioning in real-world scenarios, as evidenced by a 51% reduction in
RMSE and improvements in MAE through extensive testing.

INAF - Inferred Attention Fusion: A Novel Approach Integrating AI and
Geometric Methods for LIDAR SLAM

The final goal introduces INAF, a novel technique that synergizes geometric and Al-
based odometry methods. Unlike the rest of the research, which primarily utilizes UWB,
INAF employs LiDAR sensors to enhance localization accuracy by dynamically selecting
relevant data. This approach proves highly effective in diverse and challenging environments,

showcasing the potential for significant advancements in UAV positioning technology.

1.3 Overview of the Thesis

This thesis comprises six chapters, each contributing to enhancing UAV positioning and

SLAM technologies.
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Chapter One outlines the thesis’s background, research objectives, contributions, and
scope. It provides an orientation to the document’s structure and content, detailing the focus
of each subsequent chapter.

Chapter Two focuses on a literature review of previous studies and research relevant
to the thesis topic. This chapter identifies key findings and gaps in the existing knowledge,
forming the foundation for the current study.

Chapter Three provides a detailed description of the system based on [UWB]
technology for positioning. It explains the architecture, components, and features of the
[Q-Drone system and discusses the development of a benchmark dataset for a [JAV] equipped
with [TWB] sensors. The details of this work are discussed in the paper "Benchmark Dataset
of Ultra-Wideband Radio Based UAV Positioning,” published in ITSC, 2020.

Chapter Four introduces a new smoothing technique combined with [TWB] technology
to achieve better positioning accuracy for [UAVk. Traditional positioning methods that
update [TAV] location estimates based on single [UWDB| range measurements often fail under
challenging conditions. This chapter describes a method integrating high-rate, weak-constraint
single 1D ranges and low-rate, strong-constraint multilateration results with inertial
measurements in an incremental smoothing-based framework, forming a unified factor graph.
Extensive experiments demonstrate significant improvements in positioning accuracy over
conventional techniques. The findings are detailed in the paper "Ultra- Wideband Aided UAV
Positioning Using Incremental Smoothing with Ranges and Multilateration,” published in
IROS, 2020.

Chapter Five advances [JAV] navigation research by introducing the frame-
work, which integrates deep learning techniques with the previously developed incremental
smoothing method to address dynamic challenges in [[AVInavigation. This chapter represents
a significant advance by adopting dynamic models that adjust to environmental variations
and measurement inaccuracies, using a combination of a [VAE] and an network to
enhance [[WBl range data quality. Experimental results show a 51% reduction in RMSE] and

notable improvements in IMAE] demonstrating the practical applications and effectiveness
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of in real-world scenarios. The details are covered in the paper "Deep CovPG:
Deep-Learning-based Dynamic Covariance Prediction in Pose Graphs for Ultra- Wideband-
Aided UAV Positioning,” published in CASE, 2024. An extended analysis is forthcoming
in the paper “Dynamic Covariance Prediction in Pose Graphs using Deep Learning for
Ultra- Wideband-Aided UAV Positioning,” ready to be submitted to IJRR Journal.

Chapter Six introduces [NAF] a novel fusion method that merges geometric and
deep learning odometry techniques to improve localization capabilities. Unlike previous
chapters focusing on [[WB] positioning systems, this chapter emphasizes [LIDAR] sensors.
leverages the robustness of geometric methods and the adaptability of deep learning
techniques to dynamically select relevant data, enhancing localization accuracy in challenging
environments. This work is discussed in the draft paper “Dynamic Recalibration in LiDAR
SLAM: Integrating AI and Geometric Methods with Real-Time Feedback Using INAF Fusion,”
planned for publication in RA-L Journal, 2025.

The final chapter concludes the thesis by summarizing the significant findings and contri-
butions. It discusses the broader implications of the research and suggests future directions
for [TAV] positioning and navigation technology. This chapter highlights the impact and

potential applications of the developed methodologies.
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Chapter 2

Literature Review

2.1 UAYV Systems and Benchmark Dataset

Since 2005, the Federal Communications Commission (ECC) has allowed and regulated the
applications of systems for unlicensed purposes [43]. This has created huge interest
in utilizing [UWB] sensors to locate moving vehicles, which has been explored in numerous
research studies. This application, commonly referred to as 3D position estimation through
[UWHB] ranges, is used to locate the accurate position of an object within three-dimensional
space. Fusing [UWB| with other sensors, for example, inertial and visual or [LIDAR] can
further improve the positioning accuracy.

Methods for solving the estimation problems of the position include non-linear least squares,
geometric algorithms, filtering-based methods such as the Extended Kalman Filter (EKF),
and smoothing-based ones. The current work presented in these papers has focused on
refining these well-established methodologies. For instance, in our work [44], multilateration
was applied to resolve geometric ambiguity, leading to error reduction. This can be done by
utilizing the space information from several anchors of [UWB] to remove ambiguities while
estimating the position.

On the other hand, [45] proposed an [EKF] algorithm to incorporate and Inertial
Measurement Units with [MUl indoors in experiments, showing improvement. This uses the

benefits that [UWB| and [MU] bring together to track position continuously, therefore not
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suffering from the limitations of each individual sensor on its own. Using data fusion from
multiple sensors, such as [UWDB] and [MU], or visual sensors, one can develop a more reliable
and precise positioning system for various applications ranging from robotics and autonomous
vehicles to indoor navigation systems.

Other research, such as [46], has demonstrated the effectiveness of technology in
indoor positioning, achieving impressive accuracies of 10 ¢cm in 2D and 20 c¢m in 3D. Such
precision enhances various applications, from warehouse inventory management to supporting
navigation for augmented reality setups. The capability to find locations accurately in indoor
settings, where signals may be unreliable or unavailable, is essential for advancing
autonomous technologies and evolving intelligent indoor environments.

In outdoor experiments, [47] integrated gyroscope data with to estimate the
dynamic state of a quadcopter, allowing precise control and navigation in a challenging
outdoor environment. Likewise, [48] integrated radar, [MUl and [TWHB] sensors to compensate
for the absence of signals that would provide an all-weather robust solution to outdoor
positioning in places where conventional satellite-based systems are probably covered or not
reliable. These sensor fusion advances highlight the importance of combining multiple sensing
modalities to achieve better positioning accuracy in a broader class of operating environments,
laying the groundwork for the general acceptance of technology in indoor and outdoor
applications.

similarly my paper [49] explained in Chapter 4| introduces a novel method of integrating
[UWB] and IMU] within a unified factor graph framework for [TAV] positioning. This method
significantly enhances accuracy and robustness, particularly in environments where traditional
positioning systems often fail.

Employing a factor graph framework significantly enriches [TAV] positioning strategies
by facilitating the integration of diverse sensor modalities and environmental constraints.
For example, [50] explores the integration of [[WB| and [IMU] within indoor navigation
environments, enhancing positioning accuracy through tightly coupled methods. Similarly,

[51] demonstrates the effectiveness of multi-sensor fusion using factor graphs to optimize
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navigation solutions in real-time. Furthermore, [52] work on [UAV]localization in [GNSSldenied
environments shows the potential of factor graphs to integrate multiple data sources like
IMU], [GNSS|, and visual odometry to produce robust and accurate positioning outcomes.
These studies confirm that a holistic approach, incorporating various sensors and dynamic
environmental data into a unified factor graph model, substantially improves the precision
and reliability of [JAV] navigation in complex settings.

Significant effort has been dedicated to generating [[WB] sensor data available for the
scientific community, enabling signal processing capabilities and facilitating the development
of advanced positioning algorithms. For example, the datasets made publicly available by the
Institute for Dynamic Systems and Control at ETH Zurich [53, 54| have proved a priceless
asset for all researchers in the area. These datasets include very diversified kinds of
signals within many different environments and setups, making it possible to test and adapt
the algorithms under such conditions. Additionally, datasets like the LocURa4loT testbed
[55] have been important in advancing [TWB] research by providing datasets collected in
various indoor scenarios. These datasets serve as benchmarks for evaluating the performance
of positioning algorithms and sensor fusion techniques in real-world settings.

Although different datasets for [[WB] serve different purposes, for instance, indoor po-
sitioning with sports postures [56], and studies involving the effects of wall materials on
non-line-of-sight communication [57|, there exists a large gap in the existence of benchmark
datasets purposely designed for research focusing on [JAV] positioning within both indoor and
outdoor environments. The absence of such general data sources creates big challenges for
researchers aiming to develop and validate innovative and new positioning methods specifically
tailored for [JAVE. Diverse datasets and environmental conditions, flight scenarios, and sensor

configurations are necessary to make the performance assessments reasonable.
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2.2 Filtering and Incremental Smoothing Positioing

Numerous studies have used [EKF] in estimating the 3D positions of [[AVE, leveraging [[WB]
sensors and supplementary inertial measurements for positioning. This approach, widely
recognized in the research community, applies [EKF] to integrate and refine data from multiple
sources, enhancing the accuracy and reliability of [JAV] navigation [58, 59, 60, 61].

Besides the traditional filtering-based approaches such as [EKF] recent interest in research
of [TAV] positioning includes smoothing-based techniques. These include methods based
on graph optimization, refining the estimate of positions using the whole trajectory of the
[UAV] instead of only measurements. By formulating the positioning problem as a graph
optimization task, smoothing-based approaches can exploit temporal and spatial correlations
in sensor data to good advantage, resulting in improvements in the accuracy and consistency
of the estimated [UAV] trajectory [62, 63, 64, 65].

Despite their effectiveness, the currently available methods based only on individual
low-dimensional [UWB] range measurements often have significant challenges with estimating
[TAV] positions, especially in hard operational conditions like obstacles, multipath effects,
and signal attenuation. In such scenarios, a single range measurement is likely to give a
weak constraint to the solution space, which generates inaccuracies and uncertainties in the
estimated [JAV] position. These errors are further magnified in dynamic environments because
of the complexities added through [TAV] motion, such as changes in relative positioning and
variations in signal propagation characteristics during motion. Studies, for instance, those
in [66], [67], and [68], have shown that the integration of [TWBI with other sensors, such as
IMU, and employment of developed algorithms, such as factor graphs, significantly improve
the robustness and reliability of positioning systems under such hostile conditions.

Signal processing advancements, such as machine learning approaches and Bayesian
estimation techniques, offer potent solutions for extracting useful information from raw
sensor measurements to improve the positioning accuracy of [UAV]in challenging or uncertain

environments. Notably, machine learning has been applied to enhance UAV navigation by
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optimizing real-time applications [69], and deep learning techniques have been specifically
utilized to maximize UAV positioning accuracy, demonstrating high levels of accuracy in
various scenarios [70]. Additionally, Bayesian optimization has effectively fine-tuned EKF
parameters, ensuring more precise attitude estimations in UAVs [71]. Together, these
integrated efforts are developing innovative solutions for [JAV] positioning capabilities.

This thesis builds upon the concept of multilateration, a technique similar to that utilized
in[GNSSl Multilateration involves directly calculating the three-dimensional position of a[JAV]
by triangulating range data from multiple anchors. I propose leveraging the multilateration
outcome as a robust constraint in smoothing approaches. In this framework, each individual
range measurement functions as a high-rate measurement with a relatively weak constraint. In
contrast, the multilateration outcome acts as a low-rate measurement with a strong constraint,
enhancing the overall accuracy and reliability of the [JAV] positioning system. By integrating
multilateration-derived constraints into smoothing algorithms, I aim to exploit the spatial
information provided by multiple anchors more effectively, resulting in improved performance,

especially in challenging environments characterized by obstacles and signal interference.

2.3 Deep-Learning-based UAV Positioing

Deep Neural Networks (DNNJ))s have changed the domain of sensor data quality improvement,
excelling at tasks such as denoising, reconstruction, and prediction of sensor data [72|. These
networks are particularly adept at learning complex relationships within the data, which has
been leveraged to enhance the quality of measurements from sensors like [[IDAR] and [TWB],
crucial for [JAV] positioning. For instance, [69] discuss the application of machine learning
techniques to improve [JAV] navigation, [67] address the reduction of NLOS errors in [[TWDBI
sensors using deep learning, and [73] demonstrate the use of DNNk in processing LiDAR data
for accurate [TAV] positioning. These advancements indicate a significant shift towards more
reliable and precise [TAV] positioning capabilities, paving the way for their expanded use in

complex operational environments.
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Pose graph optimization provides a unified mathematical framework to solve various
estimation problems and is particularly robust when handling uncertainty [74]. It offers
a systematic approach for integrating multiple sensor measurements and constraints, thus
presenting an ideal solution for complex sensor fusion tasks. Pose graphs are especially useful
for systems requiring high accuracy and confidence in their estimates, like [TAV] positioning
systems. [75, 76, 77|

Incorporating [DNN] techniques into pose graph optimization frameworks is a growing trend.
For instance, [78| utilize unsupervised learning to enhance lidar features for probabilistic
trajectory estimation, demonstrating the ability of to refine sensor data processing in
autonomous systems. Similarly, [79] developed the DPC-Net, which applies deep learning to
correct pose estimations, effectively integrating with existing geometric localization
methods to increase the accuracy of pose corrections. However, these advancements have not
yet fully addressed the unique challenges posed by [[WBFbased [TAV] positioning systems,
particularly in environments with significant signal interference and physical obstructions.
This study introduces a novel approach that merges the data processing power of
with the mathematical thoroughness used in pose graph optimization, aiming to enhance the
precision and reliability of [JAV] positioning in such challenging scenarios.

The optimization of the pose graph is extremely important to enhance the accuracy of the
positioning of the [TWBFaided [TAV] by converting sensor data into actionable information
about the position of the [JAV][32, 33, 34]. In the method, a graph representing the trajectory
of a [UAV] with nodes and their inter-spatial and temporal relations by edges is designed
to reduce uncertainty in the location estimate. It is, however, quite challenging to handle
dynamic uncertainties in sensor data [35, 36]. However, conventional methods regard such
uncertainties as static and do not capture the dynamic nature of environmental factors, for
example, signal noise and multipath reflections, which vary dynamically with time but affect
sensor measurements [37]. The [TWDBl range measurement variability demands advanced pose-
graph optimization for dynamic uncertainties, including signal noise, changes of environmental

states, and clock drift that affects [TWB] timing [38, 39, 40].
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Despite progress in separate technologies, there is still no complete and dependable
method for accurately determining the position of [JAVk in complicated environments,
particularly those with issues like signal interference and obstacles blocking direct sight. This
study addresses this need by presenting a new approach that effectively merges the data
processing power of DNNk with the mathematical methods used in pose graph optimization.
This combination aims to improve the precision and dependability of [JAV] positioning in

challenging situations.

2.4 Integrating AI and Geometric Methods for LIiDAR
SLAM

Simultaneous Localization and Mapping (SLAM)) is a general problem in robotics where an
environment map is built with robot localization on that map. Significant milestones have
marked its evolution, the first concept being suggested by Randall Smith in 1990 for the
incremental estimation of a robot’s posture and landmarks positions [80], using [EKFl In
2006, Durrant-Whyte and Bailey proposed the word SLAM, where they defined a complete
probabilistic theoretical formulation for SLAM problems [80].

Recent progress in SLAM has been accelerated with sensor technology, methodological
developments, and architectural improvements. Today, SLAM systems use a variety of
sensors, including [LIDAR] cameras, and [80]. The state estimation methods have
developed from the initial filter-based approaches to graph optimization [80]. Moving from
single-threaded systems to multi-threaded ones constitutes an architectural improvement
providing efficiency and scalability [80]. Integrating multiple sensors has transformed SLAM
from a prototype into a technology now essential for many robotic applications.

[GNSStbased SLAM, which relies on the [GNSS is widely adopted for its ability to provide
accurate and globally consistent position data. However, this leads to faults or failures in
determining the position when obstacles shadow or reflect the signals from the [GNSS|
based often combines with other sensors or technologies to tackle these challenges and
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achieve reliable and precise localization and mapping [81, 82].

Visual SLAM (VSLAM]) has taken off quickly because it is low-cost and could easily
be fused with other sensors to understand more about the environment [83]. Traditional
[VSLAM] has covered a lot; still, some hard challenges remain in some environments. Synergies
between deep learning and SLAM have attracted attention for the novel solutions to be
achieved over the challenges mentioned above [83]. Semantic SLAM, leveraging high-level
environmental information, promises enhanced environmental understanding for robots [83].
The combination of deep learning and SLAM in semantic VSLAM] represents a promising
road for future research, enabling robots to provide more sophisticated assistance in diverse
scenarios [83].

[LiDARMbased is a mainstream research method for autonomous navigation and
positioning in large-scale environments [81]. It has been extensively developed in automated
driving, mobile robots, forestry surveying, and urban surveying [84]. Yet, [LIDAR}Ibased
systems can experience performance degradation impacting both localization and
mapping capabilities in challenging environments characterized by high dynamic motion or
limited features [81]. A multitude of [LIDAR}based multi-sensor fusion approaches
could solve these problems, and research works are emerging [81]. Moreover, the research
works related to the development process of [LIDARlbased multi-sensor fusion and the
latest research are highlighted [81].

IMUlbased [SLAM] a technology that combines Inertial Measurement Unit sensors for
motion tracking with Simultaneous Localization and Mapping techniques, is vital across
various fields, especially for mapping indoor environments [85]. Unlike [GNSS] which may
not work indoors, can accurately determine the position and surroundings of a device.
IMUlbased has advantages over other methods like Visual and [LiDARlbased SLAME
it’s less affected by textureless surfaces and certain orientations that can challenge those
systems [85]. [MUl data helps establish scale in monocular SLAM] setups and provides crucial
pitch and roll measurements for global positioning [86].

[DNNI based [SLAM] has emerged as a significant advancement in the field of computer
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vision, with applications in autonomous driving, indoor robotics, mixed reality, and more [87].
[DNNlbased SLAM systems, such as DNS SLAM][87] and DNN-SLAM [88], have demonstrated
superior performance in rendering quality and scene reconstruction for static environments
compared to traditional dense [88]. These systems leverage the inherent smoothness
and coherence encoded in Multi-Layer Perceptrons (MLP]) weights, making them suitable
for sequential tracking and mapping tasks[87|. However, they encounter tracking drift and
mapping errors in real-world scenarios with dynamic interferences [88]. To address these
issues, integrates semantic features and proposes a feature point segmentation
method that combines semantic features with a mixed Gaussian distribution model [88].
Experimental results demonstrate that DNN-SLAM can robustly track and produce high-
quality reconstructions in dynamic environments while appropriately preserving potential
dynamic objects [88]. Therefore, DNNFbased systems are paving the way for truly
autonomous robots able to operate within real-world environments [89].

Conventional geometry-based methods for performing odometry as part of the SLAM
problem using [LIDAR] data often involve minimizing the differences between consecutive
point clouds by aligning them. One widely used alignment method is the Iterative Closest
Point (ICP)) algorithm [90], which iteratively minimizes the distance between the points
in the source scan and the corresponding points in the reference point cloud. Another
promising geometry-based method is Lidar Odometry and Mapping (LOAM]) [91], which
employs feature-based techniques to evaluate the smoothness of local surfaces, detect edges
and surfaces, and utilize them to improve alignment accuracy.

However, geometric-based methods have their limitations. They typically assume a static
world where only the robot is in motion, and they are sensitive to imperfect sensor measure-
ments, requiring careful tuning of each module. Additionally, while deep learning methods
[92] show promise in overcoming these assumptions and potentially improving performance,
they have not yet surpassed the accuracy of geometric algorithms when constructing rich
and dense maps. Deep learning approaches often struggle with generalization to unobserved

motions and heavily rely on accurate motion initialization. Recent research has explored
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hybrid approaches that combine classical geometric estimators with learned components
to address these challenges. For instance, LO-Net [93] leverages deep learning methods to
provide initial estimates before the mapping stage. At the same time, DMLO [94] proposes
a hybrid strategy that learns to construct direct and non-iterative registration between
consecutive scans. Additionally, deep learning techniques can be applied for pose correction,
augmenting the performance of traditional odometry algorithms such as visual odometry [95,
96]. These advancements promise to enhance the accuracy and robustness of SLAM systems,
particularly in challenging and dynamic environments.

Transitioning into more integrated solutions, ensemble learning, and fusion networks are
two advanced strategies that leverage the strengths of multiple systems to enhance overall
model performance. While ensemble learning employs various models to improve decision
accuracy and robustness, fusion networks take a more integrated approach by combining data
from multiple sources within a neural network’s architecture. This allows for deeper and
more comprehensive feature extraction and learning. For instance, fusion networks have been
shown to outperform traditional ensemble methods in complex tasks that involve integrating
different types of data, such as image and text classification [97, 12]. Studies like those
presented in [98] and [99] demonstrate that fusion networks not only enhance the capabilities
of individual models but also offer a more unified approach to processing and synthesizing
heterogeneous data, making them particularly suited for the dynamic requirements of SLAM

systems in challenging environments.
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Chapter 3

(Q-Drone System Design and Benchmark
Dataset

This chapter comprehensively explains the practical exploration undertaken in developing
the system and compiling a benchmark dataset. These foundational activities are
crucial for establishing the framework for the subsequent theoretical discussions.

My contributions to this research were multifaceted, encompassing collaborative and
individual efforts. Key aspects of my involvement included:

System Design and Development: I played a central role in designing and developing
the Q-Drone 360 system. This task involved complex engineering and integration of various
components.

Experimental Setup: The experimental setup was extensive and methodologically
rigorous. This phase involved configuring the Q-Drone systems for diverse operational
scenarios and carefully planning the test environments. The experiments were conducted
across various indoor, outdoor, and semi-outdoor locations to comprehensively evaluate the
system’s performance.

Data Collection: Data collection was done with high precision. The Q-Drone, equipped
with five sensors, gathered a substantial dataset under varied conditions. This process
involved detailed flight operations and careful data recording to ensure the dataset’s accuracy
and reliability.

Post-Processing and Analysis: [ processed and analyzed data after post-collection.

25



This included data refinement, sensor calibration, and quality assurance, ensuring the data
was robust and suitable for subsequent analysis.

Development of Positioning Methods: 1 developed the positioning method utilized in
this research, integrating various algorithms and refining the approach based on the collected
data. This development was critical for enhancing the accuracy and effectiveness of the
positioning system.

As a postdoctoral researcher in our lab, Dr. Jungwon Kang was instrumental in the initial
design of the Q-Drone and in establishing the experimental framework. His expertise and
dedication were crucial in setting up the experiments and ensuring the successful collection
of high-quality data.

Kunwoo Park Managed the drone flight operations and developed an alternative positioning
method using the Extended Kalman Filter (EKF), detailed in:

K. Park, J. Kang, Z. Arjmandi, M. Shahbazi, and G. Sohn, "Multilateration Under Flip
Ambiguity For UAV Positioning,” in ISPRS, 2020 (Published).

Dr. Mozhdeh Shahbazi and the Centre de géomatique du Québec (CGQ) Contributed
significantly to the engineering and calibration of the Q-Drone 360 system. Dr. Shahbazi’s
expertise, alongside the support and resources provided by CGQ, was vital in optimizing the
system’s performance and ensuring precise calibration of the sensors.

The collaborative efforts and extensive experimental work have significantly advanced
the practical application of sensor-based positioning methods and provided a robust
benchmark dataset for evaluating navigation systems in [GNSSldenied environments. The

key findings based on the research presented in this thesis were published in my paper:

Z. Arjmandi, J. Kang, K. Park, and G. Sohn, "Benchmark Dataset of Ultra- Wideband
Radio Based UAV Positioning," in ITSC, 2020.
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Figure 3.1 Q-Drone Data Acquisition System in Different Environments.

3.1 Q-Drone System Overview

This section overviews my methodology for constructing a comprehensive [JAV] positioning
dataset. As depicted in Figure [3.I] the system comprises several components, including
the [TAV] platform with onboard sensors, anchors, a robotic total station serving as a
prism tracker, and a communication system facilitating interaction among these modules. I
introduce the system, equipped with five sensors, highlighting its design and
deployment in various environments. The data acquisition process, including the systematic
flight patterns executed by the [Q-Dron€] is then outlined. The baseline positioning method
is also introduced, serving as a standardized reference. This section lays the groundwork
for a detailed exploration of the steps taken to ensure the dataset’s richness, diversity,

and reliability, which is crucial for subsequent analysis and experimentation. Furthermore,
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this comprehensive dataset will serve as a foundation for the theoretical discussions and

developments presented in the following chapters.

3.1.1 Q-Drone system

UAYV Platforms and Onboard Sensors
We developed two drone systems: X and 360. Their naming reflects

their respective system capabilities and sensor configurations. [Q-Drone] X served as my

primary system for data acquisition in this study. Simultaneously, during the study, we

conceptualized |Q-Drone| 360 as an enhanced version. It’s important to note that [Q-Drone
360 was not employed in this research. Given my exclusive use of [Q-Drone| X throughout the

study, any reference to "[Q-Drone|' hereafter specifically denotes [Q-Drone] X.

e ()-Drone X

To obtain the[TWB|benchmark, the[Q-Drong[UAVkystem was developed and customized
for engineering inspections to create 3D asset environments and anomaly detection in
[GNSSHdenied settings. The system is engineered for [[WBbased positioning,
dynamic path planning, automated quality assessment during inspection missions, and
computer vision-based anomaly detection. The current configuration, deployed
in this study, achieves [[WBlbased positioning through pose graph optimization and
multi-trilateration techniques, leveraging the DJI Matrice 100 platform with a payload
capacity of 2.4 kg. The payload includes a tag (112 grams), an Intel NUC
computer (728 grams), and a battery (542 grams), as illustrated in figure [3.2a]

e (Q-Drone 360

Integrating advanced technology into the DJI Matrice 600 platform, the 360
is an adaptable and high-performance [JAV] system. This platform has been configured
to accommodate an array of passive sensors, enhancing its capabilities for a broad
spectrum of applications. The sensor suite includes the Sony a7 III camera, weighing 650

grams, a thermal camera at 325 grams, and the Velodyne LiDAR PUCK, weighing 590
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Figure 3.2 Comparison of Payload Systems on Q-Drone X and Q-Drone 360. (a) depicts the
payload system of Q-Drone X, while (b) illustrates the payload system of Q-Drone 360.

grams. Alongside these, the existing [JWDB]l system ensures precise positioning, while the
Jetson TX2, a lightweight computing unit at 144 grams, manages the data processing
tasks. Mounted on a gimbal, this ensemble of sensors is strategically affixed to the
DJI Matrice 600, providing a seamless and integrated solution for various applications.
Figure illustrates the 360, showcasing its capacity to capture detailed
visual, thermal, and LiDAR data. With the DJI Matrice 600 as its foundation, the
()-Drone| 360 delivers remarkable performance for advanced inspections, environmental

monitoring, and beyond.
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UWB Anchor System

The[TWB] Anchor System employs PulsON 440 modules, part of the P400 family developed
by Time Domain. In this experiment, five PulsON 440 modules were utilized, each equipped
with four tags mounted on tripods in a square arrangement on the ground. Using [ToF]
method, the anchors provide distance measurements with a remarkable accuracy of 2
cm and a frequency of up to 125 Hz. Operating in temperatures between 40°C" and 85°C),
these anchors excel in high shock and vibration environments.

Robotic Total Station

A robotic total station with a discontinued prism tracking feature was employed to
validate positioning methods precisely. Using a modulated infrared light wave, the total
station actively tracked a GRZ101, 360° mini prism mounted on the [TAV] Utilizing two
different total stations, the Leica Nova MS60 MultiStation and the Trimble VX Spatial
Station, provided reference positioning data for indoor, bridge, tunnel, and outdoor datasets,
offering a measurement range of up to 1000m and 5500m, respectively, with high accuracy of

1”(0.00027°) angle.

Ground Control
System Tracker

Figure 3.3 Robotic total station tracks UAV-mounted prism for accurate positioning. Leica
Nova MS60 and Trimble VX provide high-precision reference data for diverse environments.
The setup includes four UWB anchors, the ground control system and UAV.

Communication System
The communication system integrates the DJI Matrice 100’s onboard Software Develop-

ment Kit (SDK]), enabling customization. The mounted Intel NUC computer connects to
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the [TAV] through the Micro-USB port, facilitating real-time communication with the flight
controller and onboard sensors. The ensures seamless data exchange, allowing the NUC
computer to receive onboard data and [[WB] ranging data from the [[WB] antenna tag.
Additionally, the GRZ101 prism on the [JAV] measures XYZ using the total station.

~ UWB Tag
b T L] (Time Domain P440)
= ; - ~

[

_| Antemna |
| Module body

Figure 3.4 Customized communication: DJI Matrice 100’s SDK allows flexibility. Intel NUC
computer communicates in real-time via Micro-USB, linking the flight controller, sensors,
and UWB antenna. GRZ101 prism measures XYZ of UAV.

3.1.2 System Calibration

This section details essential calibration procedures crucial for precise positioning. Beginning
with time synchronization, the time reference clock synchronizes data from various sensors via
the communication layer. Displacement calibration ensures spatial reference coherence across
frames, addressing both Total Station{UWB| and IMUHUWB] displacements. Height Cali-
bration moderates height differences between [MU] and total station measurements through
translation. Lastly, Range Calibration refines range measurements to reflect true data accu-
rately, minimizing differences across diverse flight environments. These calibration procedures
establish a solid foundation for accurate positioning in various operational scenarios.

Time Synchronization

The NUC time as the reference clock was employed to synchronize data from various

sensors, achieving unified time coordination. A data communication layer based on DJI’s
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SDK] transferred IMU] and time references to the NUC. The [TWB] ranging data,
directly connected to the NUC via USB, ensured synchronization with the NUC clock. Time-
synchronization between onboard sensors and robotic total stations was accomplished through
a systematic translation method.

Displacement Calibration

In Figure [3.5] there are three frames: one for the [JAV] body, one for the [TWB] network,
and one for the total station. I chose the [[WB| network frame as the main coordinate system.

Total Station{UWDB] Displacement Calibration: In Figure [3.5] four [TWB] anchors were set
up, named UWB,, UWB;, UWB, and UWBj;, on the ground and attached one tag to
the [TAV] Before flying, the positions of all the [[WB| anchors were measured. A coordinate
system for the network on a flat surface was created: UWBj’s position became the
starting point, a line between UWB, and UWB; became the x-axis, and the height of the
total station defined the z-axis. The gathered data from the total station was adjusted to fit
this [TWBI network frame.

IMUHUWBI Tag Displacement Calibration: The provides information about the
[UAVPs movement, like acceleration, rotation, height, and orientation. the distance between
the [MUl and the [[WBI tag needed to be calibrated, particularly for the height. The
sits in the middle of the [JAV] where the control unit is placed. The positions of the sensors
on the UAV were fixed, and the offset between the [[WB] tag and the [JAVTs center of gravity
was measured. The center of gravity is where the propeller beams intersect at the same level
as the plane of rotation. The components of the offset vector are illustrated in Figure (3.6

and are defined in Equation [3.1]

V = 0.0092i — 0.186k (3.1)

Height Calibration
The height data from the IMUl and the total station must be adjusted to ensure accurate
height measurements. Since we have set up the [[WDBl network frame to match the total

station’s vertical axis, their height data aligns. However, the [MUl's height data is relative to
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Figure 3.5 UWB Coordinate System: (A) UWB network frame, (B) UAV body frame, and
(C) Total Station frame.
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its starting point, where the [TAV] begins its flight. A translation between the [MUFs height
data and the total station’s vertical measurement was performed to reconcile this. This
translation, depicted in Equation , involves adding the initial total station height data (h;)
to the IMUP's height data (hraw,). This adjustment ensures that both sources of height data

are aligned properly.

hy = hinvios + ho (3.2)

Range Calibration

A range calibration needs to be conducted to ensure that the raw range measurements from
the [TWBI sensors accurately reflect the true range data obtained by the robotic total stations.
Despite both sets of measurements being taken in the same local coordinate system, there
may be slight differences between them. These discrepancies could derive from factors such
as differences between sensor systems, flight environment variations, or sensor configuration

changes.
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Figure 3.6 UAV Body Frame with UWB tag.

To address these discrepancies, correction coefficients are applied, which are described in
Equation 3.3 and estimated in Equation [3.4. Through the use of a linear regression method,
the difference between the adjusted range and the actual ground truth range was minimized.
The calibrated range is calculated using the formula:

R, = aq,Rq, + by, (3.3)

a.

N
Si = (aaiRMi + Z_)aZ' — étvai)2 (34)

t=1

Where R, represents the calibrated range, R,, is the raw range data acquired by the
[UWBI sensor, Rmi is the ground truth range data, a,,: Estimated range scale factor of ith
anchor, b,,: Range bias coefficient of ith anchor. The total squared difference
between the calibrated range data and the ground truth data of ith [JWBJ anchor is computed

34



in Equation [3.4] denoted by S;. All these computations are performed within the NUC time

frame.

3.1.3 Baseline Positioning Method

The baseline positioning method utilizes a multilateration algorithm, as depicted in Figure
3.7 This algorithm processes two streams of data with varying frequencies. Initially, the
UWRB data undergoes preprocessing to remove outliers, after which multilateration is applied.
Together, the height from the IMU data and the calculated pose run through Levenberg-
Marquardt optimization. The resulting output then undergoes another round of outlier

removal to generate the final position.

ESensnrs
UWB Tag IMU and Attitude
| {e.g., 40 Hz) (e.g.,100 Hz}
¥
Pre-Process
Outlier Filtering

¢ hl’

Multilateration Algorithm

Y

Levenberg—Marquardt
Optimization

¥

Post-Processing
Outlier Filtering

Y

L J
XMrAT

Figure 3.7 The MLAT baseline positioning method uses a multilateration algorithm that
processes UWB data and IMU height data. After preprocessing and multilateration, the data
undergoes Levenberg-Marquardt optimization and further outlier removal to determine the
final position.
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Outlier Removal

To validate the quality of the benchmark data, a data processing pipeline was implemented
to estimate the [UAVIs position using raw [[WB| data from the [UWB] tag. The positioning
pipeline includes a two-stage outlier filtering module: a pre-processing stage for eliminating
outliers from the raw range data and a post-processing stage for removing outliers from the
resulting positions.

Following [100], a theoretical model of UWB outliers can be parameterized using an
optimizer like the Kalman filter. A predicted noise state coupled with observed range
data forms the basis for a theoretical outlier assessment within this framework. However,
the effectiveness of this probabilistic method greatly depends on the accuracy of earlier
assumptions regarding noise characteristics and the selected positioning algorithms. In this
investigation, we implemented a regional consensus-based thresholding technique to eliminate
outlier range data [49]. Given a sequence of N consecutive range data points, denoted as
R, = {Ry, Ry, ..., Ry}, the proximity of range values between two adjacent data points,
represented as Dy, is determined heuristically. This norm of outlier data serves as a threshold
value for conducting a theoretical outlier assessment of R; by comparing the difference in range
values between R; and R;_; with Dy. However, rather than determining the outlier status
of R; solely based on a comparison with its adjacent data points, the outlier determination
of R; is established only if any member of a range kernel (N = 8) is identified as an outlier.
Conversely, R; is categorized as an inlier only if all members of the range kernel are identified

as inliers. This regional consensus-based thresholding approach is outlined in Equation 3.5}

If AR, +, ARy, 4y, ARy +—n < Dp,— R,,; is an inlier (35)
3.5
If AR,,; or AR, 4, or ... or ARy, +—n > Dp,— R, is an outlier

Where the term AR,,; = R,,+ — Rq, -1 represents the difference between the ranging
measurements at time ¢ and the previous time ¢ — 1 for anchor a;, denoted as AR,, +, and N
represents the range kernel and n ranges from 1 to N.

The same logic of this thresholding technique is applied to eliminate outliers in the
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range observations, not based on regional consecutive range datasets but using consecutive
position datasets. This position-based consensus thresholding algorithm is employed as a
post-processing stage.

Baseline Algorithm

Many [UAV] positioning algorithms rely on computer vision-based odometry or
signals, but these methods struggle with poor lighting, featureless environments, indoor signal
blockage, and multipath interference. Range-based techniques, such as the Extended Kalman
Filter [101], Multidimensional Scaling (MDS]) [102], triangulation [103], and trilateration
[104], provide effective alternatives. In this chapter, I implement a Multilateration positioning
algorithm to validate the benchmark dataset based on [TDoAl [105] as a baseline positioning
model.

Given a set of ranges and positions of anchors, the approximate position of the [TWB]| tag
is determined by solving equation , where n is the number of anchors (minimum of three
anchors for 3D positioning, n = 3). In this experiment, four anchors were used. In cases
where range data from one anchor is not received, the algorithm solves the equation with
three range data points. In equation [3.6] X, is the position of the ith anchor defined by the

total station.

¥yt o+ 2 2 2 .2 2
1 —-2X, -2Y, 27, ) Ry —2*—y " —2
. . . — E (3.6)
Y
1 —2X,, —2Y, —2Z,, R —a?—y?—2°
2

To address issues like multipath and signals and enhance the Multilateration
solution, the Levenberg—Marquardt optimization algorithm [105] is employed. The Multi-
lateration outcome serves as an initial point for the optimization problem. The objective
function includes the geometric distance between the [UWB] tag and anchors, with the [MU]

height as an additional constraint.
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%) (3.7)

N
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This optimization problem is used to refine the Multilateration solution. The objective
function F' includes the geometric distance between the [[WDB tag and anchors. The [MU]

height is added as another constraint to overcome negative height results.

3.1.4 Data Acquisition Results

The system, detailed in the previous section, served as the platform for acquiring
the [TWBI benchmark dataset across five distinct sites, each exhibiting diverse environmental
characteristics. These benchmark sites encompassed indoor, open field, semi-open tunnel,
under a bridge, and near-building scenarios, offering a comprehensive evaluation ground for
testing positioning algorithms (Table . During the field data acquisition, configurations
of payload sensors, anchor networks, and the platform were adjusted based on the
specific site. This section delves into the specific configurations adopted for each site and

provides insights into the measurement data formats and calibration processes.

Table 3.1 Details of the Q-Drone benchmark dataset acquired for this research, including
environment types, locations, number of data and covered area.

Names | Environments Locations ‘ # of data ‘ Area (m?) ‘
Osh
Indoor | Indoor ° avx./a, 5 26 x 33
Ontario, Canada
Uxbridge,
Field Outdoor, open sport field * H. &¢ 5 12 x 13
Ontario, Canada
Outd N ket
Building | 0% ewnariet, 3 77T
close to building Ontario, Canada
Bridge Semi-open outdoor, . Niagafa, 4 10 x 23
under a concrete-metal bridge | Ontario, Canada
Tunnel Semi-open outdOf)r, Oshavx./a, 4 8 % 30
under a metal bridge Ontario, Canada
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Figure 3.8 UWB Anchors configurations of the Q-Drone benchmark dataset in various
environments: a) Indoor, b) Field, c¢) Building, d) Bridge, and e) Tunnel.

39



UWB Configuration

The [TWB] system contains two key components: the [[WB] antenna mounted on the [JAV]
platform and four anchors placed on the ground. The spatial arrangement of these components
significantly influences [UWBlbased positioning performance. In the experimentation, two
distinct configurations were adopted based on the prism’s spatial relationship with the [TWB]

antenna:

e Side Antenna Configuration for Indoor Dataset: The antenna tag was
attached to the side of the platform body. At the same time, the battery and com-
puter were mounted beneath the [JAV] platform. This site placement minimized body
occlusions, enhancing visibility. The prism was installed at the platform’s bottom to

maximize visibility for the total station.

e Central Antenna Configuration for Outdoor Datasets: Similar to the central
configuration, this design involved placing the [[WB] antenna tag at the center of the
[UAV] platform. This configuration aimed to minimize [UWB]signal blockage by the [TAV]
platform while optimizing mobility. The central antenna configuration was employed

for all Outdoor datasets (Field, Building, Bridge, and Tunnel).

Four [UWBl anchors were deployed on the ground with rectangular spatial configurations for
each benchmark site. The dimensions varied based on site accessibility limitations, resulting
in different physical dimensions. The anchor configurations for each benchmark site
are summarized in Table Bl

Benchmark Data Acquisition Result

1. Results: Table II provides a snapshot of the data collected during the benchmark tests
conducted by the Q-Drone system. Across five test sites covering an area of 789.4 square
meters, Q-Drone completed a total of 23 flights, covering a distance of approximately
4.3 kilometres over 1 hour, 50 minutes, and 28 seconds. Throughout these flights, a
vast amount of data was gathered, including 253,832 data points, 302,647 MUl
heights, and 605,311 [MUl data instances. Additionally, ground truth range data was
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measured using robotic total stations, yielding 20,827 data points. The prism used for
these measurements was small, with dimensions of about 30 mm, providing a pointing
accuracy of 1.5 mm. However, due to their size, there were instances where the robotic
total stations failed to track the prisms, resulting in missing data. To address this issue,
missing information in the ground truth data was filled using spline interpolation. The
benchmark datasets comprised various scenarios, including free motion indoors, square
and zigzag patterns in outdoor fields, scanning building walls, sweeping under a bridge

ceiling, and tunnel wall scans.

2. Range accuracy: As indicated in Table I evaluated the accuracy of the UWDB]
range measurements by comparing them to the ground truth obtained from the robotic
total stations. The evaluation resulted in a of 0.902 meters across the five sites.
Notably, larger [MAE] were observed in the Building and Tunnel sites, likely due to

multipath interference caused by the complex structures in these locations.

Table 3.2 Q-Drone Benchmark and UWB Range Accuracy

: . Travelled UWB range
Sites # of datasets | Duration (s) distance (m) Area (m2) MAFE (m)
Indoor 5 1,687 1,260.88 91.96 0.37
Field 5 2,313 1,780.52 158.74 0.17
Building 3 823 388.92 50.10 2.02
Bridge 4 726 330.02 246.80 0.34
Tunnel 6 1,079 504.47 241.80 1.61

| Total | 23 | 6628 | 426481 [ 7894 | 0902 |

3. Range calibration: The range accuracy was measured after rectifying the observed
ranges with range correction coefficients, as explained in Section [3.1.2] To avoid
overfitting, these coefficients were estimated using a sample range and position data
acquired during a test flight and then applied to the remaining data for further analysis
and position estimation. Figure illustrates an example of the range data measured
with four anchors from one of the benchmark datasets, showing the raw, calibrated,

and ground truth ranges for each anchor. The average error between the ground truth
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and [UWDBI ranges was calculated to be less than 25 cm for three anchors and less than

50 cm for the remaining anchor, considering the raw data without outlier removal.
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Figure 3.9 Range difference between UWB and ground truth.

4. Missing range data: The [[WD] data stream from the four anchors arrives in a
random sequence. Occasionally, one anchor’s data may not be received due to signal
blockage, sensor failure, or certain areas where two sensors do not face each other. The

algorithm addresses the issue by utilizing three range data points.

Acquired Trajectories

Figure [3.10] illustrates [TAV] trajectories generated by the MLAT baseline positioning
algorithm compared to ground truth positions. Notably, instances may occur where the
tag fails to receive the range signal from one of the four anchors, leading to a
solution derived from three ranging data (three-anchor data). A representative trajectory
from each benchmark site is depicted, encompassing scenarios such as free motion in an

indoor environment, square and zigzag patterns in an outdoor field, scanning the walls of an

42



outdoor building, sweeping the ceiling under a bridge, and scanning tunnel walls.

Flight Patterns for Various Environments
In designing flight patterns for [TAVE, it is crucial to account for Dilution of Precision (DOP),
a key factor in determining the accuracy of the positioning system. quantifies how
the geometric arrangement of anchors or satellites relative to the [JAV] affects the precision
of the estimated position. Specifically, is a measure of the uncertainty in position
estimates caused by the relative positions of the anchors or satellites used for localization.
A lower value indicates a better geometric configuration, leading to more accurate
position estimates, while a higher value suggests a less optimal arrangement, resulting
in increased positioning errors.

To optimize positioning accuracy, it is essential to capture a range of scenarios that
produce varying values. This can be achieved by employing different flight patterns
with a fixed set of anchors. For example, where anchors are relatively stationary, varying the
[UAVTs position through free motion allows the system to experience a range of values,
from low to high, depending on the [TAVTs relative distance and angle to the anchors. This
variability helps identify and mitigate potential accuracy issues by providing a comprehensive
assessment of positioning performance under different geometric conditions.

Free Motion in Indoor Environments: Free motion flight patterns in indoor settings are
selected for their ability to provide thorough coverage of the available space. This pattern
allows the [JAV] to navigate around obstacles and capture detailed data within complex indoor
environments. The [TAV] can adapt to dynamic and cluttered spaces by avoiding rigid paths.

Square and Zigzag Patterns in Outdoor Fields: Square and zigzag patterns are employed
in outdoor fields to ensure systematic coverage of larger areas. The square pattern effectively
creates a grid-like coverage, while the zigzag pattern helps scan the entire field efficiently by
minimizing overlap and maximizing data capture. These patterns help achieve good terrain
coverage, which is essential for applications like agricultural monitoring and environmental
surveys. Additionally, these patterns can improve the by ensuring that the [JAV]

maintains a diverse set of measurements relative to the anchors, thus reducing positioning
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errors.

Scanning the Walls of Outdoor Buildings: When scanning the walls of outdoor buildings,
the [TAV] follows a pattern that ensures complete coverage of vertical surfaces. This approach is
particularly useful for infrastructure inspection and maintenance, where detailed information
about building facades is required. By systematically covering the walls, the [TAV] can detect
structural issues and gather data necessary for repair and analysis.

Sweeping the Ceiling Under a Bridge: For scenarios such as sweeping the ceiling under a
bridge, the [JAV] uses a sweeping motion to cover the curved and often inaccessible surfaces
beneath structures. This pattern is designed to gather data on areas challenging to inspect
from the ground or with stationary sensors. The sweeping motion helps capture continuous
and comprehensive data critical for structural health monitoring and inspection.

Scanning Tunnel Walls: Scanning tunnel walls involves a pattern that allows the [JAV]
to fly along the length of the tunnel while maintaining proximity to the walls. This pattern
is essential for tunnel inspection and mapping, where high precision is needed to identify
defects or anomalies in the tunnel structure. By following the walls closely, the [TAV] can
minimize the effects of multipath interference and ensure accurate data collection.

The chosen flight patterns offer several benefits, including:

Good Coverage of Space: Each pattern is designed to cover different types of environments
effectively, ensuring comprehensive data collection across various spatial configurations.
Optimization of DOP:By varying the flight patterns, the UAV can maintain a diverse set
of measurements relative to anchors, which helps minimize the [DOPl Lower values
indicate better positioning accuracy, as the system’s precision is less diluted by the geometry
of the anchors.

Addressing Multipath Effects: Different patterns help mitigate multipath interference by
changing the [UAV]s trajectory relative to reflective surfaces and obstacles. This approach
reduces the likelihood of erroneous measurements caused by signal reflections and ensures
more reliable data. By employing these patterns, the [JAV] can effectively navigate and collect

accurate data in diverse environments, addressing the challenges associated with indoor and
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outdoor settings.

3.2 Q-Drone Benchmark Dataset: Comprehensive Online
Resource

The Q-Drone dataset is unique compared to other available UWB datasets used for positioning
(Table . Unlike other datasets, it covers indoor, outdoor, and semi-outdoor environments,
whereas other datasets are limited to indoor or outdoor settings. This comprehensive
environmental coverage is crucial for developing robust positioning algorithms that function

effectively across different scenarios.

Table 3.3 Comparison of UWB Datasets.

Dataset Name Agent Environment Durgtlon AreQa Sensors | # Nodes Challenges

type (min) | (m?)

Indoor UWB .
Q-Drone UAV Outdoor 110 50-246 4 Multipath

: IMU

Semi Outdoor
UTIL [106] UAV Tndoor 150 | w00 | P 4 NLOS
UWB Relative o
Localization [107] UGV Outdoor NR 64 UWB 2-8 Aligning nodes
Reza et al. [108] UGV Indoor 23 16 UWB 4 Cross-technology
. NLOS

Vey et al. [109] Mobile node Indoor NR NR UWB 6 Multipath

The Q-Drone dataset spans 110 minutes of data collection, which is more extensive than
most available datasets. Although UTIL [106] offers a longer duration of 150 minutes, it is
confined to indoor settings. The Q-Drone dataset also covers a larger area (50-246 square
meters) than all other datasets, providing better spatial variability and a more realistic testing
ground for positioning systems.

Equipped with both UWB and IMU sensors, similar to UTIL, the Q-Drone dataset also
addresses the critical multipath challenge, enhancing its practical relevance. Other datasets,
such as those by Vey et al. [109] and UWB Relative Localization, also address challenges like

NLOS and node alignment but lack the comprehensive environmental and sensor integration
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found in the Q-Drone dataset.

The Q-Drone dataset’s extensive duration, rich area coverage (Table , and diverse
environmental settings make it a more comprehensive and superior resource for advancing
UWB-based localization research. The Q-Drone benchmark is precisely designed to reflect
real-world challenges by encompassing various environmental complexities. The benchmark
includes indoor environments with confined spaces, outdoor fields with varying terrain,
and complex urban and industrial settings. These scenarios are based on actual locations
where infrastructure inspection is required, ensuring that the challenges represent real-world
conditions. Specific challenges such as multipath effects, GNSS signal degradation, and
varying geometric configurations are addressed. The multipath effect is analyzed and fixed in
Chapter [5| using a VAE-LSTM network. Although GNSS data was not used in the Q-Drone
benchmark, the assumption was that GNSS was unavailable. The test sites were specifically
chosen to reflect typical locations where GNSS struggles, thereby showcasing the effectiveness
of UWB in environments where GNSS is not feasible.

In alignment with the objectives of this thesis, which include evaluating technology’s
performance in GNSS-denied environments, the selection of test sites was strategically designed.
Although data was not used in the Q-Drone benchmark, the assumption was that
is unavailable. The test sites were specifically chosen to reflect typical locations where
struggles, thereby showcasing the effectiveness of [[WB] in environments where
is not feasible. The benchmark encompasses a range of settings, such as indoor environments
with confined spaces and outdoor fields with varying terrain. These sites were selected to
represent scenarios where encounters significant challenges, such as signal obstruction
and degradation.

The Q-Drone benchmark datasets collected from five different sites are accessible to the
public through a dedicated benchmark website, which can be found at https://benchmark!.
gdrone.ausmlab.com. This website offers resources: Sensor datasets, including UWB ranging
data, [MUl and height data as shown in Figure [3.11], their ground truth data measured using

robotic total station and calibration parameters, which are required for accurate positioning.
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The benchmark users can upload the positioning results generated using the benchmark
dataset. The website then assesses the performance of these submitted results by comparing
them to the reference positioning data obtained from UAVs tracked with robotic total stations.
The evaluation outcomes are subsequently communicated to the users. Additionally, part of
the ground truth data is released to the public to facilitate the training of learning-based

methods, enabling researchers to utilize this information for further analysis and improvement

of positioning algorithms.
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Figure 3.11 Data Structure.
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3.3 Summary

In this chapter of the thesis, we introduced the [UWB| benchmark dataset, a
comprehensive resource aimed at facilitating research in [JAV] positioning. The
system was purposefully designed for accurate [JAV] platform positioning using [UWB] sensors
across a range of challenging [GNSSldenied environments, encompassing indoor spaces, open
fields, close to buildings, under bridges, and semi-open tunnels. The dataset captured
synchronized and [UWB] data aligned with the onboard computer clock. Ground truth
[UAV] positioning was established by precisely tracking a mini prism affixed to the [JAV]
platform using a robotic total station. Calibration procedures were implemented to refine the
relationships between the and[UWBltag, as well as between [UWBlanchors and the robotic
total position. Additionally, correction coeflicients were estimated to enhance the accuracy of
raw range data concerning ground truth measurements. Rigorous validation measures were
applied, employing the Multitrilateration positioning algorithm with Levenberg-Marquardt
optimization and consensus-based filtering algorithms to eliminate outliers in range data.
The benchmark dataset is set to be made publicly accessible through a dedicated
benchmark website, enabling advancements in [JAV] positioning research utilizing [TWBl range
data. This benchmark dataset is anticipated to serve as a valuable resource for explaining
the limitations of developing positioning methods and validating their performance across

diverse real-world environments.
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Chapter 4

Incremental Smoothing with Ranges and
Multilateration

This chapter presents an innovative approach to enhancing [JAV] positioning accuracy using the
dataset collected as described in Chapter [3| through a novel smoothing technique. Traditional
methods, such as MLAT discussed in Chapter [3] often rely on updating [JAVIposition estimates
based on individual low-dimensional range measurements. However, these methods
can be sensitive to inaccuracies, especially in challenging conditions. The proposed method
integrates two types of [[WBlbased measurements to address this limitation: high-rate,
weak-constraint single 1D ranges and low-rate, strong-constraint multilateration outcomes.
This chapter introduces a unified factor graph seamlessly incorporating these measurements
and inertial data within an incremental smoothing-based framework. The effectiveness of
the proposed approach in significantly improving [JAV] positioning accuracy is demonstrated
through extensive experiments across various scenarios.

The findings of this chapter are published in the following paper:

J. Kang, K. Park, Z. Arjmandi, G. Sohn, M. Shahbazi, and P. Menard, "Ultra- Wideband
Aided UAV Positioning Using Incremental Smoothing with Ranges and Multilateration, "
in IROS, 2020. (Published).

The work builds upon Dr. Jungown Kang’s initial design for indoor datasets. I collaborated
with Dr. Kang on developing the incremental smoothing-based method and extended this

approach to additional environments, including outdoor and semi-outdoor settings. My
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Figure 4.1 Description of the proposed method for UAV positioning based on incremental
smoothing, which seamlessly integrates two types of UWB-based measurements and inertial
measurement into a unified factor graph framework. Here, a node indicates a state to be
estimated, i.e., UAV position.

contributions included implementing and adapting the smoothing technique for these varied
environments and conducting comprehensive experiments to validate the effectiveness of the

proposed approach across different scenarios.

4.1 Overview

Multilateration, like other anchor-based systems such as [GNSS|, can be applied to
systems [110, 111, 112, 113]. Although multilateration only applies to a range data set that
meets certain conditions, it directly produces the 3D position of the [JAVI With a set of
range data between a tag and some anchors, multilateration yields the 3D position of the

tag. This chapter was inspired by the idea explained in Chapter [3| that the multilateration
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outcome can be utilized as a measurement providing the 3D position of the [JAV] i.e., a
strong constraint for the position, in filtering or smoothing approaches, compared to a weak
constraint from a single range measurement. Hence, every single 1D range can be used as
a high-rate measurement with a weak constraint, and the multilateration outcome can be
utilized as a low-rate measurement with a strong constraint.

In this chapter, a method for [JAV] positioning based on incremental smoothing, which
seamlessly integrates two types of [[WBlbased measurements and inertial measurement
into a unified factor graph framework, is presented, as described in Fig. [£.I] The major

contributions are as follows:

A multilateration method that computes an algebraic solution (similar to Chapter |3)) is

presented, followed by a non-linear optimization.

e proposing an incremental smoothing approach integrating each single range measure-
ment, multilateration-based 3D position of [JAV] and inertial measurement into a

unified framework using a factor graph.

e Furthermore, it proposes a novel strategy for adding a multilateration factor into a

graph for online operations.

e Conducted experiments under various scenarios in [GNSStdenied environments (dataset

collected in Chapter [3) to demonstrate the effectiveness of the proposed method.

4.2 System Overview

The system overview, depicted in Fig. [£.2] includes anchors, sensor data detailed in the
previous chapter [3.1.1] sensor data management, measurement management and the [JAV]
incremental smoothing algorithm.

The system requires a minimum of four [[WB| anchors positioned strategically throughout
the area, within the frame R,yno. Anchor positions, represented by X, = [X,., Y,, Za,], are

predetermined.
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Sensor data is collected from the [TWB tag and [MUl [UWB] range data between the tag
and anchors R; = [Ry .y, Rtays Riay, Riay) is acquired alternately in a round-robin manner.
IMUl data, including linear acceleration (a4 ), angular velocity (w;), and height (h;), is also

collected.

4.3 Filtering out Outliers in UWB Range Data

All incoming [TWBl range data from a [TWB] tag is first stored in the raw [TWB] data queue as
shown in Fig. [£.2] After that, an outlier detection process is started to check if the data point
greatly differs from the expected range. Traditional outlier detection methods, as described

in [59, 64], rely heavily on the expected vehicle position to compute the expected range,
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which may be erroneous in case of an inaccurate expected position. Hence, the intention is to
develop an outlier detection mechanism independent of the expected vehicle position.
Upon analysis, as shown in Fig. [4.3] substantial fluctuations around outlier data points
over time were observed. Leveraging this observation, a method was devised to classify
range data into normal or outlier categories based on the temporal variation of range values.
Specifically, when a new range R;,, is received from anchor ¢ at time step ¢, the range
variation between consecutive data points within a temporal sliding window of size S, is
computed. If all range variation values fall below a predefined threshold R,, indicating
minimal fluctuation, the data is classified as normal and stored in the [TWB|/IMUl data queue
for further processing. However, if any range variation value exceeds R,, signifying significant
fluctuation, the data is considered an outlier and discarded. An example of this outlier
filtering algorithm, employing Sy, = 15 and R, = 0.7, m, is illustrated in Fig. Utilizing a

temporal sliding window for classification ensures a high recall rate for outlier detection.

4.4 Multilateration for Direct Measurement of UAV Po-
sition

An algorithm for multilateration is presented in this section. Utilizing a set of range data,
ideally acquired simultaneously, and known positions of anchors, multilateration calculates
the 3D position of the [UTWB| tag in frame R 0. However, in my scenario, the data is
collected within a short time interval rather than simultaneously.

From the [UWBJ/IMU] data queue, m data points (m > 4), each representing the latest
data for an anchor, are selected. The time difference between the newest and oldest data
points is then computed. Multilateration is executed using these m data points only if the
time difference is below Ty, a small threshold value (e.g., T4 = 0.1s).

The multilateration algorithm proposed here first involves obtaining an algebraic solution
and a subsequent non-linear optimization step.:

Obtaining an initial position by recursive least squares
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The approach outlined in [111] was employed to obtain an initial position solution, which
utilizes recursive least squares based on algebraic constraints. The 3D position of the [TWB]
> = (R,)? it
can be formulated as Axy.c = b, where each row of A is defined by [1, —2X,,, —2Y,,, —27,.],

tag is denoted as Xmlat = [Tmlat, Ymlats Zmlat)- Utilizing the equation ||Xmiat — X, |

and the corresponding row of b is [(R,,)? — (X,,)* — (Ya,)> — (Z,,)%]. Solving this equation
yields the 3D position Xy of the [TWDBI tag in the R o frame.

Refining the initial position by non-linear optimization The initial solution is
refined using the Levenberg-Marquardt non-linear optimization. An objective function is
constructed, incorporating geometric constraints between the [UWB] tag and anchors. When
[UWBI anchors are nearly coplanar, an additional term is introduced to accommodate height

measurements from the [MU]L

Finally, the refined solution by solving the objective function is achieved:

Kplat = argmin \ - e + Ziem (€a;)? (4.1)

Xmlat

The parameter A, set to 0.1 to ensure accuracy for each sensor, is utilized for weighting. The

error terms ey = h — Zylar and €4, = Rq; — || Xmiat — X4, ||, are defined accordingly.

4.5 UAYV Positioning Using Factor Graph

This section outlines the construction of a factor graph for [UAV] position estimation from
individual measurements. Initially, a brief overview of the factor graph framework is provided.
Subsequently, factors corresponding to each measurement are discussed. Finally, a method
for updating the factor graph for online operation is proposed. The estimation of the 3D
position of [TWB] tag, representing the [JAV] position in the [[WBl anchor frame R0, is the

primary focus.
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Figure 4.4 Factor graph representation of the proposed algorithm. The proposed algorithm has

obtained the state variables over time for UAV position. xJ ., orientation xf;, velocity x§ of

the UAV, and biases x} for an accelerometer and a gyroscope of the IMU. The measurements
and the state variables are associated with factors. Here, three factors were used to handle
multilateration-based position, single UWB range, and inertial measurements, respectively.

4.5.1 Factor Graph Framework

The estimation of the 3D position of the [UAV] was motivated by a factor graph-based incre-
mental smoothing framework [114], as it allows handling asynchronous sensor measurements
with different frequencies and enables the easy addition of new types of measurements. In
this approach, a factor graph encoding the connectivity between states will be estimated,
and available measurements will be constructed. Each measurement contributes a factor to
the graph. The factor f;(x;) is represented by exp(—3 ||hi(x;) — zz||221), assuming a Gaussian
noise model, where z; is a measurement, h;(-) is a measurement function, and ¥; is the
covariance matrix. The factor graph collectively represents the objective function for estima-
tion, with each factor representing a sub-function. The 3D position of the [JAV]is obtained
by calculating the Maximum A Posteriori (MAP]) estimate of the posterior probability of
the states, including position, orientation, velocity, and biases over time, given all available
e

measurements. In this problem, the state variables at time step k include: (i) position x; in

the [TWB anchor frame R0, (i) orientation x*. in the frame Rypo, (iii) velocity x* of the

ori
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Algorithm 1 Online Operation of UAV Positioning
Initialization: Factors F = {}, States S = {}

while measurement z* do
if z! is an inertial measurement then
Perform IMU pre-integration.

else if z' is R; 4, then

1:

2:

3:

4:

9: if 3 IMU pre-integrated values then

6: Create fi};e, fl’fias by and .

T end if

8: if Multilateration can be applied then

9: Eliminate range factors and IMU factors

in F related to the multilateration.

10: Create f* by .

11: Create fr_, fF..

12: else

13: Create fangc by .

14: end if

15: Add factors to F.

16: Add states to S.

17: end if

18: if Incremental smoothing is available then
19: Perform an incremental inference using [115].
20: Retrieve estimated states.

21: end if

22: end while

[TAV]in frame Ruwho, and (iv) biases xF for an accelerometer and a gyroscope of the [MUL

4.5.2 Factors

In this algorithm, I use the following three types of factors.

4.5.2.1 Factor for single UWB range measurement

This factor is created from a single range measurement, and it is given as

2) (4.2)

- Rt,ai

. 1
frange,t(xpos,t) = exp (_5 || pros,t - Xai
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4.5.2.2 Factor for multilateration-based measurement

This factor is generated from multilateration-based position measurement, and it is given as

. 1
fmlat,t(xpos,t> = exXp (_§ pros,t - xmlat,tH2) (43)

where x* | is the multilateration outcome at time step ¢, and it is obtained by a multilateration

method presented in Section [4.4]

4.5.2.3 Factor for inertial measurement

This factor is created from the incremental motion obtained from measurements of the IMUl's
linear acceleration and angular velocity. To handle the high-rate operation of the [MU] I
adopt the [MU] pre-integration technique [116] and introduce the equivalent [MU] factor that
represents several consecutive [MU] measurements. Thus, instead of adding factors to the
factor graph at rate, the factors are added at a lower frequency that is determined by
other sensors, e.g., [[WB] sensor.

e (Xpvbr Xpv) = d(Xpy — h(Xpup, AXi- 1)) (4.4)
féias(xé_7xlto) = d(X% - g(Xf)_)) (45)

Where Ax,-; indicates the relative motion from ¢~ to t that is obtained from the pre-

integration of inertial measurement, and g(x} ) is a random walk model.
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4.5.3 Online Operation of UAV Positioning

A novel strategy for the online operation of [JAV] positioning with the aforementioned factors
is presented here. For a newly incoming range stored in the [UWBJ/IMU] data queue, the
suitability of applying multilateration is checked based on the short time interval condition
and requires a minimum of m data points (m > 4), including the latest incoming range and
the preceding m — 1 ranges from other anchors. If multilateration is deemed unsuitable, a
range factor is simply created and added to the graph. Conversely, if multilateration can be
applied, a multilateration factor is generated. However, the inclusion of the multilateration
factor in the graph violates the condition stipulating that all factors should be independent,
given that ranges from other anchors used in multilateration have already been employed for
range factors.

A method named the "add-after-eliminating" strategy is proposed to address the afore-
mentioned issue of violating the factor graph condition when adding the multilateration
factor. In this approach, the graph undergoes a process where range factors and [MU] fac-
tors associated with the multilateration ranges are eliminated first, followed by adding the
multilateration factor and a newly created factor. This process ensures that all factors
remain independent, as depicted in Fig. [£.5] It is emphasized that each range is utilized for
only one factor in this proposed method.

The whole procedure for online operation is depicted in Algorithm [I, and Fig.

illustrates the created factor graph.

4.6 Experimental Results

This section describes the [JAV] system and experimental setup first. Then, the experimental

results and a discussion of the results are described.
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Table 4.1 The MAE of multilateration outcomes (Unit: meter).

- - | Indoor | Field | Building | Bridge | Tunnel || Total
Number of Sets || - 5 5 3 4 6 23

x | 0.655 | 0.245 1.570 0.283 | 1.094 | 0.769

Bﬁeﬁﬁl' v | 1.141 |0.208 | 2.253 | 0.185 | 1.623 || 1.082
(Chapter z | 0566 | 0.292| 0.305 | 0.302 | 0.393 || 0.372

xyz | 0.787 | 0.248 | 1.376 | 0.257 | 1.037 | 0.741
Baseline 2. x | 0.055 | 0.068 | 0.077 | 0.084 | 0.037 | 0.064
Toofactor v | 0.070 | 0.210 | 0.462 | 0.180 | 0.573 | 0.299
boso graph z | 0473 | 0217 0.247 | 0.255 | 0.265 | 0.291

xyz | 0.502 | 0.352 | 0.548 0.319 | 0.622 || 0.469

X 0.052 | 0.015 | 0.014 0.021 | 0.012 | 0.023
Incremental y 0.058 | 0.203 | 0.231 0.211 | 0.209 | 0.183
smoothing z 0.186 | 0.094 | 0.097 0.189 | 0.188 || 0.151
xyz | 0.225 | 0.231 0.255 0.291 | 0.319 | 0.264

4.6.1 Experimental Setup

As previously detailed in Chapter [3] the [JAV] system utilizes a DJI M100 quadcopter with
an Intel NUC, [UWBI tag, and battery installed at the bottom. A 360° mini prism provides
ground-truth positioning. Five Time Domain PulsON 440 modules offer accurate
range measurements up to several hundred meters. Sensor data, including IMUl readings, is
acquired at 100 Hz using Robot Operating System (ROS]) kinetic on Ubuntu 16.04. [UWB]
range data is obtained through round-robin distance requests. My positioning algorithm is
implemented using the GTSAM library [117].

Comparison Between Baseline 1 and Baseline 2

Baseline 2, utilizing pose graph optimization with two factors for single-range and in-
ertial measurements, consistently outperforms Baseline 1 MLAT, which relies solely on
multilateration odometry. Across various environments, Baseline 2 demonstrates an average
reduction of approximately 0.2 meters in [MAEl values compared to Baseline 1. For instance,
in indoor environments, Baseline 2 achieves an average [MAE] reduction of approximately
0.15 meters on the x-axis, 0.1 meters on the y-axis, and 0.2 meters on the z-axis compared

to Baseline 1. This improvement can be attributed to the pose graph optimization used
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in Baseline 2, which integrates additional IMU sensor measurements and constraints, and
optimizing over the whole trajectory leading to more accurate position estimates than the
solely multilateration-based approach of Baseline 1.

Comparison Between the Proposed Pose Graph and Baseline 2

The proposed method, which incorporates incremental smoothing and adds a multilatera-
tion factor to the pose graph optimization used in Baseline 2, exhibits further improvements
in positioning accuracy compared to Baseline 2 alone. Across different environments, the
proposed method consistently achieves lower MAE] values compared to Baseline 2, indicating
enhanced precision in position estimation. For example, in indoor environments, the proposed
method demonstrates an average reduction of approximately 0.3 meters in MAE values
compared to Baseline 2. This improvement can be linked to integrating two factors in the
proposed method, which provides supplementary information for the optimization process,
further refining position estimates. Specifically, the proposed method achieves an average
reduction of approximately 0.2 meters in [MAE] values in the x-axis, 0.1 meters in the y-axis,
and 0.3 meters in the z-axis compared to Baseline 2.

Discussion

As indicated in Table [4.1] in comparing the proposed method with the baseline, it is
evident that the proposed method exhibits slightly better performance in the field and bridge
datasets. However, a notable contrast between the proposed method and the baseline emerges
in the indoor, building, and tunnel datasets, which pose the most significant challenges due
to substantial motion changes and multipath effects.

The baseline methods face difficulty correcting estimations within sections experiencing
significant motion changes. In contrast, the proposed incremental smoothing effectively
operates even under these challenging conditions. However, noticeable differences in outcomes
arise across different environments. To better understand this, the output mean absolute
error (MAE) characteristics will be analyzed in the next discussion.

Ezxploring Variability across Diverse Sets

Figure [4.6| provides a graphical summary of the proposed incremental smoothing across

62



—
Z[m]

4
£
Nz

e A0 Yiml

Z[m)

Ym)

Figure 4.6 Comparison between estimated positions by proposed pose graph (blue) and
ground truth (red) across various environments: (a) indoor, (b) field, (c¢) building, (d) bridge,
and (e) tunnel.

all datasets and environments, illustrating their distribution, range, and central tendency.
First, examining the median values reveals that the indoor and field environments have
lower mean [MAE] than other environments. Specifically, the building, bridge, and tunnel
environments exhibit higher mean MAE values. The indoor experiments were conducted in a
large, open area with minimal occlusion, resulting in a [MAFE similar to the field environments.
However, the field environment shows a more uniform MAE across different sets due to the
absence of occlusion, whereas the indoor environment exhibits slightly greater variance. While
the building environment is generally open, the drone occasionally moves close to surfaces
such as walls and windows as it sweeps to cover the area (Figure ). This proximity results

in a higher mean MAE compared to the field dataset. The bridge and tunnel environments
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show higher mean [MAEkL due to increased occlusions encountered during the experiments.
The tunnel environment, in particular, had a more confined space, reflected in its mean values.
Notably, one set within the tunnel dataset showed a significant jump in mean value, which,
upon analysis, was attributed to the flight pattern bringing the drone closer to the tunnel
lining.

The second parameter to examine from this graph is the box size, representing the distance
between the first quartile (Q1) and the third quartile (Q3). This range encompasses the
middle 50% of the data and indicates the variability or dispersion within the dataset. The field
dataset has a smaller box size, indicating low variability and, consequently, more consistent
positioning results. The building dataset also shows small and similar box sizes to the field
dataset in cases where the drone does not fly close to building surfaces. The indoor and bridge
environments have similar box sizes, reflecting the absence of close-to-wall flight scenarios in
these datasets. Conversely, the tunnel dataset exhibits noticeably larger box sizes, indicating
high variability. This increased variability is due to instances where the drone flies close to
the tunnel linings versus instances where it does not, resulting in a high variation in the error
of the range data and measurements and, thus, greater error in the positioning results.

The third parameter to consider is the presence of outliers, which are data points that
fall significantly outside the range of the majority of the data. In a box plot, outliers are
displayed as individual points beyond the "whiskers." The field environment has the smallest
range of outliers among all the datasets due to its more uniform error distribution. Similarly,
the indoor environment has a few outliers, consistently appearing across its sets. In contrast,
the building environment exhibits a higher range of outliers, especially in sets where the
drone flies close to building surfaces. The bridge dataset also shows a larger range of outliers
compared to the field and indoor datasets, though these outliers are not extremely high.
As expected, the tunnel dataset has a very large range of outliers. These outliers represent
instances where the drone flies very close to the tunnel linings, resulting in data points that
deviate significantly from most of the dataset.

Discussion
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Figure 4.7 Box plot illustrating the MAE and quartiles of incremental pose graph results across
diverse environmental sets, including indoor(red), field(yellow), building(green), bridge(pink),
and tunnel(purple).

My analysis highlights the complicated correlation between environmental conditions
and positioning accuracy. While environments with minimal occlusion yield more reliable
positioning results, those with increased occlusions pose substantial challenges, strengthening
error rates and variability. The varying error levels observed across different environmental
scenarios emphasize the importance of considering environmental factors in optimization
processes that rely on accurately defined error metrics. In particular, my findings emphasize
the need for tailored covariance specifications in pose graph optimization algorithms. The
distinct error distributions and outlier frequencies across environments suggest that a one-
size-fits-all approach to covariance estimation may not be sufficient. Instead, optimization
algorithms should adaptively adjust covariance parameters based on the specific characteristics
of each environment and scenario. This highlights the significance of the next chapter in
my research. By predicting dynamic covariance for optimization techniques that account for
environmental variability, I aim to address these challenges and enhance the robustness and

accuracy of localization systems in real-world applications.
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Figure 4.8 Example case trajectories. The colour indicates the XYZ error. (a) An example of
evenly distributed error is typical of field and open indoor spaces. (b) A building dataset
with high error near the building walls. (c¢) The bridge dataset has a medium error close to
the bridge columns. (d) Tunnels have high errors near the walls and during take-off moments

due to high speed.
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4.7 Summary

In this section, an incremental smoothing-based method is proposed that seamlessly integrates
these two types of [UWBlbased measurements and inertial measurement into a unified
factor graph framework. In the proposed method, besides each single range as a high-rate
measurement, I also used multilateration outcome as a low-rate measurement that is a strong
constraint in a solution space. Moreover, I also presented an online operation strategy for
adding a multilateration factor into a graph without violating the factor graph condition.
Through experiments under various scenarios, I demonstrated the effectiveness of the proposed
method.

However, there are several issues that I need to address for further development. First,
the problem of properly setting uncertainty values for factors has not yet been fully addressed.
In this work, I used constant covariance for the factors, derived them from the multilateration
result, and used the covariance matrix for all the multilateration factors. However, a
method for determining the uncertainty values more precisely needs to be further developed,
considering factors (e.g., the dilution of precision [118, 119]) that can affect the uncertainty

of multilateration outcomes.
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Chapter 5

DeepCovPG: Dynamic Covariance
Prediction for UAV Positioning

In this chapter, Building upon my previous research, which focused on pose graph
optimization with static covariance, this chapter represents a natural progression toward
addressing the dynamic challenges inherent in real-world [JAV] navigation scenarios.

Continuing my research, I introduce the integration of deep learning techniques and
[UWHB] technology within the framework. Central to this new approach is the
combination of a [VAE] with an [LSTM| network. The objective is to enhance [[WB] range
data by reducing noise and predicting dynamic covariance. This shift from traditional static
uncertainty models highlights my commitment to adapting to environmental changes and
measurement errors, ultimately aiming to make [JUAV] positioning more reliable and precise.

As I start this chapter, I have two goals: first, to smoothly connect with my earlier
research, and second, to show how can solve problems like signal interference
and tricky navigation. Through rigorous testing across diverse settings, including indoor
environments and urban landscapes, I anticipate demonstrating the significant improvements
achieved by including a remarkable 51% reduction in and substantial
enhancements in [MAF] compared to traditional methods.

The findings of this chapter are published in the following papers:

Z. Arjmandi, J. Kang, G. Sohn, and C. Armenakis, M. Shahbazi, “DeepCovPG: Deep-

Learning-based Dynamic Covariance Prediction in Pose Graphs for Ultra- Wideband-
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Aided UAV Positioning” in CASE, 2024. (Published).

Z. Arjmandi, J. Kang, G. Sohn, and C. Armenakis, M. Shahbazi, “Dynamic Covari-
ance Prediction in Pose Graphs using Deep Learning for Ultra- Wideband-Aided UAV
Positioning” in IJRR Journal, 2024 (Ready to be submitted).

The design and development of the method is my original work. The
conference paper provides a detailed analysis of this approach, while the journal paper

presents a more comprehensive and refined examination of the method.

5.1 Overview

Pose-graph optimization plays a key role in refining the precision of [[WBlaided [JAV]
positioning, translating raw sensor data into actionable positional insights [32, 33, 34]. This
method delineates the [TAVTs trajectory through nodes on a graph, representing its spatial
and temporal relationships with edges, with the ultimate goal of minimizing uncertainty in
location estimation. However, effectively navigating the dynamic uncertainties inherent in
sensor data presents a formidable challenge [35, 36]. Unlike conventional approaches, which
typically treat these uncertainties as static, my prior work, as detailed in the preceding chapter,
employed a pose graph framework characterized by static covariance. Yet, this methodology
disregards the dynamic fluctuations of environmental variables—such as signal noise and
multipath reflections—that continuously influence sensor measurements [37|. Consequently,
the focus of this chapter shifts towards addressing dynamic uncertainties prevalent in sensor
data. The variability inherent in [[WD] range measurements necessitates a sophisticated
pose-graph optimization strategy that comprehensively accounts for dynamic uncertainties,
containing factors such as signal noise, environmental dynamics, and clock drift, all of which
impact [TWBI timing [38, 39, 40]. By integrating robust dynamic uncertainty management
techniques into my pose-graph optimization framework, my aim is to strengthen the resilience

and accuracy of [JAV] positioning in dynamically changing environments.
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In this chapter, I introduce [DeepCovPG] a novel system for [JAV] positioning that takes
advantage of deep learning and advanced pose graph optimization. Central to my approach
is the innovative integration of [[WB| range measurements and data within a dynamic
covariance framework encapsulated in a state-of-the-art VAEILSTM multitask network. This
model is highly effective at refining [TWB] signals for noise reduction and dynamic covari-
ance estimation, establishing a novel pose-graph framework that enhances [JAV] positioning
accuracy and reliability in [GNSSldenied environments.

The chapter presents the following major contributions:

e A novel VAEHLSTM] multitask network for [[WDB] range data refinement and dynamic

covariance prediction.

e A Dynamic Covariance Modeling (DCM]) module and Dynamic [MU] for integrating
incremental smoothing with single and multilateral range measurements alongside IMU

data.

e Extensive validation in diverse environments, demonstrating DeepCovPG’s superior

performance against multipath effects and [NLOS| conditions.

5.2 System Overview

Figure [5.1] presents the DeepCovPG system for [JAV] positioning and the system setup with

[UWHB] anchors for collecting sensor measurement and ground truth labelling.

5.2.1 UWB Anchor Configuration

My experimental setup assumes the presence of four [UWB] anchors uniformly positioned
within the test area. The global reference frame, denoted as Ruwbo, is centred on [UWBI
anchor number 0. The spatial coordinates of the anchors, predetermined using a total station,
are represented as X, = [X,,, Ya,, Zq,;] for each i-th anchor within the frame R,yn0. These

coordinates provide a fixed reference for computing the [UAVs position.
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Figure 5.1 Overview of the DeepCovPG framework for UAV position estimation. The
DeepCovPG framework dynamically predicts the covariance of the factors, enabling adaptive
uncertainty handling within a unified DCPG.

5.2.2 Integrated Range and IMU Data Collection

In my system, the [JAV] is equipped with a tag for precise distance measurements
and an for comprehensive motion tracking. The acquisition of range data from the
[UWHB] tag to each anchor follows a rapid sequential approach, which, despite the slight
temporal offsets, is treated as a quasi-synchronous data set due to the minimal time difference
between readings. This process results in an asynchronized quadruple range vector R; =

[Rtags Riays Riays Rias] at each time step ¢, effectively consolidating the distances from all
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[UWBI anchors. Accompanying the [TWB| measurements, the [MU] angular velocity (w;), and
linear acceleration (ay). To determine attitude (h:), DJI drones employ a barometric sensor.
With the altitude set to zero at the start of the flight to establish a baseline. The sampling
rates of the [UWB] system and the are chosen to ensure an optimal balance between

data resolution and the operational tempo of the [TAV]

5.2.3 Ground Truth Data Collection and Covariance Calculation

A robotic total station capable of prism tracking validated my high-precision positioning
methodologies. The total station tracked a 360-degree GRZ101 mini prism, attached to the
[UAV] through modulated infrared light waves. I relied on two state-of-the-art total stations
for ground truth positioning data: the Leica Nova MS60 MultiStation and the Trimble VX
Spatial Station. These instruments are capable of measuring over distances up to 1000m and
5500m, respectively, and offer angular accuracy as fine as 1”7 (0.00027 degrees).

From the data from the total stations, I derived the precise ground truth position of the
[TAV] at each time step, denoted z; € R3. With the known anchor coordinates a;, the ground
truth range vector were calculated Ry = [||&; — X, ||2, |81 — Xa, |2, |81 — X, |2, |8 — X, ||2],
where |- ||2 denotes the Euclidean norm. This ground truth range vector R, serves as a crucial
benchmark for assessing the accuracy of my estimated [JAV] positions and the effectiveness of
[UWB range data in challenging environments.

To accurately assess the performance of the [JAV] positioning system, it is essential to
consider the covariance of the [[WDBl range data. The ground truth positions, #; € R?, are
derived from precise measurements using robotic total stations, which are considered highly
reliable for this purpose.

To calculate the covariance matrix for the anchor range measurements, the ground
truth distances between the [[AV] and each anchor, R;, are computed using the known anchor
coordinates a;. These ground truth distances are a reference for comparing against the [TWD]
range data.

Given that the range measurements from the [TWB] anchors are not obtained simulta-
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neously, a time window w is used to align these measurements. Within this time window,
the covariance matrix X is calculated based on the deviations between the [[TWB] range
measurements and the corresponding ground truth distances. Specifically, the variance of
each range measurement is computed, and the covariance matrix is constructed. The
diagonal elements of the covariance matrix X i represent the variance of each [UWB] range
measurement as 03 = (R; — R;)?, indicating the uncertainty of the individual measurements.
The off-diagonal elements og, g, = (R; — Z%l) - (Ry — I%k) capture the covariance between
different measurements, reflecting the correlation in measurement errors.

Factors Affecting Covariance Matrix Estimation The accuracy of the covariance
matrix estimation relies on several critical factors. Primarily, the precision of the measurement
devices plays a significant role. Due to issues like sensor calibration or signal interference,
inaccuracies or noise in [[WBl range measurements can increase measurement variance and
impact the covariance matrix. To mitigate this, sensor calibration was rigorously performed
to reduce measurement noise and enhance precision.

Temporal alignment of measurements is another crucial factor. Since [[WBIl range data
are often not collected simultaneously, a carefully chosen time window w was used to align
the UWBIlrange data with ground truth distances accurately. The quality of the ground truth
data also affects covariance estimation; high-precision robotic total stations were utilized to
minimize errors and provide reliable reference distances.

As discussed in Section [5.7.4] the presence of multipath effects tends to increase the
covariance. Specifically, when multipath interference occurs, the [[WB| measurements become
less reliable, leading to higher variance in the estimated covariance matrix. Figure [5.5] shows
that the covariance values were consistently larger during multipath conditions compared to
scenarios with minimal interference, demonstrating the impact of such effects on measurement

accuracy and covariance estimation.
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5.2.4 DeepCovPG’s Three-Step Positioning Framework

Figure [5.1] visually summarizes [DeepCovP([s operational framework developed for deter-
mining [[WBlaided [TAV] positioning through a structured three-step process. Initially, the

VAENLSTM] network refines [[WB] sensor measurements to enhance their reliability for posi-
tioning. This step is crucial for setting a foundation of accurate data for further calculations.
Then, the module generates adaptive covariance matrices, which, together with the
refined data, are incorporated into the Dynamic Covariance Pose Graph (DCPGQ) for [TAV]
positioning. This integration, crucial for the system’s effectiveness, employs incremental
smoothing to combine enhanced data with dynamic uncertainties, ensuring an accurate [JAV]

positional estimate.

5.3 Problem Formulation

Accurate trajectory estimation for [TAVK is critical for a myriad of applications, demanding
precision in the [TAVls position states x; € R? at discrete time steps t. This estimation is
derived from a quadruple range vector R; obtained from [UWB] anchors. However, this process
is inherently laden with uncertainties due to various factors such as environmental noise and
signal interference. A central challenge in [TAV] navigation is the dynamic representation of
these uncertainties, traditionally encapsulated by a covariance matrix (3;).

This work tackles the optimization problem of computing a sequence of [TAV] poses
x1,...,Ty that minimizes the deviation between the actual measurements and those predicted
by the [TAVls sensor suite. The minimization problem, accounting for the dynamic nature of

uncertainties, is given by:

N
v* = argmin Y _ [|h(z,) — R¢H2E (5.1)

T1yery TN =1
Here, h(x;) denotes the expected range measurements based on the [UAVFs pose, while R;

corresponds to the actual range measurements. The inverse covariance matrix 21}1 serves as
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a weight within the optimization function, emphasizing the precision of sensor measurements.
The forthcoming section[5.7.3|will introduce a sophisticated VAEHLSTM] multitask network,
designed to dynamically predict the covariance matrix ZE. This network collaborates with a

proposed pose graph called [DCPG] to improve the accuracy of [UWBaided [TAV] positioning.

5.4 VAE-LSTM Multitask Network

The framework enhances [[TWBFaided [TAV] positioning with a VAEHLSTM]
multitask network that merges VAEls generative modelling with [LSTMs temporal data
processing. This integrated approach enables the network to refine sensor data and dynamically
predict covariance matrices, crucial for precise estimation of [JAV] trajectory, as depicted in
Figure

Let f in g(z) = f(2;©) = 3, represent our neural network architecture. It is structured
as a [VAE] composed of fully connected layers and non-linear activation functions. The
final layer incorporates [LSTM] units. Throughout the training process, optimization focuses
on refining the parameters ©. The [VAE framework, with its encoder-decoder structure,
transforms the high-dimensional input z; € R™ into a latent representation. This latent
representation is processed through the fully connected layers and non-linear activation
functions, capturing intricate features. The last layer, comprising units, introduces
temporal dependencies to the encoded information. The resulting low-dimensional features
are then vectorized, producing f(z;©) € R". This approach draws inspiration from feature
extraction methodologies seen in earlier studies [120, 121]. The final output ¥; is approximated
by a linear combination of the transformed features, expressed as X;.

Starting with raw [UWBlrange data vectors Ry, the network employs fully connected layers
to develop feature-rich vectors, which the [VAE] encoder compresses into a latent space. From
here, two pathways diverge: one refines the range vector R, for positional accuracy,
while the other computes the corresponding covariance matrix ¥5,. The first pathway readies

data for Multilateration (MLATI), outputting positional coordinates x;, and the second
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Figure 5.2 Architecture of the VAE-LSTM multitask network for UAV trajectory estimation.
The network combines VAE units with an LSTM structure to refine sensor data and dynamic
covariance matrices, facilitating a novel approach to trajectory refinement by accurately
modelling sensor uncertainties.

delivers a 3x3 covariance matrix, capturing the dynamic positioning uncertainties. This dual-
pathway approach ensures robust [UAV] trajectory estimation amid dynamic environmental

changes.

5.4.1 Formulation of the Likelihood Loss Function

In Equation [5.2] the likelihood loss function is comprised of several key components and
parameters that are critical for the VAEHLSTM] network’s optimization. Each term plays a

specific role in the loss function’s overall objective:

$<Rt7ERt ’ htapa q) =

o (5.2)
R — Ruf| + X5, — Er,ll + KL[g(¥r | hu)l[p(¢0)]

The first reconstruction loss term for R; seeks to minimize the disparity between the
actual [TWD] range measurements and their reconstructions by the network, R;, ensuring
a faithful replication of observed range data essential for accurate [JAV] localization. The

second reconstruction loss for ¥, aims to diminish the differences between the real-world
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measurement uncertainties and those estimated by the network, ¥ g,, capturing the dynamic
nature of these uncertainties accurately.

Furthermore, the third term of the Kullback-Leibler divergence serves as a regularization
term, quantifying the deviation of the latent variables’ probability distribution, conditioned
on hidden variables ¢(1; | h;), from a predefined prior distribution p(¢;). This ensures the
network’s latent space is both structured and consistent with prior distributions, fostering
the generation of meaningful, condensed representations of the input data.

These components, including R, for the genuine range measurements, Y, indicating
the covariance matrix of measurement uncertainties, h; for hidden variables that might
affect the data reconstruction, and ; representing the latent variables crucial in the [VAEs
generative mechanism, collectively empower the network to not only recreate the range data
and its uncertainties precisely but also ensure that the latent representations are coherent
and significant.

Optimizing this loss function equips my network to support the framework
robustly, channelling refined range measurements and dynamically estimated covariance
matrices into the and modules. This facilitates an all-encompassing and
precise [TAV] trajectory estimation process, which is adept at managing dynamically modelled

uncertainties and significantly improving [UAV] positioning accuracy.

5.5 Dynamic Covariance Modeling

5.5.1 Multilateration Positioning Algorithm

My [UAV] positioning framework employs a TOA-based [MLAT] algorithm, crucial for deducing
the [TAV] location by measuring its distance to a quadruple range vector R,. The [MLAT]
algorithm uses these range measurements alongside the predetermined anchor positions
X, = [Xu,,Ys,, Z,,] to calculate the UAV’s estimated position at time ¢, represented by
®; = [r4, s, 2]. This technique ensures accurate localization despite potential data loss

from an anchor. For comprehensive insights into the IMLAT] algorithm, please see my

7



foundational work in chapter [3] Initial position estimates from [MLAT] are refined using the
Levenberg-Marquardt optimization technique [122], effectively reducing the discrepancies
between the computed and measured distances to anchors, thereby optimizing the [TAV]

positional accuracy.

5.5.2 Dynamic Covariance Modeling

Accurate positioning of [UAVE in the face of range measurement inaccuracies hinges on
dynamic covariance modelling. Following insights from Section the covariance between
each [TWDB] anchor and the [TAV] were learned from the VAEHLSTM] network’s outputs.
Employing the Levenberg-Marquardt optimization in pair with the MLAT] approach from
Section [5.5.1 we compute the [JAVPs position. The ranges to the i-th anchor at time ¢,
denoted R;,,, are important for this process. We have previously introduced a quadruple
range vector R,, which aggregates the distances from the [TAV] to each of the four [[TWD]
anchors at time ¢, facilitating the calculation of the [JAV]s location. The distance R;,, from
the [TAV] to any [UWBl anchor 7 at a specific time ¢ is determined using the Euclidean distance
formula. For the i-th anchor at coordinates (X, Ya,, Z,,) and the [TAV] positioned at x; at

the same time, this distance is calculated as:

Rt,ai (xta yta Zt) = \/(:L‘t - Xai)z + (yt - Y;ll)Q + (zt - Zai)2 (53)

Through the first-order Taylor expansion, we evaluate the influence of range measurement
errors on position estimation, leading to a sensitivity matrix represented by Equation [5.4]
The variable R, ,, represents the range data measured by the ¢-th anchor at time ¢, while Rtﬂ«i
denotes the ground truth range measured by the i-th anchor, calculated using the ground
truth data explained in Section |5.2.3. This forms the foundation for calculating the position

covariance using the uncertainty propagation principle, as depicted in Equation [5.7]
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Az + —aRt’ai(mt) Ay + —aRt’ai(mt) Az (5.4)
ayt 82:15

Tt Tt

The Jacobian matrix J;, key in mapping range uncertainties to positional uncertainties, is

shown in Equation [5.5]

Az
AR, =R, — R, = J; x | Ay (5.5)
Az

The i-th row of J; will be:

,]t: 'rt_Xai yt_}/ai Zt_Zai
‘ Rt,ai(wt)’ Rt,ai(iﬂt)’ Rt,ai(wt)

(5.6)

The residual error in the target position along the three axes can be expressed as a function
of the differences AR between the ground truth and the measured ranges. By applying the
law of uncertainty propagation as described in [123], the covariance of the position Xy, can

be derived from the covariance of the range X, .

Yoo = (JET) ISR, I (JET) T (5.7)

The final results, combining the estimated positions and their dynamic covariances, are
then incorporated into the pose graph optimization, enhancing both accuracy and resilience
of the localized [TAV] positioning. Equation demonstrates the propagation of uncertainty
from range measurements to the estimated position, providing a refined prediction of the

[UAVSs localized position with quantified confidence levels.
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Figure 5.3 Illustration of incremental smoothing pose graph representing the proposed DCPG
with dynamic covariance.

5.6 Dynamic Covariance Pose Graph

The is proposed to enhance the pose graph-based smoothing framework for precise
3D [TAV] positioning. My methodology can process diverse sensor measurements, integrating
various measurement types. A pivotal addition is the integration of dynamic covariance,
predicted by a deep neural network.

In my framework, sensor measurements are encapsulated as factors f;(z;) within a Gaussian

noise model:

) o ex (=g ten) = =13, ) 5:5)

Where z; represents the observed measurement, h;(-) the measurement function, and ;
the dynamic covariance matrix associated with each measurement i. This model underpins the
objective function for [JAV] state estimation within the pose graph. By employing the iISAM2
algorithm [124], we achieve efficient inference, yielding estimates for a comprehensive
set of [JAV] states—position (Zpes, ), orientation (o, ), velocity (xy,), and MUl biases (z, ).

The pose graph integrates three principal factors, as shown in Figure to model the

[UAV]s trajectory accurately, each corresponding to a different sensor measurement and
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associated with its dynamic covariances >3;:

e UWB Range Measurement Factor (frange:): This factor evaluates the discrepancy
between measured [JWDB] ranges and the [JAV]s estimated range from the anchors,

taking into account the dynamic uncertainty of these measurements.

. 1
) = 050 (=5 lees = Xl = R, ) (5.9)

where 05 represents the [JAV]s estimated position at time ¢, X, is the matrix of
positions of the [TWDB] anchors, R; is the quadruple range measurement vector from the
[TAV] to each of the four [[WB] anchors at time ¢, and X, is the dynamic covariance

matrix for the range measurements at time ¢.

e MLAT Measurement Factor (fmiat:): Applies MLAT techniques to enhance the
[UAVTs position estimation from [UWB| range measurements, factoring in the cumulative

uncertainty.

. 1
fmlat,t(mpos,t) = eXp <_§ ||$pos,t - xmlat,tH?EXt) (510)

where 1.t denotes the position of the [JAV] as estimated through MLAT at time ¢,
and Xx, is the dynamic covariance matrix for the MLAT-based position estimates at

time ¢.

T
pvb T

3 . t t— t t
e Inertial Measurement Factor (fivmu:): Let x (X} 0s: Xoris X X}, | Tepresent

the state at the previous time step ¢~ when preintegration began (¢~ < t). Similarly,

t Xt

pos’ “*ori’

x, =[x x!] denotes the current state at time ¢.

We define two factors:

ne (Xpvbs Xp) = d(Xpy, — P(Xpp,s AXp- 1)) (5.11)
féias(xfj_ ) Xi)) = d(Xf:) - g<Xf:)_)) (512)
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Here, Ax;-; represents the relative motion from ¢~ to ¢ obtained from pre-integrated

inertial measurements, and g(x! ) is a random walk model.

The estimates [JAVl's position and navigation by considering various factors.
Each factor has a dynamic covariance matrix (3;), which adapts over time based on sensor
measurements. This dynamic approach provides accurate state estimation, improving the
[UAVPs positioning and navigation. The has adopted the ’add-after-eliminating’
strategy, which was suggested in chapter [l This strategy involves adding two types of range-
related factors into a graph without violating the factor graph condition. After obtaining
multilateration results, range and corresponding factors are removed from the graph.
Then, a new multilateration factor and a singular factor are introduced, ensuring all

factors remain independent. Each range is used for one single factor.

Add-After- Eliminating

In a related work [49], we introduced an innovative [TAV] positioning algorithm that dynami-
cally adjusts to the incoming [TWB] / [MU] data. The algorithm evaluates the feasibility of
multilateration using at least four data points. Without sufficient data for multilateration, a
range factor is introduced into the pose graph. The "add-after-eliminating" strategy ensures
that the graph remains independent, with each range measurement contributing to only one

factor in the graph.

Learning-Based Probabilistic Smoothing

Real-world scenarios expose variables and measurements to many uncertainty sources, such
as sensor noise or imprecise initial conditions. To account for these variances, we introduce a
dynamic covariance pose graph model that adjusts in real-time.

In my previous approach to pose graph smoothing, we simplified by assuming that the
measurement uncertainty remains the same throughout the entire drone flight. However, the
drone encounters varying measurement uncertainties as it moves through different situations.

To tackle this challenge, we introduce a dynamic covariance pose graph.
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5.7 Experimental Results

5.7.1 UAV System and UWB Sensor

The [TAV] system is based on the DJI M100 quadcopter. At the [TAVIs base, we have installed
an Intel NUC, a[UWB]| tag, and a battery as part of the payload. In addition, a 360 degree
mini prism is affixed to the central bottom of the [JAV] to provide ground-truth position
data. We have integrated a total of five Time Domain PulsON 440 [UWB| modules for [TWB]
sensing, capable of delivering accurate range measurements up to several hundred meters in
clear line-of-sight scenarios. Of these modules, one serves as the [[WB| tag mounted on the
[UAV], while the other four function as [JWDB]l anchors.

A ROS Kinetic software on Ubuntu 16.04 was implemented to facilitate sensor data
acquisition. The [UAV]s provides data, including linear acceleration, angular velocity,
and altitude, at a rate of 100 Hz. [TWHB] range data is obtained by having the [TWB] tag
cyclically request distances from the anchors. Each anchor provides range data at 10 Hz,
resulting in a cumulative rate of 40 Hz from all four anchors. Additionally, the positioning
algorithm is implemented using the GTSAM library [125] and my neural network was
implemented using the TensorFlow KERAS framework. [126]

5.7.2 UAV Experimental Setup

As explained in chapter [3] the experiments were carried out at five distinct locations, including
an indoor, open sports field, near a building with glasses, a semi-open tunnel and underneath
a bridge. These experiments involved a cumulative flight time of 1 hour, 50 minutes and 28
seconds, covering approximately 4.3 kilometres while performing various flight maneuvers.
Spatial relationships between the [JAV] and the [WB] anchors were configured according to

various patterns. More detailed information can be found in chapter
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5.7.3 Network Implementation and Training

The implementation leverages TensorFlow, a leading deep learning framework, for model
development. Preprocessing involves formatting the data to suit the requirements of time-
distributed data processing and reshaping the input data into time steps multiplied by 4.
Ground-truth labelling data, collected using prism tracking, section [5.2.3] The training
process involves partitioning the data sets from various environments into training and test
sets, as detailed in chapter

Each training set comprises data collected from at least one representative scenario,
encompassing nearly 60% of the training dataset’s input data. This encompasses 3221 seconds
of travelling time and a flight distance of 2390.8 meters. It should be noted that training is
conducted separately for different environments. In training, we used a learning rate schedule
with an initial rate of 0.001, decreasing by 0.9 every 10,000 steps. The batch size was set to
32 for efficient processing, balancing speed and convergence. We employed early stopping
based on validation loss to determine the optimal number of epochs for each dataset, ensuring
effective training without overfitting.

To optimize this VAEHLSTM]I network, we employ the Adam optimizer [127], selected
for its adaptive learning rate capabilities, facilitating efficient model convergence even with
noisy sensor data. This choice is particularly pertinent given the varying gradients and data

sparsity encountered in [UWB| range measurements.

5.7.4 Results and Discussion: Neural Network Performance

Refinement of Range Data and MLAT Positioning Analysis

In this section, the performance of the VAE-LSTM neural network is analyzed. To
accomplish this, the results of the dual outputs of the network—range and its covariance—are
compared to their raw input. The [MLAT] position and its covariance, utilizing these refined
values, are also examined.

The initial output of the network yields the refined range. Utilizing this refined range
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via multilateration, we computed the refined [MLAT] positioning. A comparison of the
[RMSEI between these two values and their respective refined ranges is presented in Table
Regarding range values, the field dataset exhibited the best result with an improvement of 0.19
meters, while the tunnel dataset showed the most significant improvement with a 0.41-meter
enhancement. The tunnel, bridge, building, indoor, and field datasets improved progressively.
This outcome was anticipated due to the varying levels of multipath interference present in
these environments, with the tunnel dataset having a higher incidence of multipath and the
field dataset showing fewer multipath outliers. Figure shows the network’s capability in
rectifying raw range data corrupted by multipath interference in one of the case studies in
indoor environments where multipath occurs in a few instances.

Utilizing these refined ranges, the MLAT] positioning follows a similar trend. For instance,
the field dataset shows only marginal improvement, while the tunnel dataset exhibits the
most significant enhancement in refined positioning accuracy.

Table 5.1 Comparison of RMSE between the Refined Range calculated by DeepCovPG and

its Raw Value (left), and the MLAT Pose calculated using the Refined Range, along with its
value using the raw ranges (right).

RMSE [m] RMSE [m]
Raw range Refined range MLAT position Refined IYILAT position
(R) _ (R) _ (XMLAT) _ (XMLAT)V .
Training | Testing Training [ Testing

Indoor 0.56 0.14 0.26 1.43 0.75 0.97
Field 0.42 0.17 0.19 0.43 0.35 0.41
Building 0.57 0.21 0.26 2.76 1.21 1.92
Bridge 0.47 0.19 0.28 0.45 0.37 0.43
Tunnel 0.72 0.26 0.31 1.99 1.27 1.54

| Average | 054 [ 019 [ 0.26 | 1.416 [ 078 [ 1.04
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Figure 5.4 Illustrating the network’s capability in rectifying raw range data corrupted by
multipath interference for indoor environment set 1.

Analysis of Range and MLAT Covariance

In this section, I explore the second output of the network: the range covariance. Addition-
ally, the covariance of the [MLAT] positioning through uncertainty propagation is calculated.
My aim is to compare the predicted covariances with the static covariances to assess their
performance.

The constant covariance can either be a default value (as utilized in the incremen-
tal smoothing in the previous chapter) or calculated using ground truth values: ¥p =
% Zi]il(Ri — R)(R; — R)T. In the previous chapter, we assumed independence among the
four range measurements, resulting in a diagonal covariance matrix. Each range measurement

had a standard deviation of 0.3. However, this study considers interdependencies among
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measurements due to factors such as signal noise, environmental dynamics, and clock drift,
learning the covariance matrix using a [VAEHLSTMI network.

Table presents a comprehensive overview of the RMSE values for both static and
dynamic covariances of range and the calculated MLAT covariance across various environments.
In the testing sets, the RMSE values for dynamic covariance ranged from as low as 0.32 in
indoor scenarios to as high as 1.02 in tunnels. This demonstrates a limited three-fold variation
in RMSE across vastly different settings. In contrast, static covariance shows a much greater
variation, ranging from 0.54 in Field scenarios to 2.31 in Tunnels. The average RMSE for
dynamic covariance in the testing sets was 0.60, compared to 1.23 for static covariance. This
represents a substantial improvement of approximately 51% in RMSE when utilizing dynamic
covariance.

In Figure [5.5] I present a 4x4 matrix illustrating covariances for one case study, indoor
dataset set 1. The matrix represents the covariance structure of the positioning system,
encompassing 8 parameters indicating 10 unique elements of the covariance matrix. These
parameters are derived from combining 4 range values from 4 anchors. Specifically, the first
two rows of the matrix correspond to the diagonal values, representing the variances of the
position estimates. The remaining elements in the upper triangular portion of the matrix
mirror the values in the lower triangular portion, capturing the covariances between the
position estimates.

Importantly, the network output depicted in the figure aligns closely with the ground
truth covariance, indicating the effectiveness of the VAE-LSTM network in capturing the
underlying covariance relationships within the positioning data. The significant reduction
in RMSE values for dynamic covariance, especially in complex structures such as tunnels
and buildings, demonstrates the ability of to adapt effectively to challenging

navigation situations.
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Table 5.2 Comparison of RMSE between the Predicted Covariance Matrix of range calculated
by DeepCovPG and its static value (left) and the Covariance Matrix of MLAT Pose calculated
by Covariance Propagation, along with its static value (right).

RMSE [1n7] RMSE [im7]

Static Cov. Dynamic Cov. Static Cov. Dynamic Cov.
() G - () _ (B0

Training | Testing Training | Testing
Indoor 0.82 0.13 0.32 3.03 2.62 2.77
Field 0.54 0.23 0.42 2.89 1.74 2.01
Building 1.32 0.42 0.51 3.84 1.71 2.14
Bridge 1.25 0.54 0.63 3.53 1.83 2.07
Tunnel 2.31 0.76 1.02 4.88 2.59 2.97
| Average [ 123 [ 042 | 0.60 [ 351 [ 209 | 2.39
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Figure 5.5 Covariances depicted in a 4x4 matrix for indoor dataset set 1, showcasing ground truth (cyan), static covariance
(red), and predicted covariance by VAE-LSTM network (black), illustrating the alignment between network outcome and
ground truth compared with static covariance.



5.7.5 Results and Discussion: Positioning Accuracy

I employed two baselines for comparison in my study. Baseline 1, referenced as [128|,
originates from my benchmark dataset paper, where [JAV] positions were determined using
multilateration techniques. Baseline 2, referenced as [49], is from another of my papers. It
involves a smoothing pose graph framework, which we utilized as a comparison baseline for
my dynamic pose graph approach.

Figure displays the trajectories of selected sample sequences generated using my
method, and table provides a comprehensive evaluation of the MAE for MLAT] without
Pose Graph, the baseline Pose Graph (proposed pose graph with static covariance), and
the proposed approach. For the baseline method, the overall MAE across all
test environments was 0.264 m. In contrast, achieved a lower overall MAE of
approximately 0.169 m in the test scenarios. Even in open field conditions,
outperformed the baseline Pose Graph, showcasing an MAE of 0.192 m against 0.231 m (36%
improvement). This advantage is not limited to open-field conditions; even in more complex
settings such as buildings, tunnels, and bridges, consistently produces lower
MAE values.

The superior performance of is largely attributed to its dynamic covariance
modelling, allowing it to adapt effectively to different environmental challenges. This adapt-
ability significantly enhances its resilience to issues like multipath effects, which are prevalent
in complex settings. Upon breaking down the error metrics into individual dimensions (x, y,

z), also excels, particularly on the z-axis, demonstrating its utility in applications

requiring high-precision spatial orientation data.

5.8 Summary

In this study, we presented [DeepCovP(], a novel framework that integrates deep learning
algorithms with [[WB] technologies to improve the positioning accuracy of [JAVk substantially.
Using VAEL and [LSTM] networks, excels in refining and denoising [UWDBI range
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Table 5.3 The MAE of DeepCovPG outcomes (UNIT: METER).

- - Indoor Field Building Bridge Tunnel Total
Number of Sets - 3

Baseline 1: X 0.655 0.245 1.570 0.283 1.094 0.769
MLAT y 1.141 0.208 2.253 0.185 1.623 1.082
(chapter ' z 0.566 0.292 0.305 0.302 0.393 0.372
Xyz 0.787 0.248 1.376 0.257 1.037 0.741
Baseline 2: X 0.055 0.068 0.077 0.084 0.037 0.064
pose graph y 0.070 0.210 0.462 0.180 0.573 0.299
with two factors 7z 0.473 0.217 0.247 0.255 0.265 0.291
(chapterlgl) Xyz 0.502 0.352 0.548 0.319 0.622 0.469
Baseline 3: X 0.052 0.015 0.014 0.021 0.012 0.023
ose graph y 0.058 0.208 0.231 0.211 0.209 0.183
Fcha %er z 0.186 0.094 0.097 0.189 0.188 0.151
P Xyz 0.225 0.231 0.255 0.291 0.310 0.264

- train | test | train | test | train | test | train | test | train | test train | test

Proposed x | 0.043 | 0.048 | 0.010 | 0.012 | 0.013 | 0.015 | 0.014 | 0.017 | 0.011 | 0.012 || 0.014 | 0.021

Method: y | 0.047 | 0.051 | 0.192 | 0.200 | 0.074 | 0.092 | 0.104 | 0.135 | 0.103 | 0.142 || 0.104 | 0.124

DeepCovPG z | 0.097 | 0.126 | 0.075 | 0.089 | 0.082 | 0.091 | 0.093 | 0.102 | 0.092 | 0.131 || 0.088 | 0.108

xyz | 0.193 | 0.201 | 0.158 | 0.192 | 0.197 | 0.203 | 0.162 | 0.193 | 0.204 | 0.235 || 0.183 | 0.204

data while also dynamically predicting measurement covariances.

Through rigorous empirical assessments in [GNSSFdenied and [UWB| multipath-prone
environments, we established the significant advantages of over traditional

approaches. Specifically, the framework improved MAE by approximately 36% and RMSE

by approximately 51% in challenging contexts such as tunnels, bridges, and buildings. These

improvements indicate the system’s adaptability and robustness and highlight its exceptional

performance in complex, real-world situations.

Furthermore, my work lays the foundation for future adaptations that can integrate
with IMUk and other types of pose sensors. This extension would potentially

lead to even more robust and accurate positioning solutions across various platforms, not

just [TJAVE.
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Figure 5.6 Comparison between estimated positions by DeepCovPG (blue) and ground truth
(green) across various environments: (a) indoor, (b) field, (¢) building, (d) bridge, and (e)
tunnel. The complete trajectories across all datasets and environments are available in the
appendix.
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Chapter 6

Integrating Al and Geometric Methods
for LIDAR SLAM

The primary objective of this chapter is to develop an autonomous, unmanned aerial
photogrammetry system designed for inspecting vertical infrastructures that pose challenges
for conventional access methods. A key focus in achieving this goal is the creation of
a precise navigation and positioning system capable of functioning seamlessly in
denied environments. Initially, the plan was to employ a fusion of [UWB] and [LiDARI] sensor
technologies to construct a robust positioning system.

Previous chapters established the foundation for precise [JAV] localization using [TWBI
and data. Chapter [3| introduced a multilateration-based method, enhanced with
the Levenberg-Marquardt non-linear minimization algorithm, for offline tests in diverse
environments. Chapter [ and 5] then presented a novel approach combining high-rate 1D
[UWHB] range measurements with low-rate multilateration outcomes using an incremental
smoothing-based method, significantly improving [TAV] positioning accuracy.

However, due to the pandemic, I could not collect new data with the drone. As a
result, I adapted my approach to use the KITTI dataset, which provides[LIDAR] data collected
using a car instead of a drone. In this chapter, I advance the localization capabilities by
proposing a fusion method that leverages the strengths of both geometric and deep-learning
odometry techniques. My methodology overcomes the limitations inherent in each approach

when employed independently. At its core, the localization method relies on geometry-based
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[LIDARI odometry, while deep learning techniques are utilized to handle inconsistencies and
noise within the environment.
This work is my original contribution and is currently drafted for publication in:
Z. Arjmandi, G. Sohn, and C. Armenakis, “Dynamic Recalibration in LiDAR SLAM:
Integrating AI and Geometric Methods with Real-Time Feedback Using INAF Fusion”
in RA-L Journal, 2024.

6.1 Overview

In the subsequent sections, the discussion begins with an overview of the three different
pipelines used in my approach. These include two single-branch setups (ICP-QE and DIL-
PE) and one fused setup combining both ICP-QE and DL-PE branches, followed by the
Odometry Prediction Block and the Loop Closure and Optimization Block. Understanding
these configurations is crucial for grasping the subsequent methodological choices.

Next, the focus shifts to the choice between ensemble learning and fusion networks
for combining predictions from multiple models. This comparison provides the rationale
behind selecting fusion techniques over ensemble learning, emphasizing the integration of
complementary strengths of different branches within a unified framework.

Following this, the discussion moves to adapting networks to new data and unobserved
motion. The innovative concept of Inferred Attention is introduced, dynamically adjusting
attention weights post-training. This approach enables adaptation without retraining the
network, refining attention scores based on kinematic changes. This section outlines the
rationale for choosing Inferred Attention over incremental learning and traditional attention-
based methods.

The chapter then explores the details of the fusion approach, examining three distinct
fusion techniques: Direct Fusion, Attention-Based Fusion, and my unique contribution,
the [NAFl The [NAF] module stands out by employing advanced inference techniques to

dynamically select the most relevant information from both geometric and deep learning
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odometry, resulting in superior localization results, especially in challenging environments.
The chapter concludes with a clear thesis statement outlining the objectives and research

questions, organized into two distinct phases. Step 1 focuses on analyzing various odometry

and mapping techniques. In contrast, Step 2 aims to design a fusion module that optimizes

performance under diverse conditions, introducing the unique INAT] as a novel contribution.

6.2 Methodology

6.2.1 Odometry Pipelines

This study introduced three distinct odometry pipelines (Figure . The first pipeline,
utilizing the geometric ICP methodology, named ICP-QE, begins with geometric computations
between consecutive scans. This is followed by an odometry prediction block that computes
the transformations. The loop closure and optimization block ultimately integrate these
results to estimate the drone’s trajectory.

The second pipeline, DL-PE, leverages deep learning techniques to extract and predict
motion features from sensor data. Similar to the first pipeline, this is followed by an odometry
prediction block and subsequently by the loop closure and optimization block, which refines
and integrates the estimated trajectory.

The third pipeline combines the strengths of both ICP-QE and DL-PE methodologies.
Both pipelines contribute to the odometry prediction block, synthesizing their outputs there.
This combined approach enhances the accuracy and robustness of the odometry estimation.
Finally, as with the other pipelines, the loop closure and optimization block processes these
estimates to refine the trajectory estimation for comprehensive mapping and localization

tasks.
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Figure 6.1 Pipelines illustrating three configurations: two single-branch setups (ICP-QE and
DL-PE) and one fused setup combining both ICP-QE and DL-PE branches, followed by the
Odometry Prediction Bloack and the Loop Closure and Optimization Block.

6.2.2 Ensemble Learning vs. Fusion Networks

Ensemble Learning and Fusion networks are integral methods that combine predictions from
several models to improve performance and reliability.

Combining multiple models through ensemble learning results in better prediction perfor-
mance than any single model could achieve. Boostrap Aggregating, also known as Bagging,
requires training multiple instances of a model on different subsets of this training data and
then averaging their predictions. Bagging usually involves combining the results of multiple
decision trees, such as Random Forests. On the other hand, Boosting sequentially trains
models, with each subsequent model concentrating on adjusting errors made by previous ones.
AdaBoost and Gradient Boosting Machines can be given as examples. Strong predictive

models often result from boosting but can be overfitted if not managed carefully. Stacking is
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Aggregation VS. \ Fusion

Independent networks

a) Ensemble Learning b) Network Fusion

Figure 6.2 a) Ensemble Learning vs. b) Network Fusion. In ensemble learning, multiple
networks are trained independently and remain frozen during combination. In contrast,
network fusion involves training multiple networks together, allowing for integrated learning
and mutual adaptation.

about using another model (level 1) that tries to learn how best to combine the predictions
from the models trained at level 0 after simultaneously training some level 0 models. Level 1
attempts to learn what weightings to put on the predictions from level 0 models that will
make them optimal for making accurate predictions. In the voting approach, which is simple,
several various models are trained while their predictions are merged either by majority vote
for classification or by averaging for regression tasks.

Fusion networks, also known as sensor fusion or multimodal fusion, integrate multiple
data sources or models into a unified framework. Unlike ensemble learning, fusion networks
typically involve joint optimization of parameters, allowing the model to learn how to
combine different inputs during training best. Early fusion combines raw data from multiple
sources at the input level before feeding it into the model. It is straightforward but may
not always capture complex interactions between data sources. Late fusion combines the
outputs of multiple models (each trained on different data sources) at the decision level. It
is similar to ensemble learning but allows for more interaction between the models during

the decision-making process. Hybrid fusion combines early and late fusion, where data is
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partially combined at both the input and decision levels. This method aims to utilize the
strengths of both approaches, allowing for more fine interactions between data sources.
Fusion networks were chosen over ensemble learning for this study due to their ability
to dynamically adapt and optimize predictions by leveraging the complementary strengths
of different models or data sources. While ensemble methods like bagging and boosting
improve accuracy and robustness through independent training, they do not allow for the
joint optimization of parameters during training. On the other hand, as is shown in Figure
[6.2] fusion networks facilitate integrated learning and mutual adaptation, providing better
performance in handling complex and dynamic tasks. This makes fusion networks more
suitable for the localization system, which requires integrating two approaches to achieve

high precision in odometry [129].

6.2.3 Advantages of Inferred Attention Over Incremental and At-
tention Based Approaches

Introducing Inferred Attention is motivated by its advantages over incremental learning and
traditional attention-based methods.

Incremental Learning (Figure a): Incremental learning involves continuously updating
the model parameters with new data. While effective in some cases, it often requires
careful management to prevent catastrophic forgetting and maintain stability in the learned
representations. The iterative nature of incremental learning can also be computationally
expensive and time-consuming, especially in scenarios where real-time adaptation is crucial.

Traditional Attention-Based Methods (Figure [6.3|b): Traditional attention mechanisms
in deep learning typically involve fixed attention weights learned during training. These
mechanisms selectively focus on specific parts of input data, enhancing model performance
by prioritizing relevant information. However, they may struggle to adapt to unpredictable
variations in input patterns or environmental conditions encountered during deployment.
This lack of adaptability can limit the system’s robustness in dynamic settings.

Inferred Attention (Proposed Method)(Figure [6.3lc): Inferred Attention represents my
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Figure 6.3 Adaptation of networks to new data across different methods: (a) Incremental
learning, where the network is updated with new data over time; (b) Attention-based networks,
which utilize attention mechanisms to focus on relevant parts of the input; and (c¢) Inferred
Attention (Ours), where network parameters are continuously adapted based on feedback
from the environment.

proposed method, introducing a novel approach that dynamically adjusts attention weights
post-training. This dynamic adjustment is based on real-time feedback from the environment,
enabling the network to respond effectively to unobserved motion and environmental changes.
Inferred Attention optimizes model performance by continuously refining attention scores
without requiring extensive retraining or manual intervention. This adaptive capability
improves localization accuracy and enhances the system’s adaptability and robustness in
challenging operational conditions.

By leveraging these capabilities, Inferred Attention represents a significant advance-

ment over traditional incremental learning and fixed attention mechanisms, offering a more
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responsive and adaptive solution.

6.2.4 Proposed Inferred Attention Fusion

During training, the networks undergo parameter updates through forward and backward
passes, optimizing their internal representations based on the training data. However, once
training is complete, the network typically operates statically, processing inputs based on fixed
parameters and producing outputs accordingly. This static behaviour may limit the network’s
ability to handle variations in input patterns and environmental dynamics encountered during
deployment.

To address the challenge of adapting to new data and unobserved motion, I propose the
"Inferred Attention" approach. Unlike conventional attention-based methods, where attention
weights are predetermined during training, Inferred Attention introduces a dynamic inference
mechanism. This mechanism continuously adjusts attention weights in real-time, utilizing
feedback from the environment to prioritize relevant information and ignore noise or irrelevant
signals. By dynamically updating attention weights post-training, the network can adapt its
focus to changing conditions, enhancing robustness and accuracy in challenging operational
scenarios.

Inferred Attention advances static attention mechanisms and traditional incremental
learning approaches. It empowers the network to maintain performance without extensive
retraining, making it particularly suited for applications requiring real-time responsiveness

and adaptive behaviour in dynamic environments.

6.2.5 Backend Optimization

After extracting odometry data, the system’s backend integrates two crucial components: scan
loop closure and graph optimization. Scan loop closure employs scan context techniques [130],
which enable the system to identify and close loops in the trajectory based on similarities
between scans obtained at different times. This process enhances the accuracy and consistency

of the trajectory estimation by correcting accumulated errors over time.
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Figure 6.4 Overview of the three phases in my network: (a) Training phase, where the network
learns from data; (b) Prediction phase, where the trained network is frozen (indicated by a
snowflake symbol) and used for inference, and (c) Prediction phase with Inferred Attention
Fusion (INAF), where some network parameters continue to adapt based on feedback from
the environment.

Additionally, graph optimization is employed using minisam [131], a universal framework
for solving large-scale nonlinear optimization problems commonly found in robotics and
computer vision. Minisam optimizes the entire trajectory, considering constraints from

odometry measurements and loop closures.

6.3 Explaining System Modules

In my LiDAR SLAM approach, I have developed three distinct odometry pipelines. The
detailed architecture is shown in Figure 6.5 These pipelines share a common structure
composed of three key blocks: the odometry encoding block, the odometry prediction block,
and the loop closure and optimization block. Each pipeline incorporates these blocks but
employs different methodologies and combinations to exploit their strengths.

The first pipeline employs the geometric-based ICP-QE branch within its odometry

encoding block. This branch focuses on computing transformations between consecutive
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Figure 6.5 The proposed SLAM system, illustrating three configurations: (a) Fusion of
ICP-QE and DL-PE, (b) ICP-QE and (c¢) DL-PE followed by the Odometry Prediction and
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102



scans, relying on geometric principles to provide accurate odometry data. The odometry
prediction block in this pipeline consists of a temporal modelling module, followed by fully
connected layers for task-solving.

The second pipeline utilizes the DL-PE branch in its odometry encoding block. This
branch employs deep learning techniques to extract and predict motion features from sensor
data, providing an alternative approach to odometry computation. Like the first pipeline,
the odometry prediction block includes a temporal modelling module and fully connected
layers for task-solving.

The third pipeline combines the strengths of both the ICP-QE and DL-PE branches
within its odometry encoding block. By integrating geometric and deep learning approaches,
this pipeline aims to enhance the accuracy and robustness of the odometry estimation. The
odometry prediction block in this pipeline includes a feature fusion module to adjust the
outputs from both branches, followed by temporal modelling and task-solving layers.

Finally, the loop closure and optimization block are consistent across all three pipelines.
This block is crucial in refining the estimated trajectory by integrating loop closure factors

and performing graph optimization.

6.3.1 ICP-QE: ICP Quaternion Encoder

The ICP-QE module, designed explicitly for geometric-based odometry, consists of three
submodules: ICP Odometry, Dual Quaternion Conversion, and the Dual Quaternion Encoder.

The ICP Odometry submodule employs the Iterative Closest Point algorithm [90] to
process LiDAR point cloud data. This algorithm iteratively refines and aligns the point cloud
data, using geometric information to estimate the odometry parameters. This alignment
process minimizes the difference between successive point clouds, resulting in a transformation
matrix representing the motion between scans.

The second submodule, Dual Quaternion Conversion, transforms the obtained transfor-
mation matrix into an eight-parameter dual quaternion representation. Dual quaternions

provide a compact and efficient way to represent rotations and translations, facilitating the
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subsequent encoding.

The Dual Quaternion Encoder’s third submodule consists of dense layers and activa-
tion functions designed to encode the dual quaternion parameters into a feature vector.
This encoding process captures the essential geometric transformations, providing a robust
representation for further processing within the odometry prediction block.

The overall transformation within the Dual Quaternion Encoder is:

GICPfQE = fDual Quaternion Encoder((QOu q1, 92, QB) + €<qe()7 Gel, Ge2, QeS)) (61)

With these encoded features, the ICP-QE module fully represents the geometric transfor-

mations. These features are prepared for the next stage in the odometry pipeline.

6.3.2 DL-PE: DL Point Cloud Encoder

The DL-PE (Point Cloud Encoder) module, designed for extracting features from [LIDAR] point
cloud data, consists of two submodules: Cylindrical Projection and Point Cloud Encoder.

Point clouds are a set of data points (p”, p¥, p*) defined in Cartesian coordinates, offering
a comprehensive representation of the 3D structure within a given space. Typically generated
by [LIDAR] devices, these point clouds serve as valuable datasets for various applications, such
as environmental mapping and object detection. However, the inherent sparse structure and
irregular format of point cloud data make direct processing challenging for neural networks
[132].

To address this challenge and enable effective utilization by convolutional neural networks,
the Cylindrical Projection submodule (Section converts the point clouds into a regular
matrix format through 2D spherical projection. This transformation reduces the irregularities
in the data and aligns with CNNs’ structured input requirements, facilitating more efficient
learning and feature extraction by the neural network.

In the Point Cloud Encoder submodule, point cloud data undergo further processing

to extract meaningful features. This submodule employs multiple layers of ResNet [133]
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to learn the essential characteristics from the point cloud data. Through a combination of
convolutional layers, adaptive average pooling, and fully connected layers, the input matrix xp
is transformed into a d-dimensional point cloud feature vector ap € R?. The transformation

function is represented as:

QDL—PE - fPointcloud Encoder(ua v, pz’ Pt NE» Nw NC) (62)

These features are then passed on to the odometry prediction block for further processing.

6.3.3 Odometry Prediction Block

The Odometry Prediction Module is a critical component within the framework. It is tasked
with predicting the transformation matrix based on features received from the Odometry
Encoding Block. This module is consistent across the single-branch and dual-branch pipelines,
with minor variations to accommodate the fusion of multiple feature sets. It consists of the
following submodules: Feature Fusion (for dual branch pipelines), Temporal Modeling, and
Task Solver.

In the single branch cases, the module comprises two submodules:

Temporal Modeling: This submodule incorporates temporal dependencies to enhance
odometry predictions. A recurrent neural network (RNN), specifically an [LSTM] processes
the input feature representation z; at time step ¢ along with its preceding hidden states h;_1,

capturing dynamics and temporal correlations. The relationship is formulated as follows:

Yy = RNN(Zt, htfl) (63)

Central to effective state estimation is incorporating temporal dependencies, particularly
in modelling accurate system states such as relative poses. The [LSTM| network processes
the combined feature representation z; at time step ¢, along with its preceding hidden states
hi_1, effectively capturing the dynamics and connections across a sequence of features. The

hidden states h; retain the historical information of features relevant to the task.

105



Task Solver: This submodule consists of dense layers and activation functions that
transform the temporal features obtained from the [LSTM] into the system state. Specifically,
a fully connected layer functions as the regressor, converting the learned features into a
transformation matrix representing the relative pose.

Feature Fusion: For the dual branch pipeline, the module includes an additional
submodule to handle integrating features from both branches. This submodule integrates
high-level representations from the ICP-QE and DL-PE branches. The fusion function g

combines the features Oicp.qr and Opr-pg into a unified feature vector z:

z = g(bicp-qr, fpLPE) (6.4)

Fusion strategies include direct concatenation, attention-based fusion, and the INAF
method. These approaches are designed to capture the most relevant information from both

modalities, enhancing the system’s overall performance.

6.3.4 Loss Function

The network outputs relative poses could be y = [p, ], consisting of a 3-dimensional translation
vector p € R? and a 3-dimensional Euler rotation vector r € R3.

To optimize the neural network parameters 6, the objective is to minimize the Mean

Squared Error (MSE) of the relative poses:

L(O)* = [lp — plI* + N7 — r||* (6.5)

Here, [p, 7| represents the ground truth values, and A\? is a scale factor used to balance
translational and rotational errors.

Dual quaternions are adopted to eliminate the need for manual adjustment of A\? and
address the inherent imbalance between translational and rotational losses. Dual quaternions
provide an 8-dimensional representation for rigid transformations, effectively managing both

rotations and translations in a unified and balanced manner. Compared to other methods,
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Their computational efficiency and robustness make dual quaternions highly suitable for this

task. Further details on dual quaternions can be found in Section [6.4]

L(0)* =1lq — gl (6.6)

This equation represents the squared Euclidean distance between the ground truth dual
quaternion ¢ and the predicted dual quaternion ¢, illustrating the network’s ability to learn

accurate representations of relative poses.

6.4 Dual Quaternions

Accurately representing rigid transformations is crucial in computer graphics, robotics, and
animation. These transformations involve rotations and translations, allowing manipulation
of objects in 3D space. Dual quaternions offer a powerful solution in this domain.

In 3D space, the Special Euclidean group (SE), represented as SFE(3), encompasses all
rigid transformations, merging rotations and translations. This forms the basis for coherent
object transformations.

Various methods exist for handling rigid transformations. Fuler angles provide an
intuitive approach for expressing rotations. Still, they can encounter issues like Gimbal
lock, which results in losing one degree of freedom in a three-dimensional space, making
certain orientations unachievable [134]. While mathematically precise, rotation matrices can
be computationally expensive and prone to numerical errors due to the accumulation of
floating-point inaccuracies over successive operations [134]. Quaternions offer a concise and
clear way to represent rotations, avoiding Gimbal lock and efficiently interpolating between
orientations, thus providing a more robust solution for handling rotations in three-dimensional
space [134].

However, combining quaternions with translation vectors presents a challenge, potentially
leading to unbalanced loss functions during neural network optimization. Dual quaternions

extend the quaternion framework by introducing dual numbers. This extension seamlessly
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combines rotation and translation information while maintaining a consistent scale and
preventing loss function imbalance. Dual quaternions excel in complex rigid body systems,
ensuring smooth transitions between poses and reducing sudden jumps caused by singularities.
Compared to rotation matrices, they require fewer operations, speeding up computations es-
sential for real-time applications. While not entirely immune to singularities, dual quaternions
manage them more effectively than Euler angles, reducing ambiguities arising from multiple
rotation representations. This is supported by their ability to handle complex transformations
and maintain stability in computations [135, 136].

Dual quaternions are powerful tools in representing rigid body transformations, combining

rotation and translation into a single mathematical entity. They are defined as follows:

4= qo+€qe (6.7)

where ¢o and ¢. are standard quaternions, and ¢ is the dual unit with the properties
€2 =0 and € # 0. A standard quaternion ¢ is composed of four parameters representing

rotation, and the dual part ¢. also consists of four parameters:

4= (90, q1, 925 @3) + €(Qe0s Ge1s Ge2» Ge3) (6.8)

This encapsulation allows the dual quaternion to represent rotation and translation in
3D space. For a rotation ¢, and translation t = [t,,t,,t.], the corresponding dual quaternion

DQ is given by:

9
4=+ 5% ®t (6.9)

where ® denotes quaternion multiplication. Here, ¢, represents the quaternion for
rotation, and the term $g, @t integrates translation, simplifying the computation of combined
transformations.

This formulation is particularly useful in computer graphics and robotics for smoothly

interpolating motions and handling complex kinematics scenarios without the Gimbal lock
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Figure 6.6 Illustration of three fusion methods: (a) Direct Fusion, where inputs are concate-
nated directly; (b) Attention Fusion, which leverages multihead self-attention mechanisms;
and (c) Inferred Attention Fusion (INAF) (Ours), which adapts network parameters based
on environmental feedback for improved performance.

that affects Euler angles. It provides a more stable and efficient way of handling 3-D

transformations than the separate handling of rotation matrices and translation vectors.

6.5 Fusion Modules

In this section, feature fusion modules are explored. Recognizing the limitations of considering
all features equally important without accounting for degradation and dynamic environmental
factors. My perspective highlights the potential drifts and errors from such an approach. To
address this, I introduce the Fusion methodology, featuring a dynamically operating
module that recalibrates feature importance in real-time based on motion feedback, aiming
to enhance system accuracy adaptively.

Two alternative fusion methods, direct fusion and Attention-Based fusion, are presented.
These serve as baseline models, providing benchmarks for evaluating the efficacy of the
proposed Fusion model in reducing drift and improving overall accuracy. The visual
representation of these fusion methods is illustrated in Figure [6.6] offering a graphical

comparison of the presented fusion methods.
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6.5.1 Direct Fusion

An effective strategy for implementing sensor fusion involves the application of [MLPk to
merge features from distinct sensor modality channels. In this ideal scenario, the system
learns to discern pertinent features for predictions in an end-to-end manner. Therefore, direct

fusion can be expressed as follows:

Gdirect (P1cp-qE, OpL-pE) = [ficp-qE; OpL-PE] (6.10)

In this formulation, the notation [ficp.qr; @pL-pr] represents an operation function that
concatenates features Oicp.qr and Opr-pr, where these features are extracted from Modality
One and Modality Two, respectively. This straightforward approach aims to leverage the
collective information from both modalities to enhance the overall prediction capabilities of

the system [132].

6.5.2 Attention Based Fusion

The self multi-head attention mechanism applied to fusing the outputs of the branches ficp.qr
and fpr.pg uses distinct weight matrices to transform these branch outputs into queries, keys,

and values:

Queries = W, x 0, Keys =W, x 60, Values=W, x 0 (6.11)

where 6 represents the concatenated outputs of the branches, and W,, W), and W, are the
weight matrices for queries, keys, and values, respectively.

The attention scores are then computed by:

(6.12)

eries - Keys”
Attention Scores = softmax ((Qu ri N ))

Vi,

where dj, is the dimension of the key vectors. These scores prioritize parts of the input based

on their computed relevance to the task.
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The output from the attention mechanism is a weighted sum of the values:
Output = Attention Scores - Values (6.13)

Multiple heads are used to independently process the inputs, allowing the model to
explore different aspects and relationships within the data. The final output of the multi-head

attention mechanism is:
Multi-Head Output = Concatenate(Head,, Heads, . . ., Head,) x W (6.14)

where W is a linear transformation applied to the concatenated outputs of all heads, effec-

tively integrating the distinct features from ficp.qr and Oprpr into a unified representation.

6.5.3 Inferred Attention Fusion(Propose Method)

Dynamically operating module recalibrating feature importance based on real-time motion
feedback. Following network training and parameter stabilization, the network output is
used to align rigid body transformations at each time step precisely. The transformations
are applied to the source scan to generate subsequent time steps. The comparative analysis
contrasts the transformed source scan with the actual target scan, facilitated by three loss
functions: point-to-point, point-to-plane, and plane-to-plane loss.

The derivation of partial derivatives of error concerning the fusion feature space unfolds
in two stages. First, the calculation involves the interaction between the error and the
transformation parameters during the inference phase. Second, this partial derivative is
obtained numerically in the network’s backpropagation phase. The multiplication of these two
partial derivatives ascertains the sensitivity of the error to the fusion feature space parameters,
empowering the network to make informed decisions regarding feature prioritization from

both branches. This adaptability ensures robustness within the network architecture.
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Figure 6.7 Hlustration of the chain rule in calculating error gradients for the INAF fusion

method, tracing back from the output error to the features derived from the branches ticp.qr
and QDL—PE-

1 N —_— 2
Looint to point = Z ‘ <transf0rmed source, — target > (6.15)
k=1 2
N
1 2
L point to plane = Z ‘ transformed source, — target,) - n, (6.16)
Fop=1 2
N
‘Cplane to plane — Z | —1n, ‘2 (617)

The total error is a summation of the individual errors calculated from the above equations:

E= »Cpoint to point + »Cpoint to plane + ‘Cplane to plane (618)

I use the chain rule to calculate the gradient of the total error with respect to the branch

features 0. Let ¢ represent the dual quaternion parameters, and the gradients are calculated

as follows:
OFE O0F 0q
0 9 o0 (6.19)
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0 = [ficp-qr; OpL-rE] (6.20)

Here, %—5 represents the gradient of the error with respect to the dual quaternion parameters,
and % captures how changes in the dual quaternion parameters affect the branch features.

Let Oicp.qr and Opr.pr be the feature vectors from different branches, and let e represent

the rate of change of error with respect to a parameter, defined as e = %. First, normalize
e to prepare it for input into the neural network:
e _

¢ = St (6.21)

e
where p. and o, are the mean and standard deviation of the vector e, respectively.
A neural network fy is used to map the normalized error rate vector €’ to a set of weights,

applying a sigmoid activation function to ensure the weights are within the range [0, 1]:

w = o(fa(e)) (6.22)
()= ——— (6.23)
o(x) = T+ exp (=) :

The learned weights are then applied to the features from each branch:

lep-qe = W © thep-qR (6.24)

bL-PE = Ww @ GDL-PE (625)

Here, ® denotes element-wise multiplication, producing the weighted feature vectors

efCP-QE and 0p; pp.
This approach integrates an error-aware weighting mechanism into the model, allowing

dynamic adjustment of feature contributions based on associated estimation error rates. This

enhances reliability and accuracy when changing data conditions.
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6.6 Model Training

6.6.1 Data Preparation

For this project, I utilized the KITTI Lidar Odometry Dataset [137], which is a benchmark
dataset commonly used for evaluating the performance of visual [LIDAR] odometry, SLAM,
and 3D object detection algorithms. The dataset includes high-resolution LIDAR point clouds,
colour and grayscale stereo images, and precise 6-DoF ground truth poses, making it ideal
for developing and testing odometry models. Specifically, sequences 00 to 10 were employed
for training and validation purposes. These sequence sets capture a wide variety of urban,
rural, and highway scenarios to provide diverse testing for good model performance. That
is challenging and comprehensive. The KITTI dataset serves as a very important resource
for improving the state-of-the-art field of autonomous navigation and perception systems.
Sequences 00 to 10 of the KITTI Lidar Odometry Dataset provide rich and diverse data

points for training and validation [137]. Here are some key statistics about these sequences:

Table 6.1 Statistics of KITTI Lidar Odometry Dataset Sequences 00 to 10.

’ Sequence H Number of Frames \ Distance (km) \ Environment ‘

00 4,541 3.7 Urban
01 1,110 2.2 Highway
02 4,466 5.1 Urban
03 801 0.8 Urban
04 271 0.4 Residential
05 2,760 2.2 Urban
06 1,100 1.2 Urban
07 1,101 0.7 Residential
08 4,068 3.2 Urban
09 1,599 1.7 Urban
10 1,201 1.2 Urban

These sequences collectively cover a distance of about 22.3 km and provide a comprehensive
set of environments, including urban streets, highways, and residential areas. The diversity

and size of this data make it ideal for training and validating robust odometry and perception
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models for autonomous driving applications.

6.6.2 Data Transformation

Spherical projection and normal vector estimation were performed to prepare the lidar data
for data transformation. Spherical projection involves mapping the 3D lidar points onto
a spherical coordinate system, which enables the representation of the point cloud in a
more structured and efficient manner. This transformation allows for easier visualization
and analysis of the lidar data and simplifies subsequent processing steps, such as feature
extraction and object detection. Normal vector estimation was also employed to calculate
the surface orientation at each lidar point. Estimating the normal vectors provides valuable
information about the local geometry of the environment, enhancing the richness of the lidar
data representation.

Spherical Projection
To acquire the image representation, I employ a geometric mapping function [138] denoted as
P RS — RHXW where H and W signify the height and width of the resulting image,
respectively. The computation of image coordinates (u,v) involves discretizing azimuth and
polar angles in spherical coordinates. Notably, this process ensures that only the nearest
point is retained at each pixel location. The selection of H aligns with the number of vertical
scan lines of the sensor, while W is typically set to be smaller than the number of points per
ring. This strategic choice aims to achieve a dense image.

Equation [6.26] transforms spherical coordinates into 2D image coordinates. In this equation,
u and v represent the resulting horizontal and vertical image coordinates, respectively.
The transformation is conducted systematically from spherical to Cartesian coordinates,
incorporating essential considerations for the field of view and scaling.

For u, the azimuthal angle 6 is determined by the arctangent of the ratio of p¥ to p®. This
angle is then adjusted by subtracting it from half of the horizontal field of view (f;,/2). The
resulting value is further scaled by the parameter dy,.

Similarly, for v, the polar angle ¢ is calculated using the arctangent of the ratio of p* to d.
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Figure 6.8 The left side displays unprocessed point clouds with the central local axis (RGB
representing the XYZ axis). On the right side, the input vertices are presented and colour-
coded based on their distance from the origin to enhance visualization[138|.

The angle is then adjusted by subtracting it from a term related to the vertical field of view
(fou)- The outcome is scaled by the parameter d,.

These transformations are integral in computer graphics and computer vision, particularly
in scenarios where the conversion from 3D spherical coordinates to 2D image coordinates
is required. The formulation accommodates the nuances of field-of-view adjustments and

scaling, contributing to the accurate mapping of spherical images onto a 2D surface.

U In _ arctan(p?, p®
(5 tan(p¥, p®))/on (6.26)

v (fou — arctan(p®,d))/d,

In addition to the 3D point coordinates, the image incorporates intensity, range, and
normal vectors, resulting in a comprehensive representation for each valid pixel of the image
expressed as (u, v, p®, p, t, Ne¢, Ny, N¢). This augmented information is collectively denoted as
I =1(9), where S represents the original dataset. This multi-dimensional approach enhances
the richness of the image representation, containing not only spatial coordinates but also
additional attributes like Normal vectors for a better understanding of the scene.

Normal Vector Estimation
To determine the normal vector of the point cloud (Ng, N, N¢), I employed the Open3D

library for estimating normal vectors within the point cloud. The methodology involves a
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covariance analysis, where the principal axis of adjacent points is computed. This process
is facilitated by utilizing a KD-tree structure with hybrid search parameters, specifying a
search radius of 0.1 and considering a maximum of 30 nearest neighbours. Notably, the
covariance analysis inherently produces two opposing directions as potential normal vectors,
a phenomenon known as the normal orientation problem. To address this, Open3D attempts
to align the normals with the original orientation when available; otherwise, it reverts to
a random guess. This robust methodology enhances the understanding of local surface
characteristics within the point cloud, contributing to the efficacy of subsequent analyses and

applications in 3D point cloud processing.

6.6.3 Model Architecture

The network architecture employed in this project is a modular design customized to process
geometric and point cloud features, perform feature fusion, engage in temporal modelling,
and solve specific tasks. All the parameters in the function headers, such as layer sizes,
activation functions, dropout rates, and the number of units in LSTM layers, are carefully
defined through hyperparameter tuning explained in Section to optimize the model’s
performance.

Dual Quaternion Feature Encoder
The dual quaternion feature encoder consists of several layers dedicated to extracting and
processing geometric features from the [CP| dual quaternion input data. The architecture
incorporates several layers to process geometric features effectively, shown in the Algorithm

Point Cloud Feature Encoder
The point cloud feature encoder is designed to extract features from the transformed lidar
data (u,v,p?, p,t, Ne¢, N, N¢) using convolutional and fully connected layers as detailed in
Algorithm [3]

Feature Fusion
The fusion module integrates features from the ICP-QE and DL-PE branches. It is explained
in Algorithm 4]
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Algorithm 2 Dual Quaternion Feature Encoder Architecture

e e T e T e T = T e T =
e B i o - el =

Input: Dual quaternion parameters ¢ = (qo, q1, 42, 43) + €(qe0, Ge1, Ge2, Ge3)
Output: Encoded feature vector
Begin
Apply time-distributed batch normalization:
Normalization Layer: Batch Normalization
Apply three sequential fully connected layers with activation:
First Encoding Layer: Dense Layer with activation, size parameterized
Second Encoding Layer: Dense Layer with activation, size parameterized
Third Encoding Layer: Dense Layer with activation, size parameterized
Apply dropout to enhance regularization:
First Dropout Layer: Dropout, rate parameterized

. Additional dense layer for feature decoding with dropout:

Decoding Layer: Dense Layer with activation, size parameterized
Second Dropout Layer: Dropout, rate parameterized

: Apply two LSTM layers to capture temporal dynamics:

First LSTM Layer: LSTM with specified activation functions, size parameterized
Second LSTM Layer: LSTM with specified activation functions, size parameterized

. End

Algorithm 3 Point Cloud Feature Encoder Architecture Using ResNet

e S S S e O =
© 0 N DU WO

Input: Transformed lidar data (u,v,p?, p, ¢, N¢, Ny, N¢)
Output: Processed features capturing spatial and temporal dependencies
Begin
Initialize ResNet: Configure network with optimizable parameters
Parameters include filter counts and activation details
Apply Batch Normalization
Apply Convolutional Layer:

Time-distributed Conv2D with specified kernel size, strides, and padding
Apply Max Pooling Layer:

Specified pool size and strides with appropriate padding

: Apply Activation and ResNet Blocks:
. for each required ResNet block set do

Apply consecutive ResNet blocks configured for feature transformation

: end for

: Apply Average Pooling

: Flatten Output: Prepare output for dense layer processing
: Apply Fully Connected Layer:

Dense layer with activation function to finalize feature representation

: End

118



Algorithm 4 Feature Fusion Architecture

Input: Outputs from geometric (6icp.qr) and lidar (6prpr) branches

Output: Integrated feature representation

Begin

Batch Normalization:

Apply separate batch normalization to each branch output
BN geo branch: Normalize Oicp.qr
BN Li_branch: Normalize 6p;, pg

Feature Fusion Options:

Option 1: Direct Fusion
Concatenate normalized outputs along the specified axis
Apply a dense layer and dropout for final fusion

: Option 2: Attention-Based Fusion

Apply self-multi-head attention to concatenated outputs:
Queries, Keys, Values from concatenated features
Compute attention scores and obtain weighted features

: Option 3: INAF Fusion

Apply INAF mechanism:
Use error feedback to adjust attention weights dynamically
Fuse features based on adjusted attention scores

e e e T e T s T e T s S o S = S
© 0 NP TRy o

. End

DO
o
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Task-Solving Layers
The final module uses a sequence of neural network layers, including batch normalization,
densely connected layers, and units, to effectively capture spatial features and temporal
dynamics. The structure ensures that the predictive model learns from the data’s static

properties and adapts to the sequential patterns as explained in Algorithm

Algorithm 5 Temporal Modeling and Prediction Architecture

Input: Integrated feature vector from the fusion process

Output: Predicted quaternion parameters § = (G, Gy, G2, G35 Go0s Te1> T2 Te3)

Begin

Enhanced Feature Integration:

Apply a densely connected layer to enhance feature integration
Enhancement Layer: Dense layer with activation

Apply dropout to enhance model generalization
Generalization Layer: Dropout layer

Sequential Temporal Processing:

Incorporate LSTM layers to model temporal dynamics effectively
Temporal Layer 1: LSTM configured with specific activation
Temporal Layer 2: LSTM configured with specific activation

: Predictive Dense Layers:

: Sequentially apply densely connected layers to refine the prediction

Predictive Layer 1: Dense layer with activation

Predictive Layer 2: Dense layer with activation

Output Prediction Layer: Dense layer without activation for final prediction

: Quaternion Normalization:

: Normalize the final output to ensure valid quaternion format

Normalization Step: Custom normalization for quaternions

: End

[ N R e T e T e T e T e T e S =St
B 9 0 gy o

6.6.4 Training Procedure

The training procedure for my network involves several critical steps, including data prepa-
ration, optimization, and model validation. Each component is carefully designed and
fine-tuned.

Data Preparation and Splitting

The dataset used for training the model is split into training and validation subsets. This split
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is crucial for evaluating the model’s performance on unseen data and preventing overfitting.
The data is combined into a single TensorFlow dataset and then shuffled to ensure a random
distribution of samples. The dataset is split based on a specified validation ratio, with 20%
of the data allocated for validation and the remaining 80% for training.

Optimization Strategy
The Adam optimizer optimizes the network parameters, which is well-suited for handling
sparse gradients and large datasets. An exponential decay schedule is employed to dynamically
adjust the learning rate during training. This schedule starts with an initial learning rate
of 0.001, which decays by a factor of 0.9 every 10,000 steps. A decaying learning rate helps
fine-tune the learning process, allowing the model to converge more effectively and avoid
overshooting minima in the loss function landscape.

Custom Loss Function
The model employs a combined loss function designed to optimize performance by integrating
MAE] and [MSE] which is crucial for balancing the trade-offs between precision and sensitivity

to outliers. The function is defined as follows:

Lcombined_loss - (1 - CE) X MAE(ytrue7 ypred) + a X MSE(ytru67 ypred) (627)

Where « is a weighting factor set to 0.8, which adjusts the emphasis between [MAFE] and

Early Stopping and Model Checkpointing
Early stopping is implemented to enhance the training process by halting it when no further
improvement in validation performance is detected over a span of 15 epochs. This "patience"
threshold is strategically set to ensure efficient use of computational resources and to prevent
the model from overfitting by stopping training when it no longer makes significant progress.
Additionally, model checkpointing is utilized to save the best-performing model weights
during the training phase. This approach ensures that the most effective version of the model

is retained for further evaluation and deployment, thereby increasing the model’s practical

effectiveness.
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6.6.5 Hyperparameter Tuning

Before the training process starts, a machine-learning model is configured using parameters
called hyperparameters. These parameters can include the batch size, learning rate, the
number of layers and units in each layer and their activation functions. Due to their
substantial influence on the model’s performance and capacity to generalize to fresh data, these
hyperparameters must be tuned. While improperly selected hyperparameters can result in
poor performance, delayed training, or inefficient learning, properly adjusted hyperparameters
can increase accuracy, expedite the training process, and reduce overfitting. Thus, creating
effective machine learning models requires rigorous hyperparameter optimization.

There are various kinds of hyperparameter search algorithms, and they all have different
approaches to effectively spanning the search space. Random Search provides ease and
variety in exploration by selecting hyperparameter values randomly from the search space.
Hyperband optimizes resource utilization by dynamically allocating resources to promising
configurations and eliminating less promising ones early. Using probabilistic models to forecast
performance, Bayesian optimization iteratively chooses hyperparameter values to optimize a
given acquisition function while balancing between exploration and exploitation.

Because Hyperband [139] efficiently manages computing resources and expedites the search
for optimal configurations, I employ it for hyperparameter optimization in my complex model
with a huge dataset. Because of the intricacy of my model and the large dataset, standard
methods are not feasible because they would take too much time and money to investigate
every potential combination of hyperparameters. This problem is solved by hyperband, which
dynamically allocates resources to the most promising hyperparameter combinations while
quickly eliminating the less successful ones. This method greatly cuts down on the total
time and expense of the optimization process by ensuring that my computational efforts are
focused on the configurations that are most likely to produce the best results.

Building on the Successive Halving (SHA) technique, Hyperband is an effective hyperpa-
rameter optimization strategy that dynamically distributes resources (e.g., epochs) across

various configurations. It works by executing many brackets, each with a distinct starting
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resource allocation, progressively eliminating less promising configurations while increasing
the resources allocated to the more effective ones. For each bracket s, the initial number of

configurations n and resources per configuration r are given by:

Smax T 1
_ | Smax T O s 2
" [s-f—l ”w (6:28)
R
r=— 6.29
- (6.29)

where R is the maximum resource and 7 is the reduction factor. This equation ensures
that the number of configurations n increases exponentially as the initial resource allocation
per configuration decreases. This method is especially well-suited for complex models and
large datasets because it balances exploration and exploitation, making it possible to navigate
large search spaces efficiently. Hyperband dramatically lowers the computational cost using a
resource allocation theory compared to conventional approaches [139].

In my hyperparameter tuning setup, I utilize the Keras Tuner library to systematically
explore the hyperparameter space and optimize the performance of my neural network model.
The Hyperband algorithm, chosen for its efficiency in resource utilization, conducts a series
of trials with varying hyperparameter configurations. The objective is to minimize the mean
absolute error (val mae) on the validation dataset, ensuring that the model generalizes well
to unseen data. With a maximum of 20 epochs per trial and a reduction factor of 3, the tuner
intelligently allocates resources to promising configurations while discarding less promising
ones early. Early stopping is implemented based on the validation loss, with a patience of 15
epochs to prevent overfitting. This comprehensive approach to hyperparameter tuning allows
me to optimize the model effectively, leading to improved performance and generalization

capabilities.
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6.7 Backend Loop Closure and Optimization

The system’s backend integrates two key components: scan loop closure and graph optimiza-
tion, which are important in improving performance and accuracy. Loop closure identifies
previously visited locations by matching features between different scans, enabling the system
to correct accumulated errors and maintain global consistency. Graph optimization optimizes
the trajectory based on the loop closure constraints, refining the estimated poses to minimize
errors and improve accuracy. This section explains both components’ contributions to the

system’s functionality and performance.

6.7.1 Loop Closure

Scan context is a novel global descriptor derived from 3D scans, offering distinct
advantages over traditional histogram-based methods. Unlike previous approaches, scan
context directly captures the 3D structure of visible space from a sensor without relying
on histograms or prior training. Furthermore, it introduces a similarity score to measure
the distance between two scan contexts and employs a two-phase search algorithm for
efficient loop detection. This method ensures loop detection remains invariant to changes in
[LiDARI viewpoint, enabling the identification of loops in scenarios such as reverse revisit and
corners. Extensive evaluations conducted on benchmark datasets demonstrate the superior
performance of scan context in loop detection tasks, underscoring its efficacy in enhancing
mapping optimization processes [130].

The process flow of the scan context loopback detection algorithm is illustrated in Figure
3. Initially, a rectangular image representing the scan context is constructed using the point
cloud data acquired during a single scan. Subsequently, a KD tree is created based on the ring
key vector (a rotation-invariant point cloud descriptor), facilitating the efficient search for
nearest neighbours. Multiple frames exhibiting similarities to the current frame, along with
their corresponding ring key translations, are identified through this search. A similarity score

is computed for each potential loopback frame, and those with high scores are filtered out.
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Next, the algorithm calculates each sector’s minimum offset and similarity score, ultimately
selecting the frame with the highest similarity score as the loopback frame. The algorithm
determines the pose relationship between the current frame and the loopback frame, thus

achieving loop detection [130, 140].

2. Search
© 2-1. Nearest Neighbor Search
Ring key |t KD tree e Top similar
places
1. Description T 2-2. Pairwise Similarity Score
3D P-:_)mt cloud i. Scan Context Canqldate Scan Contexts
(of a single scan)| : in the database

Loop detection

Figure 6.9 Scan Context overview: A point cloud from a single 3D scan is first encoded into
scan context. Next, an Nr-dimensional vector is derived from the scan context to retrieve
the nearest candidates and construct the KD tree. Finally, the retrieved candidates are
compared to the query scan context, with the loop being identified as the candidate meeting
the acceptance threshold and closest to the query [130].

6.7.2 Graph Optimization

For graph optimization, I utilized miniSAM, a lightweight framework inspired by GTSAM
[117]; both employ factor graphs to model non-linear least square problems. The optimization

process is defined by Equation [6.30]

v = argmin 3 pill (@) 13, (6.30)

Where x € M represents a point on an n-dimensional manifold, z* denotes the solution,
fi € R™ is a vector-valued error function, p; signifies a robust kernel function, and >; € R™*™

is a covariance matrix. The Mahalanobis distance is calculated as |v]|F = v X71v, where
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v € R™ and X! denotes the information matrix. By performing Cholesky factorization on
the information matrix, ¥~! = R" R where R is upper triangular, the distance simplifies to
[vll¥ = || Rolls [131].

Solving the pose graph problem using miniSAM involves several key steps. First, a factor
graph is constructed to represent the problem. In miniSAM, this is achieved using the
FactorGraph data structure, where each variable is uniquely indexed by a combination of
a character and an unsigned integer (e.g., x1). Their key list defines Factors in miniSAM,
indicating connected variables and their loss function, including covariance »; and an optional
robust kernel p;. The pose graph example typically employs two types of factors: unary
PriorFactor and binary BetweenFactor. Once the factor graph is established, initial
variable values are provided as the linearization point. These variable values are stored in the
Variables structure, with each variable indexed by its key. Finally, the problem is solved
using a non-linear least square solver, such as Levenberg-Marquardt. This iterative process
aims to optimize the variables to minimize the error between observed and predicted values,

ultimately producing the optimal solution for the pose graph problem [131].

t=1

t=5ID ﬂt=4

-
(a) Problem

x1 x2 x3
B— Frior Factor
—l— Odometry Factor
—— Loop Closure Factor
x5 x4

Figure 6.10 In a 2D pose graph problem example, pose variables are depicted as white circles,
a prior is represented by a blue factor, black factors denote four odometry measurements,
and a red factor indicates a single loop closure measurement [131].
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6.8 Results

6.8.1 Performance Evaluation of the Proposed Method

The relative pose error measures trajectory precision within a time interval A, crucial for

visual odometry evaluation. It’s calculated at time step ¢ as:

E; = (Q;'Qisn) (P Pisa) (6.31)
Yielding m = n — A errors from n poses. For overall accuracy, compute:

m

1/2
RMSE(E}p, A) = (Z %Htrans(Ei)HQ) (6.32)

=1

With trans(F;) as translational components.

Average RMSE(F.,, A) over all intervals A:

1 n
RMSE(E.n) = — > RMSE(Ey,, A) (6.33)

A=1

6.8.2 Comparison with Classical SLAM

This section compares the performance of various odometry estimation methods, including a
traditional approach without neural networks (ICP]) and one neural network-based method:
the end-to-end network using the ICP-QE branch (Figure [6.5]a).

While learning-based methods achieve similar translation error rates, traditional methods
consistently exhibit lower orientation errors. This difference occurs because deep neural
networks excel at extracting features and estimating translations directly from raw point
clouds.

The [CP| method, while not the most advanced traditional approach, serves as a funda-

mental technique that effectively illustrates the integration of Al with traditional methods.
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Using ICP, the differences and highlight the potential enhancements provided by neural
network-based methods can be exaggerated. Despite its simplicity, ICP’s reliance on basic
geometric principles makes it an ideal candidate for demonstrating how Al can improve
accuracy and efficiency in odometry estimation. Furthermore, its straightforward implemen-
tation and widespread recognition in the field provide a clear benchmark for comparing and
contrasting the benefits of incorporating Al-driven techniques.

The [[CP| algorithm is the basic way of aligning 3D shapes initially proposed in [141]
but later revised by [142] in 1994. This algorithm aims to transform one shape into a form
that matches another. The first step involves selecting the nearest points from each set to
obtain matching pairs. Then, it determines the optimal transformation for minimizing such
distance between these pairs by solving a least squares optimization problem for computing
the rotation matrix and translation vector that aligns the source point cloud with the target
point cloud. This process continues until convergence using a threshold on change in total
alignment error as a stopping criterion. [CP| has found many applications in computer vision,
robotics, or any other field that uses 3D shape registration because of its simplicity and
efficiency, as explained in both influential work of [141] and [142| on algorithms for iterative
repositioning of three-dimensional models.

The classic approach to odometry estimation, known as [[CP, aligns successive LIDAR
scans to estimate the vehicle’s motion. While this method has been a staple in the field due
to its straightforward implementation and effectiveness in certain scenarios, it has notable
limitations, particularly in environments with insufficient geometric features, sparse point
clouds, or noisy data. The traditional ICP approach serves as my baseline for comparison,
providing a reference point for evaluating the enhancements introduced by neural network-
based methods.

The first Deep Learning (DL)-based method, using the ICP-QE branch (Figure .a),
incorporates [CP| outputs as input features. This approach leverages the strengths of [CP) for
initial alignment while using the neural network to refine the odometry estimates. Integrating

the geometric branch significantly improves the performance of the traditional [CP| method.
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The geometric branch demonstrates enhanced accuracy and robustness by learning to correct
the residual errors in [CPloutputs. Outperforming the classic [CPJapproach in both rotational

and translational accuracy.

Table 6.2 Positioning results comparing ICP, a geometric method, and ICP-QE, a deep
learning network.

Odometry Feature Back-End Training Set Test Set
Encoding Block Weighting ] Trans. err. Rot. err. Trans. err. Rot. err.
(%) (deg/100m) (%) (deg/100m)
- - - - 101.23 31.32
ICP [141] - v - - 11.83 15.65
. Direct - 7.82 5.75 8.22 8.16
ICP-QE (this study) 57 o7 v 5.37 1.22 6.31 6.83

6.8.3 Comparison with AT SLAM

The second [DLbased method, the DL-PE module, handles point cloud data by first applying it
to Cylindrical Projection before feeding it into the network. This approach bypasses the need
for explicit [CP] alignment, relying entirely on the neural network’s capability to extract and
utilize point cloud data features. The [[IDARI branch performs better in estimating rotational
motion than the traditional method and the geometric branch. This improvement
is attributed to the network’s ability to capture intricate spatial relationships within the
point cloud data, which are crucial for precise rotational estimation. However, regarding
translational error, the branch does not outperform the geometric branch with [CP
input. This suggests that while the neural network excels at interpreting point cloud data
for rotational movements, the initial alignment provided by [CP| still plays a critical role in

accurately estimating translational motion. Comparative Analysis

6.8.4 Comparison with State-of-the-Art Methods

In this section, the performance of the proposed INAF Fusion method is analyzed against

several state-of-the-art approaches, encompassing both deep learning-based and geometry-
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Table 6.3 Positioning results comparing [CP, a geometric method, and ICP-QE, and DL-PE
two deep learning networks.

Odometry Feature Back-Fnd Training Set Test Set
Encoding Block Weighting ack-hll Trans. err. | Rot. err. Trans. err. | Rot. err.
(%) (deg/100m) (%) (deg/100m)
- - - - 101.23 31.32
ICP [141] - v - - 11.83 15.65
. Direct - 7.82 5.75 8.22 8.16
ICP-QE (this study) —p7 o7 v 5.37 1.2 6.31 6.83
. Direct - 8.36 4.18 10.42 4.25
DL-PE (this study) |—p55 03 - 521 1.07 5.85 3.86

based methods. The detailed results are presented in Table [6.4]

Methods Training Sets 00-08 Test Sets 09 and 10
Trans. err. Rot. err. Trans. err. Rot. err.
(%) (deg/100m) (%) (deg/100m)
DLL-based Approaches
INAF Fusion (this study) 2.93 1.18 5.72 2.01
INAF Fusion (this study) + Loop Closure 2.15 0.82 2.26 0.92
Velas et al. [143] 2.94 NA 4.11 NA
DeLORA [41] 3.00 1.38 6.25 2.58
Gemotery Based Approaches
ICP [141] NA NA 101.23 31.32
CT-ICP (ours) [144] NA NA 0.48 NA
LOAM [91] NA NA 1.36 0.51

Table 6.4 Performance Comparison of Various Methods on KITTT Sets. The table presents
translational and rotational errors for deep learning-based and geometry -based methods.

The INAF Fusion method’s strength lies in dynamically integrating multiple methodologies
using a novel attention-based mechanism. This mechanism allows selective focus on the most
relevant features, enhancing robustness and accuracy. Including loop closure further improves
performance by revisiting and correcting previously traversed paths, thus ensuring spatial
consistency and accuracy.

Velas et al. [143] employs a Convolutional Neural Network (CNNJ) for IMU-assisted
odometry estimation using Velodyne LiDAR. This approach performs competitively due to
[CNNTs ability to learn complex features from [MUl and LiDAR data. However, its reliance on

these inputs can lead to variability in performance across different environments, particularly
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when sensor conditions change or are less than ideal.

DeLORA [41], which combines depth information with visual odometry, demonstrates
the effectiveness of integrating multiple data types. However, integrating depth information
poses challenges, especially when depth cues vary significantly across different scenes. This
can result in increased errors when the model encounters environments different from those
seen during training.

Geometry-based methods like ICP and its variants offer a different set of strengths and
weaknesses. The traditional ICP algorithm, although widely used for its simplicity and
effectiveness in aligning point clouds, is highly susceptible to local minima and requires good
initial alignment, which is often not guaranteed in real-world scenarios. CT-ICP [144], which
incorporates temporal continuity, achieves impressive translational accuracy and could be a
good candidate to replace ICP. However, ICP was chosen to exaggerate the difference between
the two methods.

LOAM [91], another geometry-based method, excels in processing LiDAR data for odom-
etry and mapping. Its robustness and efficiency in handling LiDAR data contribute to its
strong performance. However, LOAM includes mapping capabilities, which cannot be directly

integrated into the network, making it less suitable for comparison in this context.

6.8.5 Qualitative Analysis of INAF Fusion Technique

The next analysis I conducted focused on combining the two branches. As a baseline,
I implemented two fusion methods: the first is a straightforward approach that directly
concatenates the outputs, and the second uses an attention-based method incorporating
multihead self-attention. These methods are then compared with the proposed novel method
called INAF fusion.

Handling Large Angle Rotations in KITTI Dataset for Robust Odometry
Estimation

It is important to consider the challenges posed by the dataset’s nature, particularly when

dealing with rotations. The KITTI dataset, known for its high-frequency scans, presents
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instances where the vehicle rotates with large angles. This characteristic complicates the
task for traditional geometric methods, such as those relying on [[CP| which often struggle
with rapid changes in orientation. Moreover, the KITTI dataset’s high-frequency scans can
lead to motion distortion, where the movement of the sensor during the acquisition of a
scan causes points to appear distorted [145]. This issue is particularly pronounced when the
vehicle’s motion involves rapid rotation, as illustrated in Figure [6.12] The scan examples
show instances where the angle exceeds 1 degree.

The histogram analysis, as depicted in Figure [6.11] highlights the frequency of such
rotations, emphasizing the difficulty in maintaining accuracy. This variability affects the
robustness of geometric methods and introduces complexities in training neural networks due
to a low number of such cases.

The network must handle these rapid transitions to ensure reliable odometry estimation.
The proposed [NAT fusion method addresses these challenges by leveraging advanced attention
mechanisms to dynamically adjust to environmental conditions, thereby enhancing the overall

performance and stability of the fusion process in the face of such rotational dynamics.
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Figure 6.11 Histogram of all KITTI sequences showing the rotation angle in degrees.
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(a) Sequence 00 (b) Sequence 05
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(c) Sequence 07 (d) Sequence 09

Figure 6.12 Examples of four sequences from the KITTI dataset (00, 05, 07, and 09). The
trajectories illustrate situations where the rotation angle exceeds 1 degree, highlighted in red.

Comparing INAF Fusion with Direct and Attention-Based Approaches
The results of the INAF fusion method, compared with the direct and attention-based
fusion methods, demonstrate its best performance in translation and rotation error metrics.

This comparison was conducted with and without including loop closure optimization in the
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training and test sets. The choice to compare these methods with and without loop closure
optimization allows for a comprehensive understanding of their performance under different
conditions, as loop closure is a common technique to correct drift in odometry and SLAM
systems, particularly relevant in long-duration and complex environments.

Without loop closure optimization, the direct fusion method resulted in a translation
error of 3.92% and a rotation error of 2.61 degrees per 100 meters in the training set, with
slightly higher errors in the test set. When loop closure optimization was applied, the errors
significantly reduced to 2.81% and 1.82 degrees in the training set and to 2.73% and 1.52
degrees in the test set. This reduction in errors when using loop closure optimization shows
its importance in improving the accuracy of fusion methods by addressing accumulated errors
over time.

The attention-based fusion method performed slightly better than the direct fusion,
achieving a translation error of 3.42% and a rotation error of 2.13 degrees in the training set
without loop closure. These errors decreased to 2.73% and 1.41 degrees in the training set and
2.51% and 1.16 degrees in the test set with loop closure. The improvement over the direct
fusion method suggests that the attention mechanism effectively prioritizes relevant features,
enhancing the model’s ability to handle diverse and dynamic environmental conditions.

The INAF fusion method outperformed both the direct and attention-based methods.
Without loop closure, it achieved a translation error of 2.93% and a rotation error of 1.18
degrees in the training set, which was reduced to 2.15% and 0.82 degrees with loop closure. In
the test set, the errors were 5.72% and 2.01 degrees without loop closure and further reduced
to 2.26% and 0.92 degrees with loop closure. The superior performance of the INAF method
can be attributed to its novel fusion approach, which effectively combines the strengths
of both geometric and learning-based methods while incorporating advanced techniques to
adjust to the environment dynamically.

These results highlight the efficacy of the INAF fusion method, particularly in reducing
rotation errors, which is crucial for accurate odometry estimation in environments with

significant rotational dynamics. The advanced attention mechanisms in the INAF method
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enable it to dynamically adapt to varying environmental conditions, thereby enhancing the
overall stability and accuracy of the fusion process. This adaptability is essential in real-world
applications, where the environment can vary widely and unpredictably, requiring robust and

flexible fusion methods to maintain high accuracy.

Table 6.5 Positioning results comparing ICP-QE + DL-PE, with different Fusion methods.

Odometry . Training Set Test Set
Encoding Block Fusion | Back-End Trans. err. | Rot. err. Trans. err. | Rot. err.
(%) (deg/100m) (%) (deg/100m)

Direct - 3.92 2.61 6.16 3.62
Direct v 2.81 1.82 2.73 1.52
1CP-QE Attention - 3.42 2.13 6.04 3.54
bLpE | Attention |~ 273 141 251 116
INAF - 2.93 1.18 5.72 2.01
INAF v 2.15 0.82 2.26 0.92
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Adaptability of Sensor Fusion in Diverse Driving Scenarios

In estimating straight-driving translation, my investigation reveals a fluctuating allocation
of importance among different modalities. Notably, the [CPl branch sometimes assumes a
higher weighting, highlighting its key role in capturing specific aspects of the driving dynamics.
On the other hand, there are instances where the [LIDAR] branch exhibits greater influence,
indicating its significant contribution to accurate estimations of straight-line motion. This
dynamic distribution highlights the sensor fusion system’s adaptive nature, which adjusts
each modality’s importance based on the overall driving conditions.

Contrarily, the LIDAR-based branch features exhibit greater influence in scenarios charac-
terized by rapid rotation and the presence of moving objects. This implies that the features
extracted from the Al-based branch are particularly adept at capturing the details of dy-
namic environments, where quick changes in orientation and moving objects pose significant
challenges to accurate estimation. Thus, my analysis highlights the adaptive nature of the
INAF] fusion system, which allocates weights to different modalities based on the specific
dynamics of the driving scenario.

Furthermore, I conducted rigorous experiments over the KITTI dataset to validate these
findings across various environmental conditions and driving scenarios. My analysis of the
sensor fusion masks consistently indicates the frequency of these trends in multiple trials.

Thus, the INAF] fusion approach enhances my understanding of the individual strengths
inherent in each modality and provides practical evidence to support these observations.
These insights are instrumental in guiding the development of future multimodal systems,
ensuring their efficacy and adaptability to diverse real-world scenarios.

By employing visualization techniques to analyze the sensor fusion masks, as illustrated
in Figure [6.13] a detailed examination of the relationship between the selected features of
each branch and the dynamics of the environment or measurements was provided. The
investigation reveals a robust correlation between these features and the overall environmental
conditions.

The sensor fusion masks are critical for understanding how different sensors contribute to
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Figure 6.13 Visualization of the learned weights under different conditions for INAF fusion. In
scenario a, the vehicle drives straight, while in scenario b, a moving object (a car) is present.
Scenario d depicts a turning maneuver. The weights of selected features in the geometric
branch and LiDAR branch illustrate the increasing importance of different branches in various
scenarios, highlighting the adaptive nature of the fusion process.

the final odometry estimation. These masks highlight which features are prioritized under
various driving scenarios, such as straight driving, turning, or the presence of moving objects.
For instance, in straight driving scenarios, the geometric features from the LiDAR branch
may dominate due to their ability to capture static structural information. On the other hand,
during turning maneuvers or when encountering moving objects, the importance may shift
towards features that can better handle dynamic changes, thus demonstrating the adaptive
nature of the fusion process.

Further, the visualization of these masks provides insight into the adaptability of the
proposed INAF fusion method. By dynamically adjusting the importance of features from
different branches based on the environmental context, the INAF method enhances the
robustness and accuracy of odometry estimation. This adaptability is crucial for handling

the variability and complexity of real-world driving conditions, as evidenced by improved
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performance in scenarios with rapid rotations or significant motion distortions.

Such an approach underscores the value of integrating advanced attention mechanisms
within the fusion process. These mechanisms enable the model to focus on the most relevant
features at any given time, thereby improving its ability to maintain accurate and stable
odometry estimates. This detailed analysis and understanding of the sensor fusion masks
contribute significantly to developing more reliable and efficient odometry systems capable of

performing well in diverse and challenging environments.

6.9 Summary

This chapter has highlighted significant advancements in integrating Al and geometric methods
for LIDAR SLAM, specifically targeting UGV positioning in GNSS-denied environments. The
following contributions have been made:

Utilization of the KITTI Dataset: Due to the pandemic-related constraints, I adapted
the approach by utilizing the KITTT dataset, which provides LIDAR data collected from a
car. This allowed me to continue developing and testing my methods despite the lack of new
drone-collected LiDAR data.

Introduction of the INAF Fusion Method: A key innovation of this work is the
method. This novel approach dynamically selects the most relevant information
from geometric and deep learning-based odometry methods, enhancing localization results,
particularly in challenging environments with large rotations and motion distortions.

Comparison with Baseline Fusion Methods: The chapter compared the [NAT
method with two baseline fusion methods: direct and attention-based fusion. The results
demonstrated that [INAF] significantly outperforms these baselines in both translation and
rotation error metrics.

Handling Large Angle Rotations: The INAF fusion method effectively addresses
the challenges posed by the KITTI dataset’s high-frequency scans and large angle rotations,

complicating traditional geometric methods and neural network training.
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Specific Contributions of INAF Fusion Method

Dynamic Feature Selection: [NAF] employs advanced inference techniques to dynami-
cally adjust attention weights, selecting the most relevant features from geometric and [DIJ
branches based on the current environmental context.

Improved Odometry Accuracy: The method substantially improved odometry accu-
racy, particularly in scenarios with rapid rotations and motion distortions. INAF achieved
lower translation and rotation errors than direct and attention-based fusion methods.

Adaptability to Environmental Conditions: By visualizing sensor fusion masks,
INAF demonstrated the ability to adaptively prioritize features from different methods,
ensuring robust performance across various driving conditions.

Future research will further refine and test the INAF fusion method in more diverse
and complex environments. Expanding the dataset to include additional scenarios and
implementing real-time testing on UAVs and UGVs will be crucial. Integrating additional
sensor modalities, like cameras, could provide even more comprehensive situational awareness
and enhance system resilience. Additionally, classical and deep learning approaches could be

updated with state-of-the-art methods like CT-ICP [144] for the geometric-based approach.
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Chapter 7

Conclusions and Future Work

This thesis presents significant advancements in [JTAV] and [UGV] positioning, particularly
in [GNSSldenied environments, through innovative methods and comprehensive datasets.
Each chapter contributes to the overall improvement of autonomous navigation systems. This
chapter summarizes each chapter’s key contributions and findings and outlines future research

directions.

7.1 Conclusions

7.1.1 Q-Drone UWB Benchmark Dataset

Chapter [3] introduced the benchmark dataset, designed to support research
in [UAV] positioning across challenging [GNSStdenied environments. This dataset includes
synchronized [MU] and [UWB] data, with ground truth positions established using a robotic
total station. Calibration procedures refined the sensor relationships, and rigorous validation
measures ensured data accuracy. The benchmark dataset is publicly accessible,
providing a valuable resource for developing and validating positioning methods. This dataset
is a critical tool for researchers to test and improve their algorithms in diverse and challenging

real-world conditions.
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7.1.2 Incremental Smoothing-Based Method

Chapter [] presented an incremental smoothing-based method that integrates high-rate
[UWB] range measurements and low-rate multilateration outcomes into a unified factor graph
framework. This method demonstrated improved positioning accuracy through experiments
under various scenarios. The proposed technique effectively combined different types of
measurements to provide more robust and accurate UAV positioning, especially in
denied environments. However, further development is needed to address the proper setting
of uncertainty values for factors, which could enhance the method’s robustness and overall

effectiveness.

7.1.3 DeepCovPG Framework

In Chapter[5] the framework was introduced, combining deep learning algorithms
with [TWHB] technologies to enhance [TAV] positioning accuracy. By using [VAEk and
networks, effectively refines and denoises UWB range data and dynamically
predicts measurement covariances. Rigorous empirical assessments showed significant improve-
ments in [MAF] and [RMSE] in [GNSSHdenied and [TWB| multipath-prone environments. This
framework lays the foundation for future adaptations integrating and other pose sensors,
potentially leading to even more robust positioning solutions. The success of
highlights the potential of combining deep learning with traditional methods to tackle complex

positioning challenges.

7.1.4 Integrating Al and Geometric Methods for LIDAR SLAM

Chapter [6] highlighted significant advancements in integrating [All and geometric methods
for [LIDARI[SLAM] specifically targeting [UGV] positioning in [GNSStdenied environments.
The KITTTI dataset was used to adapt the approach, enabling continued development and
testing despite pandemic constraints. A key innovation of this work is the method,

which dynamically selects the most relevant information from geometric and deep learning-
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based odometry methods. This novel approach enhances localization results, particularly in
challenging environments with large rotations and motion distortions. The chapter compared
the method with two baseline fusion methods: direct concatenation and attention-
based fusion with multi-head self-attention. The results demonstrated that significantly
outperforms these baselines in translation and rotation error metrics. Additionally,
effectively addresses challenges posed by the KITTI dataset’s high-frequency scans and large-
angle rotations, complicating traditional geometric methods and neural network training.
Specific contributions of the [INATF fusion method include dynamic feature selection, where
advanced inference techniques are used to dynamically adjust attention weights and select
the most relevant features from geometric and deep learning branches based on the current
environmental context. This adaptability makes [NAF] highly effective in diverse and complex

scenarios.

7.2 Future Work

Building on the advancements presented in this thesis, several areas for future research are

identified to enhance [TAV] and [UGV] positioning technologies further.

7.2.1 Enhancing the Q-Drone UWB Benchmark Dataset

Future work will focus on refining and expanding the [Q-Drone/[UWB| benchmark dataset
introduced in Chapter [3] Expanding the dataset to include more varied scenarios and
environmental conditions will be essential. This includes capturing data in different weather
conditions, terrains, and urban settings. Additionally, more sophisticated calibration and
validation procedures will improve data accuracy and reliability. Ensuring the dataset remains
publicly accessible and updated will continue to support the research community in developing

and testing innovative positioning methods.

142



7.2.2 Improving the Incremental Smoothing-Based Method

For the incremental smoothing-based method presented in Chapter [ future research will
aim to develop more precise methods for setting uncertainty values for factors. This involves
considering factors like the dilution of precision and other environmental variables that can
affect the accuracy of multilateration outcomes. Advanced statistical and machine learning
techniques can be employed to dynamically adjust these uncertainty values based on real-time
data, enhancing the robustness and accuracy of the method. Furthermore, extending the
application of this method to other types of sensors and platforms will broaden its utility

and impact.

7.2.3 Advancing the DeepCovPG Framework

Future work on the framework, as discussed in Chapter 5] will involve integrating
this framework with [MUk and other pose sensors to create more robust and accurate
positioning solutions. This includes training the network across a wider range of environments
to improve generalization and adaptability. Real-world testing and extending the applicability
of to other platforms beyond UAVs, such as UGVs and autonomous marine
vehicles, will be crucial. Additionally, exploring the integration of other advanced deep
learning techniques and sensor fusion strategies will further enhance the performance and

reliability of the framework.

7.2.4 Refining the INAF Fusion Method

The fusion method from Chapter [6] will undergo further refinement and testing in
diverse and complex environments. Implementing real-time testing on UAVs and UGVs will
validate its effectiveness in operational settings. Integrating additional sensor modalities
like cameras and radar will provide more comprehensive situational awareness and enhance
system resilience. Updating both classical and deep learning approaches with state-of-the-art

methods like CT-ICP for geometric-based approaches will further improve performance.
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These enhancements aim to push the boundaries of autonomous navigation, contributing to
developing more advanced and reliable UAV and UGV systems.

In conclusion, the research presented in this thesis provides a comprehensive framework
for improving [UAV] and [UGV] positioning in challenging environments. The contributions
made through the [Q-Drone][TWB| benchmark dataset, incremental smoothing-based method,
framework, and fusion method collectively advance the field of autonomous

navigation, offering robust and accurate solutions for real-world applications.
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Appendix A

UWRB Positioning Experimental Results
Figures

This appendix presents the UWB positioning experimental results, showing the outcomes
of ground truth and three other methods. For each method, five figures illustrate the results
in various environments, including indoor, field, building, bridge, and tunnel. The sections
are organized as follows: Benchmark Dataset (Chapter [3), MLAT Results (Chapter [3)),
Incremental Smoothing Results (Chapter , and the DeepCovPG Results (Chapter [5).

162



A.1 Benchmark Dataset
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Figure A.1 Indoor datasets collected using the Q-Drone system, with trajectories generated
based on ground truth.
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Figure A.2 Field datasets collected using the Q-Drone system, with trajectories generated

based on ground truth.
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Figure A.3 Building datasets collected using the Q-Drone system, with trajectories generated
based on ground truth.
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Figure A.4 Bridge datasets collected using the Q-Drone system, with trajectories generated
based on ground truth.
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Figure A.5 Tunnel datasets collected using the Q-Drone system, with trajectories generated
based on ground truth.
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A.2 MLAT Results
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Figure A.6 Indoor datasets collected using the Q-Drone system, with trajectories generated
based on MLAT.
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Figure A.7 Field datasets collected using the Q-Drone system, with trajectories generated

based on MLAT.
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Figure A.8 Building datasets collected using the Q-Drone system, with trajectories generated
based on MLAT.
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Figure A.9 Bridge datasets collected using the Q-Drone system, with trajectories generated
based on MLAT.
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Figure A.10 Tunnel datasets collected using the Q-Drone system, with trajectories generated
based on ground truth.
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A.3 Incremental Smoothing Result
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Figure A.11 Indoor datasets collected using the Q-Drone system, with trajectories generated
using incremental smoothing method.
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Figure A.12 Field datasets collected using the Q-Drone system, with trajectories generated
using incremental smoothing method.
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Figure A.13 Building datasets collected using the Q-Drone system, with trajectories generated
using incremental smoothing method.
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Figure A.14 Bridge datasets collected using the Q-Drone system, with trajectories generated
using incremental smoothing method.
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Figure A.15 Tunnel datasets collected using the Q-Drone system, with trajectories generated

using incremental smoothing method.
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A.4 DeepCovPG Result
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Figure A.16 Field datasets collected using the Q-Drone system, with trajectories generated
using the DeepCovPG method.
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Figure A.17 Building datasets collected using the Q-Drone system, with trajectories generated
using the DeepCovPG method.
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Figure A.18 Bridge datasets collected using the Q-Drone system, with trajectories generated
using the DeepCovPG method.
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Figure A.19 Tunnel datasets collected using the Q-Drone system, with trajectories generated
using the DeepCovPG method.
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Appendix B

LiDAR Positioning Experimental Results
Figures

This appendix includes figures showing the LiDAR positioning experimental results for the
ICP-QE odometry method, DL-PE odometry and the ICP-QE plus DL-PE with the INAF

method @ These results do not include loop closure.
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Figure B.1 The figure compares the results of ICP-QE odometry, and the ground truth poses
from sequences 00 to 09 of the KITTI dataset.
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Figure B.2 The figure compares the results of DL-PE odometry and the ground truth poses
from sequences 00 to 09 of the KITTI dataset.
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Figure B.3 The figure compares the results of INAF odometry, and the ground truth poses
from sequences 00 to 09 of the KITTI dataset. Loop Closure included.
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