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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, | explore the challenges and solutions related to positioning in autonomous
vehicles and their navigation systems. | 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 likdWB, 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
e cient navigation. Autonomous systems face risks such as collisions, operational ine ciencies,
and failures without accurate positioning. As illustrated in Figure 1.1, 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 speci cally on the localization and mapping of autonomous
vehicles. This includes developing and improving algorithms for mobile mapping systems to
accurately and e ciently navigate and map unknown environments. By concentrating on

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



navigation systems.

Figure 1.1 Key Modules in an Autonomous Vehicle System.

The Growing Role of Unmanned Aerial Vehicles (UAVS)

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

In the inspection eld, UAV s allow for close-up views and assessments of infrastructure
like bridges, power lines, and wind turbines, signi cantly reducing the need for hazardous
manual inspections [1]. Additionally, drones are automating ights 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 e ciency
[4]. UAV s have also signi cantly in uenced logistic services, where drones y 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 e ciency across various sectors, enhance safety, and reduce
costs, highlighting the truly transformational impact of UAVSs.

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

by MIT researchers, allow drones to visualize complex environments while ying in empty
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spaces. This system can potentially reduce crashes during training sessions, improving safety
and pro ciency [7]. Furthermore, drones are vital in ensuring the success and safety of
infrastructure projects, o ering cost-e ective 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 usingAV s is their e ciency in maneuvering and functioning
in areas where conventional procedures have di culty. Conventional positioning systems
relying on GNSSsignals often encounter di culties 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 oflUAV operation, and several techniques are adopted for
accurately locating the vehicle in space. Until now(GNSSaided positioning has been the
core of UAV navigation. GNSShave revolutionized positioning and navigation by providing
universal coverage and high accuracy. The current state-of-the-a&NSStechnology, including
systems like GPS, GLONASS, Galileo, and BeiDou, o ers precise positioning in various
applications ranging from autonomous vehicles to personal navigation devices [10].

While highly e ective in many applications, GNSStechnology faces signi cant challenges
in speci ¢ environments that can severely impact performance. In urban canyons and dense
forests, GNSSsignals often encounter multipath e ects, where signals re ect o buildings,
trees, and other surfaces, leading to inaccuracies in position estimation. This occurs because
the receiver struggles to distinguish between direct and re ected signals. AdditionallgNSS
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 impactGNSSaccuracy. Variations in the ionosphere and



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

Emerging technologies such as Low Earth Orbit (LEO) satellite constellations are being
explored to address these limitationsLEO satellites promise enhanced positioning accuracy
and reduced latency due to their proximity to Earth, which could mitigate some of the
current GNSS challenges and improve performance in challenging environments [16]. While
focusing on other technologies for positioning and mapping, this research recognizes the
evolving landscape o5NSS It considers future advancements likk EO satellites as potential
improvements in autonomous navigation.

Given these limitations, relying solely orGNSSfor positioning in challenging environments
is often inadequate. Alternative positioning methods are essential to ensure reliable operations,
especially inGNSSdenied settings. Techniques such as trilateration (e.g¢JWB) technology,
combined with Inertial Measurement Unit (MU), LIiDAR, 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 whe@NSS signals
may be obstructed or unreliable [17, 18, 19].

Alternative Wireless Sensors and the Choice of UWB
In GNSSdenied environments, alternative positioning methods are essential to ensure reliable
and accurate navigation. Various wireless sensors can serve as replacements or supplements
to GNSS including UWB, Wi-Fi, Bluetooth Low Energy (BLE), and Radio Frequency
Identi cation ( RFID). Each technology has distinct advantages and limitations that in uence
its suitability for di erent applications.

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

resolution. UWB utilizes Time of Flight (ToF) techniques such as Time Dierence of



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

UWB technology exhibits superior resilience to interference compared to other wireless
communication methods. The wide frequency range and low energy per bitld¥VB signals
allow it to handle interference and multipath e ects e ectively (Figure 1.2). UWB signals
are less susceptible to degradation caused by re ections and noise, owing to their short pulse
duration and low power spectral density. Research highlights thatWB maintains robust
performance even in environments with signi cant multipath interference and Non-Line-of-
Sight (NLOS) conditions. The versatility of UWB 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 UWB can provide reliable positioning in various scenarios where other technologies
might fail [21, 22, 23].

One of the critical bene ts of UWB technology is its low power consumption, which is
crucial for battery-operated devices likdJAVs. UWB systems are designed to operate with
minimal power usage, thus extending the operational time dJAV s without signi cantly
depleting their battery resources. This characteristic is signi cant for maintaining long-
duration missions and reducing the frequency of battery replacements or recharges [24].

UWB provides high temporal resolution, which allows for precise tracking of rapid
movements and fast changes in position. This capability is essential f0AV s 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 ight operations [25].

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

by the signal's time-of- ight measurement, with ideal conditions allowing for accuracies



around 1-10 cm. However, practical factors such as multipath e ects, 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 UWB with IMU s enhances continuous positioning even during rapid movements
or sudden changes. Whild&JWB provides accurate distance measurementdylUs o er
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.

UWB CorrectsIMU Drift: UWB technology helps correct the drift that commonly a ects
IMUs. Over time, IMU s can accumulate errors due to biases and noise, leading to positional
drift. The precise measurements fronrdWB assist in recalibrating thelMU , thus minimizing
drift and ensuring the long-term accuracy of the positioning system.

IMU Captures Detailed Motion Dynamics:IMU s provide detailed insights into motion
dynamics, such as rapid accelerations and rotations. WhildWB excels at distance measure-
ment, combining it with IMU data o ers a comprehensive view of th&JAV's movement. This
integration enhances positioning accuracy and better handling of dynamic ight conditions.

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

| Technology | Accuracy | Range (m) | Battery Lifetime |
UuwB <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 andLEO satellites, the focus remains odWB technology due to its speci ¢ advantages
in the context of GNSS-denied 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 Di erent 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 e ectiveness in remote o6GNSSdenied areas. Additionally,
the deployment and operational costs of 5G infrastructure can be prohibitive, especially in
less developed or rugged environments.

LEO satellites o er 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 LEO satellites less practical for real-time, high-frequency applications BNSSdenied
environments. Consequently, the study focused odWB technology due to its proven
e ectiveness in such scenarios. It o ers 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: UWB technology is particularly e ective 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 hospital®/VB allows for
accurate real-time tracking of assets and personnel, which enhances operational e ciency and

safety. For instance, in healthcare facilitiesUWB systems are used to monitor equipment
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and sta , which helps streamline work ows and ensure better management of resources [27].
Autonomous Vehicles: In the eld of autonomous vehicled)WB improves localization
and navigation, especially in environments where other positioning systems might not perform
well. UWB is bene cial 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:UWB is also useful in smart building systems by o ering 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 e ciency and user comfort within
buildings [29].

Industrial Automation: In industrial automation, UWB 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 e ciency and safety. UWB helps ensure that these systems operate
smoothly and accurately within industrial environments [30].

Augmented Reality (AR): For augmented reality (AR) applications, UWB 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 olUWB-aided UAV positioning by converting sensor data
into actionable positioning information [32, 33, 34]. It represents thEJAV''s 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 signi cant challenge [35, 36]. Conventional methods, which often treat
these uncertainties as static, overlook the uctuating nature of environmental factors such

as signal noise and multipath re ections that continuously impact sensor readings [37].



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

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

DAR and Innovative Fusion Techniques

LiDAR 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. LIDAR 's ability to capture ne details of the surroundings, even in complex or
dynamic environments, complements other sensor data suchld¥/B and IMU, enhancing
overall system performance. While my research initially aimed at UAV positioning and
mapping, the lack of an availableLiDAR dataset for UAVs led me to utilize the KITTI
dataset for Unmanned Ground Vehicle GV)s. This allowed me to explore and validate the
integration of LIDAR data in positioning and mapping tasks, thereby extending the bene ts
of LIDAR to di erent vehicle platforms.

The "Self-supervised Learning ofiDAR Odometry for Robotic Applications" [41] research
has signi cantly 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 inLIDAR odometry by leveraging the inherent structure oft.iDAR 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 ilGNSSdenied environments. Inspired by this, | integrated
their innovative loss function into my supervised network to serve as feedback for parameter
optimization. This integration allowed me to e ectively 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 di erent sensors in various ways
to optimize odometry. This approach allowed me to fuse di erent methods rather than just
sensor data. Building on this concept, | 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 unigue 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 1.2 for
quick reference.

Development of a Comprehensive UWB Benchmark Dataset

The rst 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

i UwB/IMU
Establish a dataset across Provided a comprehen

UWB benchmark dataset . o Multilateration sive dataset across ve
various conditions o )
3 distinct sites.

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 Re ne positioning tech- _ Improved positioning UWB/IMU
with Range and nigues to enhance UAV| Pose Graph Smoothing, accuracy through an
. . positioning accuracy in| Multilateration innovative smoothing
4 Multilateration g ) .
GNSS-denied environments| technique.

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,fn IROS, 2020. (Published)

. - Enhance the adaptablllty Deep Learning En.h'anced thg. adgpt- UWB/IMU
Dynamic covariance and accuracy of UAV posi- (VAE, LSTM) ability of positioning
5 prediction tioning in real-world scenar- Cova;'iance ’ in challenging scenar;
ios. ios.
Z. Arjmandi, J. Kang, G. Sohn and C. Armenakis, M. ShahbaziDeepCovPG: Deep-Learning-based Dynamic
Covariance Prediction in Pose Graphs for Ultra-Wideband-Aided UAV Positioningin CASE, 2024. (Published)
Z. Arjmandi, J. Kang, G. Sohn and C. Armenakis, M. ShahbaziDynamic 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 tg Deep Learning tioning accuracy, prov- LIDAR
Al and geometric methods 2 . ; >
. : ) enhance positioning accu- (ResNet, LSTM), ing highly e ective in
integration, LIDAR SLAM . . - . .
6 racy in challenging environ4 Fusion diverse and challengt
ments. ing environments.

Z. Arjmandi, G. Sohn and C. Armenakis, Dynamic Recalibration in LIDAR SLAM: Integrating Al and Geometric

Methods with Real-Time Feedback Using INAF Fusionin RA-L Journal, 2024. (Drafted)

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

the dataset is developed over ve 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 re ning 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 uni ed factor graph. This method signi cantly 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 signi cantly 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 Al and
Geometric Methods for LIDAR SLAM

The nal 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 e ective in diverse and challenging environments,

showcasing the potential for signi cant 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 identi es key ndings and gaps in the existing knowledge,
forming the foundation for the current study.

Chapter Three provides a detailed description of th&-Drone system based ortWB
technology for positioning. It explains the architecture, components, and features of the
Q-Drone system and discusses the development of a benchmark dataset fddA/ equipped
with UWB sensors. The details of this work are discussed in the pap&enchmark Dataset
of Ultra-Wideband Radio Based UAV Positioning,"published in ITSC, 2020.

Chapter Four introduces a new smoothing technique combined withWB technology
to achieve better positioning accuracy fotJAVs. Traditional positioning methods that
update UAV location estimates based on singldWB range measurements often fail under
challenging conditions. This chapter describes a method integrating high-rate, weak-constraint
single 1IDUWB ranges and low-rate, strong-constraint multilateration results with inertial
measurements in an incremental smoothing-based framework, forming a uni ed factor graph.
Extensive experiments demonstrate signi cant improvements in positioning accuracy over
conventional techniques. The ndings are detailed in the papéiUltra-Wideband Aided UAV
Positioning Using Incremental Smoothing with Ranges and Multilateration,published in
IROS, 2020.

Chapter Five advancesUAV navigation research by introducing theDeepCovPGframe-
work, which integrates deep learning techniques with the previously developed incremental
smoothing method to address dynamic challenges WAV navigation. This chapter represents
a signi cant advance by adopting dynamic models that adjust to environmental variations
and measurement inaccuracies, using a combination ofVAE and an LSTM network to
enhanceUWB range data quality. Experimental results show a 51% reduction iIRMSE and

notable improvements inMAE, demonstrating the practical applications and e ectiveness
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of DeepCovPGin real-world scenarios. The details are covered in the pap@eepCovPG:
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 INAF, a novel fusion method that merges geometric and
deep learning odometry techniques to improve localization capabilities. Unlike previous
chapters focusing onlUWB positioning systems, this chapter emphasizdsDAR sensors.
INAF 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 papeDynamic Recalibration in LIDAR
SLAM: Integrating Al and Geometric Methods with Real-Time Feedback Using INAF Fusion,
planned for publication in RA-L Journal, 2025.

The nal chapter concludes the thesis by summarizing the signi cant ndings and contri-
butions. It discusses the broader implications of the research and suggests future directions
for UAV 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 UAV Systems and Benchmark Dataset

Since 2005, the Federal Communications CommissioRGC) has allowed and regulated the
applications of UWB 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
UWB ranges, is used to locate the accurate position of an object within three-dimensional
space. FusingUWB with other sensors, for example, inertial and visual oLiDAR, can
further improve the positioning accuracy.

Methods for solving the estimation problems of the position include non-linear least squares,
geometric algorithms, Itering-based methods such as the Extended Kalman FilteEKF),
and smoothing-based ones. The current work presented in these papers has focused on
re ning 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 d§WB to remove ambiguities while
estimating the position.

On the other hand, [45] proposed aiKF algorithm to incorporate UWB and Inertial
Measurement Units withIMU indoors in experiments, showing improvement. This uses the

bene ts that UWB and IMU bring together to track position continuously, therefore not
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su ering from the limitations of each individual sensor on its own. Using data fusion from
multiple sensors, such ablWB and IMU, 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 e ectivenes3J¥¥B technology in
indoor positioning, achieving impressive accuracies of 10 cm in 2D and 20 cm in 3D. Such
precision enhances various applications, from warehouse inventory management to supporting
navigation for augmented reality setups. The capability to nd locations accurately in indoor
settings, whereGNSS signals may be unreliable or unavailable, is essential for advancing
autonomous technologies and evolving intelligent indoor environments.

In outdoor experiments, [47] integrated gyroscope data witdWB to estimate the
dynamic state of a quadcopter, allowing precise control and navigation in a challenging
outdoor environment. Likewise, [48] integrated radadiMU , and UWB sensors to compensate
for the absence ofsNSSsignals 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 &WB 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 uni ed factor graph framework for UAV positioning. This method
signi cantly enhances accuracy and robustness, particularly in environments where traditional
positioning systems often fail.

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

[51] demonstrates the e ectiveness of multi-sensor fusion using factor graphs to optimize
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navigation solutions in real-time. Furthermore, [52] work otJAV localization in GNSSdenied
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 con rm that a holistic approach, incorporating various sensors and dynamic
environmental data into a uni ed factor graph model, substantially improves the precision
and reliability of UAV navigation in complex settings.

Signi cant e ort has been dedicated to generatingUWB sensor data available for the
scienti c 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 diversi ed kind&Ju¥B
signals within many di erent 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 advancingJWB 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 di erent datasets for UWB serve di erent purposes, for instance, indoor po-
sitioning with sports postures [56], and studies involving the e ects 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@AV 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 speci cally
tailored for UAV s. Diverse datasets and environmental conditions, ight scenarios, and sensor

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

Numerous studies have useBKF in estimating the 3D positions ofUAV s, leveragingUWB
sensors and supplementary inertial measurements for positioning. This approach, widely
recognized in the research community, applidsKF to integrate and re ne data from multiple
sources, enhancing the accuracy and reliability of UAV navigation [58, 59, 60, 61].

Besides the traditional ltering-based approaches such d&sKF, recent interest in research
of UAV positioning includes smoothing-based techniques. These include methods based
on graph optimization, re ning 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 e ectiveness, the currently available methods based only on individual
low-dimensionalUWB range measurements often have signi cant challenges with estimating
UAV positions, especially in hard operational conditions like obstacles, multipath e ects,
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
estimatedUAV position. These errors are further magni ed in dynamic environments because
of the complexities added througHJAV 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 ddWB with other sensors, such as
IMU, and employment of developed algorithms, such as factor graphs, signi cantly improve
the robustness and reliability of positioning systems under such hostile conditions.

Signal processing advancements, such as machine learning approaches and Bayesian
estimation techniques, o er potent solutions for extracting useful information from raw
sensor measurements to improve the positioning accuracy@fV 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 speci cally
utilized to maximize UAV positioning accuracy, demonstrating high levels of accuracy in
various scenarios [70]. Additionally, Bayesian optimization has e ectively ne-tuned EKF
parameters, ensuring more precise attitude estimations in UAVs [71]. Together, these
integrated e orts are developing innovative solutions for UAV positioning capabilities.

This thesis builds upon the concept of multilateration, a technique similar to that utilized
in GNSS Multilateration involves directly calculating the three-dimensional position of JAV
by triangulating range data from multiple anchors. | 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 th&JAV positioning system. By integrating
multilateration-derived constraints into smoothing algorithms, | aim to exploit the spatial
information provided by multiple anchors more e ectively, resulting in improved performance,

especially in challenging environments characterized by obstacles and signal interference.

2.3 Deep-Learning-based UAV Positioing

Deep Neural Networks DNN)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 sensorsUiAR and UWB,
crucial for UAV positioning. For instance, [69] discuss the application of machine learning
techniques to improveUAV navigation, [67] address the reduction of NLOS errors idWB
sensors using deep learning, and [73] demonstrate the us®biNs in processing LIDAR data

for accurate UAV positioning. These advancements indicate a signi cant shift towards more
reliable and precisdJAV positioning capabilities, paving the way for their expanded use in

complex operational environments.
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Pose graph optimization provides a uni ed mathematical framework to solve various
estimation problems and is particularly robust when handling uncertainty [74]. It o ers
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 con dence in their estimates, like UAV 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 DNNs to re ne sensor data processing in
autonomous systems. Similarly, [79] developed the DPC-Net, which applies deep learning to
correct pose estimations, e ectively integratingDNNs with existing geometric localization
methods to increase the accuracy of pose corrections. However, these advancements have not
yet fully addressed the unique challenges posed byWB-basedUAV positioning systems,
particularly in environments with signi cant signal interference and physical obstructions.
This study introduces a novel approach that merges the data processing powerDdiNs
with the mathematical thoroughness used in pose graph optimization, aiming to enhance the
precision and reliability of UAV positioning in such challenging scenarios.

The optimization of the pose graph is extremely important to enhance the accuracy of the
positioning of the UWB-aided UAV by converting sensor data into actionable information
about the position of theUAV [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 re ections, which vary dynamically with time but a ect
sensor measurements [37]. TH8WB range measurement variability demands advanced pose-
graph optimization for dynamic uncertainties, including signal noise, changes of environmental

states, and clock drift that a ects UWB 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 ofUAVs 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 e ectively merges the data
processing power oDNNs with the mathematical methods used in pose graph optimization.
This combination aims to improve the precision and dependability dJAV positioning in

challenging situations.

2.4 Integrating Al 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. Signi cant milestones have
marked its evolution, the rst concept being suggested by Randall Smith in 1990 for the
incremental estimation of a robot's posture and landmarks positions [80], usiltd<KF. In
2006, Durrant-Whyte and Bailey proposed the word SLAM, where they de ned 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, includingLiDAR, cameras, andMUs [80]. The state estimation methods have
developed from the initial lter-based approaches to graph optimization [80]. Moving from
single-threaded systems to multi-threaded ones constitutes an architectural improvement
providing e ciency and scalability [80]. Integrating multiple sensors has transformed SLAM
from a prototype into a technology now essential for many robotic applications.

GNSSbased SLAM, which relies on th&sNSS 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 re ect the signals from ti@&NSS GNSS

basedSLAM 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 o 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 semanti¥SLAM represents a promising
road for future research, enabling robots to provide more sophisticated assistance in diverse
scenarios [83].

LiDAR -basedSLAM 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]. YeL.iDAR -based
SLAM 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 fusiort6LAM approaches
could solve these problems, and research works are emerging [81]. Moreover, the research
works related to the development process @iDAR -based multi-sensor fusiorfsLAM and the
latest research are highlighted [81].

IMU -basedSLAM, a technology that combines Inertial Measurement Unit sensors for
motion tracking with Simultaneous Localization and Mapping techniques, is vital across
various elds, especially for mapping indoor environments [85]. UnlikeNSS which may
not work indoors, SLAM can accurately determine the position and surroundings of a device.
IMU -basedSLAM has advantages over other methods like Visual andDAR -basedSLAM:
it's less a ected by textureless surfaces and certain orientations that can challenge those
systems [85].IMU data helps establish scale in monoculé&LAM setups and provides crucial
pitch and roll measurements for global positioning [86].

DNN basedSLAM has emerged as a signi cant advancement in the eld of computer
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vision, with applications in autonomous driving, indoor robotics, mixed reality, and more [87].
DNN-based 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 SLAM [88]. These systems leverage the inherent smoothness
and coherence encoded in Multi-Layer Perceptron$(P) 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, DNN-SLAM 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]. ThereforeDNN-basedSLAM 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 usingLiDAR data often involve minimizing the di erences 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 Mappind-QAM) [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
di erent types of data, such as image and text classi cation [97, 12]. Studies like those
presented in [98] and [99] demonstrate that fusion networks not only enhance the capabilities
of individual models but also o er a more uni ed 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 Q-Drone 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 e orts. Key aspects of my involvement included:

System Design and Development : | 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 con guring 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 ve  UWB sensors, gathered a substantial dataset under varied conditions. This process
involved detailed ight operations and careful data recording to ensure the dataset's accuracy
and reliability.

Post-Processing and Analysis : | processed and analyzed data after post-collection.
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This included data re nement, sensor calibration, and quality assurance, ensuring the data
was robust and suitable for subsequent analysis.

Development of Positioning Methods  : | developed the positioning method utilized in
this research, integrating various algorithms and re ning the approach based on the collected
data. This development was critical for enhancing the accuracy and e ectiveness 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 ight 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 Paositioning,” in ISPRS, 2020 (Published).

Dr. Mozhdeh Shahbazi and the Centre de géomatique du Québec (CGQ) Contributed
signi cantly 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 e orts and extensive experimental work have signi cantly advanced
the practical application of UWB sensor-based positioning methods and provided a robust
benchmark dataset for evaluating navigation systems iGNSSdenied environments. The

key ndings 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 Di erent Environments.

3.1 Q-Drone System Overview

This section overviews my methodology for constructing a comprehensi&V positioning
dataset. As depicted in Figure 3.1, the system comprises several components, including
the UAV platform with onboard sensors, UWB anchors, a robotic total station serving as a
prism tracker, and a communication system facilitating interaction among these modules. |
introduce the Q-Drone system, equipped with ve UWB sensors, highlighting its design and
deployment in various environments. The data acquisition process, including the systematic
ight patterns executed by the Q-Drone, 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

UAV Platforms and Onboard Sensors

We developed two drone systems)-Drone X and Q-Drone 360. Their naming re ects
their respective system capabilities and sensor con gurationsQ-Drone X served as my
primary system for data acquisition in this study. Simultaneously, during the study, we
conceptualizedQ-Drone 360 as an enhanced version. It's important to note tha@-Drone
360 was not employed in this research. Given my exclusive use@Drone X throughout the

study, any reference to "Q-Drone" hereafter speci cally denotes Q-Drone X.

" Q-Drone X

To obtain the UWB benchmark, theQ-Drone UAVsystem was developed and customized
for engineering inspections to create 3D asset environments and anomaly detection in
GNSSdenied settings. TheQ-Drone system is engineered fodWB -based positioning,
dynamic path planning, automated quality assessment during inspection missions, and
computer vision-based anomaly detection. The currei®-Drone con guration, deployed

in this study, achievesUWB -based 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 &WB tag (112 grams), an Intel NUC

computer (728 grams), and a battery (542 grams), as illustrated in gure 3.2a.

" Q-Drone 360

Integrating advanced technology into the DJI Matrice 600 platform, theQ-Drone 360
is an adaptable and high-performanc&AV system. This platform has been con gured
to accommodate an array of passive sensors, enhancing its capabilities for a broad
spectrum of applications. The sensor suite includes the Sony a7 Il camera, weighing 650

grams, a thermal camera at 325 grams, and the Velodyne LIiDAR 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 existinfWB 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 a xed to the
DJI Matrice 600, providing a seamless and integrated solution for various applications.
Figure 3.2b illustrates theQ-Drone 360, showcasing its capacity to capture detailed
visual, thermal, and LiDAR data. With the DJI Matrice 600 as its foundation, the
Q-Drone 360 delivers remarkable performance for advanced inspections, environmental

monitoring, and beyond.
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UWB Anchor System

The UWB Anchor System employs PulsON 440 modules, part of the P400 family developed
by Time Domain. In this experiment, ve PulsON 440 modules were utilized, each equipped
with four UWB tags mounted on tripods in a square arrangement on the ground. UsiigF
method, the UWB anchors provide distance measurements with a remarkable accuracy of 2
cm and a frequency of up to 125 Hz. Operating in temperatures betweéfi C and 85 C,
these UWB 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 UAV. Utilizing two
di erent total stations, the Leica Nova MS60 MultiStation and the Trimble VX Spatial
Station, provided reference positioning data for indoor, bridge, tunnel, and outdoor datasets,
0 ering a measurement range of up to 1000m and 5500m, respectively, with high accuracy of
1°¢0:00027) angle.

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 UAV through the Micro-USB port, facilitating real-time communication with the ight
controller and onboard sensors. Th&DK ensures seamless data exchange, allowing the NUC
computer to receive onboardMU data and UWB ranging data from the UWB antenna tag.

Additionally, the GRZ101 prism on the UAV measures XYZ using the total station.

Figure 3.4 Customized communication: DJI Matrice 100's SDK allows exibility. Intel NUC
computer communicates in real-time via Micro-USB, linking the ight 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 StationJWB and IMU-UWB displacements. Height Cali-
bration moderates height di erences betweeiMU and total station measurements through
translation. Lastly, Range Calibration re nes range measurements to re ect true data accu-
rately, minimizing di erences across diverse ight 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 uni ed time coordination. A data communication layer based on DJI's
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SDK transferred IMU and GNSStime references to the NUC. TheUWB 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 thB AV body, one for theUWB network,
and one for the total station. | chose thdJWB network frame as the main coordinate system.

Total Station-UWB Displacement Calibration: In Figure 3.5, fourdUWB anchors were set
up, named UWBR,, UWB;, UWB, and UWB3;, on the ground and attached ondJWB tag to
the UAV. Before ying, the positions of all the UWB anchors were measured. A coordinate
system for theUWB network on a at surface was created: UWRB's position became the
starting point, a line between UWR, and UWB; became the x-axis, and the height of the
total station de ned the z-axis. The gathered data from the total station was adjusted to t
this UWB network frame.

IMU-UWB Tag Displacement Calibration: ThelMU provides information about the
UAV's movement, like acceleration, rotation, height, and orientation. the distance between
the IMU and the UWB tag needed to be calibrated, particularly for the height. ThéMU
sits in the middle of the UAV, where the control unit is placed. The positions of the sensors
on the UAV were xed, and the o set between theUWB tag and the UAV's 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 o set vector are illustrated in Figure 3.6

and are de ned in Equation 3.1.

V = 0:0092 0:186 (3.1)

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

station's vertical axis, their height data aligns. However, thdMU'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.

its starting point, where the UAV begins its ight. A translation between the IMU's height
data and the total station's vertical measurement was performed to reconcile this. This
translation, depicted in Equation 3.2, involves adding the initial total station height data )
to the IMU's height data (hywu ). This adjustment ensures that both sources of height data

are aligned properly.

ht = hIMU;t + ho (32)

Range Calibration

A range calibration needs to be conducted to ensure that the raw range measurements from
the UWB sensors accurately re ect 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 di erences between them. These discrepancies could derive from factors such
as di erences between sensor systems, ight environment variations, or sensor con guration

changes.
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Figure 3.6 UAV Body Frame with UWB tag.

To address these discrepancies, correction coe cients are applied, which are described in
Equation 3.3 and estimated in Equation 3.4. Through the use of a linear regression method,
the di erence between the adjusted range and the actual ground truth range was minimized.

The calibrated range is calculated using the formula:

Rgi = aai Rai + bdi (3-3)

X
S = (aai Ria, + bdi Rt;ai)z (3.4)

t=1
Where Rgl represents the calibrated rangeR,, is the raw range data acquired by the
UWB sensor R, is the ground truth range data,a,, : Estimated range scale factor ofth
UWB anchor, b, : Range bias coe cient ofith UWB anchor. The total squared di erence

between the calibrated range data and the ground truth data ath UWB anchor is computed
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in Equation 3.4, denoted byS;. 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
UWB 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 nal position.

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
nal position.
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Outlier Removal

To validate the quality of the benchmark data, a data processing pipeline was implemented
to estimate the UAV's position using rawUWB data from the UWB tag. The positioning
pipeline includes a two-stage outlier Itering 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 Iter. A predicted noise state coupled with observed range
data forms the basis for a theoretical outlier assessment within this framework. However,
the e ectiveness 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 bf consecutive range data points, denoted as

represented aP+, is determined heuristically. This norm of outlier data serves as a threshold
value for conducting a theoretical outlier assessment B by comparing the di erence in range
values betweerR; and R; ; with D+. 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 kernd\(= 8) is identi ed as an outlier.
Conversely,R; is categorized as an inlier only if all members of the range kernel are identi ed

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

8
<If Rait; Rawiii; Rat n <D7;! Ry is aninlier
. (3.5)
" If Rgior Ry or:iiior Rai n>Drt;! Rpisan outlier
Where the term R4+ = Ra:t  Ra:t 1 represents the di erence between the ranging

measurements at timet and the previous timet 1 for anchora;, denoted as R, ., and N
represents the range kernel and ranges from 1 toN.

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 dBNSS
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 e ective alternatives. In this chapter, | implement a Multilateration positioning
algorithm to validate the benchmark dataset based offDoA [105] as a baseline positioning
model.

Given a set of ranges and positions of anchors, the approximate position of tH&/B tag
is determined by solving equation 3.6, where 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 3.6X,, is the position of theith anchor de ned by the

total station.

2 3
2 3 x2+y2+ 22 2
1 2X, 2.,  2Zy § RZ x* y* 72
y
1 2Xa  2Ya, 2Za ] RZ  x2 y2 22

To address issues like multipath andNLOS 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 tHdWB tag and anchors, with thelMU

height as an additional constraint.
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X
F= (h 2zwar ;t)2+ Rii;t K (XmLar Xai)k2 (3.7)
i=0

This optimization problem is used to re ne the Multilateration solution. The objective
function F includes the geometric distance between tHéWB tag and anchors. ThelMU

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

3.1.4 Data Acquisition Results

The Q-Drone system, detailed in the previous section, served as the platform for acquiring
the UWB benchmark dataset across ve distinct sites, each exhibiting diverse environmental
characteristics. These benchmark sites encompassed indoor, open eld, semi-open tunnel,
under a bridge, and near-building scenarios, o ering a comprehensive evaluation ground for
testing positioning algorithms (Table 3.1). During the eld data acquisition, con gurations

of payload sensors, anchor networks, and th@-Drone platform were adjusted based on the
speci ¢ site. This section delves into the speci ¢ con gurations 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?) \
Oshawa
Indoor Indoor ] 5 26 33
Ontario, Canada
. Uxbridge,
Field Outdoor, open sport eld .g 5 12 13
Ontario, Canada
o Outdoor, N ket,
Building utdoor o ewrr.war N 3 7 7
close to building Ontario, Canada
. mi- n r, Ni ra,
Bridge Semi-open outdoo | |ag§a 4 10 23
under a concrete-metal bridge Ontario, Canada
Tunnel Semi-open outdqor, Oshawa, 4 8 30
under a metal bridge Ontario, Canada
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Figure 3.8 UWB Anchors con gurations of the Q-Drone benchmark dataset in various
environments: a) Indoor, b) Field, c) Building, d) Bridge, and e) Tunnel.
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UWB Con guration

The UWB system contains two key components: thWB antenna mounted on theUAV
platform and four anchors placed on the ground. The spatial arrangement of these components
signi cantly in uences UWB-based positioning performance. In the experimentation, two
distinct con gurations were adopted based on the prism's spatial relationship with th&/WB

antenna:

" Side Antenna Con guration for Indoor Dataset: The UWB antenna tag was
attached to the side of the platform body. At the same time, the battery and com-
puter were mounted beneath thdJAV 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.

Central Antenna Con guration for Outdoor Datasets: Similar to the central
con guration, this design involved placing theUWB antenna tag at the center of the
UAV platform. This con guration aimed to minimize UWB signal blockage by thdJAV
platform while optimizing mobility. The central antenna con guration was employed

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

Four UWB anchors were deployed on the ground with rectangular spatial con gurations for
each benchmark site. The dimensions varied based on site accessibility limitations, resulting
in di erent physical dimensions. TheUWB anchor con gurations for each benchmark site
are summarized in Table 3.1.

Benchmark Data Acquisition Result

1. Results: Table Il provides a snapshot of the data collected during the benchmark tests
conducted by the Q-Drone system. Across Ve test sites covering an area of 789.4 square
meters, Q-Drone completed a total of 23 ights, covering a distance of approximately
4.3 kilometres over 1 hour, 50 minutes, and 28 seconds. Throughout these ights, a
vast amount of data was gathered, including 253,832WB data points, 302,641MU
heights, and 605,311MU 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 lled using spline interpolation. The
benchmark datasets comprised various scenarios, including free motion indoors, square
and zigzag patterns in outdoor elds, scanning building walls, sweeping under a bridge

ceiling, and tunnel wall scans.

2. Range accuracy: As indicated in Table 3.2, | evaluated the accuracy of th&#WB
range measurements by comparing them to the ground truth obtained from the robotic
total stations. The evaluation resulted in aMAE of 0.902 meters across the ve 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

Sites # of datasets | Duration (S) dil[gxige?m) Area (m2) U'\\A/\’/A\BEr?mn?e
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 coe cients, as explained in Section 3.1.2. To avoid

over tting, these coe cients were estimated using a sample range and position data

acquired during a test ight and then applied to the remaining data for further analysis

and position estimation. Figure 3.9 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 UWB 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.

Figure 3.9 Range di erence between UWB and ground truth.

4. Missing range data: The UWB 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 illustratesUAV trajectories generated by the MLAT baseline positioning
algorithm compared to ground truth positions. Notably, instances may occur where the
UWB tag fails to receive theUWB 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 eld, scanning the walls of an
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outdoor building, sweeping the ceiling under a bridge, and scanning tunnel walls.

Flight Patterns for Various Environments

In designing ight patterns for UAV s, it is crucial to account for Dilution of Precision DOP),

a key factor in determining the accuracy of the positioning systemDOP quanti es how

the geometric arrangement of anchors or satellites relative to tHéAV a ects the precision

of the estimated position. Speci cally,DOP is a measure of the uncertainty in position
estimates caused by the relative positions of the anchors or satellites used for localization.
A lower DOP value indicates a better geometric con guration, leading to more accurate
position estimates, while a higheDOP 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 varyingDOP values. This can be achieved by employing di erent ight patterns
with a xed set of anchors. For example, where anchors are relatively stationary, varying the
UAV's position through free motion allows the system to experience a range@DP values,
from low to high, depending on theUAV's 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 di erent geometric conditions.

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

Square and Zigzag Patterns in Outdoor FieldsSquare and zigzag patterns are employed
in outdoor elds to ensure systematic coverage of larger areas. The square pattern e ectively
creates a grid-like coverage, while the zigzag pattern helps scan the entire eld e ciently 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 thedDOP by ensuring that the UAV

maintains a diverse set of measurements relative to the anchors, thus reducing positioning
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MLAT output Ground truth

a) Indoor dataset

b) Field dataset (square pattern)

c) Field dataset (zigzag pattern)

Figure 3.10 Multilateration results and ground truth for various datasets: a) indoor,
b) eld (square pattern), and c) eld (zigzag pattern).
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MLAT output Ground truth

d) Building dataset

e) Bridge dataset

f) Tunnel dataset

Figure 3.10 Multilateration results and ground truth for various datasets: d) building,
e) bridge, and f) tunnel.
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errors.

Scanning the Walls of Outdoor BuildingsWhen scanning the walls of outdoor buildings,
the UAV 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, th¢AV can detect
structural issues and gather data necessary for repair and analysis.

Sweeping the Ceiling Under a BridgeFor scenarios such as sweeping the ceiling under a
bridge, the UAV 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 th&JAV
to y 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, tHéAV can
minimize the e ects of multipath interference and ensure accurate data collection.

The chosen ight patterns o er several bene ts, including:

Good Coverage of SpaceEach pattern is designed to cover di erent types of environments

e ectively, ensuring comprehensive data collection across various spatial con gurations.
Optimization of DOP:By varying the ight patterns, the UAV can maintain a diverse set

of measurements relative to anchors, which helps minimize ti#OP. Lower DOP values
indicate better positioning accuracy, as the system's precision is less diluted by the geometry
of the anchors.

Addressing Multipath E ects: Di erent patterns help mitigate multipath interference by
changing theUAV''s trajectory relative to re ective surfaces and obstacles. This approach
reduces the likelihood of erroneous measurements caused by signal re ections and ensures
more reliable data. By employing these patterns, th&JAV can e ectively 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 3.3). 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

e ectively across di erent scenarios.

Table 3.3 Comparison of UWB Datasets.

Dataset Name Agent Environment Dura_mon Areza Sensors | # Nodes Challenges
type (min) | (m)
Indoor UWB
Q-Drone UAV Outdoor 110 50-246 4 Multipath
: IMU
Semi Outdoor
uwB
UTIL [106] UAV Indoor 150 100 IMU 4 NLOS
UWB Relative -
Localization [107] uGgv Outdoor NR 64 UuwB 2-8 Aligning nodes
Reza et al. [108] uGgv 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] o ers a longer duration of 150 minutes, it is
con ned 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 3.3), 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 re ect
real-world challenges by encompassing various environmental complexities. The benchmark
includes indoor environments with con ned spaces, outdoor elds 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. Speci c challenges such as multipath e ects, GNSS signal degradation, and
varying geometric con gurations are addressed. The multipath e ect is analyzed and xed 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 speci cally
chosen to re ect typical locations where GNSS struggles, thereby showcasing the e ectiveness
of UWB in environments where GNSS is not feasible.

In alignment with the objectives of this thesis, which include evaluating WB technology's
performance in GNSS-denied environments, the selection of test sites was strategically designed.
Although GNSSdata was not used in the Q-Drone benchmark, the assumption was that
GNSSis unavailable. The test sites were speci cally chosen to re ect typical locations where
GNSSstruggles, thereby showcasing the e ectiveness BWB in environments whereGNSS
is not feasible. The benchmark encompasses a range of settings, such as indoor environments
with con ned spaces and outdoor elds with varying terrain. These sites were selected to
represent scenarios wher&NSSencounters signi cant challenges, such as signal obstruction
and degradation.

The Q-Drone benchmark datasets collected from ve di erent sites are accessible to the
public through a dedicated benchmark website, which can be found https://benchmark.
gdrone.ausmlab.com. This website o ers resources: Sensor datasets, including UWB ranging
data, IMU 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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Figure 3.11 Data Structure.

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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3.3 Summary

In this chapter of the thesis, we introduced theQ-Drone UWB benchmark dataset, a
comprehensive resource aimed at facilitating research WAV positioning. The Q-Drone
system was purposefully designed for accurat$AV platform positioning using UWB sensors
across a range of challenginGNSSdenied environments, encompassing indoor spaces, open
elds, close to buildings, under bridges, and semi-open tunnels. The dataset captured
synchronized IMU and UWB data aligned with the onboard computer clock. Ground truth
UAV positioning was established by precisely tracking a mini prism a xed to theUAV
platform using a robotic total station. Calibration procedures were implemented to re ne the
relationships between thédMU and UWB tag, as well as betweeWWB anchors and the robotic
total position. Additionally, correction coe cients 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 lItering algorithms to eliminate outliers in range data.
The Q-Drone benchmark dataset is set to be made publicly accessible through a dedicated
benchmark website, enabling advancements WAV positioning research utilizingUWB 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 enhancingAV 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 updatingAV position estimates
based on individual low-dimensionaUWB range measurements. However, these methods
can be sensitive to inaccuracies, especially in challenging conditions. The proposed method
integrates two types ofUWB-based measurements to address this limitation: high-rate,
weak-constraint single 1D ranges and low-rate, strong-constraint multilateration outcomes.
This chapter introduces a uni ed factor graph seamlessly incorporating these measurements
and inertial data within an incremental smoothing-based framework. The e ectiveness of
the proposed approach in signi cantly improvingUAV positioning accuracy is demonstrated
through extensive experiments across various scenarios.

The ndings 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. | 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 uni ed 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 e ectiveness of the

proposed approach across di erent scenarios.

4.1 Overview

Multilateration, like other anchor-based systems such aGNSS can be applied toUWB
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 th&JAV. 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 thiAV, i.e., a
strong constraint for the position, in Itering 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 forUAV positioning based on incremental smoothing, which
seamlessly integrates two types dWB-based measurements and inertial measurement
into a uni ed factor graph framework, is presented, as described in Fig. 4.1. 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.

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

uni ed framework using a factor graph.

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

graph for online operations.

Conducted experiments under various scenarios BNSSdenied environments (dataset

collected in Chapter 3) to demonstrate the e ectiveness of the proposed method.

4.2 System Overview

The system overview, depicted in Fig. 4.2, includddWB anchors, sensor data detailed in the
previous chapter 3.1.1, sensor data management, measurement management andJidé
incremental smoothing algorithm.

The system requires a minimum of fouJWB anchors positioned strategically throughout
the area, within the frame<u,0. Anchor positions, represented byX ;, = [X4; Yo ; Z5 ], are

predetermined.
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Figure 4.2 An overview of the proposed Incremental Smoothing System system for Q-Drone.

Figure 4.3 Acquired range over time between a UWB tag and a certain UWB anchor, and
the result of the proposed outlier Itering algorithm, where the result is represented by a
colour (green: normal data, red: outlier) in each data. The set of data in the dashed circle
indicates true outliers trapped in NLOS cases.

Sensor data is collected from th& WB tag and IMU. UWB range data between the tag
and anchorsR = [Rta,; Rta;; Rea,: Reas) 1S @acquired alternately in a round-robin manner.
IMU data, including linear acceleration (), angular velocity (! ;), and height (h;), is also

collected.

4.3 Filtering out Outliers in UWB Range Data

All incoming UWB range data from aUWB tag is rst stored in the raw UWB data queue as
shown in Fig. 4.2. After that, an outlier detection process is started to check if the data point
greatly di ers 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 uctuations 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.
Speci cally, when a new rangeR.,, is received from anchoi at time step t, the range
variation between consecutive data points within a temporal sliding window of siZ&, is
computed. If all range variation values fall below a prede ned threshol®,, indicating
minimal uctuation, the data is classi ed as normal and stored in theUWB/IMU data queue
for further processing. However, if any range variation value exceeltg, signifying signi cant
uctuation, the data is considered an outlier and discarded. An example of this outlier
ltering algorithm, employing S,, =15 and R, = 0:7; m, is illustrated in Fig. 4.3. Utilizing a

temporal sliding window for classi cation 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 UWB tag in frame <,uo. HoOwever, in my scenario, the data is
collected within a short time interval rather than simultaneously.

From the UWB/IMU data queue,m data points (m 4), each representing the latest
data for an anchor, are selected. The time di erence between the newest and oldest data
points is then computed. Multilateration is executed using these data points only if the
time di erence is below Ty, a small threshold value (e.g.Tq = 0:1s).

The multilateration algorithm proposed here rst 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 th&/B
tag is denoted aXmiat = [ Xmiat ; Ymiat ; Zmiat ] Utilizing the equation kX s~ X g kg = (Ry)?, it
can be formulated asA Xmiar = b, where each row oA is de ned by [1; 2X,; 2Ya; 2Z4],
and the corresponding row ob is [(Ry)? (Xa)? (Ya)? (Za)?]. Solving this equation
yields the 3D positionxn, Of the UWB tag in the <o frame.

Re ning the initial position by non-linear optimization The initial solution is
re ned using the Levenberg-Marquardt non-linear optimization. An objective function is
constructed, incorporating geometric constraints between theWB tag and anchors. When
UWB anchors are nearly coplanar, an additional term is introduced to accommodate height
measurements from the IMU.

Finally, the re ned solution by solving the objective function is achieved:

X
R‘mlat = arg min eﬁ + i2m (edi)z (4-1)

Xmlat i2

The parameter , set to 0:1 to ensure accuracy for each sensor, is utilized for weighting. The

error termse, = h - Zya and ey, = Ry K Xmiae X 5 K, are de ned accordingly.

4.5 UAV Positioning Using Factor Graph

This section outlines the construction of a factor graph foJAV 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 UWB tag, representing theUAV position in the UWB anchor frame< o, 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.x'r‘,os, orientation x¥., velocity x¥ of

the UAV, and biasesxf 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.

45.1 Factor Graph Framework

The estimation of the 3D position of theUAV was motivated by a factor graph-based incre-
mental smoothing framework [114], as it allows handling asynchronous sensor measurements
with di erent 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 factorf;(x;) is represented byexp( %khi(xi) zikzi), assuming a Gaussian
noise model, wherez; is a measurementh;( ) 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 th&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
k

measurements. In this problem, the state variables at time stepinclude: (i) position Xy, in

the UWB anchor frame< o, (ii) orientation xX. in the frame <o, (iii) velocity x of the
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Algorithm 1 Online Operation of UAV Positioning

Initialization  : Factors F = fg, States S = fg

1: while measurement z' do

2 if z' is an inertial measurement then

3 Perform IMU pre-integration.

4 else if z'is Rea, then

5: if 9 IMU pre-integrated values then

6 Create fX ., fX o by (4.4) and (4.5).

7 end if

8 if Multilateration can be applied then

9 Eliminate range factors and IMU factors
in F related to the multilateration.

10: Create X, by (4.3).

11: Create fX , fX o

12: else

13: Create f e by (4.2).

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:  endif

22: end while

UAV in frame <uno, and (iv) biasesxk for an accelerometer and a gyroscope of the IMU.

4.5.2 Factors

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

45.2.1 Factor for single UWB range measurement

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

: 1
frange;t (Xpos’t) = eXp é kapos’t X ai k Rt;ai k2 (4.2)
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Figure 4.5 Description of theAdd-After-Eliminating strategy for adding a multilateration
factor to the factor graph.

45.2.2 Factor for multilateration-based measurement

This factor is generated from multilateration-based position measurement, and it is given as
; 1 2
fmlat ;t(xpos;t) =exp é kxpos;t Xmlat ;tk (4-3)

wherex¥ ., is the multilateration outcome at time stept, and it is obtained by a multilateration

method presented in Section 4.4.

45.2.3 Factor for inertial measurement

This factor is created from the incremental motion obtained from measurements of thiélU 's
linear acceleration and angular velocity. To handle the high-rate operation of th&U, |
adopt the IMU pre-integration technique [116] and introduce the equivalenMU factor that
represents several consecutiv®U measurements. Thus, instead of adding factors to the
factor graph at IMU rate, the factors are added at a lower frequency that is determined by

other sensors, e.g., UWB sensor.

dxpy  h(Xpo: X¢ 1)) (4.4)

d(xp, (x5 )) (4.5)

t t .yt
fine(xpvb ’ va)

f l:t)ias(XEJ ; XE))

Where x; . indicates the relative motion fromt to t that is obtained from the pre-

integration of inertial measurement, andg(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 olUAV positioning with the aforementioned factors

is presented here. For a newly incoming range stored in théVB/IMU data queue, the
suitability of applying multilateration is checked based on the short time interval condition
and requires a minimum ofm data points (m  4), including the latest incoming range and
the precedingm 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 8vd fac-
tors associated with the multilateration ranges are eliminated rst, followed by adding the
multilateration factor and a newly createdIMU factor. This process ensures that all factors
remain independent, as depicted in Fig. 4.5. 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 1, and Fig. 4.4

illustrates the created factor graph.

4.6 Experimental Results

This section describes thé&JAV system and experimental setup rst. 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

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
z | 0.566 | 0.292| 0.305 | 0.302 | 0.393 | 0.372

(Chapter 3) | 7 10.787 [ 0.248] 1376 | 0.257 | 1.037 || 0.741

Baseline 2: x | 0.055 | 0.068| 0.077 | 0.084 | 0.037 || 0.064
Two-factor. y | 0.070 | 0.210| 0.462 | 0.180 | 0.573 || 0.299
pose graph z | 0473 ]0.217| 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, theUAV system utilizes a DJI M100 quadcopter with
an Intel NUC, UWB tag, and battery installed at the bottom. A 360 mini prism provides
ground-truth positioning. Five Time Domain PulsON 440UWB modules o er accurate
range measurements up to several hundred meters. Sensor data, includiyy readings, is
acquired at 100 Hz using Robot Operating SystenRQYS) 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 inlMAE values compared to Baseline 1. For instance,
in indoor environments, Baseline 2 achieves an averaf\AE 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 di erent environments, the
proposed method consistently achieves lowBtAE 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 re ning position estimates. Speci cally, the proposed method achieves an average
reduction of approximately 0.2 meters irMAE 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 eld 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 signi cant challenges due
to substantial motion changes and multipath e ects.

The baseline methods face di culty correcting estimations within sections experiencing
signi cant motion changes. In contrast, the proposed incremental smoothing e ectively
operates even under these challenging conditions. However, noticeable di erences in outcomes
arise across di erent environments. To better understand this, the output mean absolute
error (MAE) characteristics will be analyzed in the next discussion.

Exploring Variability across Diverse Sets

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