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Abstract

Drones have become essential in various applications, increasing the need for robust systems
to ensure safe and efficient operation. This thesis investigates the use of radio wave sensing
for drone detection, localisation, and state estimation, offering a cost-effective and resilient
alternative to optical systems, which can be hampered by environmental factors like lighting

and obstructions.

The thesis leverages radio wave technology to sense both the coarse- and fine-grained movements
of drones, demonstrating their impact on drone localisation and navigation stability. First, the
thesis investigates the problem of sensing fine-grained drone movements during various flight
situations. Two radio wave sensing technologies (5GHz RF OAM and 77GHZ mmWave radar)
are adopted and evaluated to capture drone propeller speeds based on the Doppler shift effect.
Then, the thesis proposes a passive indoor drone detection and 3D tracking system using a
single-chip mmWave radar. This system combines extracted drone propeller rotation signa-
tures with other mmWave radar measurements including range and angle, to achieve precise
drone detection and motion type recognition, thereby enhancing the effectiveness of drone lo-
calisation. Finally, the thesis employs the radio-wave-sensed propeller speeds to enhance the
autopilot’s state estimation and motion control of the drone. Extensive experiments are con-
ducted in different flying arenas using different drone models and sizes to execute a range
of aerial manoeuvres, while encountering various line-of-sight and non-line-of-sight scenarios
within dynamic environments to demonstrate the effectiveness of developed approaches. The
experimental results highlight the system’s ability to precisely discern the drone’s coarse- and
fine-grained movements and its robustness in detecting drones even in complex environments
with moving objects, resulting in a significant reduction in localisation error compared to the
classical baseline approach. Moreover, the system achieves enhanced drone trajectory tracking

and improved navigation stability, even in challenging scenarios such as motor faults.
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Chapter 1

Introduction

In recent years, unmanned aerial vehicles (UAVs), commonly known as drones, have undergone
a revolution as an emerging technology with diverse applications across military, civilian, and
commercial sectors. These applications include search and rescue victims in disasters, indus-
trial mining tasks, traffic surveillance, agricultural monitoring, infrastructure maintenance and
warehouse operations [1], as exemplified in Figure 1.1. According to statistics from the United
States Department of Transportation (DOT) [2], as a leading nation in UAV technology, the
number of registered UAVs with DOT reached 1.37 million in 2020 with an average of around
10,300 registrations per month during 2021, thus emphasising the significant and widespread

utilisation of drones.

While the widespread use of UAVs spans a massive number of applications, various safety and
security concerns have been raised including collision risks, system failures, and potential misuse
for malicious activities. These dangers increase when drones are deployed in urban areas or
human-populated places like workplaces, posing a significant risk to public safety. To address
these challenges, robust techniques for accurate detection and localisation, as well as resilient

autopilot control systems are essential to mitigate the risks associated with drone utilisation,

17



18 Chapter 1. Introduction

(c) Traffic surveillance (d) Construction and surveying

Figure 1.1: Example applications of drones

ensuring safe and responsible drone usage in various applications.

Localisation is crucial for the autonomous navigation of drones, as the autopilot relies on real-
time tracking of its location during flight. Accurate localisation ensures drones can navigate
effectively and reach their intended destinations without deviation, allowing for precise ma-
noeuvring and obstacle avoidance. Drone detection serves as a prerequisite for localisation
especially in dynamic environments where distinguishing flying drones from other moving ob-
jects is essential. Additionally, detection plays a pivotal role in intruder detection applications

to identify unauthorised drones in security contexts. Resilient control systems enable drones to
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maintain stable flight even in the presence of unexpected disturbances or failures. These con-
trol systems are informed by state estimation algorithms that provide up-to-date information
about the drone’s position, orientation, and velocity for autonomous navigation. These com-
bined capabilities enable drones to operate autonomously and reliably across a diverse array of

scenarios, ranging from hazardous or hard-to-reach areas to commercial deliveries.

Extensive research efforts have been dedicated to improving the accuracy and robustness of
drone localisation and autonomous control. The primary technologies widely utilised for these
purposes include global positioning systems (GPS) [3], vision-based [4, 5], and inertial mea-
surement units (IMU)-based [6] systems. GPS receivers are standard components attached to
most drones, providing information about the drone’s latitude, longitude, and altitude which
are used in the drone localisation to enhance drone navigation and autonomous control ca-
pabilities. However, GPS performance is weakened if obscured by an object and is virtually
unusable in many indoor settings characterised by obstacles such as walls. Vision-based sys-
tems utilise cameras which are either mounted on the drone’s body for visual navigation and
obstacle detection for autonomous control, or installed within indoor environments to construct
motion capture for indoor drone localisation applications. However, vision-based technology is
a costly solution and sensitive to environmental illumination conditions. Additionally, camera-
based motion capture systems, e.g., VICON system !, require specialist multi-camera hardware
to be preinstalled in indoor buildings, thereby increasing installation complexity, which is not
suitable for several applications such as search and rescue missions. These systems also require
attaching extra tags on the drone’s body to help cameras track the drone. The effectiveness of
detecting these tags is heavily reliant on environmental factors, such as well-lit surroundings and
an unobstructed view which is not always guaranteed, particularly in scenarios where the drone
is not within the line of sight (LoS) of the camera. IMUs are mounted on the drone’s body and

consist of sensors such as accelerometers and gyroscopes to measure the drone’s acceleration
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20 Chapter 1. Introduction

and orientation. They are commonly used in combination with other localisation technologies
to provide accurate positioning information. However, they experience error drifting which

limits their localisation capabilities.

Researchers have been actively investigating advanced sensing approaches to improve drone
localisation and autopilot control capabilities [7]. An optimal drone localisation sensor should
fulfil three key properties: 1) Reliability: The sensor should be able to provide accurate
information under different environmental conditions, such as changes in lighting. 2) Cost-
effectiveness: Widespread adoption relies on the effectiveness of production and installation
costs. 3) Lightweight: Weight is a critical consideration, particularly when incorporating

sensors in a drone’s body due to its weight limitations.

This thesis presents radio wave technology as a candidate sensing approach for drone detection

and localisation, as well as for enhancing autopilot state estimation and control.

Radio wave sensing has been adopted as a proven technology in several research areas for di-
versified sensing applications, including localisation [8, 9], human health monitoring [10], and
agricultural applications [11]. Compared to other alternatives, such as vision-based methods,
radio sensing offers distinct advantages in certain scenarios, including enhanced performance in
challenging environmental conditions and the ability to penetrate obstacles. It encompasses a
range of technologies that utilise electromagnetic waves to sense and gather information about
the surrounding environment. Examples for radio wave sensing technologies include frequency-
modulated continuous wave (FMCW) millimeter-wave (mmWave) radar [12], radio frequency
(RF) orbital angular momentum (OAM) sensing [13], and Wi-Fi channel state information
(CSI) sensing [14, 15]. These technologies leverage the principles of electromagnetic wave prop-
agation, modulation, and reception to perform various sensing tasks. The FMCW mmWave
radar employs continuous-wave signals with modulated frequencies to measure range, veloc-
ity, and other characteristics of objects within its detection range, while OAM radio sensing

depends on the spatial properties of radio waves to enable high-capacity communication and
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sensing applications including detection and imaging. Wi-Fi CSI sensing utilises the phase and
amplitude information of Wi-Fi signals to infer properties of the surrounding space, such as hu-
man presence or motion. Radio wave sensing has several attractive features which demonstrate

great potential for widespread adoption in a diverse array of applications, including:

¢ Resilience to varying illumination and non-line-of-sight conditions: Radio wave
sensing can effectively operate in challenging conditions, including varying illumination.
It can also maintain reliable performance in non-line-of-sight (NLoS) scenarios due to the
ability of radio waves to penetrate various obstacles such as interior walls, smoke, and
fog. That is, radio sensing can work effectively in dark environments and through-the-wall

applications, as well as in extreme environmental scenarios such as fire [16].

e Ability to sense micro movements: Radio waves have the ability to sense tiny move-
ments especially with high-frequency waves. For instance, a 5GHz radio wave can detect
small object motion within a range of a few centimetres (approximately 6¢cm), which makes
it suitable for industrial purposes like monitoring rotation speeds of small wheels [17] and
human sensing applications such as gesture recognition [15, 18]. As the radio wave fre-
quency increases, the motion detection capability becomes more sensitive. For example,
mmWave radar frequencies typically range between 30GHz to 300GHz which correspond
to millimeter-level wavelengths between 1mm to 10mm. These frequencies enable pre-
cise detection and measurement of tiny movements and objects, making mmWave radar
well-suited for wide micro-level sensing applications such as vibration detection [19] and

detecting human heart rate [20].

e Ability to sense macro movements: One of the key features of radio sensing is its
ability to also recognise object macro movements, which is important for localisation and
tracking applications. Various approaches are deployed for this aspect. Among them

is the utilisation of FMCW mmWave radar to generate a 3D point cloud using range,
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velocity, and angle measurement [21], enabling the estimation of target location which is
fundamental in applications such as individual tracking, robot navigation and obstacle
avoidance. Other radio sensing technologies, such as WiFi, leverage the attenuation effect
on received signal strength caused by target objects to construct fingerprints, which are

useful for indoor localisation and gesture recognition applications [15, 22].

e Cost, weight, and power-consumption effectiveness: Compared to other similar
contenders, radio sensing is inexpensive, relatively light, and consumes low power. Radio
sensing often utilises off-the-shelf components and relies on relatively simple hardware
setups [16, 23], which can reduce manufacturing costs compared to more complex sensing
technologies, such as optical or laser-based systems. Recent advancements in radio sensing
technology have led to the development of compact and cost-effective integrated circuits
and sensors, such as Texas Instruments single-chips mmWave radars [24]. Additionally,
such radio sensing technology is known for its low power consumption characteristics.
This is especially advantageous for battery-operated devices or applications where power

efficiency is essential for prolonged operation time.

1.1 Thesis Aims, Challenges and Research Questions

This thesis aims to develop precise sensing approaches based on radio wave sensing technology
to passively detect and localise drones in indoor settings and enhance autopilot state estima-
tion and control for reliable navigation. These approaches leverage radio wave properties to
overcome challenging sensing conditions such as varying environmental conditions and NLoS
scenarios, to enable accurate and robust drone detection and localisation through sensing the
coarse- and fine-grained movements of drones. By focusing on passive sensing techniques for
detection and localisation, which dispenses the necessity of attaching extra sensors or reflectors

to the drone’s body, the developed approaches minimise the hardware complexity associated
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| #® Camera ® Marker

(a) Reflective markers attached to a (b) VICON system
drone frame

Figure 1.2: A minimum of three markers is typically required to track a rigid body in 3D space
using VICON motion capture systems. However, for more complex objects or applications
requiring higher accuracy, additional markers may be necessary.

with traditional sensing methods, such as optical systems, further extending the system appli-
cation to intruder detection scenarios. The rest of this section summarises the key challenges

encountered with radio wave sensing for drone applications and outlines the research questions

that have been formulated to address each challenge.

1.1.1 Challenge 1: The Radio Wave Technology of Choice

Various radio wave technologies, such as 5GHz RF OAM and 77GHz mmWave radar, can
be used for drone detection and localisation depending on specific application requirements
and the desired level of detection accuracy and coverage range. The 5GHz frequency band is
commonly used for drone communication, potentially enabling the utilisation of existing drone
radio communication modules to reduce hardware installation costs and simplify integration
with existing drone systems. For example, in scenarios such as indoor drone surveillance in

warehouses or industrial facilities where drones are already equipped with communication sys-
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tems operating within the 5GHz band for remote control and data transmission, leveraging the
5GHz RF sensing for detection and localisation can offer a cost-effective solution without the
need for additional specialised hardware. The mmWave radar which operates at higher fre-
quencies, specifically at 77TGHz, further extends the sensing capabilities by providing distance,
velocity, and angle measurements of the target drone. Understanding the trade-offs between
these technologies is essential to determine the best solution for specific operational needs,

whether for fine-grained control or long-range detection.

Research Question 1: What are the trade-offs in performance and range between 5GHz
RF OAM and 77GHz mmWave radar for drone detection, localisation, and control? Which

technology is more suitable for specific applications?

1.1.2 Challenge 2: Accurate Drone Detection in Dynamic Environ-

ments

Several drone applications require navigation in dynamic environments that are mainly charac-
terised by moving objects and variable weather and lighting conditions. As an example, drone
applications in construction sites necessitate flying around moving machinery and potential
hazards including scaffolding and construction materials. Drones’ detection and recognition in
such dynamic environments present a complex set of challenges, especially if no reflectors are
attached to the drone body (Figure 1.2 illustrates an example of reflectors attached to the drone

for simplified detection), which should be addressed for reliable and efficient drone functioning.

Research Question 2: How can radio wave sensing technology be used to reliably detect and

distinguish drones from other moving objects passively in dynamic environments?
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1.1.3 Challenge 3: Reliable Localisation Range Extension

Drone localisation is essential to accurately determine its position and orientation in space
relative to its surroundings. Accurate localisation allows drones to navigate safely and au-
tonomously, avoiding obstacles and complying with regulations. Localisation is also critical
for intruder drone detection as it allows accurate determination of the intruding drone’s po-
sition relative to a protected area or airspace. If precisely localised, security systems can
effectively detect intruder drones and track their motions, enabling timely response measures
to be taken. Conventional radio-based drone localisation typically employs low-frequency radar
systems which are well-suited for long-range detection. However, such radar systems can be
relatively expensive, bulky (measuring in metres), and consume large amounts of power which
restrict their widespread adoption [25]. Recently, mmWave FMCW radar has gained popu-
larity and expanded applications in smart environments, primarily due to advancements in
single-chip mmWave radar technology which has reduced the cost to tens of dollars and the
size to just a few centimetres. Point cloud approaches are commonly used as data representa-
tions in mmWave radar applications, which enable the estimation of target location through
extracting range, speed, and angle measurements of the target. The principle of operation of
point clouds-based localisation is straightforward where the centre of the target point cluster
is used to extract the range-angle information corresponding to the target, which represents
the location prediction. However, ensuring the precision of target tracking remains uncertain
in practical applications. Conventional low-cost single-chip mmWave radar systems are limited
to producing sparse point clouds due to hardware-based resolution constraints [26, 27]. Other
factors such as noise, multipath effects, and limited resolution of certain information such as
angle measurements [28] can lead to a performance decline when employing traditional signal

processing methods, particularly at longer distances.

Research Question 3: How can mmWave radar technology be optimised to improve the

precision and range of drone localisation?



26 Chapter 1. Introduction

1.1.4 Challenge 4: Enhancing Drone State Estimation and Control

Stability

A robust and precise autopilot system for state estimation and control is essential for enabling
reliable and autonomous drone navigation in the real world. The commonly used drone on-
board sensing techniques for state estimation, including IMU- and vision-based techniques [29],
sense the drone’s surroundings to estimate the drone state relative to the environment without
providing real-time feedback on the drone hardware status to the drone autopilot for immediate
response to internal faults. Harsh working environments can lead to a range of problems, from
deviation between actual and commanded drone propeller speeds to more complex situations
such as motor faults and blade damage, which can ultimately result in drone failure [30]. When
faults occur, they can significantly impact the drone dynamics leading to disruptions in its fly-
ing behaviour and stability. Such disruptions can result in positioning failures, where the drone
may struggle to accurately maintain its reference position or trajectory. Since the rotation of
drone propellers plays a key role in determining drone motion characteristics, precise knowledge
of actual propeller speeds provides useful information that can enhance drone navigation and

stability especially in such complex fault situations.

Research Question 4: How can real-time feedback from radio wave-sensed drone propeller
speeds improve state estimation and enhance autopilot stability, particularly in the presence of

faults such as motor failure or rotor blade damage?

1.2 Thesis Contributions

The contributions of this thesis primarily focus on two key directions: 1) enhancing drone
detection and localisation in indoor environments and 2) promoting drone autopilot self-control

and positioning for stable navigation.
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Contribution 1: Chapter 3 introduces radio wave sensing techniques for measuring flying
drone propeller speeds. Two radio wave sensors operating at frequency bands of 5GHz RF
OAM and 77GHz mmWave radar are adopted and compared to sense the propeller rotation
speed at various distances from the drone. To the best of our knowledge, this is the first work
to sense the rotation speed of a dynamic object using radio waves. In the presented techniques,
the rotating drone propellers introduce a unique phase change in the received radio wave signal,
which is extracted and processed to calculate the propeller speeds. The experimental evaluation
demonstrates that both 5GHz RF OAM and 77GHz mmWave radar approaches have highly
accurate propeller speed measurements across the whole flying speed range, with mmWave
radar exhibiting superior performance compared to RF OAM in terms of sensing distance. The
longer sensing distance of the mmWave approach has the potential to extend the coverage area
while preserving the high-resolution requirement for various drone applications. This work has

been published in:

Heba Abdelnasser Awad and Julie A. McCann. “Drone Propeller Speed Measurement:
Case Study using 5GHz RF and mmWave Radar” In 2024 IEEE 99th Vehicular Technology
Conference (VTC2024-Spring).

Contribution 2: In Chapter 4, RaDro system is proposed; an indoor drone detection and
localisation system using mmWave radar. The proposed system utilises a single-chip 77GHz
mmWave radar array, eliminating the need for multiple point installations in the operational
environment or any modifications to the drone hardware, which significantly reduces the setup
and deployment effort required for new environments. Compared to other techniques used for
indoor drone tracking, such as optical systems, RaDro is cost-effective and can penetrate obsta-
cles which enhances its reliability for drone tracking in complex environments. In contrast to
conventional mmWave radar localisation methods that rely on range and angle measurements,
the developed drone localisation technique incorporates more robust mmWave measurements

which expand the reliable localisation coverage area. Signal processing techniques are adopted
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to capture reliable information from received mmWave signals. This includes extracting the dis-
tinctive micro-Doppler signature generated by drone propeller rotation, enabling differentiation
between the flying drone and other moving objects, as well as identifying the drone’s motion
type. The recognised drone motions are further utilised to simplify the drone’s dynamic model
which is then integrated into the tracking module for further enhancement. The experimental
evaluation demonstrates RaDro’s precise drone localisation, achieving a significant reduction
in localisation error compared to the conventional baseline. This localisation accuracy remains
robust even when confronted with interference from other moving sources, such as humans.
Additionally, it showcases the system’s capability to accurately localise drones in NLoS sce-
narios where existing state-of-the-art optical technologies are unable to operate. The proposed

system is presented in:

Heba Abdelnasser Awad, Mohammad Heggo, Oscar Pang, Mirko Kovac, and Julie A. Mc-
Cann. “RaDro: Indoor Drone Tracking using Millimeter Wave Radar” Proceedings of the
ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies (IMWUT), 2024. Volume
8, Issue 3.

Contribution 3: Chapter 5 proposes a system that leverages direct feedback of drone pro-
peller speeds sensed with the 5GHz RF OAM module to improve the drone motion stability
and safety, especially in fault conditions such as rotor blade damage. This is achieved by in-
corporating the sensed propeller speeds into the drone’s dynamic model to track its position
and orientation which are then integrated into the state estimation module to further enhance
the motion performance. Additionally, the sensed propeller speeds are incorporated into the
autopilot’s motion control to compensate for deviation errors from commanded speeds. The
results demonstrate a significant reduction in the error of drone position while following a tra-
jectory, as well as enhanced stability in scenarios involving motor faults. This work has been

published in:

Heba Abdelnasser Awad, Mohammad Heggo, Oscar Pang, Mirko Kovac, and Julie A. Mc-
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Cann. “Multirotor Motion Enhancement using Propeller Speed Measurements.” In 2023 Inter-

national Conference on Unmanned Aircraft Systems (ICUAS), IEEE, 2023.

1.3 Thesis Structure

The rest of this thesis is structured as follows: Chapter 2 provides a background review of
this work, including drone dynamics and control fundamentals, a literature review of the drone
localisation and autonomous control systems, principles of OAM radio waves and mmWave
FMCW radar, and an overview of related topics in radio sensing. Chapter 3 presents two
radio wave sensing approaches to sense the propeller speeds of flying drones and compares their
performance. In Chapter 4, a novel drone localisation system is proposed, which tracks the
micro and macro movements of drones indoors. Chapter 5 introduces state estimation and
autopilot motion control approaches aimed at enhancing drone navigation stability. Finally,

Chapter 6 concludes this thesis and discusses potential future directions.



Chapter 2

Background and Concepts

This chapter provides an overview of the background of the thesis. It discusses the various drone
classes and the fundamental dynamics and control stack of quadcopters being the drone model
type considered in this thesis. Furthermore, it presents recent advancements in techniques used
to enhance drone localisation and autopilot motion control for stable navigation. The chapter
also provides technical insights into the principles of radio sensing, particularly for 5GHz RF
OAM wave and mmWave radar technologies, along with recent advancements in their sensing

techniques.

2.1 Drone Dynamics and Control Stack

2.1.1 Drone Classes Overview

Drones are classified based on various factors, including weight, manoeuvrability, and their spe-
cific capabilities. In terms of weight, drones are categorised into several classes. Super Heavy

Drones weigh over 2000 kg and are typically used for heavy industrial applications and mili-

30
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tary operations. Heavy Drones, which weigh between 200 kg and 2000 kg, are often utilised in
large-scale commercial activities, such as long-range delivery services and extensive surveillance
operations. Medium drones, ranging from 50 kg to 200 kg, find their use in mid-sized commer-
cial applications like agriculture monitoring and medium-scale delivery. Light/Mini Drones,
weighing between 5 kg and 50 kg, are commonly used for recreational purposes, photography,
and small-scale deliveries. Drones weighing less than 5 kg are classified as micro air vehicles
(MAVs). These MAVs are frequently employed for indoor operations, research, hobbyist ac-
tivities, and precise inspection tasks due to their small size and agility. In this thesis, the
focus is on MAVs due to their versatility and suitability for various applications. Drones can
also be classified based on their level of manoeuvrability into three categories [31]: Vertical
Take-Off and Landing (VTOL), Horizontal Take-Off and Landing (HTOL), and hybrid models
(Figure 2.1). VTOL models include helicopters, heliwings, and quadcopters. These models are
typically capable of hovering and exhibit a high level of manoeuvrability, but they are limited
in their cruise speed due to the stalling of retreating blades [32]. HTOL models are primarily
fixed-wing aircraft, which generally have a higher cruise speed and can fly longer distances,
but they offer limited manoeuvrability and usually require a runway for take-off and landing.
Hybrid models have the capability to take-off and hover like a VTOL and fly like an HTOL

drone; however, they are more complex in their design.

Multirotor MAVs (Figure 2.2) are a popular category of VTOL drones. Their small size and
high manoeuvrability allow them to fly in various directions, not just forward. Consequently,
they are ideal for surveying tasks, as they can access hard-to-reach places such as under bridges,
inside buildings, and pipelines. Lift force in multirotor MAVs is generated by the continuous
rotation of the propellers, which are essential for maintaining flight and manoeuvrability. The
number of propellers can vary depending on the design and purpose of the drone. Among
the various configurations, the quadcopter, featuring four propellers, is the most common and

widely used. The propeller generated lift force can vary depending on the number of propeller
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Figure 2.1: Drone classes

Figure 2.2: Multirotor drones [37]

blades [33]. The drone model used in this thesis is a quadcopter, however, all the approaches

presented in the thesis are applicable to multirotor configurations.

2.1.2 Quadcopter Dynamics

Quadcopters have a simple structure that can be implemented using off-the-shelf, cheap, and
lightweight components. A quadcopter is a cross-shaped rigid body that uses a minimum
number of rotors to have four control inputs that are adequate to control its six degrees of
freedom (position and orientation). Since the rotors are the only moving parts, the quadcopter’s

thrust can be controlled with the rotors’ speed.
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Figure 2.3: Diagram of the quadrotor model illustrating the world and body frames.

Two frames are commonly defined for the quadcopter structure model: inertial and body frames
(Figure 2.3). The inertial frame is defined by the Earth’s axes, where the negative direction
of the z-axis is the direction of gravity. The body frame is defined by the quadcopter body
orientation, where the z-axis is the rotors’ thrust direction. The position of the quadcopter has
a notation of p; = (z, y, z) in the inertial frame, while the attitude of the quadcopter can be
identified with the three Euler angles n = (¢, 6, ) in the body frame. The roll angle ¢ is the
rotation around the x-axis, the pitch angle # is the rotation around the y-axis, and the yaw

angle v is the rotation around the z-axis.

The angular velocity w; of rotor i causes a force f; in the rotor axis direction, and torque 7;
around the rotor axis as follows,

fi:sz, Ti:bwf (21)

)

where k£ and b are constants which depend on various factors including the propeller motor
specifications and aerodynamic properties. Torque refers to the rotational force applied to an

object, causing it to rotate around an axis. The combined forces of the rotors generate a total
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thrust F' in the direction of the z-axis of the body frame as,

0
4 4
i=1 =1

F

where Fp is the total thrust in the body frame. The total torque Mp in the body frame can

be expressed with its three components in the three angles directions 74, 79 and 7, as

T Lrou(—=fi+ fo+ f5 — fa)
Mp = |79 = | Lpiten(fr — fo + f3 — f4) (2.3)

Ty T +To— T3 — T4

where Ly, is the arm length generating the rolling moment, i.e. distance from the side motors
to the center of mass of the quadcopter, and Lpj.;, is the arm length generating the pitching

moment, i.e. the distance from the front motors to the center of mass.

The angular velocity of the quadcopter wp is the angular velocity of the quadcopter body frame

with respect to the inertial frame, which can be represented as follows,

Wy 1 0 — sin(0)
wp = |w,| = |0 cos(¢) sin(¢)cos(f) |1 (2.4)
w, 0 —sin(¢) cos(¢)cos(f)

Because of the symmetry of the quadcopter, where the four arms are lined up with the body x-
and y-axes, the body frame is assumed to be a principal axis frame, allowing for the following

form of the inertia matrix to be used [38],
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N

Figure 2.4: Newton-Euler approach: the rotations are applied successively about the object’s
axes: first about the z-axis (yaw), then about the y-axis (pitch), and finally about the x-axis

(roll).

I.. 0 0
I'=|0 1, O (2.5)
0 0 L.

2.1.3 Attitude Representation

In literature, the orientation of a rigid body, such as a quadcopter, is described using var-
ious representations for motion in three-dimensional space, including the Newton-FEuler and

Quaternion approaches [39, 40].

Newton-Euler Approach

The orientation of the rigid body can be identified by the three Euler angles n = (¢, 6, ).
The rotation matrix R;p(v, 6, ¢) € SO(3) is typically a 3 x 3 matrix and is used to transform
vectors from the body frame (B) to the inertial frame (I). It represents the orientation of the

body frame relative to the inertial frame and can be represented as follows,
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Ceczp S¢S@ —Sg
Rip(¥,0,0) = | CySsSy — SyCs  SpSeSs+ CyCys CsS, (2.6)
CypSeCy + 5SSy  SypSeCy — CySy CyCly

where C, and S, are abbreviations for cos(x) and sin(x), respectively. Each column of the
rotation matrix represents the direction of one of the body frame axes (x, y, z) expressed in the
inertial frame coordinates. For a given vector a in the body frame, the corresponding vector in

the inertial frame is R;p X a (an example is shown in Figure 2.4).

Quaternion Approach

Quaternion, a mathematical concept, finds application across diverse fields such as robotics
and aerospace engineering. It is an alternative representation used to model attitude dynamics,
aimed at avoiding the singularities inherent in classic representations such as Euler angles [41].
Each rotation can be represented by a single rotation about a fixed axis, denoted by the unit
vector IZ, and a rotation angle «; an example is depicted in Figure 2.5. This approach is known
as eigenaxis rotation, incorporating the shortest rotation between two orientations. Using this

concept, a unit quaternion is defined as follows,

T o
o cos(3)

Q= |:QO QG2 QB} - |- . (2.7)
q1:3 ]{ZSZTL(%)

where the four parameters of quaternion (qo, ¢1, g2, g3) are subject to the constraint Z?:o @ =1.

These parameters belong to a complex number, which can be represented as follows,

Q = qo+ @i+ qj+ gk (2.8)
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Figure 2.5: Quaternion approach: object rotation from frame B to I by angle « around vector
k.

In the context of dynamically representing an object’s orientation in 3D space, all unit quater-

nions can be used to construct a matrix represented as follows [40, 42],

1—2¢3 — 243 2¢142 — 2q0q3 2¢143 + 2¢oq2
R(Q) = | 2q142 + 2q04s 1 —2¢} — 2¢3 2¢243 — 2qo¢ (2.9)

2q143 — 240Ga 2¢2G3 + 2q001 1—2¢7 —2¢3

R(Q) satisfies R(Q)RT(Q) = I3 and det(R(Q)) = 1 which represents the rotation matrix. The

mapping from Euler angles to unit quaternions can be as follows [39],

O% Cg O% +S% Sg S%

—Cys So Sy +Co Cy S
Qo, 0, y)=| = = & 2R (2.10)

C% C% Sg —I-S% C% 5%
Cy Cy Sy — 54 Cy S

2.1.4 Motion Equations

The motion equations for a quadcopter typically include equations for translational motion

and rotational motion [43, 44]. The quadcopter’s dynamic transition can be represented by the
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following equation,

mpr =mg + RipFp+ Far1 (2.11)

where g = [0,0, g.]7 represents the gravity vector, with g, denoting the gravitational constant.
Fp =10,0, F]" is the external force vector in the body frame. R;p is the rotation matrix that
allows transformation from body to inertial frame to represent the quadcopter attitude. F, ; is
the aerodynamic force modelled in order to stop the vehicle in the absence of horizontal thrust.
Thus, the required force to move a quadcopter of mass m with acceleration p; in the inertial
frame is equal to the gravity force mg added to the inertial frame total thrust of the rotors
R;pFp and the aerodynamic force F, ;. The dynamic equation denoting quadcopter rotation

can be described with the external torque on the vehicle in the body frame as follows,

IwB“I_CUB XICUB:MB—}—M,I’B (212)

Where M, p denotes aerodynamic drag moments, designed to counteract vehicle rotation in

the absence of thruster moments.

The total thrust F' and torques Mp = [14, 79, Tp] are generated by the control model via control
inputs to the four rotors.

[F, 7y, 19, 7] = Hu (2.13)

where u € R?* represents thrust generated by each spinning rotor. H € R*** is a projection

matrix that maps total thrust and moment forces to thrust generated by each rotor.

2.1.5 Drone Control Stack

The control stack consists of software and control systems that are used to manage and op-

erate the drone. It encompasses the various layers or components involved in controlling a
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Figure 2.6: Quadcopter control stack: The estimated state X at a time instant ¢ is fed to the
position and attitude controllers to calculate the required total force Fz and total torque Mp
that should be applied on the quadcopter to move to the desired position. The total force and
torque are then fed to the motor controller to determine the commanded angular speeds of the
four propellers. The quadcopter sensors then send their feedback measurements to the state
estimator module to estimate the quadcopter state at a time instant ¢ + 1.

drone’s behaviour, from low-level flight control algorithms to high-level mission planning and
decision-making processes. The stack typically includes hardware interfaces, flight controllers,
communication protocols, navigation systems, and higher-level software for mission-specific
tasks. The goal is to provide a systematic and organised framework for efficiently controlling

and coordinating the different aspects of drone operations. The following highlights the control

stake components that are related to this thesis.

Autopilot Controller

An autopilot in drones is a system that automates the control of the drone’s flight path,
allowing it to navigate, maintain stability, and perform complex manoeuvres without constant
human intervention. This system integrates various components, including sensors and control
algorithms to manage the drone’s position, orientation, and velocity. For example, if the drone
is supposed to hover at a specific altitude and orientation but starts drifting due to wind or

other disturbances, the autopilot controller detects this deviation by comparing the actual state
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against the setpoint. It then issues commands to the appropriate motors to increase or decrease
thrust, thereby bringing the drone back to the intended position and orientation. This process
happens continuously and rapidly, ensuring that the drone maintains stability and follows the
planned flight path accurately. The typical design of the quadcopter autopilot control model is
a hierarchical controller with two loops (Figure 2.6): an outer loop to control the position and

an inner loop to control the attitude of the quadcopter body [45, 46].

e Position Controller: The outer loop typically has two inputs: position setpoints and the
estimated position. The difference between these two inputs is the position error which is
fed into a proportional-integral-derivative (PID) controller to compensate for the thrust
based on the desired trajectory. The output of this loop is the desired attitude and the

commanded thrust which direct the drone toward the desired position.

e Attitude Controller: The inner loop controls the attitude using another PID controller.
It takes the desired attitude from the position controller in addition to the estimated

attitude. The output is the commanded torques that achieve the desired attitude.

Motor Controller

The motor controller receives the commanded thrust and torques from the autopilot controller
and accordingly generate commanded speeds of individual motors (propeller speeds) while
ensuring that motor speed limits are not exceeded. These propeller rotation speeds generate
the necessary lift and drag forces, which enable the drone to perform various flight manoeuvres.
For instance, changing the drone’s direction during flying involves altering the speeds of the
drone’s propellers. This adjustment modifies the lift thrust output of each motor, causing
the drone to tilt and change its angle in the desired flight direction. By precisely controlling
the propeller speeds, the drone can execute complex movements and maintain stability. This

highlights the critical role of propeller speeds in the overall motion control of quadcopters and
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multirotors in general. The ability to finely tune these speeds allows for precise navigation,

responsive direction changes, and smooth operation in various flight conditions.

State Estimator

The state estimator is responsible for providing real-time information about the drone’s current
state, including position, attitude, velocity, and other relevant parameters. This information
is essential for various tasks such as navigation, obstacle avoidance, path planning, and sta-
bilisation. Without accurate state estimations, drones would struggle to maintain stable flight
and navigate safely. Different sensor measurements such as accelerometers, gyroscopes, and
GPS readings are utilised to provide real-time estimation of the dynamic drone state. This

estimation is then used by the autopilot controller to provide control decisions for stable flight.

2.1.6 Drone Localisation and Control Techniques

This section presents a literature review on key aspects of drone localisation and stable au-

tonomous navigation relevant to this thesis.

Drone Localisation and Tracking Methods

As previously discussed in Chapter 1, drone localisation methods involve determining the ex-
act position of a drone within a specified environment. Precise drone localisation is crucial
for enabling autonomous navigation and achieving accurate control, as well as being critical
for intruder drone tracking applications. Various methods have been proposed in the litera-
ture to enhance drone localisation. GPS is a commonly used technique for drone localisation,

which can provide meter-level accuracy. However, its application indoors presents significant
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challenges due to the attenuation effects caused by structures and obstacles, leading to unreli-
able positioning data [47]. Several alternative techniques have been proposed to address these

challenges, which are summarised in this section.

e Vision Sensing Techniques: Cameras can be mounted either within flying environments
for applications related to drone localisation, or on the drone itself for tasks such as visual
navigation and obstacle detection. The first category of techniques that mount cameras
within the flying area [48, 49, 50] can provide precise estimations for localisation indoors,
particularly with motion capture systems like VICON which are widely used in indoor
environments, enabling the drone to determine its own position relative to its surroundings
for effective navigation. However, this solution is costly and requires pre-installation within
the deployment area, making it impractical for certain drone applications such as search
and rescue missions. Additionally, most camera-based systems necessitate specialized
marker attachments on the drone frame for detection. The camera’s ability to identify
these markers is heavily dependent on illumination levels and LoS conditions, which is not

assured in various situations.

The second category of vision-based techniques involves attaching cameras to the drone
body to improve navigation stability through state estimation and map construction tech-
niques. This approach enhances drone capabilities and increases navigation accuracy in
uncontrolled environments. A fundamental method in this category is visual-inertial nav-
igation systems (VINS) [51, 52]. The VINS technology combines camera and inertial IMU
measurements in real-time to determine the six degrees of freedom pose of the drone and
create a 3D map of surroundings by fusing the precise intermittent information obtained
from the camera with the high-rate IMU readings. VINS has been proposed for visual-
inertial simultaneous localisation and mapping (SLAM) [53, 54, 55] and for visual-inertial
odometry [56, 57], which is the process of estimating the position and orientation of a

moving object using data from motion sensors. However, the limitations posed by the



2.1. Drone Dynamics and Control Stack 43

camera, such as motion blur, scale ambiguity, and limited dynamic range, as well as chal-
lenges inherent in IMU sensors, like error drifting, present hurdles for visual-inertial fusion

systems across various manoeuvring scenarios.

e Acoustics Sensing Techniques: Acoustic-based techniques have been proposed for in-
door drone localisation. Several systems [58, 59, 60] require careful attachment of anchors
to the drone’s body and placing acoustic modules in the flying environment, thereby in-
creasing the installation complexity. For instance, a proposed system in [58] involves
attaching two speakers to the drone to emit FMCW acoustic signals, which are then used
to estimate the distance between the drone and a mobile phone. Other acoustic-based
localisation systems [61, 62] can passively track drones without requiring any additional
equipment to the drone’s body, treating the drone as a mobile sound source. However,
these systems exhibit errors in the meter range and can be easily interfered with by com-
plex environmental sound noise, which is not suitable for many precise indoor applications

[61].

¢ Radio Sensing Techniques: Various radio wave sensing technologies have been used for
drone localisation and tracking methods. Ultra-wideband (UWB)-based ranging meth-
ods are widely used in indoor environments, achieving decimeter-level accuracy in drone
tracking [63, 64]. UWB can be incorporated with other approaches including visual SLAM
[65] and RGB-D cameras [66]. However, UWB-based techniques rely on integrating UWB
transceivers onto the drone’s frame. Additionally, they necessitate careful placement of
spatially dispersed UWB transceivers, typically a minimum of three, throughout the track-
ing zone for calculating pairwise distances using time-of-flight (ToF) information. These
requirements introduce considerable complexity to installation and calibration procedures.
Another system, Wi-Drone [67] uses WiF1i to track the position and orientation of a drone
based on the angle-of-arrival (AoA), ToF and CSI phase information, however, it requires

attaching up to 12 antennas to the drone body to achieve precise pose estimation which
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increases the installation complexity and the drone battery power consumption due to the
added weight. Alternatively, there are RF-based approaches that rely on the construction
of an aerial mobile sensor network for indoor monitoring [68, 69]. Such approaches neces-
sitate careful equipment placement and a large number of nodes/drones to ensure reliable
navigation, which increases deployment costs and complexity. Additionally, these systems

may experience a reduction in navigation accuracy over time due to error drifting.

Table 2.1 summarises the capabilities and limitations of various drone localisation techniques.

The drone localisation approach proposed in this thesis leverages the recent advancement in
radio sensing technologies to passively detect and localise drones indoors. Additionally, it opens
up opportunities to utilise existing radio sensors installed on drones to enhance navigation
stability. By integrating these sensors, the drone control and state estimation modules can
be improved, leading to more accurate and reliable assessments of the drone’s position and
movement. The proposed radio sensing approaches demonstrate their effectiveness even in
complex environmental conditions, such as NLoS scenarios and varying illumination conditions.
One significant advantage of the developed detection and localisation approaches is that they
eliminate the need for attaching extra hardware to the drone’s body, thereby reducing hardware
installation complexity. Additionally, radio sensing technology has the capability to detect both
macro and micro movements of tracked objects, making it highly suitable for a broad range of

precise localisation applications.

Drone Motion Control Methods

Different methods have been proposed in the literature to enhance the autonomous motion con-
trol of drones. This subsection focuses on reviewing the proposed control techniques designed
for quadcopters, the chosen drone model for this thesis. As previously noted, the quadcopter,

characterized by its rigid body in a cross shape, employs the minimum number of rotors required
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Localisation technique Deployment cost | Resolution Reliability ‘
Vision motion capturing High Millimeters Light sgns&twlty /
requires LoS
UWB High Decimeter LoS/NLoS
Acoustic High Centimeters LoS/NLoS
: . Audio noise sensitivity /
Passive acoustic Low Meters LoS/NLoS

Table 2.1: Features summary of drone localisation technologies

to supply four control inputs, effectively managing its six degrees of freedom encompassing both
position and orientation. Since the rotors are the only moving components, the quadcopter’s
thrust can be regulated through adjustments in rotor speed, thereby controlling the quadcopter

dynamics [40, 70, 71].

Accurately modelling a flying quadcopter poses significant challenges, primarily because it re-
quires capturing the complex interactions between motor dynamics and aerodynamic forces,
which deeply influence drone performance and stability. These interactions cause rotor inter-
ference (e.g., when the airflow from one rotor interacts with the airflow from another rotor) that
can affect propeller speeds [72, 73], particularly during high-speed flight. Conventional methods
for quadrotor modelling typically incorporate simplistic representations that limit the captured
effects to linear drag forces approximations and quadratic thrust curves that relate the com-
manded and actual propeller speeds in different conditions (e.g., under different battery voltage
levels) [74, 75, 76]. Such approximations are more suitable when the quadcopter is moving at
low speeds. At higher speeds, these approximations exhibit increasing bias as they neglect the
influence of the inflow velocity on the generated thrust. Another approach, parametric gray-box
models [77], seeks to address these limitations by expressing forces and torques as combinations
of predefined mathematical functions. Although these models can exhibit strong performance,
their effectiveness relies on selecting suitable basis functions, a task that demands expertise

from human designers. Recent research models aerodynamic effects based on fluid dynamics
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[78]. Despite their high accuracy, such approaches incur high computational costs and require
hours of processing. Others use deep neural network modelling to estimate the forces applied
on the flying quadcopters [79, 80, 81]. However, such solutions require large volumes of data,
and are prone to over-fitting [81]. Another modelling challenge is that the quadcopter is an
under-actuated system [82], where there are fewer control inputs (four motors) than the number
of degrees of freedom (six) the vehicle possesses. This can result in instability when the system
approaches its physical limits and escalate the complexity of control in the event of a motor
failure. Several systems have proposed solutions aimed at stabilising quadcopters in the event
of motor failure or saturation [83, 84, 85]. The proposed technique in this thesis incorporates
sensed actual propeller speeds with radio waves to compensate for the quadcopter’s desired
forces and torques during flight, demonstrating noticeable improvements in motion accuracy

and drone stability.
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2.2 5GHz RF Sensing: OAM Waves

RF sensing enables non-contact sensing and detection solutions across a wide range of applica-
tions in aerospace, industries, and smart cities. By transmitting and receiving radio waves, RF
sensing gathers crucial information about the surrounding environment or objects within the
RF field. This information includes properties like distance, velocity, direction, and composition

of objects or materials.

Operating within the 5GHz frequency band, 5GHz RF waves are widely utilised in diverse
wireless communication systems, including Wi-Fi networks and Bluetooth devices. Recent ad-
vancements in wireless communication systems have led to the exploration of various techniques
aimed at enhancing capacity and performance. Among these, emerging spatial multiplexing
methods such as OAM, have garnered attention due to their potential advantages over tradi-
tional frequency-based multiplexing techniques like orthogonal frequency division multiplexing
(OFDM), commonly employed in Wi-Fi standards and other communication protocols. For
sensing applications in particular, 5GHz OAM radio wave has the potential to improve the
performance of several sensing applications including object detection [86, 87]. The rest of
this section discusses the OAM radio waves background and the rotational Doppler shift phe-

nomenon which are used in drone sensing in Chapters 3 and 5.

2.2.1 OAM Overview

The advancement of wireless devices necessitates increased communication capacity. This can
be achieved through various methods including transitioning to higher frequencies to access
higher bandwidths or leveraging spatial properties of electromagnetic waves. OAM is a promis-
ing method that exploits electromagnetic waves spatial properties to enhance capacity. It

involves twisting the phase of the wavefront along its propagation axis, creating multiple or-
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thogonal channels within the same frequency band. By assigning different OAM mode values to
electromagnetic waves, these channels can carry independent streams of data simultaneously,
effectively increasing the overall data transmission capacity. OAM waves were initially observed
in 1992 by Allen et al. in optical beams [88]. In 2007, Thidé et al. generated OAM in RF
[89], which was then applied to wireless communication as an alternative multiplexing mode

90, 91].

OAM waves have been used in sensing applications and demonstrated superior performance
in target detection and imaging [86, 87] with their increased capacity and robustness to inter-
ference. They have been also used in orbital movement detection applications [17, 92, 93, 94|

which leverage rotational Doppler shift phenomenon to measure the rotation speed.

2.2.2 OAM Theory

Electromagnetic waves, as fundamental carriers of energy and information in the universe, pos-
sess dual characteristics of energy and momentum. This momentum encompasses both linear
momentum, associated with the wave’s propagation direction, and angular momentum, de-
noting the rotational motion of the wave’s electric and magnetic fields [95]. The momentum
carried by the electromagnetic field is directly proportional to the energy content of the wave
and associated with the radiation pressure created by waves when interacting with an object
[96]. Angular momentum is categorised based on polarisation into two main types: spin angu-
lar momentum (SAM) and OAM. SAM describes the polarisation state of the electromagnetic
waves, and OAM characterises the spatial structure and rotational motion of a vortex of the
wavefront [13, 97]. The primary distinction between SAM waves and OAM waves lies in their
wavefront structures. SAM waves typically display parallel and separated rings in space, in-
dicative of their circular polarisation. In contrast, OAM waves exhibit a distinctive helical

wavefront, characterised by its continuous spatial spiral pattern. Figure 2.7 illustrates the
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(a) (b) (c)

Figure 2.7: Wavefront of SAM waves vs. OAM waves [13] (a) SAM wave (b) OAM wave with
topological charge [ = 1 (¢) OAM wave with topological charge | = 3.

contrast between these two wavefront structures.

OAM can be used to increase spectral efficiency and data transmission capacity by multiplex-
ing multiple data streams on different OAM modes (also referred to as topological charges)
[98]. Each OAM mode is an element of a complete orthogonal basis that can be employed for
multiplexing different signals. Theoretically, the number of orthogonal OAM modes in a single
beam is infinite, which significantly enhances spectrum efficiency. Compared to conventionally
used frequency multiplexing such as OFDM which transmits and receives the data over mul-
tiple orthogonal subcarriers with different frequency spacing, OAM offers unique benefits for
RF sensing applications, including higher spectral efficiency, improved spatial resolution, and
enhanced interference robustness [86, 99]. OAM RF sensing is capable of detecting the orbital

movement based on the rotational Doppler phenomenon.

2.2.3 Rotational Doppler Shift

Translational motion between an object and a source emitting electromagnetic waves leads
to a linear Doppler shift. Conversely, rotational movement between an object and the wave
source can induce a rotational Doppler shift, a concept initially introduced in optics [100]. The

frequency of an optical beam carrying OAM changes when it interacts with a rotating object.
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This frequency change is a consequence of the object rotational motion and is known as the
rotational Doppler shift. The measurement of rotational Doppler shift was then introduced
for RF waves as follows [101]: when an OAM RF wave interacts with a spinning object, the
resulting rotational Doppler frequency shift Af along the axis of the scattered wave can be

represented in the frequency domain as follows,

Af == (2.14)

where w is the rotation speed of the spinning object in radians per second, [ represents the
topological charge (OAM mode), which is a numerical value denoting the phase front variation
over a period of 27 [102]. Since [ > 0 for OAM [103], the revolutions per minute (RPM) of

the rotating object can be expressed as,

60 x A
Wrpm = ff (2.15)
The rotational Doppler shift phenomenon has been widely used to measure rotational movement

speeds using optical OAM beams for objects in the macroscopic scale [104], and using RF OAM

wave for industrial purposes [17, 92, 93, 94].

2.2.4 RF OAM Sensing Applications

As previously discussed, OAM-carrying electromagnetic waves are recognised for their potential
to enhance radio sensing techniques, offering advantages such as improved resolution, and
enhanced robustness to interference. Additionally, OAM has the potential to enhance the

performance of conventional object detection and imaging systems in sensing applications [86].

In recent years, enormous efforts have been made to improve imaging resolution using vortex
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electromagnetic waves [105, 106, 107]. In 2013, Hu et al. [108] introduced the concept of elec-
tromagnetic vortex imaging, suggesting it can be used to create detailed images of targets. In
RF OAM imaging, the azimuthal profiles of the objects are obtained where different azimuthal
angles correspond to different spatial OAM modes, each carrying a unique amount of angular

momentum and contributing to the overall spatial structure of the wave.

RF OAM is also capable of detecting and measuring the rotational velocity of a spinning object
leveraging the rotational Doppler shift which is directly proportional to the rotational velocity
of the object. This RF OAM property is used in this thesis to measure the rotation speed of

drone propellers as introduced in Chapter 3.
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2.3 Fundamentals of mmWave FMCW Radar

This section provides an overview of the fundamentals of mmWave FMCW radar, followed by
discussions on range, Doppler, and angle measurements, as well as the primary data represen-
tations and techniques. Additionally, a review of recent advancement in mmWave sensing is

provided.

2.3.1 mmWave FMCW Radar Overview

mmWave is a special class of radar technology that operates in the millimeter-wave frequency
band, typically between 30GHz and 300GHz. The radar emits electromagnetic waves, which
propagate through space and interact with objects within their path. These objects then reflect
a portion of the electromagnetic waves back to the radar system. By capturing and analysing
these reflected waves, the system can determine the distance, speed, and angle of the detected
objects. mmWave radar transmits signals in millimeter-level wavelengths, which allows the
detection of minute movements with high precision. This capability is achieved by using com-
pact antennas due to the short wavelengths involved. mmWave radar can transmit different
types of waveforms, such as pulsed, Frequency Shift Keying (FSK), Continuous Wave (CW),
and FMCW [12]. This thesis uses FMCW radar waveform as a commonly employed type in
mmWave radar systems. Unlike traditional CW radar systems, which emit waves at a fixed
frequency, FMCW radar modulates the transmitting frequency. This frequency modulation en-
ables the detection of target distance as well as Doppler effects. There are several modulation
patterns for FMCW with different proprieties, such as sawtooth, triangular, rectangular, and
staircase [109] where the sawtooth pattern is the most commonly used pattern with FMCW
mmWave radar systems [28, 110] which is considered in this thesis. With the sawtooth pat-
tern, the FMCW radar transmitter emits frequency-modulated chirps whose carrier frequency

increases linearly with time. Figure 2.8 shows a representation of a chirp in time and frequency
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Figure 2.9: FMCW radar basic architecture

domains.

A simplified block diagram of FMCW radar is shown in Figure 2.9. The reflected waves
from the target are received by the radar system and mixed with the original transmitted
signal with a mixer which basically calculates the frequency difference between the transmitted
and received signal. The low pass filter (LPF) filters out unrelated frequencies to produce
the intermediate frequency (IF) signal, which contains information about the frequency shift
caused by the target object’s distance and velocity. The IF chirp signals are sampled using the

analog-to-digital converter (ADC) and then processed to extract the raw radar data.

mmWave radar systems typically employ a multiple-input multiple-output (MIMO) antenna

array, which is important for the target object’s angle estimation by capturing the spatial
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Figure 2.10: Single-chip mmWave FMCW radar

diversity of reflected signals (further details are provided next). This involves a configuration
of mixers, LPFs, and ADCs for each receiver (Figure 2.9 shows only one Tx-Rx pair). The
received data from all receivers can be arranged into a 3D tensor of complex numbers, known
as a radar data cube, that contains all the information provided by the radar device for a given
time frame. For one frame that contains M chirps where each chirp contains N samples and
transmitted-received by K antenna pairs, the radar data cube dimensions is represented as
chirp data sample 1..N (denoted as fast time samples), chirp number 1..M (denoted as slow

time samples), and Tx-Rx antenna pair 1..K (denoted as spatial dimension).

In order to address the requirements of diverse sensing tasks, a variety of commercial hardware
devices have been deployed (examples are shown in Figure 2.10). Texas Instruments introduces
the world’s first single-chip mmWave radar, significantly reducing costs to tens of dollars,
thereby making it affordable for vehicles and smart devices [111, 112]. Infineon developed tiny
radar of size 3.3 x 6.7 mm which is a cost-effective sensor even in low power or battery-powered
products. The tiny mmWave FMCW radar known as ‘Soli’ [113] was developed by Google’s
Advanced Technology and Projects (ATAP) group. Soli is smaller than a coin and has already

been integrated on Google Pixel 4 smart phones for mid-air gesture interactions [114].

The rest of this section discusses range, velocity and AoA measurement details and estimation

methods.
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2.3.2 Range Measurement

The object’s distance is estimated by extracting the peak frequency component of the IF signal,
which corresponds to the frequency change caused by the round-trip time taken by the signal
for back-and-forth traveling to the object. Figure 2.11 shows Tx and Rx chirps as a function of
time for an individual detected object. Rx chirp is a time-delayed version of Tx chirp where the
distance between the two chirp lines is fixed, which results in a constant frequency component

fo in the IF signal and can be represented as follows,

f():ST

2d
- =
C

(2.16)

where S is the chirp slop and 7 is the time delay between the Tx and Rx chirps. 7 can be
further derived in terms of the distance between the radar and the detected object d, and the

speed of light ¢. Therefore, the distance of the detected object is,
Joc
d=*"— 2.17
28 (2.17)

The distance is estimated by applying a Fast Fourier Transform (FFT) to the IF signal to
extract frequency components corresponding to different target objects, which is known as

Range-FFT.

The initial phase of the IF signal ®, is the difference between the Tx and Rx chirp phases at

the start time of the IF signal, that can be expressed as follows,

&g =21 f,.7 (2.18)
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where f. is the chirp start frequency. Mathematically, ®, can be further derived as follows,

4
By = %d (2.19)

where A is the wavelength (corresponds to the start frequency for simplicity). Thus, the IF

signal of a single detected object at a distance d from the radar can be represented as follows,

s2d 4Ld

Asin (27 fo t + Po) = Asin (27 — t+ ) ) (2.20)

Range Resolution: For multiple target objects at different distances from the radar, each
reflected chirp from an object is received with a different amount of time delay proportional to
the distance to the object. This variance in the arrival time translates into distinct frequency
components in the IF signal, as shown in Figure 2.12. Based on Fourier transform theory
[115], two frequency components need to be separated by more than % Hz, where T is the
observation interval, to be resolved in the frequency domain. Thus to distinguish between two

different objects with the radar system, the difference between the corresponding frequencies
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in the IF signal (Af) needs to satisfy the following,

1
Af > — 2.21
fo (221)
supposing T equals to the chirp time 7,. Given Af = 2 iAd, the condition can be represented
as follows,
2 A 1
& d > — (2.22)
c T,

Since B = S T, where B is the chirp bandwidth, the range resolution d,.s can be represented

as follows,
c

dyes = == 2.2
5B (2.23)

Equation 2.23 shows that the range resolution d,.; depends only on the chirp bandwidth.
Therefore, an FMCW radar with a chirp bandwidth of a few GHz can achieve a range resolution

In centimetres.

Maximum Range: The maximum frequency component that can be captured in a signal
is limited by the value of the sampling rate Fs. Thus, from Equation 2.17, the maximum

detectable range d,,,, with the FMCW radar system is,

2
o

= 2.24

2.3.3 Velocity Measurement

mmWave radar has the capability to detect minute movements at the millimeter level of the
target. Even a slight change in the target’s distance induces a phase change across chirps in
the reflected signal. By analysing the rate of chirp phase change, the radar can track micro-

movements and accurately estimate the velocity of the target. In order to detect a target
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Figure 2.13: Doppler-FF'T separates the two targets at the same range with different speeds

object velocity, the mmWave radar transmits two chirps separated by 7.. The range-FFT for
each chirp will exhibit peaks at the same locations, but with different phases. The observed
phase difference corresponds to an object motion of vT,.. The phase shift can be derived from

Equation 2.19 as follows,

B 4 Ad

X\
i (2.25)

A

where Ad is the object’s distance change. Thus, the object velocity can be derived as follows,

Ad

AAD
v =
4nT,

(2.26)

FFT is used to estimate A®, known as Doppler-FFT, which is applied on the phase vector

corresponding to the target range peak across all chirps.

For multiple objects, the radar system can distinguish between them if they move at different
velocities even if they are equidistant from the radar. This is illustrated in Figure 2.13, where
multiple targets moving at different speeds result in multiple peaks in the Doppler-FFT output.

However, this distinction is subject to certain constraints, as elaborated next.
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Velocity Resolution According to the theory of discrete Fourier transforms (DFT), the two
frequencies can be resolved if their phase difference A® is greater than 27 /N, where N rep-
resents the total number of samples in the FFT or, in this context, the number of chirps in a

frame. By substituting this phase difference condition in Equation 2.25,

2 - 47 Av T,
N A (2.27)
A
Y7 ONT,
Since the frame time T equals NT,
A
s = —— 2.28
e = g7 (2.28)

Equation 2.28 shows that the radar’s velocity resolution v, is inversely proportional to the

frame time T%.

Maximum Velocity: Since the phase is periodic, |A®| needs to be less than 7 to avoid

ambiguity. This implies the following,

(2.29)

Equation 2.29 shows that shortening the transmission time between chirps results in a higher

Umam .

The range-FFT and Doppler-FFT are often applied to the IF signal to generate a ‘Range-

Doppler Heatmap’, where each peak represents a detected object at a specific range and speed.

2.3.4 Angle of Arrival Measurement

FMCW radar systems can estimate the angle of the reflected signal on the radar array if it has

at least two receivers. The spatial position difference between the receivers results in variations
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Figure 2.14: AoA can be estimated from the phase shift caused by the slight distance difference
between the target and the Rx antennas

in the traveling distances (as shown in Figure 2.14), which leads to a phase shift in the FFT
peak. The difference in travel distance of the received signal between two receiver antennas Ad
is,

Ad =1 sin(0) (2.30)

where [ is the spatial location distance between successive receiver antennas, and 6 is the
AoA. In this antennas configuration, the phase shift between two neighbouring antennas is

represented as follows,

A - 2risin(9) (2.31)
A
Rearranging Equation 2.31, the angle of arrival € is calculated as follows,
AAD
0 =sin"! (—— 2.32
sin ! (57) (232)

The change in phase A® depends on sin(f), which demonstrates a nonlinear relationship. For

small angles, sin(f) can be approximated linearly (sin(¢) ~ 6). Consequently, the accuracy of
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the angle estimation relies on the AoA value and is more accurate when it has small values.

The angle information in extracted by observing the phase change between different antennas,
achieved by applying an additional FFT (Angle-FFT) on the phase vector across the receiver

antenna array.

Angular Resolution: Considering two objects have angles of # and 6 + A#f relative to the
radar, the angle resolution determines how small Af can be to distinguish between these two

objects. Given an object with AoA of # has a discrete frequency of w = M in the Angle-

FFT, thus, the difference between frequencies corresponding to two objects with Af angle apart

is,
Aw = 2Tﬂ(sin (0 + Af) —sin (9))

~ 2T7Tl cos (0)Ad

(2.33)

sin (0+A6)—sin (0)

A = cos (0)). As discussed previously,

Since the derivative of sin (6) is cos () (i.e.,

distinguishing two frequencies requires their difference Aw > %’r, where N is the number of

samples in the FFT (the number of receivers in this case). Using Equation 2.33,

A

A > ——— 2.34
~ Nlcos (9) (2:34)
Therefore, the angle resolution 6, is,
A
eres TN 2.
Nlcos (0) (2.35)

The angle resolution variation is dependent on ¢, with the optimal angle resolution achievable

at @ = 0, where the object is directly in front of the sensor, aligning with the earlier discussion.

Maximum Angular Field of View: As discussed previously, because of the phase periodicity,

unambiguous angle measurement requires |A®| to be less than 7. From Equation 2.31, this
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Figure 2.15: MIMO layout of TT AWR2243

corresponds to the following,

x> 2rsin®d) S;n@ (2.36)

Thus, the maximum field of view for radar array is,

A) (2.37)

Omax = Si (&
sin (2l

With [ = A\/2, the above equation results in maximum field of view of [—90",907].

As previously discussed, MIMO technology which refers to an antenna array with multiple
transmitters and multiple receivers, is commonly used with the mmWave radar [116]. By ar-
ranging antennas in proper locations, each transmitter-receiver pair works as a virtual antenna
for better AoA estimation resolution. The mmWave radar used in this thesis is the Texas
Instruments TT AWR2243! which integrates 3Tx-4Rx MIMO directional antenna array (7 on-
board antennas) and typically has a maximum transmit power of 13dBm per transmitter. The
configuration of the 2D array is shown in Figure 2.15, which is able to estimate the Azimuth

(with 8 virtual antennas) and elevation (with 2 virtual antennas) angles.

Lwww.ti.com/product/ AWR2243
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2.3.5 Conventional Point Cloud Generation

FMCW radar array is able to produce 3D point cloud (z,y, z) of the target objects using the
range, velocity, and angle measurements [27, 117]. Figure 2.16 presents a conventional pipeline
for 3D point cloud generation. The input raw radar data is the radar cube of the 3D signal that
is produced at each time frame with dimensions of the chirp data sample (fast time samples),
chirp number (slow time samples), and antenna number (spatial dimension). The sampled raw
IF signal is first transformed into the frequency domain by applying Range-FF'T along the fast
time dimension to construct the range profile, followed by applying Doppler-FFT along the slow
time dimension to construct the Range-Doppler map. Each peak in this map corresponds to a
potential detected object in the environment at a specific range with a particular speed. The
peaks can be identified using a peak detection algorithm such as the 2D constant false-alarm
rate detector (2D-CFAR) algorithm [118]. In the 2D-CFAR algorithm, the Range-Doppler
map is fed into the detector to extract dominant points, i.e., removing background clutter
and reducing noise, making it less dependent on the environment’s characteristics. Azimuth
and elevation AoA are then calculated by applying Angle-FFT along the spatial dimension to
observe the phase change between different antennas. Another way is to calculate AoA directly
using the range profile across the virtual antennas to construct the Range-Angle map which

provides position information for targets without the velocity information.
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However, conventional low-cost single-chip mmWave radar systems are limited to producing
sparse point clouds due to hardware constraints [26, 27]. Additionally, the noise and limited
resolution of certain information, such as AoA measurements, can lead to a performance de-
cline when employing traditional signal processing methods, particularly at longer distances.
To address these challenges, this thesis implements additional signal processing approaches that
leverage effective noise and interference reduction methods, including wavelet denoising, wavelet
transformation, autocorrelation analysis, and Kalman filter. Additionally, the developed local-
isation technique relies on more robust mmWave measurements (micro-Doppler information)

which expand the reliable localisation coverage area.

2.3.6 mmWaves Sensing Applications

The emergence of single-chip mmWave radar technology has expanded the design possibilities
for various applications in diverse fields, acquiring significant research attention in recent years.
This section introduces an overview of the relevant literature, presenting background informa-
tion on conventional mmWave sensing methods along with recent advancements. Initially, this
section provides an overview of recent developments in FMCW mmWave radar across various
domains. Then, it delves into the specifics of techniques relevant to micro-motion sensing,

detection and localisation tasks.

mmWave Sensing Solutions

Compared to other wireless sensing technologies, such as WiFi and acoustic signals, mmWave
is highly sensitive to tiny millimeter-level displacements of target, making it suitable for a
variety of applications. These applications include human sensing, industrial, and robotics
applications. Table 2.2 provides a summary of recent advancements across various mmWave

sensing categories.



2.3. Fundamentals of mmWave FMCW Radar

65

The description of the main methods involves two parts. The first part is the data representa-

tion/signal form used in the proposed system, and the second part is the category of the used

algorithms for processing.

Category Name Target Task Hardware Platform Main Methods
[119] Localisation and mapping TI AWR1843 Range-Doppler spectrum / GAN
Robotics mmHawkeye [120] | Outdoor drone detection TI IWR6843ISKODS Doppler spectrum / LSTM
Sensin mDrone [121] Indoor drone localisation TI IWRG6843ISK Range-Angle spectrum / CNN-LSTM
& RIO [122] Motion estimation TI AWR1843BOOST Point cloud / EKF
MU-ID [123] Gait recognition TI AWR1642BOOST Range-Doppler spectrum / DNN
Hunr{an mmFER [124] Recognise facial expressions | TI IWR1843BOOST phase W aveforrp / GMM,
Sensing cross domain transfer, autoencoder
mmTrack[125] Multi-person tracking Qualcomm 802.11ad CIR / MVDR.’
k-means clustering
. . . Range-Angle spectrum,
AmbiEar[126] Voice recognition TTI IWR1642BOOST 1Q and Doppler signals/ DNN
VED [127] Heartbeat sensing TI IWR1843BOOST IQ and phase signals
Industry T o Range, Doppler spectrum /
Sensing mRotate[128] Rotation speed sensing TI IWR1443BOOST GSV, Chirp frequency hopping
mmVib [19] Vibration measuring TTI IWR1642BOOST Range-Doppler spectrum/
MSC model

Table 2.2: A brief summary of recent works in mmWave FMCW radar sensing for different
application categories. DNN: Deep Neural Network; EKF: Extended Kalman Filter; GSV:
Group Sum Value; GAN: Generative Adversarial Network; MSC: Multi-Signal Consolidation;
CIR: Channel Impulse Response; MVDR: Minimum Variance Distortionless Response.

mmWave Detection and Micro Motion Sensing

A fundamental challenge in tracking tasks is differentiating the target object from static ob-
jects in the surrounding environment. This is because the received signal comprises both the
reflected signal of the target body and signals reflected from other objects in the environment.
Existing research in radio-based sensing frequently relies on analysing object dynamics, lever-
aging approaches such as recognising features like signal variance or detecting discriminative
signatures such as human breathing rates. As previously mentioned, mmWave FMCW radars
have the ability to distinguish between objects by tracking displacements with micro-level pre-
cision through phase changes detection in the received signal. Micro movements, such as subtle

internal mechanical vibrations, can manifest within the structure of an object whether it re-
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mains stationary or is engaged in primary bulk motion, where these minute movements may
coincide with the object’s primary movement when it is in motion. These micro movements
induce phase changes that result in frequency modulation of the reflected signal, leading to the
observation of the micro-Doppler phenomenon [129]. This phenomenon is observed in variuos
situations, including the individual movements of a person’s legs and arms while walking, or
the rotations of a drone’s propellers while flying. To monitor the phase change caused by these
micro motions with mmWave FMCW radar, the initial step involves extracting the phase in-
formation of the target object by conducting a Range-FFT on the raw IF signal. The Fourier
transform maintains the phase information, allowing for the extraction of the phase variation

signal from the corresponding peak in the range profile across chirps.

Micro-movement sensing can be useful in many other areas besides object detection. For ex-
ample, mmVib [19] is designed for monitoring machine vibrations in industrial settings, where
micro displacements can be intentionally manipulated and encoded to convey information that
can be sensed using mmWave radar technology. A rotation speed monitoring system is pro-
posed to monitor industrial machine health in [128] using mmWave radar. Another system
[130] has been proposed to detect the displacement of water surfaces induced by underwater
acoustic signals by utilising FMCW radar to transmit information across the water-air bound-
ary. Furthermore, mmWave radar micro-displacement sensing is important for remote vital

sign monitoring applications, including heart rate and breath rate monitoring [20, 131, 132].

The proposed approaches in this thesis leverage the mmWave micro-movement sensing capa-
bilities to detect drones in dynamic environments through extracting their propeller spinning
signature and to measure the propeller rotation speeds. More details are presented in Chapters

3 and 4.
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mmWave Localisation and Tracking

Traditional FMCW radar target tracking methods mainly depend on point clouds, which typ-
ically include reflections from multiple targets as well as noise. Clustering algorithms are
employed to partition the point cloud into distinct segments. Density-based spatial clustering
of applications with noise DBScan algorithm [133] is frequently chosen as the clustering method
due to its ability to cluster based on the distances between point pairs without necessitating
the number of clusters as a parameter. Additionally, DBScan can effectively filter out noise by
setting a minimum number of points required in a cluster. The tracking process primarily con-
sists of linking clusters across frames. The Hungarian algorithm [134], a known solution for the
assignment problem, is commonly employed to link clusters across frames. The Kalman filter
[135] is also used for correcting and predicting tracks. In complex situations, including mul-
tiple target tracking tasks, algorithms such as the Joint Probabilistic Data Association Filter
(JPDAF) [136] and Multi-hypothesis Tracking (MHT) [137] demonstrate robust performance

in noisy environments.

In Chapter 4, a localisation system is proposed that leverages the DBScan clustering algorithm

and a Kalman filter to 3D track drones indoors.

2.4 Summary

This chapter provides a thorough overview of the existing research, methodologies, and ad-
vancements in drone localisation and autopilot control systems, which leverage various sensing
technologies. It also delves into the fundamentals, advantages, and applications of radio wave
sensing, focusing on 5GHz RF OAM and mmWave FMCW radar technologies, showcasing the

great potential of radio sensing to enhance drone localisation and navigation control.

The following three chapters each focus on different approaches to enhance indoor drone detec-
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tion and localisation, and autopilot control for reliable navigation. These proposed approaches
leverage radio wave sensing technologies to enhance the sensing of drone’s macro and micro-
movements. In the next chapter, Chapter 3, methods for sensing the propeller rotation speed
of flying drones are proposed for enhanced detection and precise tracking of drones which will

be further explored in the subsequent chapters.



Chapter 3

Drone Propeller Rotation Speed
Measurement Using Radio Wave

Sensing

Propeller rotational movement plays a crucial role in determining the motion characteristics of
drones, influencing their performance in several key areas. The precise measurement of drone
propeller speeds has the potential to enhance drone navigation stability, autopilot control,
detection and localisation. This chapter introduces two radio sensing approaches to sense the
rotation speeds of drone propellers while in flight. These approaches use two sensors operating
at the frequency bands of 5GHz RF OAM waves and 77GHz mmWave radar. Extensive flight
arena experiments are conducted to compare the performance of both approaches using a

commercial drone and to discuss their respective advantages and disadvantages.
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3.1 Motivation and Objectives

Drones have experienced a rapid increase in both capability and accessibility, a trend that
continues to grow. Consequently, there is a rising demand for several technologies to enhance
their operation, including reliable navigation, precise localisation, drone identification, and
intruder detection. The rotational movement of propellers is fundamental in determining the
motion characteristics of multirotors, a dominant category of drones, as discussed in Chapter 2.
Sensing multirotor propeller speeds during flight can assist a wide range of applications, with a
significant impact across various domains. For instance, the measurement of propeller rotation
speeds can be incorporated into drone autopilot systems to improve autopilot control and state
estimation. This leads to more precise localisation and enhanced flight stability for reliable
navigation [138, 139, 140]. Additionally, sensing propeller rotational movement enhances the
performance and extends the capabilities of security applications that require drone detection
and identification [61, 141, 142, 143, 144]. For example, the performance of distinguishing
drones from other flying entities is enhanced [142] and the drone identification is extended to
identify the drone’s load beside the drone’s model [143] with the integration of propeller speed

sensing.

The aforementioned studies use vision-based sensing [141, 142, 144], acoustic signals [61, 145],
or motor current sensing [139] to detect drone rotor motion. However, these sensing techniques
are either limited by weather and light conditions (i.e., vision), audio noise interference (i.e.,
acoustics), or have limited accuracy due to parameter estimation uncertainties (i.e., motor
current sensing [146]). Alternatively, there is an increased use of radio waves more generally to
sense rotation movements or spin speeds of motors, and these are demonstrably not affected by
noise or illumination conditions [17, 128]. For the most part, these techniques leverage radio
waves at the bGHz frequency band or use 77GHz mmWave radar, and they all assume the

object being sensed is in a stationary state, even when these techniques are applied for drones
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Figure 3.1: Radio sensing-based drone propeller speed measurement system overview.

138, 147].

To this end, this chapter presents a case study to experimentally evaluate the performance of
both the 5GHz RF OAM and FMCW 77GHz mmWave radar sensing approaches for measuring
the propeller speed of flying drones, for the first time in literature, to the best of our knowledge.
An overview of the radio wave sensing-based propeller speed measurement system is shown in
Figure 3.1. Both approaches depend on extracting the micro-Doppler shift that corresponds
to the propeller spinning motion, where its frequency band is used to calculate the propeller
speed. The advantage of using micro-Doppler shifts to sense propeller speeds during flight
lies in their independence of the relative position of the rotating target and transmitter. As
a result, their signatures are commonly used for object identification applications, including
drones [148, 149, 150]. The experiments are conducted in a flight arena using a commercial
drone to primarily assess two metrics: the accuracy of radio waves to measure high rotation

speeds within the drone flying speed range, and the sensing distance range.

Theoretically, the shorter wavelengths of mmWave radar, coupled with higher operating fre-
quencies and broader frequency bandwidth, enable finer resolution and improved performance
in extracting micro-Doppler of target objects. On the other hand, longer wavelengths of 5GHz
RF have the physical advantage of better penetration and less attenuation due to atmospheric
absorption and scattering, resulting in better signal propagation over longer distances. To
better understand the tradeoff between resolution and sensing distance, the experiments are

conducted to compare both the 5GHz RF OAM and 77GHz mmWave radar sensing approaches.
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In the experimental setup, the 5GHz RF is paired with OAM to augment spatial resolution

performance, particularly for sensing the rotation of flying drone with small propeller blades.

The rest of this chapter is organised as follows: Section 3.2 provides an overview of rotor speed
measurement techniques in the literature. Section 3.3 presents the technical details of the
5GHz RF OAM approach and its evaluation results, while Section 3.4 presents the details and

evaluation of the mmWave approach. Finally, the chapter is concluded in Section 3.5.

3.2 Rotor Speed Measurement Techniques

In industrial motors, the rotor speed is usually measured and used as a feedback signal to
the control system to enhance the motor performance. This approach is also implemented
in drones where precise knowledge of actual propeller speeds provides useful information that
can enhance drone navigation and task execution [139]. A typical onboard speed tracking
technique is available through the drone’s electronic speed controllers (ESCs) [139]. However,
higher-performance ESCs are often larger and heavier, which can pose challenges for smaller
drones where weight and size are critical considerations. Another technique is to estimate
the rotor speed based on the motor current sensing approach [151] which estimates the motor
speed with the knowledge of motor parameters (e.g., motor constant, resistance, and induc-
tance). Although this approach is common, the estimated speed has limited accuracy due to
its dependence on motor parameters, where any variations or inaccuracies in these parameters
can affect the precision of the estimated speed. Further, the dynamic response of motor current
to changes in speed may not be fast enough with the rapidly changing speed requirements of

the drone propellers.

To mitigate these limitations, other techniques directly measure the rotation speed by imple-

menting various types of speed sensors that have been proposed to sense the speed of rotary
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parts of stationary objects. One example is the tachometer [152, 153] which is an optical de-
vice that provides accurate speed measurement by emitting a laser beam towards the rotating
object with attached reflective tape. However, the laser tachometer fails when the target ob-
ject material is highly reflective, where the laser reflections from the attached tape can not be
distinguished from the rotating object surface reflections. Additionally, the effective operating
distance of the laser tachometer, approximately 20cm [154], is insufficient for many applica-
tions that demand a longer measurement distance. The electromagnetic-based speed-sensing
approaches detect the change of the electromagnetic field resulting from the object’s rotation
by employing electrostatic [155, 156] or hall-effect [157] sensors. However, these approaches
are constrained in terms of effective working distance, typically limited to a few centimetres
(around 10cm). The vision-based approaches utilise various optical sensors for sensing rota-
tion speed. RGB cameras, for instance, are employed to capture images of a rotating object,
extracting features that are analysed to estimate the rotation speed [158, 159]. However, these
approaches are limited to sensing a maximum rotation speed of 1500RPM due to the relatively
low frame rate of RGB cameras. Other approaches [160, 161] leverage high-speed cameras to
enhance the capability of measuring higher rotation speeds. Nevertheless, the high cost of such
cameras limits their widespread adoption. Additionally, camera-based systems face constraints

in terms of sensitivity to light.

Compared to the previously mentioned technologies, radio waves are resilient to variations
in illumination conditions and the light reflectivity of the target object. Although the radio
waves sensing approach has demonstrated its effectiveness in sensing the rotation speeds of
static objects in the literature [17, 128, 138, 147], its sensing performance has not yet been
investigated for moving objects such as drones. The proposed approaches in this chapter
investigate the capabilities of radio waves at 5GHz and 77GHz mmWave frequency bands in
sensing the rotation speed of drone propellers while flying, for the first time in literature, for the

potential of enhancing navigation stability, localisation, intruder detection, and identification.
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3.3 Drone Propeller Speed Measurement using 5GHz

RF OAM Waves

This section presents a case study on drone propeller speed sensing with 5GHz RF. This is
achieved using a custom-built hardware system developed in our research group [17], which was
initially developed to sense the rotation speed of stationary objects. First, the methodology is

summarised, followed by a discussion of the evaluation results.

3.3.1 Methodology

By exploiting the spatial properties of OAM, 5GHz RF OAM sensing technology has the poten-
tial to achieve finer resolution sensing, enabling more precise detection of small rotating blade
motion. The rotational Doppler shift phenomenon [100] is leveraged to estimate the rotational
speed of the spinning propeller of a drone. With the rotational Doppler effect, the change in
received wave frequency reflects the speed of the rotating object, as described in Chapter 2. The
RF sensor has a transceiver that operates in the 5GHz band to transmit OAM electromagnetic
RF waves. When an OAM wave interacts with the spinning propeller, the Doppler frequency
shift Af on the axis of the scattered wave can be used to measure the RPM of the rotating

object as,

60 x Af
Wrpm =~ (3.1)

where [ is the topological charge (it is the OAM state number that represents the phase front
variation in a period of 27 [102]). This relation is used to measure the propeller rotation speeds

with the application of signal pre-processing and post-processing procedures.

The process starts by transmitting multiple narrowband signals on several subcarriers. DFT

analysis is then applied on the N received subcarriers, followed by localising the frequency peak
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Figure 3.2: Layout of the flight arena.

corresponding to the rotation speed and its harmonics using a thresholding technique. The
rotation speed measurement for each subcarrier is then extracted by calculating the greatest
common factor of the fundamental frequency and harmonics. Finally, the measurements of
the N subcarriers are aggregated after removing outliers. The subcarriers operate at multi-
ple frequency bands to address interference problems caused by dynamic human and object

movements.

3.3.2 Evaluation

In a flight arena, physical experiments are conducted to evaluate the accuracy of measuring
propeller speeds of a commercial drone using the 5GHz RF OAM sensing technology. The
experiments are performed in an indoor flight arena equipped with a VICON motion capture
system to trace the drone position ground truth measurements at a sample rate of 100Hz. The
flight arena for the experiments includes metallic obstacles, such as stairs, cable trays, and

stands (Figure 3.2), which introduce sources of electromagnetic interference (EMI).
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Figure 3.4: Experimental setup for RF sensing approach.

The flights are performed using a Holybro S500 V2 quadcopter (Figure 3.3) with Pixhawk 4
autopilot running PX4 firmware!. The quadcopter is equipped with four 2216-980KV brushless
motors and 9-inch propellers with two blades per propeller. The drone weighs about 782g.
Two RF OAM antennas are used as a receiver and transmitter and operate at a frequency

band of 5.525GHz with a transmission power of up to 22dBm (~ 150mW). Both antennas are

Thttps://px4.io
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connected to USRP B210 Software Defined Radio at a sampling rate of 1MS/s. The USRP is
connected to a laptop running GNU Radio 3.7 for processing. The experiments include both
fixed and flying drone, as shown in Figure 3.4. The relative error rate of RPM is used to assess
the accuracy of the angular speed of the spinning propellers. The RPM relative error rate is
calculated as \S’TS\%, where S is the RF propeller speed measurement and S is the propeller
speed ground truth, where motor commanded speeds are used as the reference (validated with
a tachometer). It is assumed that a single drone is present in the flight arena during the

experiments.

Capturing Different Rotational Speeds

A fixed-drone scenario is employed to evaluate the system’s ability to capture different propeller
rotation speeds in the range of arming and flying scenarios. Figure 3.5 shows the commanded
pulse width modulation (PWM) received by the flight controller, which represents the magni-
tude of the commanded RPM, versus the actual RPM measurement using both the RF OAM
sensing approach and a tachometer, while the quadcopter is manually controlled. The com-
manded PWM values are varied by changing the throttle level of a handheld radio remote
control. The commanded PWM values in the range of 0 to 100% throttle level on the remote
control are from 984 to 2006. Referring to Figure 3.5, each commanded PWM (throttle level)
is mapped to a variable propeller speed range. For lower PWM values, the actual RPM linearly
changes with the commanded PWM. The actual RPM range then significantly increases with a
commanded PWM of 1171 (18% throttle) to be around 11000 RPM and continuously increases

until it reaches around 14000 RPM with a commanded PWM of 2006 (100% throttle).

Figure 3.6 shows the relative error rate of estimating the propeller rotational speed using RF
sensing (relative to the tachometer). It shows the ability of the RF approach to accurately
capture the rotation speed even for the high speeds of ~ 16000 RPM with a relative error rate
of 0.63%.
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RPM measured by Tachometer and 5GHz RF ative error rate of RF speed sensing for the
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RF Rotational Speed Sensing Distance Range

In this experiment, the drone hovers randomly in the flight arena while the RF antennas are
mounted on the floor to face the ceiling of the flying arena. This setup covers several situations
of different distances, motion speeds, and relative angles. Figure 3.7a shows a 3D scatter plot
of drone positions during flight. The color of the scattered points indicates the likelihood
of the RF sensor capturing the propeller speed at the corresponding 3D points during the
flight. This likelihood is depicted using a heatmap color bar, where different colors represent
different probabilities. For instance, a probability of 1 for a scatter point denotes that the RF
sensor captured a frequency peak within the typical propeller speed range of a flying drone
for 100% of the drone’s presence at that point. It can be observed that the sensor coverage
area for RF speed sensing forms a spheroid with diameter dimensions of 1.5 x 1 m. Figure
3.7b shows how the distance between the RF module and the drone affects the accuracy of the
RF speed measurement. The RF sensor provides an RPM relative error rate of 0.14% with a
probability of capturing the propeller speed of 96% at a distance of 0.9m, i.e, RF sensor provides
measurements for 96% of the drone presence at 0.9m distance. This sensing range is relatively

wide compared with that achieved by a tachometer which can only work when facing in LoS
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(the device needs to point at the correct angle to face the reflective tape). This sensing range is
sufficient to cover medium-sized drones in case the RF sensor is mounted on the drone’s body
or using the already mounted sensor for radio communication where 5GHz matches a typical
drone’s communication band, for enhancing autopilot control or failure detection/diagnosis
applications. However, the 0.9m sensing range is not appropriate for applications that require
the RF sensor to be separately mounted in the flying environment apart from the drone’s body,

such as intruder drone detection and identification, and localisation applications.

3.4 Drone Propeller Speed Measurement using FMCW

mmWave Radar

This section explores the potential of the second proposed approach (Figure 3.8), utilising
77GHz mmWave radar, a common frequency band employed by off-the-shelf mmWave radars,
to sense drone propeller speeds. It starts with an introduction to the fundamentals of FMCW
mmWave signal parameters, followed by a discussion of the methodology used to extract the

rotation speed from mmWave signals, ending with performance evaluation.

3.4.1 Preliminaries

As described in Chapter 2, FMCW is a modulation technique used in mmWave radar for mea-
suring the range, velocity, and angle of the target object. FMCW radar emits electromagnetic
wave chirps whose carrier frequency increases linearly with time. The reflected waves from
the target are received by the radar system and mixed with the original transmitted signal to
produce an IF signal which provides information about the frequency shift caused by the target
object’s distance and velocity. mmWave radar systems usually employ MIMO antenna arrays;

a configuration that is important for the target object’s angle measurement estimation. The
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Figure 3.8: RPM extraction workflow.

received data can be arranged into a 3-D tensor of complex numbers, known as a radar data
cube, that includes all information provided by the radar device for a given time frame. For
one frame that has M chirps where each chirp has NV samples and received by K antenna pairs,
the radar data cube dimensions are chirp data sample 1..N (denoted as fast time samples),
chirp number 1..M (denoted as slow time samples), and antenna pair 1..K (denoted as spatial

dimension).

3.4.2 Methodology

After obtaining the raw radar data cube, a Range-FFT operation is conducted. This operation
is applied to the fast-time IF signal samples to acquire its frequency spectrum to be mapped to
the discrete range bins. As the radar emits continuous chirps, micro-Doppler is then extracted
by analysing the rate of chirp phase change. This process is achieved by applying Doppler-FFT
on the phase vector corresponding to a range bin across all chirps. Based on the performed
analysis, it is observed that the speed of the propeller is highly correlated with the micro-
Doppler frequency fpop, of the range bin corresponding to the propeller location. As the
propeller has a number of blades n, two blades for the used drone in the conducted experiments
of this study, it is observed that the micro-Doppler frequency represents the blade crossing
frequency; thus,
60 X fDopp

rpm = —— LT (3.2)
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Figure 3.9: Micro-Doppler spectrum of a flying drone.

Figure 3.9a shows the micro-Doppler spectrum while the drone is hovering. To filter out noises,
wavelet denoising is applied to extract the micro-Doppler frequency corresponding to propeller
rotation speed (Figure 3.9b). The micro-Doppler analysis frequency range can be calibrated
offline by setting the drone propeller to its minimum and maximum rotation speeds, thereby

establishing the limits of the frequency window.

3.4.3 Evaluation

The experiments are conducted with the same setup as described in Section 3.3.2 using the
same drone, however with different arrangements as shown in Figure 3.10. The experiments
evaluate the performance of the 77GHz mmWave radar in sensing the propeller speeds of the
drone in stationary and flying scenarios. The mmWave radar utilised is the Texas Instruments
(TT) AWR2243 (Figure 3.10b), operating within the 77-81 GHz mmWave frequency band.
It integrates 7 onboard antennas including 3 transmitters and 4 receivers. In experiments
implementation, the transmitter antennas transmit FMCW signals starting at 77GHz with
4GHz bandwidth, and all receiver antennas receive the reflected signals. Each frame includes 2

chirps with a single chirp duration of 40us where the ideal time is 7us and the ramp end time
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(a) Experimental area in flying scenario. (b) TI AWR2243 77GHz mmWave radar.

Figure 3.10: Experimental setup for the mmWave sensing approach.

is 33us. The frequency slope of the FMCW signal is 50.018MHz/us. The raw data is collected
through the TT DCA1000EVM data acquisition board with a sample rate of 10MHz. The used
metric is the RPM relative error rate to evaluate the performance of the propeller speed sensing

accuracy.

mmWave Rotational Speed Sensing Distance Range

This experiment is performed to evaluate the impact of distance on propeller speed sensing
performance. Figure 3.11 shows the performance while commanding hovering motion at a
relatively low and high speed (at 2000 and 14000 RPM, respectively) to the drone in a fixed
situation. The figure illustrates that mmWave can consistently capture propeller speeds with
stable accuracy at a distance that reaches up to 8m, maintaining a mean relative error rate of
less than 1.5%. After reaching a distance of 8m, errors start to increase, possibly attributed to

obstructions present in the flight arena during the experiments.

The performance evaluation demonstrates notable differences between mmWave radar and

5GHz RF in propeller speed sensing at varying distances. The limited coverage of the 5GHz
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Figure 3.11: The impact of distance between mmWave radar and drone on speed sensing
accuracy

RF up to 1m can be attributed to its lower resolution and sensitivity compared to mmWave
radar. Despite its ability to propagate signals over longer distances, 5GHz RF may struggle to

accurately capture the fine details of propeller speeds beyond short ranges.

Capturing Rotational Speed while Flying

This experiment evaluates the mmWave radar’s ability to sense the propeller speeds while
the drone is flying. The drone hovers in different locations randomly in an area of 8 x 4
m. Figure 3.12 shows the RPM relative error rate cumulative distribution function (CDF) of
propeller speed during the flight. The median error rate is less than 0.4%, which highlights the

capabilities of mmWave propeller speed sensing of a flying drone in a lab area.

3.5 Summary

This chapter explored the effectiveness of radio waves in measuring the propeller speed of a

flying drone using two approaches, 5GHz RF OAM waves and 77GHz mmWaves radar. The
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Figure 3.12: Accuracy of propeller speed sensing using mmWave radar when the drone is flying

evaluation results demonstrate the high accuracy of radio waves in sensing drone propeller
speeds while rotating within the flying speed range. Additionally, mmWave radar exhibits a
superiority over RF OAM waves in terms of sensing range, as mmWave provides accurate mea-
surements at longer distances reaching up to 8m. These results highlight the robust capabilities
of radio wave-based sensing methods for propeller speeds during dynamic drone movements.
The high accuracy achieved within the flying speed range and the extended sensing distance
provided by mmWave radar showcase the potential for enhancing various applications such as

failure detection, drone identification, and localisation.

The next chapter introduces an indoor drone localisation system and demonstrates the enhanced
impact of integrating sensed drone propeller spinning movement on drone detection in dynamic

environments and positioning accuracy.



Chapter 4

Drone Localisation and Tracking using

mmWave Radar

This chapter proposes RaDro, a system that leverages mmWave to precisely localise and track
drones in an indoor environment. Unlike commonly used alternative technologies, such as
optical motion capture systems, RaDro is cost-effective and can penetrate obstacles, a bonus in
NLoS scenarios, which enhances its reliability for tracking objects in complex environments. It
does this without the need for tags or anchors to be attached to the drone, achieving 3D tracking
with just a single radar point, significantly streamlining the deployment process. In order to
improve drone localisation accuracy and stability, both micro and macro movements of drones
are detected to identify the type of drone motion. Additionally, micro-Doppler information
is extracted to measure propeller speeds, which are then integrated into the drone’s dynamic
model within the tracking module. RaDro is implemented using a commercial mmWave single-
chip radar array and an off-the-shelf drone. Extensive experiments in different scenarios are
conducted to demonstrate the capabilities of the system in recognising drone motions, extracting

fine-grained information, and localising the drone.

86
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4.1 Motivation and Objectives

Drones have various indoor and outdoor applications where they can navigate in locations that
are difficult or even inaccessible for humans. The increasing utilisation of drones, especially in
urban and densely populated areas such as workplaces, emphasises the growing importance of
the safety and accuracy of drone localisation and tracking. A search and rescue application [162]
can be considered as an exemplar scenario where a drone acts as a scout for safety staff entering a
partially collapsed building, through providing accurate location/mapping information in order
to enable them to safely navigate around the space. Another illustrative scenario involves the
support of mining operations [163], encompassing exploration, surveying, and mapping. Mining
companies can use drones to gather data for topographical surveys and safety inspections,
which supports operational optimisation and safety enhancement. For such an application,

drone accurate localisation is essential for effective site navigation and data collection.

Localisation is required for the drone’s own navigation, that is, the autopilot typically relies on
real-time tracking of its location during flight. GPS is the main tracking approach in outdoor
settings where GPS coordinates are fused with the drone’s onboard inertial sensor measurements
[164]. However, GPS is rendered unusable if its signal is obscured by an object, this includes

flying near tall buildings or moreover, when indoors.

Alternatives to GPS include optical motion capture systems, such as the VICON camera-based
tracking solution which is widely used in indoor environments providing accurate tracking over
time. However, it is an expensive solution, requiring specialist camera hardware, and more
importantly, it requires that the VICON system is pre-installed in the building, which may not
always be viable (e.g. the aforementioned search and rescue mission). Camera-based systems,
such as VICON, require specialist marker attachments to be added to the drone frame to help
the camera identify the drone. The camera’s ability to detect this marker is highly dependent on

environmental conditions, such as well-lit surroundings and an unobstructed view, i.e., the drone
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is within LoS of the camera, which is not guaranteed in many scenarios. In search and rescue
missions and mining operations scenarios, drones will navigate behind objects such as furniture,
debris, safety workers, equipment, machinery, and structures, where camera-based localisation
will fail. Other localisation approaches, such as UWB-based ranging [63, 64| are able to localise
the drone in low-light or NLoS. They use transceivers on the drone’s body to estimate pair-wise
distances based on ToF information. However, these approaches, like VICON cameras, also
require careful placement of spatially separated UWB transceiver equipment where the drone
will fly; (at least three) positioned around the operational tracking area for trilateration. This
introduces significant complexity to their installation and calibration, which is not suitable for

the unsafe conditions of our two scenarios.

Eliminating the need for any modifications to the drone’s body, passive localisation systems
based on acoustics have been introduced for drone tracking [61, 165]. However, they exhibit
meter-scale inaccuracy and are sensitive to audio noise making them not suitable for precise
indoor applications where such large errors can potentially result in poor navigation, drone

collisions or crashes involving humans.

This chapter proposes RaDro, a precise drone localisation and tracking system that utilises
a single-chip radar array without having to install multiple points in the operational area or
requiring any additional hardware or software changes to the drone, which significantly reduces
the required effort to setup and deploy in a new environment (Figure 4.1). Radar-based drone
detection has a longstanding history, particularly in military contexts with extensive ranges
(hundreds of meters) [166, 167], however, they are restricted in spatial resolution; their ability
to determine precise location. This limitation is due to the relatively long wavelengths of
these radar technologies as they typically operate at lower frequencies, including S-band and
X-band. Traditional radar systems tend to be larger in size due to the need for large antenna
arrays measuring in meters which consume significant amounts of power. However, recent

advancements in microchip manufacturing have resulted in accessibility, cost-effectiveness (~
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Figure 4.1: Drone tracking approaches: compared to the other tracking approaches, the RaDro
system utilises only a single-chip mmWave radar array, without requiring to attach any addi-
tional hardware to the drone’s body.
$300), and reduced power consumption of mmWave radar antennas, operating at millimeter-
wave frequencies (typically 30GHz to 300GHz). RaDro leverages the sensitivity of mmWaves
to determine precise millimeter-level motion, thanks to its small wavelengths, to detect and
track drones. It is also able to work in different levels of LoS and in NLoS scenarios, therefore
tolerant to different environmental conditions where other common localisation systems cannot

work.

4.1.1 Challenges

While mmWave approaches offer promising prospects for localisation, there are several chal-
lenges associated with passively localising drones indoors that need to be addressed, which are

introduced below.

Reflections and Interference: In indoor environments, the presence of reflective surfaces
and stationary/moving objects leads to complex multipath propagation of radar signals. The
mmWave signal received at the sensor antenna is a combination of reflections from the target
(flying drone) and signals bouncing off obstacles (causing multipath effects). Indeed, the struc-

ture of the drone itself results in multiple signal reflections from its rotating points (blades).
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These multipath effects, plus the interference caused by ambient RF noise in the environment,
can make signal denoising difficult and localisation identification error prone. To address this
challenge, RaDro adopts several signal processing techniques, including wavelet denoising, false
rate detectors, and clustering algorithms to filter out the noise and extract the important

information reflected from the drone’s body to locate it.

Target Detection: Identifying a particular drone and understanding the direction it is taking
for tracking purposes is also more difficult for radar due to the lack of identifiers on the drone and
the environment in which it is deployed. That is, direction detection is impeded by dynamic
environments (e.g., the movement of workers and machinery in mining sites). For instance,
camera-based detection relies on identifying reflectors on the drone body for tracking. However,
from a radar view, the drone consists of multiple rotating points, which presents extra challenges
for drone identification. RaDro addresses this challenge by characterising the drone’s multiple
rotating point (propeller) reflections and leveraging the unique micro-Doppler signature in the
received signal. Leveraging this distinctive signature with autocorrelation analysis allows RaDro
to effectively distinguish the flying drone from other moving objects, even when the drone is

hovering.

mmWave Information Resolution: Resolution of measurement is another challenge. Typ-
ically angle measurements are used to localise the drone and this is prone to error. Therefore,
instead of relying on angle measurements, it is observed that the multiple rotating propellers
of the drone result in dual channel reflections on the received signal, impacting the signal with
distinct fundamental frequencies. These frequencies correspond to the propeller speeds that
in turn denote the state of the drone. These rotation speeds are extracted and then fed into
the drone’s dynamic model, following the recognition of the drone motion type (i.e., hovering,

vertical, horizontal, and yaw), and used in the tracking module to maintain robust tracking.
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4.1.2 Contributions

This systems’s contributions can be summarised as follows:

e This chapter proposes RaDro; an mmWave radar-based system which enhances drone
localisation and tracking in indoor environments with minimal hardware requirements.
Unlike other existing localisation and tracking alternatives, RaDro utilises a single-chip
radar array with no need for multiple point installation in the working environment or
any modification requirement to the drone hardware, which significantly reduces the effort
required for setup and deployment in new environments. RaDro’s capability to operate
without additional hardware attachments further extends its application to intruder de-

tection.

e Signal processing techniques are implemented to extract reliable information from received
mmWave signals, including the unique micro-Doppler signature of drone propeller speeds,
to distinguish the flying drone from moving objects or possible clutter in the working
environment and recognise the drone’s motion type. The signal processing techniques
include wavelet denoising, discrete wavelet transformation (DWT), FFT, 2D-CFAR, and

autocorrelation analysis.

e The flying drone propeller speeds are precisely measured based on their sensed mmWave
micro-Doppler shift for the first time in literature, to the best of our knowledge. The
measured propeller speeds are incorporated into the drone’s motion dynamic model to

further promote RaDro’s tracking accuracy.

e RaDro’s performance is evaluated in flying arenas involving complex environments with
moving humans and metallic obstacles using commercial drones and off-the-shelf mmWave
radar through various operating scenarios to verify its robustness. The experimental eval-

uation demonstrates RaDro’s capability to accurately localise drones in NLoS scenarios



92 Chapter 4. Drone Localisation and Tracking using mmWave Radar

where existing optical-based localisation systems are ineffective. Moreover, it highlights
the significant localisation error reduction that RaDro can achieve compared to the base-

line mmWave 3D point cloud localisation method.

The rest of this chapter is organised as follows. Section 4.2 provides an overview of the mmWave
passive localisation systems in the literature. Sections 4.3 and 4.4 present fundamental concepts
and technical details of the RaDro system, respectively. The system is evaluated in Section 4.5.

Section 4.6 discusses directions for future work and finally, Section 4.7 concludes the chapter.

4.2 mmWave Radar Passive Localisation and Tracking

Solutions

This section briefly reviews the prior localisation and tracking systems that leverage mmWave
radar technologies. Recent progress in microchip manufacturing has led to the availability of
cost-effective, wideband mmWave radar transceivers operating at millimeter-level wavelengths.
These transceivers have been effectively utilised across a range of applications as discussed in

Chapter 2.

Several research works have proposed methods for object localisation and tracking using mmWaves
[117, 125, 168, 169, 170, 171]. These systems typically extract range, Doppler, and angle mea-
surements from mmWave radar received signals and then apply tracking algorithms, including
the KF and JPDAF to estimate the object’s trajectory. For instance, a human tracking system
[172] uses mmWave radar measurements and adopts the Hungarian algorithm [134] for data as-
sociation and KF to correct sensor noise for people tracking. To enhance the precision of human
detection and tracking, other systems [169, 170] rely on a multi-radar setup, which increases
the installation cost. Alternative methods [173, 174] rely on extracting the target’s position

and speed from the mmWave range-angle and range-Doppler profiles using neural networks.
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However, these approaches necessitate extensive data collection for model training, which can
be costly and limit their generalisability across different environments. Another system [168]
enhances human detection by developing a geometric model to characterise and eliminate mul-
tipath of interfering objects from mmWave range-angle profile. However, these localisation
systems are tailored for tracking objects such as humans and cannot be extended for drone
localisation due to their different structures. Drones are rigid bodies with multiple rotating
points, leading to multiple reflections from these rotating points. Former mentioned mmWave
localisation systems might interpret these multiple reflections as indicative of distinct objects,
potentially failing to specifically detect drones, especially at close ranges from the radar. In
contrast, RaDro extracts these multiple reflection signatures to identify drones, effectively dis-
tinguishing flying drones from other moving objects. Furthermore, it uniquely correlates these
signatures with the drone’s propeller speeds, enhancing tracking accuracy by integrating these

speeds into the drone’s dynamic model.

Recently, a few systems have emerged adopting the mmWave technology for detecting and
localising flying drones [121, 175]. Proposed systems leverage neural network and regression
methods along with mmWave measurements to discriminate drones from other objects [176,
177]. In outdoor environments, systems have been proposed to detect drones at long distances
[120, 178]. The system presented in [178] uses the constant false alarm rate detector on the
Range-Doppler spectrum to detect drones in outdoor environments at ranges reaching 40m,
while the system in [120] extends the detection range by adopting a neural network with
Doppler spectrum. However, the working principle of these systems is to detect the altitude
(one dimension) of the drone in outdoor environments which typically have fewer obstacles
compared to indoor environments. Additionally, they are designed for relatively heavy drones,
typically measuring in the range of 8 ~ 10 kg drones, that are suitable for outdoor environments.
These drones are significantly large compared to the target of RaDro which can detect and

localise a 27g drone indoors (more than 300 times smaller compared to [120, 178]). RaDro is
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a system proposed for detecting and localising drones indoors in 3D space, which is a more

complex problem than only detecting the height in one dimension.

In indoor environments, a passive localisation technique proposed in [121] was to track a drone in
a small area of 2.5 x 2.5 m using FMCW mmWave radar. This technique involved the extraction
of range and angle information from the mmWave signal, with a restricted localisation area due
to a lack of angle resolution. It also relied on a deep-learning approach, requiring additional
time for extensive training that needs to be re-established for new environments. The proposed
work leverages mmWave signals to localise drones passively, without requiring any reflectors
or any training prior to deployment. It expands the operational tracking area covering up
to 8m (more than four times the area compared to [121]) through leveraging micro-Doppler
information which is mapped to the propellers’ speeds, and integrates the drone’s dynamic
model in the tracking process. Compared to existing mmWave indoor drone 3D localisation
approaches, RaDro achieves the same precision error of less than 10cm at a range of 3m while

uniquely extending the working area to 8m with a slight increase in the error to 50cm.

4.3 mmWave Drone Interference

This section highlights the key features of FMCW mmWave technology and explores the impact

of drone motion on the mmWave signal.

4.3.1 FMCW mmWave Features

As discussed in Chapter 2, FMCW is a modulation technique used in mmWave radar for
measuring the range, velocity and angle of the target object. The received data can be arranged
into a 3-D tensor of complex numbers, known as a radar data cube, that contains all the

information provided by the radar device for a given time frame with dimensions of chirp data,
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chirp number, and antenna number. The 3D point cloud spatial information of the target object,
captured using mmWayve radar, including range, velocity, and angle data, can be used to track
drones [121]. However, conventional point cloud drone tracking is not stable due to the noisy
captured frames. The source of the noise is caused by the instability of the radar information
accuracy, such as the dependency of AoA estimation accuracy on angle value — i.e., the larger
the angle between the radar and the target (reference to the norm of the antenna plane), the
lower the accuracy of estimation [28]. Such AoA accuracy restrictions impact the localisation
coverage area to obtain reliable angle measurements, particularly for moving targets such as
drones. For instance, the system proposed in [121] relies on range and AoA measurements to
localise the drone within a limited area of 2.5 x 2.5 m. To overcome this challenge, RaDro

depends on more reliable measurements of micro-Doppler information.

The moving drone introduces a frequency shift in the radar received signal corresponding to
the platform movement due to the Doppler effect. However, the structure of the drone’s body
consists of multiple rotating blades rather than a single point. These small-scale rotations
of drone blades produce additional Doppler shifts, referred to as micro-Doppler effects, which
cause phase change in the reflected signal. The micro-Doppler shifts work independently of the
relative position of the target and radar. The sensitivity of the micro-Doppler effect increases
with smaller wavelengths of mmWaves. RaDro system leverages this micro-Doppler information
to sense the drone’s propeller speeds, as introduced in Chapter 3. The sensed propeller speeds

can indicate the drone state by integrating the drone’s dynamic model for more robust tracking.

4.3.2 Drone Motion

Drones are mounted with propellers which provide lift and drag forces while spinning. In this
work, a quadcopter, a popular type of drone (Figure 4.2), is considered. Quadcopters have

four vertically oriented propellers placed symmetrically around the center of the vehicle. The
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Figure 4.3: Relation between quadcopter different motion

Figure 4.2: Quadcopter model types and propellers spinning direction (line thickness denotes

high/low propeller speed).

four propellers produce four thrust forces f; 4 that pull it upward. f; is related to the ¢
propeller spinning speed as f; = k w?, where w; is the spinning speed of the i*" propeller and k
is the thrust coefficient constant which depends on various factors including the propeller motor
specifications and aerodynamic properties. By varying the rotation speed and direction of these
propellers, quadcopters can perform different types of movements. The primary quadcopter

movements are (Figure 4.3):

e Hovering: This maintains stable position for the drone in the air by rotating the propellers
in the same speeds (assuming absence of external environmental forces which need com-

pensation). Thus, the relation between the four propeller speeds is: w; = wy = w3 = wy.

e Vertical movement: The drone can move vertically by increasing or decreasing the over-
all thrust produced with the four propellers. To rise vertically, the rotation speeds of the
four propellers are equally and simultaneously increased to generate more lift force. Simi-
larly, equally decreasing the four rotation speeds gradually implements a descend/landing

motion. Therefore, the propeller speeds relation is: w; = wy = w3 = wy.

e Horizontal movement: This refers to the forward, backward, rightward or leftward tilt
of the quadcopter while maintaining vertical stability. To achieve that, the propellers

operate in pairs where each pair rotates at the same speed. For forward/backward tilt,
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the rotation speeds are: w; = w3 and wy = wy, which achieve a pitch movement. The same

is applied for the rightward and leftward to achieve roll movement.

e Yaw: The speeds of each set of diagonal propellers are adjusted to w; = ws and ws = wy,
that achieve yaw movement around the drone’s vertical axis. The speed mismatch between
the two sets of diagonal propellers generates a torque imbalance steering the drone in the

desired direction.

Interestingly, it is found that various drone movements affect the mmWave signal differently
as the pattern of propeller angular motion changes. As proposed in Chapter 3, the speed of
the propeller is related to the micro-Doppler frequency fpoy, with this relation fpo,,, = n w;,
where n is the number of blades. This information, in combination with the other mmWave

range and angle information, can identify and localise the drone’s movement.

It is challenging to differentiate the exact locations of different propellers in the drone’s body
due to the lack of AoA resolution accuracy. Instead, RaDro leverages the mmWave FMCW
ability to differentiate between objects within close range as they move at different speeds.
Each object exhibits a distinct chirp phase change rate, extracted using the Doppler-FFT.
Thus, the mmWave radar can differentiate micro-Doppler signatures resulting from individual
propeller rotations at varying speeds. The extracted rotation speeds are then assigned to
different propellers based on the motion type recognition and calibration steps, as discussed

next.

4.4 Tracking Pipeline

The proposed approach for drone localisation includes three parts. Firstly, the radar cube
data is preprocessed to extract range, AoA, and micro-Doppler mmWave radar information.

Secondly, the extracted mmWave information is used to recognise the motion type of the drone,
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Figure 4.4: Structural overview of RaDro

and finally, the mmWave extracted information with the recognised motion type are combined
with the drone’s dynamics to achieve accurate drone tracking. Figure 4.4 shows the pipeline of

the proposed approach.

4.4.1 Drone Detection

The mmWave signal features are used to detect the presence of the drone and estimate its

motion.

Unveiling FMCW Radar Information

The input raw radar data is the radar cube of the 3D signal that is produced at each time frame
with dimensions of chirp data sample (fast time samples), chirp number (slow time samples),
and antenna number (spatial dimension), as discussed in Section 4.3.1. The radar cube input
data is used to build a Range-Doppler-Angle (RDA) map. This is achieved by first applying an
FFT along the fast time dimension, followed by a Doppler-FFT along the slow time dimension
to construct the Range-Doppler map. This map is then fed into a 2D-CFAR algorithm to
extract dominant points, i.e., removing background clutter and reducing noise, making it less
dependent on the environment’s characteristics. The angle of each dominant point is then

estimated by observing the phase change between different antennas, achieved by applying an
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additional FFT on the antenna spatial dimension.

Flying Drone Detection

Then the detection process distinguishes the target drone from other moving objects in the

environment through the following steps:

Density-based Clustering DBScan algorithm is applied on the RDA map to separate dif-
ferent clusters, which correspond to potential objects in the operational area. DBScan operates
by sequentially scanning all the data points and expanding a cluster until a certain density

condition is no longer satisfied.

Harmonics Detection For each cluster, the micro-Doppler information that contains the
propellers’ motion signature is extracted by applying the short-time Fourier transform (STFT)
on the slow-time dimension after integrating along the extracted cluster range bin index. The
spinning propeller causes a fundamental frequency component that represents the propeller
spinning speed and harmonics which are integer multiples of the fundamental frequency. The
other slow-moving objects, relative to drone propeller spinning speed, in the environment (such
as human movements) result in low-frequency variations in the received signal. As a result,
harmonics of these low frequencies are also in the low-frequencies range. Figure 4.5 demon-
strates the difference between human movements and a hovering drone effect on the received
mmWave signal spectrum. The distance between the mmWave radar and the drone is set to
2m, with the person standing 1m away along the line perpendicular to the line connecting
the radar and the drone. During the experiment, the drone takes off, hovers, and then lands,
while the person engages in in-location activities at a normal speed, such as taking out a phone
from her pocket, returning it, waving hands, and rotating her body. The experiment lasts for

approximately 1 minute. Referring to Figure 4.5, it can be shown that hovering drones produce
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Figure 4.6: Range pattern of the drone while performing different motions

distinct frequency harmonics which are integer multiples of the fundamental frequency. In con-
trast, human movements do not generate significant harmonics in the received waves, with both
the fundamental and harmonic frequencies concentrated at low frequencies. By calculating the
autocorrelation of each cluster’s micro-Doppler spectrum, the cluster that represents the drone
is extracted where its autocorrelation coefficients are much higher than that for spectrums

corresponding to other slow moving objects.

The drone cluster range and angle information are used to represent the range and angle of the
drone. The unveiled information of range, micro-Doppler and AoA are used to recognise and

track the drone as explained next.

25
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Figure 4.7: Micro-Doppler spectrogram of the drone’s different motions

4.4.2 Motion Recognition

FMCW radar information is used to recognise the four main movements discussed in Section

4.3.2 along with further estimated fine-grained motion parameters to distinguish the ambiguity

of motion direction.

Coarse-grained Motion Recognition

Different drone motions impact the mmWave signal differently; therefore, the extracted range,
AoA, and micro-Doppler patterns are distinct. Figures 4.6 and 4.7 show the range and cor-
responding micro-Doppler spectrograms of the drone while performing different motions. The
drone moves in front of the radar at distances ranging from 1 to 4 meters, executing horizontal,
hovering, vertical, and yawing movements, each lasting for a few seconds. During hovering
motion, the drone maintains a constant distance from the radar while having a single funda-
mental frequency band. In vertical motion, the distance from the radar changes while having
one frequency peak at a time. Figure 4.7c illustrates a landing vertical motion of the drone, in
which the single frequency band decreases with time. In contrast, the frequency band is split
when performing horizontal or yaw motions as shown in Figures 4.7a and 4.7d, respectively.
During horizontal motion, the drone’s distance from the radar changes while in yaw motion,
the distance remains stable. Thus, the combination of range and micro-Doppler provides the

necessary information to distinguish between different drone movements.
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Figure 4.8: Wavelet denoising impact on micro-Doppler spectrum

To reduce noise and better extract frequency peaks, a wavelet denoising filtering scheme [179]
is used. Wavelet denosing is effective in reducing noise while preserving the important features
of the signal. Additionally, it does not make any particular assumptions about the nature
of the signal, and permits discontinuities in the signal which makes it compatible in different
scenarios. Figure 4.8 shows the impact of applying wavelet denoising on a frequency spectrum
of a time frame captured during hovering and yaw motions. Additionally, the AoA is employed
as supplementary information to boost recognition accuracy. The AoA remains stable during

hovering and varies across horizontal, vertical, and yaw motions.

Fine-grained Motion Recognition

The various potential assignments of the micro-Doppler peaks to propellers can cause ambiguity
in determining the direction of motion. To reduce this ambiguity, after recognising the drone
basic motion, further processing is applied to recognize the direction of the movement. For
yaw motion, the AoA changing pattern over time is processed to distinguish between clockwise
(CW) and counterclockwise (CCW) motion. The dominant estimated AoA is the angle of the
highest speed propeller facing the radar while yawing. Figure 4.9 shows the angle of the highest

speed during full drone rotation (i.e., 360 yawing) in CCW and CW directions. As shown in the
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figure, the captured AoA decreases over time for CCW yaw motion and, in contrast, increases

for CW yaw motion.

In horizontal motions, the drone motion closer to or farther from the radar is estimated using
the range signal. Crucially, it is observed that the estimated range increases with time when
the drone moves far away from the radar, as shown in Figure 4.6a, and decreases when moving
closer. The fine-grained information is extracted for horizontal motion using the AoA measure-
ments. For example, consider a scenario where the drone is positioned in front of the radar
with its front propellers facing the radar, and the detected coarse-grained motion is horizon-
tal. If the range decreases, indicating forward horizontal motion. If the range increases, there
are three potential directions. If the AoA is stable, the horizontal motion is in the backward
direction. If the AoA decreases, the horizontal motion is to the left, while increasing AoA
indicates motion to the right. Due to the susceptibility of AoA’s estimation to noise, a weight
inversely proportional to the smoothed signal variance is incorporated into the tracking module
to represent the confidence level of yaw and horizontal directions estimation, which is used in

the uncertainty calibration module as explained in Section 4.4.3.

For vertical motion, the direction of descending (landing) or ascending (take-off) motion is
recognised using the micro-Doppler frequency band. The frequency band increases with time
during ascending movement. On the other hand, when descending, the frequency band de-

creases with time (Figure 4.7c).

Such fine-grained information reinforces the estimated location and reduces the motion direction
ambiguity. Upon identification of the motion and its corresponding direction, these findings

are subsequently fed into the dynamic model of the quadcopter.
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Figure 4.9: Yaw motion direction

4.4.3 Drone Tracking

This section illustrates the integration of the mmWave information with the drone’s dynamics,

leading to simplified motion equations to attain precise tracking.

Drone Tracking Model

The dynamic model of the quadcopter is initially derived from its movement, which is subse-
quently used for tracking. If the recognised motion of the drone is hovering, there will be no
change in the drone’s state. For the remaining motion types, the following motion equations

are applied:

e Vertical: The rotation speeds w4 are equal and increase or decrease slightly and si-
multaneously to produce a vertical force to counteract gravity and downward resistance
b’ (v?)? during ascending or descending movements, where b is a drag coefficient con-

stant and vy is the vertical velocity at time ¢. Based on Newton’s second law, the vertical
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acceleration a” at time t is captured using the following equation:

N
kai —mg —b" () =m a’ (4.1)

=1

where wj is the angular frequency of propeller ¢ corresponding to the single peak extracted

from the micro-Doppler profile.

e Yaw: By increasing the speed of one set of diagonally opposite propellers while decreasing
the speed of the other set, a torque imbalance is created as |F} + F» — F3 — Fy|, causing
the quadcopter to rotate around its vertical axis. The rotation angular acceleration € is

acquired using the following equation:

N/2 N/2

k ngi_lt — ngit =1, (4.2)
i=1 i=1

where [ is the moment of inertia constant, while w; corresponds to the two extracted
peaks from the micro-Doppler spectrum. The direction of orientation is determined from

the angle changing pattern as explained in Section 4.4.2.

e Horizontal: The rotation speed of two propellers in one side increases while decreasing
the rotation speed of the other side, where two frequency peaks can be extracted from
the micro-Doppler spectrum. Thus, the quadcopter tilts with angle 6, with respect to the
vertical axis of the drone, and the drag force allows the drone to move horizontally. The
net force caused by the propeller rotation speeds can be decomposed into two components:

vertical and horizontal forces. The vertical force works against the gravity as follows,

N
/{:Zwicos(t%) =myg (4.3)
i=1

With the information of the drone’s mass m and gravity acceleration g, the tilt angle 6
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can be obtained. The horizontal force works against the resistance force b"(v")? to make
the drone move horizontally with an acceleration of af, where b" is a drag coefficient
constant and v} is horizontal velocity. Based on Newton’s law, the motion equation can

be represented as follows,

N
k Zwism(@t) —b" (VM2 =m al (4.4)

i=1
The angular and linear accelerations and velocities for different motions are used to track the
drone using the equations of motion in discrete time [44]. To avoid error drift over time, the

estimated coordinates of the drone are calibrated as discussed next.

Uncertainty Calibration

An EKF [180] is used to calibrate tracking inaccuracies over time in the estimation of the yaw
and horizontal motion direction and in the absolute drone localisation. The drone’s state vector
represents the position and velocity, denoted as S; = [z, ys, 24, Uy, X}, ys, 21, ¥;] where x4, y;, and
z; are the drone position coordinates at time ¢ and ¢/, is the drone yaw orientation angle relative

to the radar. The algorithm is outlined through the following steps:

e The state vector is initialised and a prediction step is applied to estimate the a priori state

estimate 5',5.

e mmWave parameters are calculated and the drone’s motion type with weighted direction
estimation is recognised. Then, the drone’s location and yaw angle are estimated through

the dynamic motion equations.

e The estimated state S is then corrected with the estimated position of dynamic equations

and mmWave range parameters to output the optimal a posteriori state estimate.
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Figure 4.10: Experiment setup of RaDro.

e All weighted potential trajectories are traced until reliable AoA measurements are ob-
tained. If the variance of the AoA estimations falls below a certain threshold, any ambi-
guity is resolved by updating the current coordinates through the incorporation of AoA
and range information. Consequently, the weights of potential trajectories are updated,
taking into account their distance from the current coordinate. The potential trajectories

with low weights are then filtered out.

4.5 Evaluation

In this section, RaDro is implemented and experiments are conducted across diverse scenar-

ios. These scenarios include varying LoS and NLoS conditions within dynamic environments,
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different flight arenas characterised by varying settings and clutter levels, a range of aerial
manoeuvres, and the utilisation of drones of different sizes and models. The experiments are
conducted to evaluate the performance of RaDro’s modules: coarse- and fine-grained identi-
fication of drone movement types, measurement of propeller rotational speeds, and detection

and tracking of drones.

4.5.1 Implementation and Settings
Hardware

RaDro is implemented and evaluated using a standard commercial mmWave radar board and
drones. An overview of the experimental settings and hardware is shown in Figure 4.10. The
mmWave radar utilised is the 77GHz TT AWR2243 (Figure 4.10c) mmWave radar with three
transmitters and four receivers. The raw data is collected through the TT DCA1000EVM data
acquisition board. The antenna configuration is summarised in Table 4.1. Based on the radar

parameters:

c _ 3x10%m/s x10MHz __ 30m.

s . . F,
e The radar’s maximum sensing range can reach 55 =~ T3

e The Doppler resolution is %f = 2_15 = 0.5Hz, where the time frame 7% is the time of the
micro-Doppler analysis sliding window. The Doppler resolution of 0.5Hz corresponds to
15rpm. For example, this Doppler resolution can achieve RPM relative error rate of 0.19%

for the propeller rotation speed of 8000RPM.

The flights are performed using Holybro S500 quadcopter (Figure 4.10d), weighing 782g and
measuring 38.3 X 38.5 x 24.0 cm, equipped with a Pixhawk 4 autopilot running PX4 firmware.
Additionally, the Crazyflie 2.1 quadcopter (Figure 4.10e), weighing 27g and measuring 9.2 X

9.2 x 2.9 cm, is utilised with an autopilot control based on an STM32 microcontroller. To
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Parameter Value
Chirp time 40us
Number of chirps in frame 5
Ramp end time 33us
Ideal time Tus
Start frequency 77GHz
Frequency slope 50MHz/ us
Bandwidth 4GHz
ADC sample rate 10MHz
micro-Doppler analysis frame time | 2s = (10000 frame x 5 chirps x 40us)

Table 4.1: TI antenna configuration parameters

collect ground truth data, a companion computer, Raspberry Pi4, is installed on the Holybro
drone and connected to the autopilot via UART for mavlink communication between the drone
and a ground control station PC. The Raspberry Pi4 uses MAVROS to stream time-stamped
information of VICON motion tracking to the drone. For Crazyflie drone, the Crazyradio is
used for the communication between the drone, the ground control station PC, and VICON
information streaming. The time synchronization between different devices is maintained using
the Network Time Protocol under the same network subnet. The default drone used to perform

the experiments is Holybro, unless the other Crazyflie drone is mentioned.

Experiments Settings

The experiments are conducted in two indoor flight arenas with sizes L x W x H=12x6x7 m
(Figure 4.10a) and 5 x 5 x 7 m (Figure 4.10b). Throughout the experiments, each flight arena
had a minimum of three individuals in motion nearby. The flight arenas have a range of
obstacles including metallic stairs, cable trays, and stands, which serve as significant sources
of distraction and potential electromagnetic interference. The experiments involving flights
covering an 8 X 4 m area are conducted in the first flight arena, while flights covering 4 x 4 m
area are conducted in the second flight arena. Both arenas are equipped with VICON motion

capture system to trace the ground truth of the drone position and attitude at a sample rate
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Figure 4.11: Motion recognition confusion matrix of the four coarse-grained motions.

of 100Hz. A tachometer is used to measure the propeller speed which is considered a reference
for the rotation speed ground truth of the system. It is assumed that a single drone, with the

same configuration, is present in the flight arena throughout each experiment.

Metrics

The evaluation includes different experimental metrics to assess various parts of the system.
These metrics include the true positive and false positive percentages of recognised motion type
to evaluate the drone’s motion recognition module. RPM error and RPM relative error rate
are used to judge the performance of the angular speed of the spinning propellers. The RPM
relative error rate is calculated as |%|%, where C is the RaDro propeller speed measurement
and C'is the propeller speed ground truth. Additionally, a localisation error metric is employed
to evaluate the overall system performance. The error bars shown in the evaluation figures

indicate the 95% confidence interval of the error distribution.
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Figure 4.12: Fine-grained motion parameters recognition.

4.5.2 Motion Identification Performance

The performance of the system is initially evaluated based on its ability to recognise the drone’s
motion type. The drone performs the four movement types: horizontal, hover, vertical, and
yawing, with each repeated approximately 10 ~ 15 times at random distances from the radar
for each situation. Figure 4.11 shows the performance in two different areas to evaluate the
impact of changing distance. In the small area of 4 x 4 m (Figure 4.11a), RaDro accurately
identifies the four basic movements of the drone without any false identifications. In the larger
area of 8 X 4 m, the drone’s movements are occasionally misidentified due to the susceptibility
of the mmWave signal to noise and interference when the drone moves farther away from the

radar (Figure 4.11b).

In the context of fine-grained motion direction identification, which includes distinguishing
between closer and far away horizontal directions, ascending and descending vertical directions,
and CW and CCW yawing directions, Figure 4.12 illustrates the system performance using true
positive accuracy to recognise different motion directions within the 4 x 4 m and 8 x 4 m areas.
The precise identification performance of the vertical motion direction shown in Figure 4.12b, is
a result of the robustness of the micro-Doppler shift information (additional evaluation results
are presented in Section 4.5.3). The horizontal motion direction is also be recognised with a

high accuracy of around 90% (Figure 4.12a). Conversely, the slightly reduced performance in
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Figure 4.13: RPM relative error rate at different distances from the mmWave antenna. Shadows
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identifying the yaw motion direction can be attributed to the sensitivity of the estimated angle
information (yet this is still acceptable as the accuracy ranges from 75% to 80% which is then

calibrated in the tracking module).

4.5.3 Rotational Speed Measuring Performance

Beyond movement detection, propeller speed detection plays a fundamental role in tracking
drones. As a result, an extensive evaluation of the propeller speed estimation performance

using mmWaves is provided.

Chapter 3 evaluates the performance of capturing single propeller rotation speed. This section,
however, concentrates on evaluating the performance of capturing all rotational speeds of drone
propellers in various scenarios, including fixed-drone situations, as well as flying drones with

different movement types and trajectories.
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Capturing Different Rotational Speeds at Different Distances

A fixed-drone scenario is employed to evaluate the impact of distance between the drone and
the radar on the propeller speeds sensing performance. Figure 4.13 illustrates the performance
while the drone is positioned at varying distances from the radar during the application of a
pitch-back horizontal motion command. Consequently, the front pair and rear pair of propellers
operate at different speeds. The horizontal motion results in two frequency peaks that map to
two rotational speeds. The two speeds can be captured with stable accuracy while the distance
is less than 8m where the mean relative error rate is maintained less than 0.5%. Based on these
results, the defined operational range of the experiments is up to 8m. However, this range can

be expanded using multi-radar arrays.

It is worth noting that, according to theoretical calculations, radar capabilities can detect
micro motions at distances of up to 30m. However, in this experiment, errors start to increase
noticeably after 8m. This is likely due to obstacles present in the flight arena during the
experiments, as the available flight area is limited to 9 ~ 10m. This limitation impacts the

accuracy of the measurements, leading to increased errors beyond the specified distance.

Capturing Rotation Speeds while Flying

This experiment evaluates the system’s capability to estimate the propeller speeds during flight
across various drone movement types. Because of the complexity of using a tachometer with a
flying drone, the relationship between the RPM and PWM is used to obtain the ground truth
of the rotational speeds from the commanded PWM. Figure 4.14 shows the impact of different
motion types on the accuracy of the propeller rotational speed sensing. The speeds can be
accurately captured for all motion types with RPM relative error rate ranges between 0.6%
to 1.7%. To further evaluate the impact of changing the distance, experiments are conducted

while following flight trajectories in two different areas. The drone flies in both 4 x 4 m and
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Figure 4.15: RPM relative error rate of propeller speeds during a flight.

8 x 4 m quadrilateral trajectories. As demonstrated in Figure 4.15, the system maintains a
maximum median RPM relative error rate of less than 1.3% for both trajectory sizes. On the
other hand, the maximum relative error increases when the distance is increased due to the

weakening energy of the corresponding frequency peak in far distances.

4.5.4 Drone Tracking

This section presents the system localisation performance in various situations to assess the

impact of flight range, drone model size, interference with moving objects, and NLoS situations
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Figure 4.16: Drone localisation errors in two different areas.

on drone localisation error.

Impact of Flight Range

To evaluate the overall performance of the system, the drone flies in 4 x4 m and 8 x 4 m quadri-
lateral trajectories. The ground truth is obtained from the VICON system and the localisation
error of RaDro is compared with the performance of a Point Cloud based method [121]. Fig-
ure 4.16 shows that the median localisation error experiencing more than 50% reduction with
RaDro compared to the point cloud based method. For both areas, the maximum estimation
error is significantly reduced with RaDro due to the stability of micro-Doppler information used

in our system compared to the angle information as explained in Section 4.3.1.

Localisation of Different Drone Models

To evaluate the system’s robustness to different drone sizes, the localisation accuracy is com-
pared for two drones, the Holybro S500 V2 with dimensions of 38.3 x 38.5 x 24.0 cm and a
much smaller one, the Crazyflie 2.1 with dimensions of 9.2 x 9.2 x 2.9 cm (W x H x D). The

experiments are conducted in the 5 x 5 x 7 m flight arena. Figure 4.17a shows the localisation
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errors for both drones while hovering at different distances from the radar. The localisation
error of the Crazyflie drone slightly increases at 4m distance. Figure 4.17b shows that the
median localisation error for both drones during a trace-following flight is less than 10cm with
a slight increase in maximum error for Crazyflie. These results can be justified by the fact
that the radar cross section depends on the target size, influencing the amount of radar energy

reflected back to the source [181], and consequently, affecting the localisation accuracy.

Localisation with Interfering Human

Since RaDro relies on the changes in mmWave signals, humans affecting the LoS between the
radar and target drone may severely affect drone detection accuracy. To evaluate RaDro’s
localisation accuracy, an experiment is performed where the distance between the mmWave
radar and the flying Crazyflie drone is set to 2m. An interfering human, performing in-location
random activities (moving hands, holding a phone, and rotating body), moves in different
positions along the line perpendicular to the line joining the radar and drone. Figure 4.18
reflects the results, indicating that the localisation error remains stable around 3cm, highlighting

the robustness of RaDro’s detection method as presented in Section 4.4.1.
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Figure 4.18: Localisation error with interfering performance. Shadows represent the 95% con-
human at different distances from the LoS fidence interval of the error distribution.

NLoS Scenario

The system performance in NLoS scenarios is also evaluated. In an NLoS setup, a vertical block
stand is deployed in front of the radar array to block all the LoS paths while hovering the drone
at different distances. The results are shown in Figure 4.19. The localisation error slightly
increases proportional to the distance between the drone and the radar, while maintaining a
maximum mean localisation error of 0.8m in the operational area. These findings highlight
RaDro’s substantial potential for through-the-wall localisation applications, encompassing in-

truder detection and security-related purposes across diverse lighting conditions.

4.6 Discussion and Outlook

In the future, RaDro system can be extended in multiple directions including the following.

Drones and Humans Sharing Spaces: RaDro can operate in dynamic environments where
the discernible signatures resulting from the propeller rotations are distinguished from those

of other moving objects, including humans, as shown in Sections 4.4.1 and 4.5.4. The human
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signature (Figure 4.5a) can be further leveraged to detect humans and their activities concur-
rently with drone localisation. This highlights RaDro’s ability to enable secure coexistence of
drones and humans in shared spaces for various applications. Further investigation of RaDro’s
capability for recognising drone and human simultaneously will be considered as interesting

future research.

Identifying Drone Structures: While assuming known drone specifications is acceptable for
working environments such as warehouses, given their standardisation among well-known com-
panies, it is worth investigating the ability to identify the drone structure for intruder detection
applications automatically. RF waves are employed to estimate the drone’s model and weight
by extracting the drone’s body vibration profile [143]. Several studies have demonstrated the
capabilities of mmWave radar in extracting vibration characteristics [19, 182]. This highlights
the potential of the mmWaves to passively identify the drone structure, thus enabling RaDro

to be independent of the drone’s parameters identification.

4.7 Summary

In this chapter, RaDro system is presented for passive indoor drone localisation using a sin-
gle mmWave radar array. RaDro is cost-effective, doesn’t require attaching tags or anchors
to drones, and works effectively in different LoS and NLoS scenarios independent of lighting
conditions. It achieves 3D tracking with a single radar point, resulting in a simpler deployment,
indeed the drone can deploy the mmWave sensor itself; useful for several applications such as
research and rescue missions. The system captures the micro-Doppler signature corresponding
to the drone’s propeller speeds which are incorporated into the drone’s motion equations to
improve the performance of the mmWave tracking technique. Extensive evaluation of RaDro
in different scenarios has been conducted using commercial off-the-shelf mmWave radar and

drones. The results show that there is a significant reduction in localisation error compared
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to the baseline. The results also demonstrate the system’s non-vulnerable performance in the
presence of interfering objects, including moving people around the experimental space. The
system demonstrates that it has the potential to detect humans and some of their behaviours,
concurrently while providing drone location. This highlights the further potential of the ap-
proach to facilitate the secure coexistence of drones and humans in shared spaces. Additionally,
the system exhibits its capability to accurately localise drones through the wall with an average
localisation error of less than 0.8m at distances up to 8m without attaching any reflector to
the drone body, a task where conventional state-of-the-art optical technologies face limitations.
This underscores the effectiveness of RaDro for intruder detection and security applications

under varying lighting conditions.

The next chapter introduces approaches that leverage the sensed propeller speeds to enhance the

autopilot state estimation and autopilot control, ensuring reliable and stable drone navigation.
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Drone State Estimation and Control

Enhancement using Radio Sensing

Propeller rotational speeds play a crucial role in determining the motion characteristics of
drones, as discussed in Chapter 2. However, drone autopilots lack the integration of feedback
from these speeds in the processes of state estimation and motion control. Following the ob-
served enhancements resulting from integrating micro-movement sensing of propeller rotations
into the external detection and tracking system proposed in Chapter 4, this chapter delves
into the effects of leveraging propeller rotations internally within the autopilot. This chapter
proposes a system that leverages actual propeller speeds, measured with radio sensing, as direct
feedback to the autopilot to improve the state estimation and dynamics of the drone. Software-
in-the-loop (SITL) simulations informed with real RF sensing data in different scenarios are

conducted to demonstrate the impact of combining propeller speeds with typical drone sensors.

120
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5.1 Motivation and Objectives

As previously discussed, in a drone’s autopilot, specifically the multirotor category, the adjust-
ment of position and attitude is typically achieved through control inputs that regulate the
angular speed of the propellers, a fundamental factor influencing motion properties. However,
the autopilot commonly estimates the vehicle state in relation to its surroundings using onboard
sensors through the state estimation process, lacking real-time feedback on the behavior of the
propellers. State estimation is a fundamental process in drone autopilot to achieve autonomous
motion. Drone state estimation typically relies on either GPS for outdoor applications or mo-
tion capture systems for indoor applications [183]. However, these techniques encounter several
challenges, such as the unavailability of GPS in challenging areas and the complexity and high
cost associated with installing motion capture systems. Other technologies have been presented
in the literature for utilising IMU sensors [184, 185] and vision sensors [186, 187, 188, 189]. How-
ever, these technologies have drawbacks, i.e., IMU sensors suffer from error drifting over time,
while vision navigation approaches are sensitive to environmental lighting conditions, are scale

ambiguous and not robust enough for high-speed motion.

The proposed approach in this chapter utilises direct feedback of the propeller rotation speed
of a drone sensed with an RF module to improve motion stability and safety, especially in
challenging conditions including actual propeller speed deviations caused by environmental
and mechanical/electrical factors or partial damage to the blades [30]. The radio sensing
technology is leveraged which is cost-effective, not sensitive to light, and can achieve a high
accuracy for measuring the rotation speed of a spinning object as shown in Chapter 3. The
drone’s propeller speeds are incorporated into the autopilot’s state estimation and motion
control processes, aiming to enhance the overall motion performance of the drone. Propeller
speeds can be utilised by the motor control as feedback signals to control rotor speeds in a

closed-loop fashion [139] to minimise the error between the commanded and actual speeds.
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This is typically implemented based on a motor current sensing approach which estimates the
motor speed with the knowledge of motor parameters (e.g., motor constant, resistance, and
inductance). Although this approach is common, the estimated speed has limited accuracy due

to its dependence on motor parameters which are subject to uncertainties.

Measuring propeller speeds has the potential to improve the navigation performance and drone
detection and identification applications [61, 139, 140, 141, 142, 143, 144]. However, there is
a scarcity of literature studies analysing the impact of incorporating propeller speed feedback
in the state estimation or motion control of the drone. In the proposed approach, the actual
speeds of drone propellers are provided as feedback to the autopilot’s state estimation and
motion control processes. In the state estimation phase, the drone’s position and orientation
are estimated using a dynamic model with the measured propeller speeds as inputs. Subse-
quently, an EKF [180] is applied to integrate the estimated position and orientation with the
measurements from inertial sensors on the drone. Furthermore, the measured propeller speeds
are utilised to enhance the control of the autopilot’s total torque and thrust. This is achieved
by integrating propeller speed errors into the corresponding thrust and/or torque directions
within the autopilot’s controller stack. Given the challenges associated with the implementa-
tion and validation of the system in a real-world environment, an alternative evaluation method
is employed. The system is evaluated through SITL simulations, which provide a flexible and
efficient way to test and refine the system. These simulations are conducted using Gazebo! with
modules implemented on the PX4 framework?. The RF sensor is implemented in the simulator
using real data measurements, where the propeller speeds are measured using the 5GHz RF

OAM sensing method proposed in Chapter 3.

The rest of this chapter is organised as follows. Section 5.2 introduces the proposed methods,
while Section 5.3 evaluates them. A conclusion and directions for future work are proposed in

Section 5.4.

thttp://gazebosim.org/
https://px4.io



5.2. System

123

cmd Wy 4

2R
D@D

Thrust Fg
Position Attitude
setpoint | Position setpoint | Attitude Torque Ms [ \ovor
Controller Controller Controller
A A A
Estimated
pose %
- Pose Speed
State . &‘)RF tracker actual @, . sensing
Estimator |«

5.2 System

acc (8imy), ang vel (Wimy)

Figure 5.1: The system overview

In this section, the details of the proposed system shown in Figure 5.1 are introduced. Propeller

speed sensing is implemented through the signal received from the RF module. The sensed

speeds are used to enhance the performance of two modules: the state estimator and the

motion controller. For state estimation, the propeller feedback pose tracker module estimates

the drone’s position and orientation using propeller speed measurements. The state estimator

module then combines this pose information, derived from the propeller speeds, with pose

estimates from the inertial sensors. This combination is performed using an EKF to provide

an accurate estimate of the drone’s state. For motion control, the propeller speed feedback

is integrated into the drone’s motion control system. This integration allows the controller to

adjust the propeller speeds to achieve the desired forces and torques for the next motion step,

thereby ensuring precise and responsive control of the drone’s movements.
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5.2.1 Propeller Feedback Pose Tracker

The pose tracker algorithm estimates the drone’s position and orientation by utilising the
measured speed of the four propellers, employing the dynamic model of the quadcopter, which
is detailed in Chapter 2. The actual total thrust and torques are first calculated and then used
to obtain the linear and angular acceleration of the drone’s body. Using linear and angular
acceleration, the drone position and orientation are tracked using drone motion equations in
discrete time [190]. As discussed in Chapter 2, the vehicle’s four propellers produce four thrust
forces fi 4 that pull it upward. f; is related to the " propeller spinning speed as f; = k w?
where w; is the spinning speed of rotor ¢ and £ is a constant related to the propeller motor

specifications. The total thrust applied on the body frame is Fp = [0,0, — Zle fil*.

The actual torque applied on the quadcopter’s body can be derived from the four propeller

spinning speeds as follows,

(=fi+ fat fs— fa)
Mp= | l(fr = fat fs— fa) (5.1)

T+ To— T3 — T4

where 7; is the torque of rotor ¢ and is related to the propeller spinning speed as 7; = b w? and
[ is the distance between the rotor and the centre of mass of the quadcopter. b is a constant

related to the propeller motor specifications.

The estimated thrust Fz and torque Mp are used to track the linear and angular acceleration
of the quadcopter using rearranged forms of Equations 2.11 and 2.12 discussed in Section 2.1.4.

The drone motion equations in the discrete time form can be described as follows,

prt = pi+ v At (5.2)



5.2. System 125

1 1
vt = v+ (9+ =R ) Fp + —F. At (5.3)
m m
t+1 t 1 t t
g =q + 54 ® wpAt (5.4)
Wi = wh + TN (ML + M, p — wp X Twp)At (5.5)

where ¢ is the quaternion that represents the vehicle attitude. R;p(q") is the rotation matrix
that is derived from ¢ which allows transformation from body to inertial frame. For a com-

prehensive understanding of term representations, additional details can be found in Chapter

2.

5.2.2 State Estimation Design

The state estimator is a fundamental component that provides real-time information about
the position and orientation of the quadcopter to the autopilot. In the proposed system, this
information is derived from the fusion of data obtained from the propeller feedback pose tracker
and the onboard inertial sensors. To achieve this, an EKF scheme provided by the PX4 autopilot
is adopted. The EKF algorithm typically relies on a prediction step based on input signals
and a correction step based on observations. In this context, general kinematics equations
are preferred for the prediction step due to their robustness against noise. These equations
are applicable to any rigid body moving in 3D space and are not dependent on the specific
characteristics of the body. These rigid body equations are updated through incorporating
measurements from the inertial sensors. The tracked position and orientation obtained from

the propeller speed measurements are used as observations for the correction step.
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Pose information, consisting of the unit quaternion representing the drone’s orientation, veloc-
ity, and position, is captured in the first 10 states of the EKF X = [qo, 1, g2, ¢3, U, Uy, Uz, Py Py D]~
The quaternion defines the angular position of the body frame relative to the navigation frame.
The delta quaternion Ay,q that defines the rotation from the quaternion at frame t to t+1 is

calculated from the delta angle A,,, captured using the inertial sensor measurements using a

small angle approximation.

A(]O 1
AQ1 Aang,ac
Aguat = - 2 (5.6)
A
A
Ags| [P

The quaternion product rule is applied to rotate the quaternion state forward by the delta

quaternion Ay, from time frame t to t+1.

o Ag Aq  Agp Ag
q1 -Aq Agy —Ags Ag
- [610 a1 G2 93} (5.7)
q2 t1=Agx  Ags Ag —Agq
q3 —Ags —Ag Aqp Ag
L L i

To calculate the drone velocity v at time ¢ 4+ 1, the delta velocity Awv, obtained from IMU
measurements, is rotated from the body frame to the inertial frame using the rotation matrix

R; B(qt“) derived from quaternions at time ¢ + 1, and the gravitational effect is subtracted.

0
v =" + Rp(¢)Av + |o] At (5.8)

9
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The position states are updated using Euler integration.

The tracked position and velocity using propeller speeds in Equations 5.2 and 5.3 involve direct

observation of drone states.

5.2.3 Drone Control Enhancement

The sensed propeller speeds are further used in the autopilot motion control. The autopilot
motion control is a module designed to adjust the pose of the drone to align with the desired
point. Usually, the quadcopter autopilot control is a hierarchical combination of PID controllers
with mainly two loops [191]. The outer loop is dedicated to position control, taking estimated
and desired positions as inputs. The output comprises the desired attitude and commanded
thrust necessary to move the vehicle to the desired position. The inner loop is dedicated to
controlling the attitude, taking the estimated and desired attitude as inputs, and producing
the desired torques necessary for achieving the desired attitude. In addition to providing
estimated pose feedback X to the motion controller, the feedback on the actual propeller speed
is incorporated. The difference between commanded and actual propeller speeds defines the

propeller speed error, represented as follows:

x
W@ wcoml - wactl
wY w —w
e coms2 acto
We = =M (5.10)
w: wcomg - wactg
F
we wcom4 - wact4

where weom, 1s the commanded speed of propeller ¢ and w,, is the actual speed of propeller :.
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Figure 5.2: Quadcopter enhanced control with feedback of the sensed propeller speeds.

W, w?, w? and w! represent the error between the actual and commanded speeds that affect
the roll, pitch, and yaw torques, and thrust, respectively. M is a mapping matrix that maps the
propeller speed errors to the torques and thrust forces directions (Figure 4.3 shows the relation

between quadcopter propellers movement and the generated torques and force, which can be

translated to M) and is defined as follows,

-1 +1 +1 -1

+1 -1 41 -1
M = (5.11)
+1 +1 -1 -1

+1 +1 +1 +1

With the propeller speed error feedback, the position controller adjusts the total thrust based

on the error between the estimated and desired positions, as well as the error between the actual

F
e

and commanded speeds that affects the total thrust w!. Meanwhile, the attitude controller
compensates for torque based on the error between the estimated and desired speeds, along
with the errors between the actual and commanded speeds that impact the roll, pitch, and yaw
torques w?, wY, and w?. Figure 5.2 shows the quadcopter control after adding a speed controller

for propeller speed error feedback shown in Equation 5.10.
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(a) The used quadcopter is Holybro S500 V2 (b) 5GHz RF OAM antennas

Figure 5.3: Quadcopter hardware setup for RF sensor simulation.

5.3 Evaluation

The proposed system is evaluated using SITL simulations incorporating real data from RF
sensing measurements across different operating scenarios, including normal flight and rotor
failure situations. These simulations are executed on the Gazebo simulator, a powerful tool
for simulating complex robotic systems in a realistic 3D environment, which supports both
sensor and motor simulation. The adopted autopilot is the PX4 framework, an open-source
flight control software stack widely used in drone development, supported by several vendors
and voluntary developers worldwide. To emulate real-world quadcopter flying environments,
the simulation model in Gazebo includes the addition of wind disturbances to replicate the
unpredictable factors that a quadcopter would encounter during actual flight. This simulation
approach ensures that the system’s performance can be accurately assessed and necessary

adjustments can be made before moving to real-world trials.
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Figure 5.4: Sample trajectories used to test the impact of integrating actual propeller rotation
speed to the autopilot. Typical used inertial sensors in PX4 are labelled as ‘Standard’, while
‘Standard+Prop’ denotes the case when propeller speeds feedback is added.

5.3.1 RF Sensor Implementation in Simulator

The RF sensor is implemented in Gazebo simulator based on real data from propeller speed
measurements. A real quadcopter is used to compare the commanded propeller speeds with
the actual speeds. To achieve this, Hardware-in-the-Loop (HITL) simulations (Figure 5.3a)
are performed using a Holybro S500 quadcopter equipped with a Pixhawk 4 autopilot running

PX4 firmware. The quadcopter is outfitted with four 2216-980KV brushless motors and 9-inch
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propellers. HITL is a simulation mode where the PX4 firmware runs on actual flight controller
hardware. This approach provides the benefit of testing the actual flight code on real hardware,
ensuring that the simulation closely mimics real-world conditions. The HITL setup provided by
the PX4 community? is adapted to enable the rotation of the quadcopter’s hardware propellers

during the flight simulation.

Two RF OAM antennas (Figure 5.3b) are used as a transmitter and receiver, operating at a
frequency band of 5.525GHz. This frequency is chosen to match the typical drone communi-
cation band, ensuring compatibility and realistic communication scenarios. Both antennas are
connected to a USRP B210 Software Defined Radio, which operates at a sampling rate of 1
MS/s. The USRP is connected to a laptop running GNU Radio 3.7, which is used for processing
the RF signals.

During the simulation flights, propeller speeds are measured using RF sensing, recorded and
compared with the commanded propeller speeds in Gazebo to identify distribution errors, which
are then used to simulate the RF sensor. By analysing these errors, the simulation can account
for deviations between the commanded and actual propeller speeds, leading to more accurate

simulated sensor performance.

5.3.2 Trajectory Tracking Performance

The autopilot performance is evaluated with the two proposed modules as per Section 5.2.
Figure 5.4 shows three examples of testing trajectories at fixed altitudes in the simulation that
are used to verify the impact of adding the actual propeller speed feedback to the autopilot.
It can be noticed that there is a considerable improvement in the quadcopter motion accuracy
while following the predefined trajectories. This can be further elucidated in Figure 5.5 showing

the CDFs of the quadcopter position and orientation errors after following the trajectories in

3https://docs.px4.io/main/en /simulation /hitl.html
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Figure 5.6: Roll and pitch angles estimation over time with standard quadcopter sensors and
after combining the speeds feedback.

Figure 5.4 successive times. With typical quadcopter autopilot sensors, the median position
error is 0.7m with a standard deviation of 0.9m. The median position error decreases to 0.1m
with a standard deviation of 0.13m when the propeller speed measurement is integrated to the

autopilot state estimation and control stack. The median attitude quaternion distance error

using typical quadcopter sensors is 2 with a standard deviation of 26.4 which is significantly
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Figure 5.7: The impact of propeller speed feedback fusion on the quadcopter performance with
two opposite rotors under failure.

reduced to 0.85 with a standard deviation of 3 after incorporating propeller rotation speed

measurements. The reason for this error reduction is that the direct propeller speed feedback

improves the quadcopter stability, as explained in Figure 5.6 which shows the impact of the

propeller speed fusion on the roll and pitch angles when the quadcopter follows the trajectory

presented in Figure 5.4b. It can be noticed that the quadcopter moves with a lower tilt when

the propeller speed feedback is incorporated, which enhances its flying stability.
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5.3.3 Rotor Failure Time Tolerance

In this evaluation scenario, the quadcopter survival ability is studied in the presence of motor
fault [30, 192] to show the impact of the propeller speed feedback fusion, compared to the
case where the quadcopter relies only on its other onboard sensors. The longer the quadcopter
can maintain control of its attitude under motor fault, the higher the probability it can land
safely or regain normal attitude, which is useful when the external disturbances to the motor
are temporary. This is examined as shown in Figure 5.7, where in Figure 5.7a, the quadcopter
follows a trajectory where a 50% fault is forced on two opposite rotors, to prevent yaw instability,
for 6 seconds. The fault percentage represents the reduction in the actual thrust and torque
forces generated by the rotating propeller when a fault occurs, such as partial blade damage
[30]. This fault is applied at 30 seconds time instance after the quadcopter starts its mission. It
can be noted that the integration of propeller speed feedback enables the quadcopter to safely
complete its mission, avoiding a possible crash that happens when the quadcopter just relies
on its onboard inertial sensor measurements. This is intuitive as the quadcopter control has a
faster response to motor failure when it receives immediate feedback about any discrepancies
in motor speeds. Figure 5.7b shows the quadcopter’s body roll and pitch angles while following
the trajectory shown in Figure 5.7a. The quadcopter is more stable during the motor failure
time (shaded area in Figure 5.7b) with the incorporated propeller speed feedback. Figure 5.7¢
shows the relationship between the percentage of applied motor failure and the time duration to
crash. Generally, the time duration to crash decreases with increased motor failure percentage.
Importantly, for the same percentage of motor failure, the time to crash is longer when the
propeller speed feedback is integrated into the autopilot. It is worth mentioning that when
applying a total failure to all motors, the quadcopter crashes within the same 3.5 seconds time
in both cases. Maintaining balance in such a situation is challenging and requires specialised

motion model considerations to handle it, which is addressed in literature [193].
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5.4 Summary

In this chapter, a system is proposed that utilises actual propeller speed measurements sensed
using radio sensing to improve drone motion accuracy. The propeller speeds are employed to
estimate the drone’s position and orientation using its dynamic model. The estimated position
and orientation are fed into the state estimation module to be fused with other conventional
drone sensor measurements. The speed measurements are additionally employed as feedback
to the autopilot control system to compensate for torque and thrust errors induced by propeller
speed drift. SITL simulations have been conducted to assess the proposed technique in various
scenarios. This evaluation will be further extended with experimental validation in future work.
The results indicate that incorporating actual propeller speed into the autopilot’s state estima-
tion and motion control significantly enhances drone motion accuracy and stability, especially

during motor faults.

The next chapter concludes the thesis and summarises its accomplishments.
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Conclusion

This chapter provides a summary of achievements and general conclusions derived from the
thesis, along with its primary research contributions. Furthermore, it outlines suggestions for

potential future research directions.

6.1 Summary and Contribution

The main objective of this thesis is to investigate different radio wave sensing technologies
to sense the micro and macro motions of drones for enhanced detection, localisation, and
autonomous control performance. This investigation yields three primary contributions within
the thesis, which are as follows: 1. Evaluating the sensing resolution and detection range of two
different radio wave technologies to sense micro movements of drone, 2. Introducing a novel
passive indoor drone localisation and tracking system based on radio waves, and 3. Developing

new state estimation algorithms to enhance drone navigation stability even under failure.

Chapter 3 provides a comparison of the capabilities of two different radio wave technologies

(5GHz RF OAM and 77GHz mmWave FMCW radar) in sensing the speeds of drone propellers.

136
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The chapter evaluates how these technologies perform in detecting and measuring the micro-
movements of drone propellers, even while the drones are in flight, capturing rotational speeds
of up to 16000RPM across various aerial manoeuvres. The results of this comparison show that
both radio wave technologies can precisely sense micro propeller motions and measure their
speeds with a high degree of accuracy. However, a notable difference between the two technolo-
gies is observed in their effective sensing distance ranges. The 77GHz mmWave demonstrates
a significant advantage in this aspect, being capable of accurately sensing propeller speeds at
distances up to 8m. In contrast, the 5GHz RF is limited to a much shorter range, providing
accurate measurements only up to a distance of 1m. The findings in Chapter 3 underscore the
superior performance of mmWave radar in terms of sensing range, highlighting its potential for

more versatile and wide-ranging applications in drone monitoring and control.

Chapter 4 introduces RaDro: a cost-effective indoor drone localisation and tracking system. It
uses a single mmWave radar point, eliminating the need for additional hardware attachments on
drones, thereby simplifying deployment and reducing costs. RaDro operates effectively in both
LoS and NLoS scenarios, and it performs consistently regardless of lighting conditions. The
implementation of RaDro shows a reduction of more than 50% in localisation error compared
to the classical baseline. The system demonstrates robust performance even in the presence of
interfering objects, such as moving individuals within the experimental area. Moreover, the sys-
tem excels in NLoS scenarios, where existing state-of-the-art optical technologies cannot work.
Additionally, the system showcases the potential capability to detect humans simultaneously
while providing drone location information, which underscores the further potential for the safe
coexistence of drones and humans in shared spaces. The findings in Chapter 4 demonstrate

RaDro’s advanced capabilities for enhanced indoor drone tracking and localisation.

Chapter 5 develops approaches that leverage the sensed propeller rotation speeds to improve
the stability and autonomous controllability of drones. These approaches enhance autopilot

state estimation by integrating the accurately sensed propeller speeds into the dynamic model
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of the drone. This integration allows for precise tracking of the drone’s position and orientation,
which are then fused with measurements from the onboard inertial sensors. Additionally, by
incorporating these propeller speed measurements as real-time feedback, the system can effec-
tively compensate for the desired forces/torques applied by the autopilot’s motion control by
addressing the deviation of the actual sensed propeller speeds from their commanded ones. The
verification results show that the drone exhibits increased stability and reduced trajectory er-
rors with a noticeable reduction in the drone position median error while following a predefined
trajectory. Furthermore, in scenarios involving motor faults, the system increases the duration
the drone can remain airborne before crashing, indicating improved fault tolerance and overall
safety. The findings of Chapter 5 underscore the potential of incorporating propeller speed
feedback into the drone’s control systems to enhance the autonomous navigation stability and

safety of the drone.

The thesis contributions illustrate the potential of radio wave sensing as a promising technology
for precise drone localisation and reliable navigation. The proposed techniques demonstrate
the effectiveness of different radio wave sensing technologies in identifying and tracking drone
movements and capturing its micro signatures, including propeller rotation speeds, providing
insights into the drones’ operational characteristics. These advancements enhance drone detec-
tion and localisation while improving the stability and reliability of navigation and autonomous

control by refining the autopilot state estimation and motion control mechanisms.

6.2 Discussion and Future Directions

Several advancements can be investigated to further enhance radio wave drone sensing for
scalable deployment and widespread adoption. This section outlines potential topics for future

research, highlighting areas where further enhancements can be explored.
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6.2.1 Deployment Scalability

Advancements in scalability can be categorised into various aspects: working area expansion,
multiple drone tracking, different drone categories, and operation in challenging environments

including highly cluttered spaces.

Area Expansion This thesis evaluates various radio-sensing technologies based on their sens-
ing range. The experimental findings in Chapters 3 and 4 underscore the effectiveness of macro-
and micro-movements drone sensing within 8 x 4 m flight arena area using a single mmWave
radar point. However, there is potential for expanding the sensing space by employing dis-
tributed radar arrays to accommodate different layouts and areas of the working environment.
Maintaining the optimal distance between each two radar arrays is essential for real-world de-
ployment, particularly for accurate drone tracking with the shortest operational range. This
deployment is simpler compared to other technologies; for example, UWB-based systems re-
quire precise installation of at least three anchors in the environment, along with attaching a
tag to the target body for localisation based on pairwise distance estimation. In contrast, the
potential approach to expand the working area of the proposed mmWave-based drone sensing
methods simplifies the installation and calibration processes, as each mmWave array chip can

independently estimate the target location within its coverage area.

Multiple Drone Detection Multi-target presents another interesting challenge. When mul-
tiple drones are concurrently within the radar’s field of view, their trajectories are typically
distinct enough to ensure flight safety. When employing an external radio wave module, such
as the system proposed in Chapter 4 using mmWave radar, differences in range, Doppler and
angle dimensions can be utilised to differentiate between multiple drones where each drone
would have a different cluster in the mmWave RDA map. Thus, each drone can be individually
tracked using the mmWave based tracking approach. In scenarios where drone trajectories in-

tersect, their unique micro-Doppler features can assist in distinguishing their respective paths,



140 Chapter 6. Conclusion

each characterised by a distinct micro-Doppler signature. Algorithms like the JPDAF and
MHT can be employed in such intricate scenarios where these algorithms have demonstrated
resilient performance in multiple target tracking tasks. Further investigation for multiple drone

tracking will be considered as interesting future research.

Drone Category Since the proposed approaches in this thesis leverage the micro-Doppler
features of rotary propellers, they can work with all rotary-wing drones. For drone categories
that do not have rotors such as fixed-wing drones, studies have shown that they exhibit periodic
micro-motions attributed to body vibrations [194], suggesting potential detectability by the
externally mounted radio module approaches proposed in Chapter 4. However, it’s important
to note that the tracking and state estimation enhancements proposed in this thesis in Chapters
4 and 5 primarily rely on the variability in propeller speed, emphasising the significance of
movement characteristics influenced by propeller speed variation. This highlights the potential
limitations of the proposed methods for drones with distinct propulsion mechanisms. Further
exploration and adaptation may be necessary to extend the applicability of these approaches

to a broader range of drone types.

Challenging Environments Another issue is the deployment in highly cluttered spaces such
as industrial environments for mining tasks. These environments are characterised by numerous
obstacles that can significantly impact the radio waves through distraction and interference. Ex-
amples of such obstacles include machinery, equipment, and structures, all of which can obstruct
or distort the signal, posing challenges for accurate drone localisation and tracking. Moreover,
the presence of metallic objects in industrial settings can exacerbate signal interference, further
complicating the deployment of the radio-based sensing system in these environments. Ad-
dressing these challenges requires careful consideration of signal propagation dynamics and the
implementation of robust signal processing techniques tailored to operate effectively in such
cluttered spaces, where the proposed methodology for modelling the multipath reflections in

[168] can be used. The proposed drone detection approach in Chapter 4 depends on propeller
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rotation harmonics detection, demonstrating high accuracy even in dynamic environments with
various obstacles, including metallic objects and moving humans. This approach has the poten-
tial to operate in highly cluttered industrial spaces, warranting further investigation in future
research. The other approach proposed in Chapter 5 relies on utilising either an existing ra-
dio module for communication or attaching radio modules to the drone’s body. This method
is less likely to be affected by various noise sources in the environment because the reflected
signal from drone body parts would be at very short ranges with higher strength compared to

reflections and interference from other obstacles.

6.2.2 Reducing Complexity and Running Time

mmWave radars often generate vast amounts of data, particularly with the utilisation of MIMO
antenna arrays. Each frame produced by such arrays entails a data cube derived from the
number of transmitters and receivers, chirps, and samples per chirp. As a result, the raw data
size can reach several megabytes per second, posing significant challenges for edge devices with
limited computational capabilities. As radar emerges as a promising sensor for integration
into future smart devices, addressing the efficient real-time processing of such extensive data
becomes essential. The concept of compressed sampling offers a potential solution by enabling
sparser sampling of the raw signal while minimising information loss. This approach presents
an avenue for further exploration, as it holds the promise of enhancing data processing efficiency

in drone localisation systems, particularly when deployed on resource-constrained edge devices.

6.3 Reflections

The field of drone technology continues to advance at a rapid pace, and the integration of

radio wave sensing stands out as a reliable and promising direction for future developments. As
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the adoption of drones continues to accelerate across various sectors, the demand for reliable
and precise localisation and navigation systems will grow. The findings of the research work
presented in this thesis underscore the enhancements that radio wave sensing technologies can
bring to drone detection, localisation, and autonomous flying stability. These enhancements
can pave the way for more reliable and efficient drone operations, supporting the continued
growth and evolution of the field, while also address critical safety and regulatory concerns.
The advancements presented in this thesis are considered as a foundational framework that
can be further refined and adapted to meet the evolving needs of the drone industry. The
insights gained from this work can inspire future research and development efforts within the
drone community. By demonstrating the effectiveness of radio wave sensing technologies in
drone applications, this thesis invites researchers and engineers to explore new approaches
and algorithms to achieve higher levels of autonomy and reliability, ultimately expanding the

horizons of drone capabilities and their integration into everyday life.
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