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Abstract

Small drones increasingly operate indoors, where GPS is unavailable and the
heavier sensors normally used for indoor positioning exceed a micro-drone’s
weight, size, and power budget. Visible light is a practical alternative, because
the spaces a drone operates in are already lit. An ordinary lamp can be mod-
ulated to act as a navigation beacon, while the drone carries only a small light
sensor to detect it. Prior work by Huang et al. navigates a micro-drone toward
a single such beacon, recovering the direction of the light from a ring of photo-
diodes, but it keeps no record of the light field. It therefore cannot distinguish
one beacon from another, nor route around an obstacle that blocks the light.

This thesis gives a weight-, size-, and power-constrained micro-drone the nav-
igation those methods lacked, using only on-board light sensing. We design a
fused controller that combines two directions. The first is the bearing toward
the beacon, read from a ring of photodiodes. The second is a gradient, which the
drone estimates from a map of the light field that it builds as it flies. The sens-
ing runs on a custom light-sensing board that fits well within a micro-drone’s
payload budget. A signal pipeline on the drone then recovers each beacon from
the board’s noisy output through a frequency analysis, and reports a confidence
measure for each reading. We validate the approach in a Webots simulation and
in real flight. The drone reaches modulated beacons forming a predetermined
path, and routes around an obstacle, using its stored map of the light field when
the obstacle blocks the beacon.
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Chapter 1

Introduction

This chapter introduces the problem addressed in this thesis and the meth-
ods developed to solve it. We begin by examining why indoor navigation is
difficult for micro-drones, whose limited capabilities tightly constrain the sens-
ing and computation they can carry. We then discuss visible-light sensing as
a promising direction for indoor navigation, highlighting how existing lighting
infrastructure can provide guidance with minimal changes to the environment.
We next identify the limitations that remain in related work, which motivate
the research questions and contributions of this thesis. Finally, we outline the
organisation of the remaining chapters.

1.1 Motivation & Problem Statement

Small unmanned aircraft are increasingly used for tasks that once required hu-
man operators, including structural inspection, environmental monitoring, and
warehouse inventory tracking [I0]. Many of these applications take place in-
doors, where demand continues to grow. The indoor inspection-drone market
alone is projected to expand from USD 254 million in 2024 to USD 614 million
by 2032 [I6]. Yet indoor operation remains difficult. Outdoor drones navigate
mainly with GPS, but its signals become unreliable once a drone moves inside.
Roofs and walls block satellite signals, while surrounding structures can also cre-
ate severe interference in dense urban areas. As a result, GPS-based positioning
can become too weak or unstable to support reliable navigation [30].

Micro-drones offer a promising platform for many indoor applications. Their
small size and low mass make them attractive in cluttered spaces such as ware-
houses and greenhouses, where a larger drone could damage shelves, cargo,
pipes, glass panels, or plants in the event of a collision. A smaller drone reduces
this risk and can operate in tighter spaces. However, the same compact form
factor also creates the central design constraint of this thesis. A micro-drone
cannot carry heavy sensors, large batteries, or powerful onboard computers, so
its navigation system must remain lightweight, low-power, and simple to deploy.
The central problem of this thesis is therefore how a micro-drone can navigate
reliably in GPS-denied indoor environments, such as warehouses or greenhouses.
It must do so under strict weight, size, and power constraints, and with minimal
changes to the environment.



Visible light provides a promising solution for our target scenario, since indoor
spaces are generally already equipped with lighting infrastructure [32]. The idea
of visible-light positioning is to use ordinary lamps as signal transmitters that
provide information for the drone to estimate its position. A simple switching
circuit can be attached to a lamp to modulate the light on and off faster than
the human eye can perceive. In this way, the lamp continues to illuminate
the room steadily for people while also carrying a signal that the drone can
detect [25]. The drone then needs to carry only a small light sensor, whose mass
and power draw are well within a micro-drone’s budget. However, many visible-
light positioning systems still require the lamp positions to be measured precisely
before the first flight. For example, the work by Herndndez et al. [14] requires
densely installed lights with known positions, which increases the deployment
effort before the drone can navigate on the light signals.

A light-based navigation system has a central trade-off between the position
information it provides and the lighting infrastructure it requires. Visible-light
positioning systems can recover a drone’s position with centimetre-level accur-
acy [19], but they typically rely on multiple modulated ceiling lights whose
locations are known in advance. This turns the lighting layout itself into part
of the navigation system. Deployment then becomes costly in spaces where the
light infrastructure is sparse, irregular, or difficult to survey, such as a street
with sparsely placed lamps or a living room with only a single light. Using a
single light source places a much smaller requirement on the target environment.
One light cannot determine the drone’s full position, but it can still give a dir-
ection to follow, much as a lighthouse guided ships toward harbour long before
they could fix their own position. A single modulated lamp can serve the drone
in the same way, as a beacon it steers toward in open space.

Instead of relying on dense lighting infrastructure, Huang et al. [I5] first
demonstrate a light-guided navigation paradigm that uses a single modulated
beacon without requiring a pre-surveyed grid of lamp positions. Their original
approach develops two navigation methods that this thesis builds on. The first
estimates the bearing toward the beacon using multiple photodiodes arranged
in a ring structure. The second reduces the sensing hardware to a single pho-
todiode, estimating the beacon direction from how the measured light intens-
ity changes as the drone moves. Both methods are designed around the same
baseline setting: one modulated lamp and a drone flying in an open indoor space,
as illustrated in Figure[I.I] This baseline leaves two limitations for more realistic
missions. First, tracking one beacon at a time does not by itself demonstrate
that the drone can distinguish and visit several beacons in sequence. Second,
navigation in open space towards a light anchor does not guarantee success-
ful flight in cluttered environments, where obstacles may block the light signal
or cause the drone to collide. This thesis addresses these two limitations by
extending their original methods.

This thesis aims to guide a weight-, size-, and power-constrained micro-drone
to its targets using only onboard light sensing, as illustrated in Figure It
pursues two goals. The first is to reach several light beacons in succession,
rather than only a single beacon. The second is to reach a beacon even when
an obstacle blocks the direct path to it. Achieving this on a micro-drone is
challenging because a platform weighing only a few tens of grams has very
limited payload, volume, and power. It cannot rely on the heavy sensors or
the computational resources available to larger drones, and must instead draw
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Figure 1.1: Single-anchor light-guided navigation, the prior approach
this thesis builds on [I5]. From one modulated lamp the drone re-
covers only a direction, the bearing, and follows it inward, much as a
ship is guided by a lighthouse without ever being told its exact posi-
tion. Chaining such anchors could in principle guide the drone along
a route (grey, right), but the prior methods reach only one beacon
at a time in open space: they cannot tell one anchor from another,
and a blocked line of sight leaves no direction to follow. These are
the two limitations this thesis addresses.

everything it needs to navigate from the small, low-power light sensing it can
carry.
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Figure 1.2: An illustration of the navigation task this thesis addresses.
This is a schematic example, not a recorded flight path or the exact
scene used in the experiments. A micro-drone must visit several
light beacons in succession, distinguishing them by their modulation
frequencies f, f2, and f3. An obstacle blocks the direct line of sight
to beacon f5, so steering toward the light alone is not enough to
reach it. The drone must instead detour around the obstacle, which
requires it to remember the light field rather than react only to the
light it currently senses. The experiments in Chapters [6] and [7] test
the multi-beacon and obstacle cases separately.

1.2 Research Objectives

This gap — visiting several beacons in succession, and reaching a beacon when
obstacles are present — raises three questions about a weight-, size-, and power-
constrained drone, which this thesis addresses in turn:



1. Can such a drone carry the necessary light sensing on board and recover
a reliable beacon signal in flight?

2. Can it then navigate to several distinct light beacons in succession?

3. Can it navigate around an obstacle that obstructs its direct path to a
beacon?

The first question is the foundation of this work: whether a board within the
drone’s mass budget can recover a reliable beacon signal in flight at all. The
second and third are the two goals that the foundation makes possible, and that
the prior single-beacon methods could not reach: visiting several beacons in
succession, and routing around an obstacle that blocks the path to one of them.
Answering all three requires both a sensing platform light enough to fly and a
controller that can act on what that platform is able to sense.

1.3 Contributions

To answer the research questions laid out in the previous section, this thesis
makes four contributions.

First, it presents a custom light-sensing board, small and light enough to fly
on a micro-drone, that gives the drone the directional light sensing its navigation
depends on.

Second, it develops a fused navigation controller, the core technical contri-
bution of this thesis. It combines two directions: the bearing toward a visible
beacon, and a gradient that the drone follows through the surrounding light
field.

Third, it delivers the two navigation capabilities the thesis set out to achieve,
both made possible by this controller. The first is multi-beacon traversal: the
drone tells the beacons apart and visits them in succession, rather than reaching
only one. The second is obstacle avoidance: by remembering the light field it
has already passed through, the drone routes around an obstacle that blocks its
view of the beacon, instead of stalling or colliding when the direct light is lost.

Finally, it validates the complete system in a Webots simulation and in real
flight. The drone reaches several beacons in succession, and routes around an
obstacle that blocks its line of sight to a beacon.

This thesis builds directly on the work of Huang et al. [15], which provides
the single-beacon bearing and gradient methods and the Webots simulator. The
fused controller, the wider-field light sensing, the multi-beacon and obstacle-
avoidance navigation, the sensing board, and the validation in real flight are the
contributions of this thesis.

1.4 Thesis Overview

The remainder of this thesis is organised as follows. Chapter |2 reviews how
drones navigate GPS-denied indoor spaces, motivates the choice of visible light,
and introduces the prior algorithms of Huang et al. Chapter |3| analyses why
those methods fall short under multiple beacons and occlusion, and designs the
fused controller that overcomes them. Chapter [4] presents the photodiode board



and the payload, power, and size budget it must meet. Chapter [5| describes
the real-world implementation, including the signal pipeline that recovers each
beacon from the noisy measured light. Chapter [6] reports the multi-beacon ex-
periments, and Chapter [7] the obstacle-avoidance experiments, in both simula-
tion and real flight. Chapter [§draws the conclusions and sets out the remaining
limitations and the directions for future work they open.



Chapter 2

Background & Related
Work

In this chapter, we review how drones navigate GPS-denied indoor environ-
ments using alternative sensors and identify the remaining challenges of these
sensors. We then introduce a drone platform that weighs only 27 grams, whose
compact form factor and low mass have drawn increasing research attention
for operation in cluttered indoor environments. Since this work aims to im-
prove the robustness of indoor autonomous drone navigation, we first review
the light-guided navigation algorithms proposed by Huang et al. [15], which
enables drone navigation using a single light anchor with minimal modification
to existing lighting infrastructure. Building on their work, this thesis proposes
an extension that further demonstrates the potential of visible-light sensing for
reliable indoor drone navigation.

2.1 Related Work

Small unmanned aircraft are now widely used for tasks such as structural inspec-
tion, environmental monitoring, and warehouse inventory tracking [10]. Many of
these applications take place indoors, where the indoor drone market alone is es-
timated to grow from USD 254 million in 2024 to USD 614 million by 2032 [I6].
However, unlike outdoor drones that can rely on GPS for navigation, indoor
drones immediately lose reliable GPS signals due to the roofs and surrounding
structures that block the signal, making GPS-based positioning inaccurate [30].
Thus, indoor navigation must rely on alternative sensors, which can increase the
complexity and payload of the sensors carried by drones or require additional
anchor infrastructure to be installed in the environment.

Indoor navigation methods rely on different sensing modalities, and the choice
strongly affects the implementation costs. We compare these approaches along
two cost dimensions. One cost falls on the drone: the sensor and computation
it must carry, both of which are tightly constrained by a micro-drone’s lim-
ited payload capacity and onboard processing resources. The other cost falls
on the deployment of the system: the infrastructure that must be put in the
environment, which determines the complexity when deploying the method in
a new environment. Table summarises the main approaches against these



two costs.

One family of methods locates the drone by receiving signals from infrastruc-
ture installed in the environment beforehand. Two approaches take advantage
of electromagnetic signals, i.e., radio signals. Ultra-wideband anchors measure
how long a pulse takes to travel between an anchor and the drone, providing
positioning information of tens of centimetres accuracy [26]. WiFi fingerprint-
ing instead matches the signal strengths the drone measures against a map of
measurements surveyed in advance, where its accuracy is reported to be within
a metre [30]. There is a clear trade-off between the two, but neither offers
a promising solution. WiFi covers a building using existing hardware, yet its
accuracy is limited to the metre level, whereas ultra-wideband is more accur-
ate but requires dedicated anchors reinstalled in a new environment. Another
method uses sound: acoustic positioning localises the drone from the travel time
of ultrasonic pulses transmitted from fixed beacons [28] [I]. All three share one
cost in our setting: they require infrastructure to be installed or surveyed before
the first flight.

To address these challenges, researchers have explored vision-based approaches
that remove the need for external anchors by building a map as the drone flies. A
camera captures a stream of images of the surrounding environment for further
processing. Visual simultaneous localisation and mapping, or visual SLAM,
then tracks features across these images to estimate the drone’s motion and
build a map of its surroundings [22]. This requires no infrastructure in the
space. However, the cost shifts to the drone itself: visual SLAM requires a
high-resolution camera and powerful on-board computation to process images
in real time, which a micro-drone with limited payload and a tight power budget
cannot provide.

Each of these approaches is unsuitable for a small drone in one of two ways.
Radio and acoustic methods add extra infrastructure to every space, while the
vision approach adds a camera and computation that the drone cannot carry.
Visible-light signals, on the other hand, provide a potential solution to address
these challenges. Modern indoor spaces are already well lit by existing lighting
infrastructure. Thus, if we can utilise these light sources as transmitters, we can
avoid installing additional anchors in the room; an ordinary lamp can already
be used as a navigation beacon [25]. The drone then needs to carry only a
lightweight light sensor, whose energy consumption and mass are well within a
micro-drone’s budget.

Visible-light positioning is among the most accurate indoor navigation ap-
proaches based on optical signals, i.e., visible light or infrared light at wavelengths
from roughly 380 nm to 1 pm [I3]. Through triangulation, such systems can
localise a receiver with centimetre-level accuracy by using a photodiode to read
signals from several modulated ceiling luminaires [19, [32]. However, triangula-
tion requires the photodiode to receive signals from at least three light sources
at the same time. As a result, the system needs a dense and fixed grid of light
sources to achieve the claimed accuracy, which can be costly to provide. The
light infrastructure must also satisfy two requirements: 1) multiple light sources
must overlap densely so that the receiver is guaranteed to observe at least three
different signals, and 2) each light beacon must be installed at a precise loc-
ation that is measured in advance. Many spaces cannot arrange lighting so
regularly, such as street lamps or aisle lighting bulbs. Thus, although visible-
light positioning can provide accurate position information, it depends on dense



infrastructure that is often nontrivial to deploy in every target environment.

A single light beacon, by contrast, places a far smaller demand on the space.
With only one source in view a drone cannot recover its position through tri-
angulation, since triangulation requires at least three light sources. It can,
however, recover the direction of the light, which is sufficient for the drone to
navigate toward a target light source. This makes the single beacon a deliber-
ately minimal design rather than a compromise. What it forgoes against dense
positioning is needing to determine the full position of the drone, since a direc-
tion alone is enough to reach the beacon. What it gains is a large reduction in
the infrastructure the space must provide: whereas dense positioning depends on
a grid of luminaires installed and surveyed to known positions, a single beacon
needs only one ordinary modulated lamp. The drone meanwhile carries the
same light sensor it would for any light-based method, so this saving comes at
no added cost on board. Reducing the requirement to a single modulated lamp
is what makes the approach practical in the many spaces that cannot host, or
do not warrant, a dense positioning grid. Huang et al. [I5] demonstrate such
single-beacon navigation on a micro-drone.

Table 2.1: Indoor navigation approaches, set against two costs: the
infrastructure that must be installed in the space, and the sensing
and computation the drone must carry. The single light beacon, the
approach this thesis builds on, keeps both small.

Approach Infrastructure to install On-board sensing and
compute

Ultra-wideband Dedicated radio anchors Radio transceiver

WiFi fingerprinting  Prior site survey WiFi radio

Acoustic Ultrasonic anchors Microphone

Visual SLAM None Camera and heavy com-
putation

Dense  visible-light Grid of modulated lu- Photodiode

positioning minaires

Single light beacon One modulated lamp Photodiode

Recovering a direction, rather than a full position, from an array of sensors
provides an alternative way to support navigation. Prior work has explored this
idea using radio signals, where multiple antennas receive signals from different
directions and estimate the transmitter’s bearing angle by comparing signal
strength across the antennas [I7]. Single-beacon light navigation applies the
same principle, but uses photodiodes and light instead of radio signals and
bulky antennas.

As demonstrated by Huang et al. [15], single-beacon light-guided navigation
enables a drone to reach a single target in an unobstructed open space. However,
two problems remain before this approach can support fully autonomous drone
operation. First, if an obstacle lies between the drone and the transmitter,
it can block the light signal and cause the navigation mission to fail. Second,
autonomous drone applications often require the drone to visit multiple targets in
a predefined order, whereas the previous approach tracks only one light beacon at
a time and therefore cannot directly support more complex missions. This thesis
addresses these limitations through a custom sensing board and a controller that



builds and follows a map of the light field, thereby improving the robustness
of autonomous drone navigation under single-beacon guidance. We first review
the methods we build on in Section 2.4

2.2 Drone Platform

In this thesis, we build our platform on the Bitcraze CrazyFlie 2.1, an open-
source research quadrotor weighing about 27 grams and small enough to be held
in one hand [B]. We chose it because it is openly programmable and provides
an interface that makes it easy to integrate customised sensors. However, its
limited payload capacity and onboard computation constrain both the sensor
choices and algorithmic complexity it can support.

The CrazyFlie can localise itself accurately with the Lighthouse positioning
deck, which tracks infrared signals emitted by base stations placed around the
room [3]. Yet this option, like the radio and dense visible-light methods dis-
cussed in Section depends on infrastructure installation and calibration be-
fore the first flight. Since our goal is to enable navigation with minimal changes
to the space, we set such methods aside and instead adopt a simpler setup in
this thesis.

Although the Crazyflie offers only a small payload budget, it still leaves several
grams for an additional sensor board. In our measurements, the Crazyflie 2.1
can lift roughly 15 grams of payload. Because this thesis uses the Flow Deck V2
for onboard odometry and ground-truth recording, part of this budget is already
occupied, leaving only about 13 grams for the sensing hardware added in this
work [5, 4]. The added hardware must also operate within the limited cur-
rent available from the drone’s small lithium battery. Together, these payload
and power constraints define the design requirements for the photodiode board
presented in Chapter [4

2.3 Visible Light Communication & Sensing

With the platform and its budget fixed, we turn our focus to the light signal the
navigation system is built upon. This section sets out how an ordinary lamp
becomes a beacon, and why the intensity a single photodiode reads gives only
a direction, not a position.

Light suits the task because the space is already lit, as Section [2.1|set out: the
lamps that illuminate a room can also serve as beacons without new infrastruc-
ture installation. Visible light communication turns a lamp into such a beacon
by modulating it, switching its output faster than the eye can follow [25]. The
lamp continues to light the room as before, so a person sees an ordinary, steady
light, while a photodiode sampling it quickly enough reads the modulation as
a signal. The lighting thus keeps its original purpose and gains a second one,
carrying a beacon signal at no cost to the illumination it provides. In this work
each beacon is a lamp switched on and off at a fixed frequency, which distin-
guishes it from steady background light and from beacons modulated at other
frequencies.

How strong a beacon’s signal can be detected by the drone depends on more
than distance. Two angles also matter: the angle at which the light leaves the



source, and the angle at which it meets the photodiode. Each angle contributes
a cosine factor, and the intensity falls with the square of the distance. Together
these form the Lambertian model [I8]. Figure shows the geometry. Writing
« for the angle off the source’s axis, 8 for the angle of incidence at the sensor,
and d for the distance, the received intensity is proportional to cos™a cos 3/d?,
where the order m describes how narrowly the source concentrates its light.
Intuitively, the light weakens as either the source or the sensor turns away from
the line between them. The order m sets how sharply the source’s contribution
falls off, with a larger m for a more tightly focused source.

light source

photodiode

Figure 2.1: The Lambertian geometry. The light leaves the source at
an angle « off its axis, travels a distance d, and meets the photodiode
at an angle 3 off the sensor’s normal. The received intensity is pro-
portional to cos™a cos 3/d?.

This dependence on both angle and distance makes a single intensity reading
ambiguous. A weak reading can arise for two different reasons: the emitter may
be far away, causing the received intensity to decrease with distance, or the light
may arrive at a large angle from the photodiode’s normal direction, reducing
the received signal as shown in Figure 2:2] In other words, when a photodiode
measures a light intensity, it cannot determine the light incident direction from
the photodiode’s reading alone. This ambiguity is why a single light source
cannot determine an absolute position, and why visible-light positioning systems
usually combine multiple overlapping sources. In this thesis, we avoid this
requirement by treating light as a direction to follow rather than a position to
solve for.

2.3.1 The Light Signal

The drone senses the target light with photodiodes. A photodiode produces a
small electrical current proportional to the light striking it, and the board con-
verts that current into a value. The navigation reads one value per photodiode,
which we call the per-sensor light signal and write S,, for sensor n. It measures
how strongly that sensor sees the beacon. How S, is recovered, however, differs
between the two settings this thesis uses. On the real drone it is extracted from
a noisy voltage, as Chapter 5] describes, and in simulation it is read directly from
a modelled sensor, as Section describes. For the algorithms that follow, it is
enough that each sensor reports one such value.

10
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Figure 2.2: The intensity ambiguity. A near source seen well off the
sensor’s axis and a far source seen head-on can deliver the same read-
ing to a single photodiode, so one reading does not fix the source’s
position.

2.4 Algorithms from Huang et al.

This thesis builds on the single-beacon algorithms of Huang et al. [I5]. They pro-
pose three: bearing angle guidance (BAG), dither-free gradient ascent (DGA),
and dither extremum secking (DES). We build on BAG and DGA, and describe
DES to explain why we do not. Section [2.4.3| compares all three.

2.4.1 Bearing Angle Estimation

Bearing-angle guidance recovers the direction of a light beacon using an array of
photodiodes [15]. Each photodiode in the array faces a different known direction
and receives the strongest signal when light arrives from that direction. When a
beacon lies to one side of the array, the photodiodes facing the beacon measure
stronger signals than those facing away. Comparing the signal strengths across
the array therefore reveals the beacon’s direction.

The bearing combines these per-sensor readings into a single direction. Each
photodiode contributes a vector pointing the way it faces, weighted by how
strongly it sees the beacon, and we sum these vectors. Figure [2:3]shows this for
a ring of eight photodiodes. Using the per-sensor light signal S,, and writing
0, for the direction sensor n faces, the bearing 1 p is the angle of the weighted

sum,
g = atan2 (Z Sy, sin6,,, ZS" cos&n> . (2.1)

Sensors facing closer to the beacon contribute more strongly to the weighted
sum, so the weighted sum of the light-signal strengths points toward the dom-
inant light direction. By spacing eight photodiodes evenly around the ring, the
array samples the full 360-degree horizontal plane; for any beacon direction,
one or more nearby sensors receive stronger signals than the rest. The resulting
bearing is therefore an estimate of the beacon direction projected onto the plane
of the photodiode ring.

BAG provides the light-source direction quickly and accurately. From a single
set of readings it points at the beacon, with no need to move or explore, which
makes it the best solution for navigation in open space [15]. Its weakness is that
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Figure 2.3: The bearing as a magnitude-weighted vector sum on a ring
of eight photodiodes. The grey arrows are the directions the sensors
face; the black arrows are their readings, longer where the sensor sees
the beacon more strongly; their sum, in red, is the bearing ¥z, which
points toward the beacon.

it has no memory from the previously passed space. Each estimate uses only the
latest readings, so the drone steers toward whatever light is strongest at that
instant, even when that light is a reflection. The readings alone do not record
the space the drone has crossed, so the bearing cannot tell that an obstacle
stands between the drone and the beacon. Steering on the bearing alone, the
drone heads directly toward the strongest light and cannot plan a path around
an obstruction.

2.4.2 Gradient-Based Source Seeking

Whereas the bearing is reactive and memoryless, gradient-based source seeking
lets the drone use the history of what it has sensed. It treats the light as
a field that grows toward the beacon, and moves in the direction in which it
estimates the field rises fastest. Following that gradient leads to the peak of
the field, which for a light field is the beacon itself. Because it is built from
measurements gathered across a region, the gradient still gives a direction when
the beacon is briefly out of direct view.

The difficulty is measuring the gradient, and Huang et al. propose two ways
to do it [I5]. The first, dither extremum seeking, uses a single photodiode and
adds a small oscillation, or dither, to the drone’s path. As the drone oscillates,
it measures how the light changes and infers the uphill direction. This is the
classical extremum-seeking approach to source seeking without knowledge of the
drone’s own position [2, B} [7]. Its drawback is the dither itself, the constant
oscillation produces indirect, inefficient flight, and the probing motion is easily
overwhelmed by disturbances. Thus, we choose not to use DES in this thesis.

The second, dither-free gradient ascent, removes the oscillation. It still uses
a single photodiode, but instead of probing around it estimates the gradient
from the drone’s recent motion. The drone records where it has been and how
strong the light was there. It then fits a plane to these recent measurements
by least squares. The slope of that plane is the gradient [I5]. This avoids the
dither, but it still relies on a single sensor and on a position estimated by dead
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reckoning. The drone accumulates its own motion with no external reference,
so the estimate drifts over time. The method is therefore slow, since the drone
must keep moving to gather points, and it is sensitive to that drift. This dither-
free gradient ascent is the gradient method this thesis builds on. Chapter [3]
shows how estimating the gradient from all eight photodiodes and a map of the
field, rather than from one sensor and recent motion, removes the single-sensor
and dead-reckoning weaknesses just described.

2.4.3 Comparing the Algorithms

The three methods differ in how directly and how quickly they reach the source,
and in the sensing hardware this requires. The bearing flies the most direct
route, in 7.3 metres and 8.4 seconds, but it requires the full photodiode array.
Both single-photodiode methods wander further and are markedly slower, taking
two to three times as long to reach the source. Dither-free gradient ascent takes
8.6 metres and 21.4 seconds, while the dithering extremum seeker is the slowest
and least direct at 12.2 metres and 25.6 seconds, its oscillation lengthening the
path. Table[2:2]sets the three side by side, with the path length and travel time
Huang et al. measured for each on the same task [I5]. The bearing and the
dither-free gradient are the two this thesis builds on, and Chapter [3| develops
how they are combined.

Table 2.2: The three single-beacon navigation algorithms of Huang et
al. [15], with the path length and travel time each took to reach the
source on the same task in their evaluation. This thesis builds on the
bearing and the dither-free gradient.

Bearing angle Dither extremum Dither-free gradi-
guidance (BAG) secking (DES) ent ascent (DGA)

Sensing Photodiode array Single photodi- Single photodi-

ode ode

Path length 7.3 12.2 8.6

()

Travel time (s) 8.4 25.6 21.4

Main weakness No memory of the Inefficient oscil- Slow; depends on
field lating flight dead reckoning

2.5 Simulation Environment

We develop the controller in simulation before flying it on real hardware. Simu-
lation runs a scenario repeatedly under identical conditions, and lets a controller
fail without risking the drone. This makes it well suited to designing and com-
paring the navigation controllers of this thesis.

We use Webots, an open-source robotics simulator [8], with the model that
Huang et al. built for their work [I5]. The model reproduces the flight of their
lighter-than-air blimp and the light its sensors receive. Huang et al. validated
the flight dynamics against published aerodynamic data and real flights, so we
take the physical behaviour as given. The simulated airframe is therefore the
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blimp of Huang et al., not the CrazyFlie this thesis flies. This does not affect
the navigation we study, which acts only in the horizontal plane and so should
carry over despite the different airframe. Chapter [7] shows that flying the same
controller on both the CrazyFlie and the blimp gives a similar result.

We deliberately simplify light sensing in the model. Webots can render light—
environment interactions through ray tracing, but doing so for a fast-modulated
light source is computationally expensive and unnecessary here, since our focus
is navigation given the received light intensity rather than detailed optical in-
teractions between the light and the environment. Each photodiode is therefore
modelled as a Webots light sensor that directly reads the intensity reaching it
from the light source, and we use that reading as the per-sensor light signal .S, .
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Chapter 3

Problem & Algorithm
Design

This chapter designs the navigation controller at the core of this thesis. Huang
et al. [I5] showed that a weight-, size-, and power-constrained micro-drone can
reach a single light source in open space, using either a bearing read from a
photodiode array or a gradient climbed with a single photodiode. This thesis
aims to fill a gap in the work of Huang et al.: reaching several modulated
beacons in succession while passing obstacles between them, using only on-board
light sensing. We first show the existing methods do not solve this problem.
The design question is therefore how to obtain obstacle-aware, multi-beacon
navigation from light alone, within the constrained budget of the micro-drone
platform we chose.

To overcome these limitations, our controller combines the two methods of
Huang et al. [I5] and adds a spatial memory of the light field. The bearing points
toward a beacon the photodiode array can currently see, while the gradient,
estimated from a map of the light the drone makes as it flies, still gives a
direction when the beacon is hidden. By fusing the two, the drone steers on the
bearing while the beacon is in view and falls back on the remembered light field
when an obstacle blocks it. Figure shows how the controller derives both
headings from the same photodiode array and fuses them into a single heading.

BearinJg

A Y

Photodiode Fused
array heading

Y A

@—’

Figure 3.1: The fused controller in concept. The same photodiode
array yields two headings: a bearing read directly from the array,
and a gradient estimated from a light map the drone builds as it flies.
The controller fuses the two into a single heading toward the beacon.
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This spatial memory that we add rests on a second change to the sensing. The
gradient method of Huang et al. [I5] reads the light with a single photodiode,
which sees the beacon only while it faces the source, so its estimate depends on
the drone’s heading. We instead sense with a ring of eight photodiodes, so the
photodiode array sees the beacon however the drone is turned. The drone can
then record a heading-independent light value at every position it visits, which
is what makes the light-field map possible.

The remaining sections develop the controller one component at a time: the
bearing estimate, the separation of simultaneous beacons by modulation fre-
quency, the light map, the gradient estimator and the choice among candidate
estimators, the state machine that sequences a mission, and the heading and
speed commands issued to the flight controller.

3.1 Why Existing Methods Fall Short

In the system proposed by Huang et al. [I5], bearing-angle estimation and
gradient-based estimation are first developed as single-beacon navigation prim-
itives and evaluated in source-seeking tasks. This thesis examines two conditions
that are more complex and closer to real-world applications than the baseline
setting. The first is obstacle occlusion, where an object stands between the
drone and the beacon and can block the light signal. The second is multi-target
navigation, where the drone must visit several beacons in a predefined order.
The following paragraphs explain why the original system is insufficient un-
der these conditions, and then present simulations that demonstrate the failure
cases this thesis addresses.

The bearing is an instantaneous estimate, formed from the relative mag-
nitudes of the eight photodiode signals at a single instant as explained in Sec-
tion [2.4.1] Because it requires no integration over the drone’s motion, it yields
a heading immediately whenever the array receives the beacon’s light, whether
directly or through a reflection. This immediacy is also its central limitation:
the bearing describes only the direction of the light arriving at that instant and
retains no record of the surrounding space. When an obstacle blocks the beacon,
every photodiode sees only background light, so the readings no longer differ
across the ring. Their weighted sum then points in no particular direction, and
the bearing gives the drone neither a heading to follow nor any sign that an
obstacle is in the way.

The single-photodiode gradient method, the second method of Huang et al.,
recovers a direction using one sensor instead of an array. Because a single sensor
measures only one light value at a time, this approach is slow and fragile. It
cannot sense a spatial gradient directly; instead, it infers the gradient from how
the light changes between successive positions. As Figure [3.2 illustrates, this
forces the drone to keep moving before it can estimate a direction, while also
requiring the sensor to remain oriented toward the light. The method therefore
depends strongly on the drone’s heading, because one fixed photodiode receives
the direct beam only when it faces the source.

We examine these failures in simulation before testing on hardware, for two
reasons. A simulated light field carries none of the ambient light or electrical
noise of a real flight, so an observed failure can be attributed to the navigation
method rather than to the photodiode choice limitation. The simulator also
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Figure 3.2: Single-photodiode gradient estimation over the light field.
A single sensor reads only one value at a time, so the drone must keep
moving to compare readings 57, Sz, and S3 along its path before it can
infer which way the field rises, which makes the method slow. The
reading also depends on the drone’s heading: at the middle position
the drone has rotated away from the source, so it reads low even
though it is closer than the first location, which corrupts the inferred
gradient. Establishing a gradient therefore requires the drone both
to keep moving and to keep its one sensor facing the light. The figure
is an illustration drawn over real field data.

runs the same scenario repeatedly, at low cost and with no risk of damaging
the aircraft, which is a critical requirement for comparing different navigation
methods.

The comparison uses the Webots environment mentioned in Section [2.5
shown in Figure[3.3] A single beacon sits above the floor, a pillar stands between
the drone and the beacon, and the drone starts on one side, so the pillar ob-
structs the direct path to the beacon. Each controller flies this same scene, from
the same start position to the same beacon, with identical sensing and flight
settings, so the navigation method is the only variable between runs.

The bearing-only controller steers directly along the measured light direction.
Since the pillar lies slightly off the direct line to the beacon, the bearing angle
direction just points past its edge, and the controller follows that direction with
no indication that it leads into the obstacle. The drone therefore collides with
the pillar, as Figure [3.4] shows.

The single-photodiode gradient controller also fails to reach the beacon. As
Figure [3.5] shows, it follows a slow and irregular path and stalls when it reaches
the pillar. This failure comes from how the gradient is estimated. The drone
observes a local increase in light intensity only after it has already pressed

17



Figure 3.3: The simulated test environment in Webots. A single beacon
illuminates the floor, a pillar stands in the line of sight, and the drone
starts to one side.

against the pillar and begun moving around it. Once the sensor detects a
stronger light signal after partially passing the obstacle, the gradient estimate
produces a large corrective pull away from the pillar. Although this response
helps the drone avoid continuous contact with the obstacle, it also pulls the
drone away from the target direction, preventing it from reaching the beacon.

The two failures show the trade-off between the two approaches. The bear-
ing is fast and accurate but has no memory beyond the current line of sight.
The gradient tolerates a blocked line of sight but is slow and must read from
accumulated measurements. A new type of controller is therefore developed in
this thesis. We need a controller that maintains a short spatial memory. When
an obstacle blocks the beacon, it uses the remembered light field to estimate
a gradient and steer around the obstacle. Once past the obstacle, it follows
the bearing again. The remainder of this chapter develops this controller. The
results are reported in Chapter [7]

Neither baseline supports more than one beacon, so neither can perform the
multi-beacon traversal this thesis targets. We do not demonstrate the multi-
beacon case in simulation. As Section [2.5| explains, the simulator does not
ray-trace the light but reads each sensor’s intensity directly, and it does not
reproduce the on-off modulation. Without that modulation the beacons cannot
be told apart, so we design the multi-beacon navigation in Chapter [6]

3.2 System Overview

The failures of the previous section define two requirements for the controller.
First, the drone must move efficiently toward a visible beacon. Second, it must
continue toward the beacon when the direct path is blocked. The controller
satisfies the two requirements with two separate algorithms, each addressing
one requirement while using data from the same photodiode array. The first is
the bearing, which gives an immediate heading whenever the array receives the
beacon’s light. The second is a gradient, estimated from a light map that the
drone builds as it flies; because the map records where the light was stronger,
the gradient still gives a direction when the beacon is not directly visible.
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Figure 3.4: Top-down trajectory of the bearing-only controller in sim-
ulation. The drone follows the measured light direction past the edge
of the pillar and collides with it.

Neither algorithm is always trustworthy, so the controller must decide which
to use at each moment. The bearing is not reliable when its magnitude is low,
which happens when the beacon is weak or blocked as explained in Section [3.3
The gradient is meaningless until the drone has measured the light over a spread
of positions, as described in Section A state machine compares the validity
of the two algorithms and selects the drone’s behaviour: it follows the bearing
estimate while its signal is reliable, adds the gradient once the map is dense
enough and its estimate has high confidence, and follows the gradient alone
when the bearing is invalid.

Each control update follows the same sequence, summarised in Figure [3.6
The per-sensor light signals S, of Section [2.3.1] are first stored into a light map.
The direction toward the light is then estimated from that map through gradient
estimation. The bearing and the gradient estimate are then merged into a single
target heading by the state machine.

The state machine does more than merge the two estimates. It selects the
navigation strategy and forward speed for the current beacon, and it determines
when the target has been reached and when the controller should advance to
the next.

3.3 Bearing Angle

Before the controller can rely on the bearing, it must turn the raw bearing
angle of Huang et al. [I5] into a usable heading. That estimator, explained in
Section [2.41] returns an angle from a single set of photodiode readings, but it
does not smooth the angle between readings, nor does it say whether the angle
can be trusted. This section adds the two steps that supply both: a validity
gate that decides whether the bearing is reliable, and temporal smoothing that
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Figure 3.5: Top-down trajectory of the single-photodiode gradient con-
troller in simulation. The path is slow and irregular and stalls near
the pillar, never reaching the beacon.

Beariﬂ i

Photodiode Fusion and Heading and Flight
array state machine speed controller
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Figure 3.6: Overview of the fused navigation controller. The photodi-
ode array feeds both a bearing estimate and a light map; the gradient
is estimated from the map; the fusion and state-machine stage merges
the bearing and gradient into a target heading and forward speed,
which are passed to the drone’s flight controller.

steadies it.

The bearing is only reliable when the photodiode array actually receives the
light from a beacon. With no beacon in view, every photodiode sees only ambi-
ent light, so the readings carry no directional information: their vector sum has
near-zero magnitude and its angle is set by noise. The bearing cannot flag this
on its own, so the controller adds a validity gate. It computes a validity score
by summing the light-intensity magnitudes measured across the array, and uses
the bearing only when this score exceeds a minimum threshold, which rejects
headings that are really noise from a weak, distant, or absent beacon. The
gradient is gated separately, by its own reliability conditions in Section [3.5

A bearing that passes this test is still noisy between samples. Reflections,
sensor noise, and small changes in attitude make the raw bearing jitter from
one frame to the next, and steering on each raw value would make the drone’s
heading jerk. The controller therefore smooths the bearing with an exponential

20



moving average, which gives steadier flight. The update is
U g+ (1 - B) A, (3.1)

where A is an angular difference between the new bearing and the current
estimate 1, where 3 controls the strength of the filter. A larger 8 rejects more
noise but responds more slowly to a genuine change in direction.

3.4 Light Intensity Map

Gradient-based navigation needs a record of how the light varies across space,
which the bearing alone does not keep. The controller builds this record as a
light map: it divides the horizontal plane into a regular grid and stores one
light value per cell, indexed by the drone’s estimated position in a fixed world
frame. The drone does not survey the area first and then navigate. It fills the
map in as it flies, writing the current reading into the cell it occupies on every
control update, and estimates the gradient from whatever the map holds so far.
Figure [3.7 shows a survey of a flight area. A real flight fills only a small subset
of this map and estimates the gradient from that partial coverage.

Each cell stores the strongest of the eight per-sensor signals S,, measured
while the drone occupies it, using the per-sensor signal of Section [2.3.1] The
controller indexes the cell at the drone’s estimated position and updates it on
every control update. Because the drone moves slowly relative to the sampling
rate, it stays within one cell for multiple consecutive samples, and its path can
later cross the same cell again, so each cell is measured multiple times rather
than once. Rather than overwrite the stored value with each new sample, the
controller blends them through an exponential moving average,

Icell — OlIcell + (]- - Oé) Inevw (32)

which averages out the sample-to-sample fluctuation seen when the same cell is
measured repeatedly. The factor o weights the stored value against the new one,
set to a = 0.5 by default. A smaller « tracks new measurements more closely
at the cost of more noise, while a larger « gives a smoother but slower-adapting
map.

The cell index depends on the drone’s own position estimate, which is not ex-
act. Onboard odometry drifts slowly over time, as all dead-reckoning estimators
do. As it drifts, measurements are gradually stored in the wrong cells, smear-
ing the recorded intensity across neighbouring cells and blurring the gradient
estimated from the map.

Two design choices limit the effect of this drift. First, the map is reset
whenever the drone switches to the next beacon, so the error accumulated while
approaching one beacon is discarded with its map rather than carried into the
next, and drift cannot build up across a whole mission. Second, the map is
used only to estimate a heading, not the beacon’s absolute position. Even as
the position estimate drifts, the direction in which the light rises fastest across
nearby cells stays accurate enough to steer by.

Across the visited area the map approximates a scalar field that rises toward
the beacon, because the measured signal grows as the drone nears the source.
This field is the spatial memory the bearing lacks, and the next section explains
how we estimate a direction from it.
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Figure 3.7: A light-intensity map of the simulation, viewed from above.
Each grid cell holds the strongest light signal recorded while the drone
occupied it, drawn here as a smooth field. The strength rises toward
the beacon, marked by the star, and this is the scalar field whose
gradient the controller follows. The grey disc is the pillar, and the
dashed circle the clearance the drone has to keep around it. Since
the light comes from above and the light sensors are placed on the
horizontal plane there is a drop in recorded light strength when very
close to or below the light source.

3.5 Gradient Estimation

The gradient gives the drone a direction to follow when the bearing is unavail-
able. It derives a different heading from the bearing: the bearing points along
the light arriving now, whereas the gradient points in the direction in which
the stored light field increases fastest, which remains defined even when the
beacon is hidden. Huang et al. [I5] estimated this direction from a single pho-
todiode, by reading how that sensor’s signal changed as the drone moved. That
approach is slow, because the drone must keep moving to gather readings, and
fragile, because a single fixed sensor measures the source only when it faces the
light. Both of these problems can be seen in Section [3.1} Our controller instead
estimates the gradient from the light map described in Section [3.4] Because the
map is built from the full photodiode array, it records a usable value at each
visited location regardless of the drone’s heading. This removes the dependence
on orientation and motion that limits the single-photodiode method.

The controller estimates the gradient from the recorded light map by fitting
a plane to it. Around the drone’s current position it takes the cells {(x;,y;, I;)}
and fits I(z,y) = ax + by + ¢ by weighted least squares, weighting each cell by
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the inverse square of its distance to the drone so that nearer cells have greater
influence on the estimate. The fitted coefficients give the gradient g = (a,b),
and the controller steers along g when navigating on the gradient.

A gradient estimate, like a bearing, can be unreliable, so the controller needs a
measure of its validity. The plane fit supplies one directly. If the nearby cells lie
close to the fitted plane, the slope it gives is trustworthy; if they are scattered, it
is not. We quantify this agreement with a weighted coefficient of determination,
R?, which measures the fraction of the variation in the cell values that the fitted
plane explains,

R2_1_ > wi (I — {Ai)Q
2iwi (I — 1y)?

where I; is the plane’s value at cell i, I,, is the weighted mean of the cell values,
and w; are the inverse-distance weights. An R? near one means the cells lie
close to a single plane, so the fitted direction is trustworthy. A low R? means
they do not, so the gradient should not be followed.

Three conditions must hold before the controller can trust a gradient estim-
ation result. First, the fitting process must use at least a minimum number of
cells, because a plane fitted through only two or three points is usually noisy
and can produce a random pointing direction. Second, its R? must exceed a
threshold, which rejects the fitting results where the cells do not lie on a con-
sistent slope, as happens where the field is flat or where the map is still patchy.
Last, its magnitude must be large enough to be meaningful, so the drone does
not chase a near-flat field. The thresholds, with the controller’s other para-
meters, are listed in Appendix [A] These three conditions define the gradient
reliability used by the state machine. While they fail, the drone navigates on
the bearing alone. Once they hold, the controller blends the gradient into the
heading, or follows it alone when the bearing is lost.

(3.3)

3.5.1 Selection of the Gradient Estimator

Estimating a gradient from sparse and irregularly spaced map cells is a well-
studied problem, but it is not obvious which estimator is best suited to the
light maps produced during flight. Different methods make different trade-offs
between robustness, accuracy, computational cost, and the ability to produce
an estimate when map coverage is limited.

Since the gradient estimator runs continuously on the drone’s microcontroller,
the chosen method must not only be accurate but also execute within the avail-
able computational budget. We therefore compare several candidate estimators
before selecting the one used in our experiments. Five candidate methods were
evaluated:

e Ordinary least-squares plane fitting (OLS) [6].

Weighted least-squares plane fitting (WLS) [27].

RANSAC plane fitting [9].

Local polynomial surface fitting [6].

Finite-difference estimation [20].
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All methods estimate the local gradient from neighbouring map cells but differ
in how they treat noise, sparse sampling, and outliers.

Evaluation Procedure

The methods were evaluated using a densely sampled reference map generated
from the simulated light field. This reference map includes an obstacle creating
a shadow. This lets us evaluate the estimators on the task they are actually
used for: guiding the drone around obstacles and out of shadows. At each map
location a method either produced a gradient estimate that passed the reliability
criteria of Section or returned no estimate. Three criteria were considered:

1. Success rate: how often a usable estimate is produced.

2. Directional accuracy: how closely the estimated direction matches the
direction towards the light.

3. Computational cost: the processing required for a single estimate.

Success rate is the most important criterion because the gradient’s primary
purpose is to remain available whenever the bearing is lost. An estimator that
is slightly less accurate but available most of the time is more useful to the
controller than a highly accurate estimator that frequently returns no result.

Directional accuracy was measured using the angular error:

e = ‘(éi — 0+ 180°> mod 360° — 180°| , (3.4)

where 0; = atan2(i)l~, a;) is the estimate’s heading and 6f = atan2(yr —v;, 1 —
x;) points from cell ¢ to the source at (zr,yr), and the wrap folds the unsigned
difference into [0°,180°]. When computing the error we discard cells within
ten centimetres of the source, where the field is too steep to give a meaningful
reference.

Directly comparing average angular error using the same number of data
points can be misleading, because the methods estimate the gradient in different
ways and therefore require different amounts of local map data before they can
produce a valid estimate. Some methods return an estimate almost everywhere,
whereas others withhold an estimate when the local map is sparse or poorly
fitted. As a result, the average error for each method is computed only over the
locations where that method produces a valid estimate, rather than over the
same set of time steps for all methods. Figure reports this own-coverage
error for each method.

While angular accuracy is important for drone navigation, the coverage of a
gradient estimator is also critical. We therefore report an additional coverage
metric, defined as the estimation success rate. For each estimator, we divide the
number of map cells where it produces a valid gradient estimate by the total
number of cells in the map. Figure reports this success rate, the ratio of
the map over which each estimator can provide a usable navigation direction.

To provide a fairer comparison of angular accuracy, we also evaluate the
estimators on the common set of map cells where all candidate estimators return
valid results, which Figure reports. In this analysis, a cell is included
only if every estimator produces a valid gradient estimate at that location.
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Figure 3.8: Coverage and accuracy of the five gradient estimation meth-
ods on the reference map. The bars are numbered: (1) Ordinary
Least Squares, (2) Weighted Least Squares, (3) RANSAC, (4) Poly-
nomial Surface, (5) Finite Differences. (a) the share of cells where
each method returns a usable estimate; (b) the mean angular error
over each method’s own valid cells; (c) the mean angular error over
the common set of cells that every method estimates. Accuracy is
measured as the angular error against the straight-to-source direc-
tion.

This avoids comparing methods over different parts of the map and isolates
the accuracy difference among estimators by evaluating them under the same
spatial conditions.
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The distinction is important. Consider two methods: one returns estimates
at 95% of locations, while another returns estimates at only 70%. The lower-
coverage method can avoid many of the difficult locations simply by refusing
to estimate there. Its average error may therefore appear lower, not because
its estimates are inherently better, but because it is evaluated only on easier
cases. The common success points comparison removes this effect by ensuring
that every method is scored on exactly the same locations.

This behaviour is visible in the results that we will show later. Weighted
least squares appears substantially less accurate when evaluated over its own
coverage because it continues to provide estimates in difficult regions, including
locations close to the source and behind the obstacle. When the comparison is
restricted to the common subset, where all methods are evaluated on the same
points, the differences between the plane-fitting methods become much smaller.
This indicates that most of the apparent accuracy gap is caused by differences in
coverage rather than differences in the quality of the estimated direction itself.

Results Evaluation

Figure [3.9] provides a qualitative view of the spatial behaviour of the five es-
timators across the reference field. Rather than displaying the exact angular
error at each location, the figure shows whether each estimate satisfies the con-
troller’s reliability criteria. This visualisation reflects each estimator’s intended
role within the navigation system, where the key question is whether a given
gradient is usable for the drone to navigate towards the light source and avoid
the obstacle.

The figure shows that weighted least squares provides reliable estimates across
most of the environment, including regions where map coverage is sparse. RANSAC
rejects many locations, while finite differences remain available almost every-
where but generate noticeably noisier directions. Figure [3.8] summarises the
results quantitatively.

We consider the success rate first, as it is the most important criterion. As
Figure [3.8(a)| shows, the finite-difference estimator is available almost every-
where, with a success rate of 99.7%, and weighted least squares follows closely
at 95.9%. The polynomial surface and ordinary least squares cover 91.9% and
81.9% of the map, while RANSAC covers the least, at 72.3%. Because the
gradient’s main purpose is to remain available whenever the bearing is lost, this
coverage is the metric that matters most.

The own-coverage error in Figure [3.8(b)| must be read against these coverage
figures. On its own valid cells RANSAC has the lowest mean angular error,
at 5.9°, followed by ordinary least squares and the polynomial surface at 13.6°
and 13.9°, while weighted least squares and finite differences appear worse, at
29.2° and 36.6°. This ranking is misleading on its own. The high-coverage
methods keep producing estimates in the difficult regions close to the source
and behind the obstacle, where pointing straight at the source is no longer the
useful direction, and those hard cells inflate their average. RANSAC’s low error
comes partly from declining to estimate the hard cells at all.

When all methods are evaluated on the common set of 284 cells that every
method estimates, shown in Figure this coverage advantage is removed
and the quality of the estimated direction itself is isolated. On this common
set the plane-fitting methods fall within a few degrees of one another, at 8.6°,
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Figure 3.9: Estimated gradient directions across the field for each
method, coloured by angular error against the straight-to-source dir-
ection. The grey disc is the obstacle and the dashed circle the clear-
ance the drone keeps. The large errors cluster under the source and
behind the obstacle, where the field bends and pointing straight at
the source is no longer the useful direction.
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9.5°, 5.9°, and 6.3° for ordinary least squares, weighted least squares, RANSAC,
and the polynomial surface, while finite differences remain noticeably noisier at
15.3°. Most of the apparent accuracy gap seen on each method’s own coverage
is therefore caused by which cells are estimated rather than by the intrinsic
quality of the estimated direction.

Selected Method

After our evaluation, we select the weighted least squares method as our final
implementation for our controller. Although several methods achieve similar
directional accuracy, weighted least squares provides the best balance between
the three evaluation criteria. It offers high enough coverage, low computational
cost, deterministic execution time, and robustness to variations in measurement
density and overall light level.

The computational cost follows from how each method uses the n cells in the
local neighbourhood, which a fixed search radius keeps to a few tens of cells.
Ordinary and weighted least squares, the polynomial surface, and the finite
difference each build a small linear system of fixed size from the n cells and
solve it once, so each costs O(n) per estimate. The polynomial surface carries
the largest constant factor, as it solves for six coefficients rather than three.
RANSAC instead repeats a minimal-sample plane fit over up to fifty random
subsets and scores all n cells each time, giving O(kn) for k iterations. This is
the highest cost of the five, and its iteration count makes its execution time
non-deterministic.

Finite differences provide slightly higher coverage but at the cost of substan-
tially noisier estimates. RANSAC produces accurate estimates where it succeeds
but has the lowest coverage and, as its complexity shows, the highest computa-
tional cost.

Weighted least squares therefore provides the most suitable compromise for
real-time deployment on the drone’s microcontroller and is used throughout the
experiments in this work.

3.6 Multi-Beacon Traversal

In the real-world application, when multiple targets are present, the controller
must be able to distinguish different beacons. We make the beacons distin-
guishable by modulating each one at a distinct frequency. Frequency analysis
of a single photodiode signal then produces a separate peak for each beacon,
allowing the photodiode array to sense multiple beacons at the same time. The
traversal remains sequential. The controller selects one beacon as the current
target, flies toward it, and selects the next beacon once the target is reached.
In a real-world environment, a photodiode reports a single mixed light-intensity
value at each timestamp, where signals from all beacons are combined with
steady background illumination. By collecting a sequence of intensity measure-
ments over time, the controller can apply a Fourier transform to decompose the
mixed signal into its frequency components. Because each beacon is modulated
at a distinct frequency, the transformed signal contains an energy peak at each
beacon’s modulation frequency, and the height of that peak reflects how strongly
the corresponding beacon is observed. Figure illustrates this process using
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generated data for two beacons modulated at 150 and 200 Hz. Their signals
overlap in the time domain but separate into distinct peaks in the frequency
domain. The Fourier transform output is then passed to a peak-extraction step,
which recovers the signal strength at each target frequency, whose implementa-
tion details are described in Chapter [5]

Synthetic data — illustrates the principle, not a real measurement
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Figure 3.10: Separating two beacons by modulation frequency. This
is generated data, shown only to illustrate the principle. Two lights
are switched on and off as square waves at 150 and 200 Hz, and one
photodiode sees their sum as an ADC reading between 0 and 4095.
Left: a short slice of that reading in time, where the two beacons are
not separable. Right: the magnitude of its Fourier transform, where
each beacon appears as a peak at its own frequency. The dotted lines
mark the odd harmonics that a square wave also produces.

Each photodiode reading in the array is passed through a Fourier transform
to produce its own frequency-domain response. The peak heights at the mod-
ulation frequencies differ across the array according to each photodiode’s ori-
entation relative to the light beacon. We then use these peak heights, i.e., the
frequency magnitudes, as the light-signal inputs defined in Section [2.4.1] The
bearing estimator processes these values and produces a bearing angle toward
each beacon based on its modulation frequency.

Because real-world environments may contain noisy light sources, such as
computer displays or illuminated signs, the modulation frequencies must be
chosen carefully. Switching a light fully on and off produces a square wave.
Although this modulates the beacon at the desired target frequency, it also
introduces odd harmonics [23]. These odd harmonics can also be seen in Fig-
ure [3.10} The frequency analysis separates the fundamental target frequency
from its harmonics because they fall into different frequency bins. A problem
arises only when one beacon’s fundamental frequency coincides with a harmonic
of another beacon. In that case, the harmonic adds energy to the wrong beacon’s
bin, making the two beacons difficult to distinguish. Therefore, the target mod-
ulation frequencies must be selected to avoid harmonic collisions. For two target
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beacons, we choose frequencies such as 150 Hz and 200 Hz.

3.7 Controller State Machine

The bearing and gradient methods each provide a direction estimate, but they
do not by themselves decide what behaviour the drone should adopt at a given
moment. Two situations must be considered before the drone acts. In the first,
the drone may not have a trustworthy estimate, either because it has just started
searching for the target beacon and the map is still empty, or because the light
is blocked by an obstacle. In the second, both estimates are available, and the
controller must decide which estimate to rely on while the drone moves. We
resolve both situations with a navigation state machine, shown in Figure [3.11}
which consists of five states, namely searching, aligning, approaching, dwelling,
and recovering. The following paragraphs describe each state and its purpose.

In the searching state, the drone has no trustworthy bearing or gradient es-
timate, and its purpose is to search for a beacon. Because the photodiode array
already covers the full 360-degree horizontal plane, rotating in place would reveal
little additional information. The drone therefore flies a bounded figure-eight
search path instead. This pattern forces the drone to explore the surrounding
area, increasing the chance that it passes through regions where the beacon
signal is stronger while recording light measurements into the map. The drone
leaves searching as soon as the received signal produces a bearing whose mag-
nitude exceeds the trust threshold. During this state, the drone does not use
the gradient or bearing estimates to command its motion; it follows only the
predefined search path while monitoring the signal strength.

Once the drone has collected enough light information to infer the target
direction, either from the bearing estimate or from the gradient estimate, it
transitions into the aligning state. In this state, the drone turns toward the
target while holding position, allowing it to face the beacon before committing
to forward motion. It transitions to approaching once the drone’s heading falls
within the alignment tolerance of the target direction, set to 15° in this work.
Appendix [A] lists this parameter together with the other controller parameters.

In the approaching state, the drone flies forward while continuously correcting
its heading toward the target. However, odometry drift can gradually shift the
drone’s heading away from the estimated target direction. If the heading error
later exceeds a wider re-alignment threshold of 30°, the controller returns to the
aligning state, ensuring that the drone does not continue flying forward while
severely misaligned.

The heading used during aligning and approaching is not always determined
by the bearing alone. At the start of the mission, when the map is still sparse, the
drone follows the bearing estimate because too few cells have been recorded to
support a reliable gradient. Once the gradient satisfies the reliability conditions
in Section 3.5 the controller blends the bearing and gradient estimates into
a single target heading. In this way, the drone begins using both estimates
during normal approach, before the bearing is lost, making the later transition
to gradient-only control smoother when the bearing estimate becomes invalid.

The drone must also detect arrival at a beacon. The measured light strength
rises as the drone nears the source, so the drone is treated as arrived once this
strength exceeds an arrival threshold. This threshold is tuned per flight, with
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its value listed in Appendix [A] On arrival the drone enters the dwelling state,
holds position for a fixed dwell time of 1.0s, and then moves to the next beacon.

The recovering state handles the case where the bearing becomes invalid in
flight, for example when an obstacle moves between the drone and the beacon.
The magnitude of the bearing estimate then drops below the trust threshold,
and a controller without memory would have no heading to follow. However, if
the gradient estimate meets its reliability conditions, the drone enters recovering
and continues on the gradient direction alone, climbing the stored light field to
move out of the obstacle’s shadow. It returns to approaching as soon as the
bearing is valid again, and falls back to searching only if the gradient estimate
also becomes unreliable.

next beacon

- aligned
earing —
. acquired . . arrived .
H Aligning Approaching b Dwelling
off heading

bearing estimate reliable

Recovering

Figure 3.11: Navigation state machine. The drone searches for a
beacon, aligns its heading, then approaches while correcting; on ar-
rival it dwells briefly before moving to the next beacon. It enters
recovering to follow the gradient alone when the bearing becomes in-
valid, and returns to searching if the gradient estimate also becomes
unreliable.

bearing estimate unreliable

3.8 Control Output

The controller’s primary output is a single target heading, obtained by merging
the bearing direction ¥ g and the gradient direction ¥. Both are angles, so the
controller combines them with a weighted circular mean [21],

Y = atan2(wp sinYp + wg sin g, wp cosPp + wg cosYg), (3.5)

A plain numerical average is unsuitable here because angles wrap at 360°. Av-
eraging 359° and 1° gives 180°, the opposite of the correct direction, whereas
the circular mean returns 0°.

The weights wp and wg follow the validity of each input, as decided by the
state machine. When both are valid, the controller sets wp = wg, so the
heading is their bisector. When only one is valid, its weight is one and the other
zero, and the controller follows that input alone. When neither is valid, there is
no direction to command, and the drone falls back to the searching state rather
than holding a fixed heading.

The controller also needs to set a forward speed once it has found a reliable
target direction. The drone flies forward only when it is aligned with the target,
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so its forward speed is set to zero while it turns during the aligning state. Hold-
ing the speed at zero during large heading corrections prevents the drone from
drifting sideways. Once the heading falls within the alignment tolerance, the
controller enters the approaching state and commands a fixed forward speed to-
ward the target. The heading and forward speed are sent to the platform’s flight
controller as setpoints, while the altitude is held at a fixed height throughout
the experiment. The navigation controller therefore operates only in the hori-
zontal plane. Because it communicates with the platform only through heading
and speed commands, the same navigation logic is independent of altitude in
our experiments. The same implementation runs in both the Webots simulation
and the real Crazyflie platform.
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Chapter 4

PCB Hardware Design

A central question of this thesis is whether a weight-, size-, and power-constrained
micro-drone can carry the light sensing it needs on board. Thus, in this chapter
we detail our on-board visible-light sensing hardware design to meet these con-
straints. The bearing and gradient algorithms of Chapter [3] both read from an
array of photodiodes, so the platform needs a board that holds those photodi-
odes, converts the raw electrical voltage into light-intensity signals, and transfers
the signal to the drone’s board for further processing. The board must do all of
this within the mass and size budget set in Section [2.2] This chapter develops
that board. We first examine an earlier Teensy-based prototype, which estab-
lished the sensing principle but remained far too large and heavy to fly. We
then derive the requirements the flight board must meet. Last, we present our
board design with a customised circuit and physical layout that satisfy these
requirements.

4.1 The Original Prototype

Meeting the size, mass, and power limits of a micro-drone requires hardware
designed specifically for that platform. Our earlier prototype, built around a
Teensy 4.1 microcontroller, did not meet these constraints because it was de-
veloped as a rapid algorithm testbed rather than as hardware for drone integ-
ration. We used it to develop and evaluate parts of the bearing and gradient
algorithms, and to confirm the sensing principle that a ring of photodiodes can
recover a bearing toward a light source. However, the prototype was never in-
tended to be carried by a micro-drone. It consisted of three separate modules,
including the Teensy that ran the algorithms, a circular carrier board that dis-
tributed power and provided sixteen connectors, and sixteen small boards that
each held one photodiode and could be plugged into the carrier. This modu-
lar construction made the prototype convenient to assemble and modify, but
its size, mass, and power draw were far beyond the budget of a micro-drone,
while its computational capacity also exceeded what the navigation algorithms
require.

The prototype’s size and mass were dominated by the photodiode modules it
used. Each photodiode was a self-contained Texas Instruments OPT101 mod-
ule, which integrates a photodiode and its transimpedance amplifier in a single
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package. Such integrated modules are convenient to wire, but their packaging
occupies far more board area than a simple photodiode would. The carrier ac-
commodated sixteen of these modules, twice the number later required by the
flight board. The Teensy 4.1, meanwhile, is a general-purpose microcontrol-
ler whose processing capacity far exceeds the requirements of our experiment,
which only needs to sample and process eight light signals. The prototype board
itself was roughly 90 millimetres in diameter, more than twice the diameter of
the drone board. The assembled prototype weighed about 44 grams, more than
three times the 13 gram budget available for the sensing hardware. Figure [£]]
shows a partially assembled prototype.

Figure 4.1: The original Teensy 4.1-based prototype board. Only one
of the OPT101 photodiode boards is fitted here, though the carrier
has room for sixteen.

4.2 Design Requirements

The redesigned board must retain the sensing principle demonstrated by the
prototype while overcoming its shortcomings and fitting within the budget of
the CrazyFlie 2.1, the micro-drone targeted in this work and introduced in Sec-
tion As discussed in Section the CrazyFlie 2.1 can lift only roughly
15 grams of additional payload. Since the Flow Deck V2 odometry deck already
occupies about 2 grams of this budget, only 13 grams remain for the sensing
board. The board’s size must also fit within the drone’s 44 millimetre frame
and draw only the current that its small battery can supply. Table f.I] summar-
ises these requirements together with the final hardware profile we managed to
achieve.

Three design decisions follow directly from this budget. First, the board
carries eight photodiodes rather than the prototype’s sixteen, the number Huang
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Table 4.1: Design requirements for the sensing board, derived from
the CrazyFlie 2.1 platform introduced in Section together with
the figures the finished board achieves.

Metric Requirement  Old Prototype Achieved

Mass <13g ~ddg ~b6g

Diagonal footprint < 44mm ~ 90 mm ~ 42mm

On-board processor none Teensy 4.1 board none, offloaded to the CrazyFlie
Photodiodes 8 16 8

et al. found sufficient to recover a reliable bearing [I5], which halves both the
sensor count and the board area they occupy. Second, it replaces the bulky
integrated modules of the prototype with discrete surface-mount photodiode
and amplifier components, which provide the same function in far less area and
mass than the OPT101 modules. Third, it carries no microcontroller of its
own. Rather than duplicating the prototype’s Teensy, the board offloads all
computation to the CrazyFlie’s existing processor, so it only has to sense and
digitise the light and spends neither mass nor power on an additional processor.

A final set of considerations follows from building on the CrazyFlie. The
board attaches through the CrazyFlie’s expansion deck connector, which fixes
the geometry of where the board’s mounting headers must sit. The same con-
nector supplies the board’s power and ground, and offers a choice of digital
interfaces, namely 12C, UART, and the Serial Peripheral Interface, or SPI. We
return the converter readings over SPI, so the connector alone carries power,
ground, and data, and the board needs no wiring of its own.

4.3 Circuit Design

The circuit must convert the light received by each photodiode into a digital
value that the CrazyFlie can read, and it must do so consistently across all
eight photodiodes so that their readings can be compared. Figure [£.2]shows the
resulting signal chain. Each photodiode output is first passed through a transim-
pedance amplifier and an optional filter. A shared analogue-to-digital converter
then samples all eight photodiode readings and sends the measurements to the
CrazyFlie. For these measurements to be meaningful, the converter also requires
a precise voltage reference, and the full signal chain must be powered by a reg-
ulated supply. We describe each stage in turn, together with the component
chosen for it, as summarised in Table

The chain begins at the photodiode, which converts incoming light into a
small electrical current. Four requirements must be satisfied for our navigation
task. First, the sensor must respond to the visible light spectrum rather than
to other wavelengths, such as infrared. Second, it must respond fast enough
to capture the beacon’s few-hundred-hertz on-off modulation. Third, it must
provide a directional response, measuring a beacon more strongly when it faces
the source than when the source lies off to the side, since the bearing is recovered
from signal differences across sensors. Fourth, it must be small enough for
eight sensors to fit within the board’s size budget. To meet these requirements,
we choose the Vishay VEMD4200, a PIN photodiode in a 2 x 1.25 millimetre
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Figure 4.2: Signal chain on the redesigned board. Each of the eight
photodiodes feeds a transimpedance amplifier and an optional filter;
the analogue-to-digital converter then samples all eight channels and
sends them to the CrazyFlie over SPI. A precision reference and the
supply, drawn from the CrazyFlie, feed both the amplifiers and the
converter.

0805 surface-mount package. Compared with phototransistors, another common
light-sensing option, PIN photodiodes provide faster response and a more linear
light-to-current relationship, whereas phototransistors often trade sensing speed
and linearity for higher gain. The VEMD4200 has a spectral response matched
to visible light, so it responds strongly to ordinary lamps. Its half-sensitivity
angle of £55° keeps each sensor directional while still providing a sufficiently
wide field of view. As a result, neighbouring sensors observe different signal
strengths as the beacon direction changes, preserving the contrast needed for
bearing estimation.

The current a Vishay VEMD4200 produces, only a few microamperes, is far
too small to measure directly. FEach channel therefore converts that current
to a voltage and scales it into a useful range, the standard transimpedance
configuration that Graeme sets out in detail [T1]. Two properties of the amplifier
matter for the readings to stay comparable. First, it must add little noise of its
own, so it does not obscure the faint photodiode signal. Second, its output must
reach across the full input range of the converter, so the converter’s resolution
is used over its whole span rather than a fraction of it. We use the Texas
Instruments OPA4350, which meets both. It is a low-noise operational amplifier,
so it contributes very little noise. It also has a rail-to-rail output: its output
can swing almost the whole way between its two supply voltages, and so cover
the converter’s full range. A general-purpose amplifier would add more noise to
the faint signal and leave part of the converter’s range unused, meeting neither
requirement. The OPA4350 also carries four amplifiers in one package, so two
packages serve all eight channels in place of eight separate devices.

The eight amplifier outputs are then digitised and passed to the CrazyFlie.
We use a single 12-bit analogue-to-digital converter, the Texas Instruments
ADS7953, which scans all eight channels in sequence. This allows the board
to collect one frame of eight photodiode readings and send it to the main drone
board. Using one shared converter saves board area and power compared with
placing one converter on each channel. It also avoids routing eight analogue
signals through the drone connector, where they would be more exposed to
electrical noise from the platform, including motor noise. The converter returns
the readings over the SPI bus, and on the drone it repeats the scan at 500 Hz,
fast enough to capture the beacons’ on-off modulation, as Chapter [5| details.
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Two further parts keep these readings stable. The converter measures each
voltage against a reference, so any drift in that reference would make the same
light yield different readings over time and between channels. We therefore sup-
ply a dedicated precision voltage reference, the Texas Instruments REF5025A,
rather than relying on the supply rail, which varies with load and temperature.
For the same reason we clean the supply itself: the rail the board draws from
the CrazyFlie carries switching noise from the rest of the drone, so we condi-
tion it with a low-dropout regulator, the Texas Instruments TPS73133, a linear
regulator that adds no switching noise of its own.

Finally, different deployment environments introduce different noise profiles.
For example, outdoor settings may contain less high-frequency artificial lighting
noise but stronger low-frequency variations from sunlight and shadows. Fixing
one filter choice in the hardware would therefore tie the board to a specific en-
vironment. To keep the design adaptable, each photodiode channel includes an
optional first-order filter between the amplifier and the converter. This hard-
ware filter can be configured for the target environment by changing the resistor
and capacitor values. A solder bridge and unpopulated component pads allow
either a low-pass or high-pass filter to be installed as required by the target
environment. As shown in Chapter [5] we use a low-pass filter to attenuate
power-supply noise from the drone, which otherwise corrupts the light signal.

Table 4.2: Key components of the redesigned board, by function.

Function Part

Photodiode Vishay VEMD4200
Transimpedance amplifier Texas Instruments OPA4350
Analogue-to-digital converter Texas Instruments ADS7953
Voltage reference Texas Instruments REF5025A
Low-dropout regulator Texas Instruments TPS73133

4.4 PCB Layout

With the circuit designed, the layout turns it into a physical board the drone
can carry. Two concerns shape this layout: even angular coverage and tolerance
of the drone’s electrical noise.

For coverage, we place the eight photodiodes at equal 45° intervals around the
board so that, together, they sample the full 360° horizontal plane evenly. This
spacing is important because the bearing algorithm compares the photodiode
readings against one another to infer the light direction, so any large gap in
coverage would leave some directions weakly sensed by the array and make
the bearing estimate less reliable. The board outline extends each photodiode
outward along its assigned angle, while the amplifiers and converter are grouped
near the centre, as shown in Figure

For noise tolerance, the layout must withstand the electrically noisy envir-
onment of a flying drone, where the motors draw large, rapidly switching cur-
rents that radiate electromagnetic interference into the faint photodiode signals.
To reduce this coupling, the board carries a ground plane beneath the signal
traces. The ground plane both shields the traces and gives the return currents a
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low-impedance path back to the supply, following the standard electromagnetic-
compatibility practice that Ott sets out [24].

Figure 4.3: The redesigned CrazyFlie expansion board. Eight photodi-
odes sit at the points of the board at 45° intervals, while the amplifiers
and the analogue-to-digital converter are grouped at the centre. The
two headers connect the board to the CrazyFlie.

The final board weighs approximately 6 grams and measures roughly 42 milli-
metres across, comfortably within the 13 gram mass limit and the 44 millimetre
footprint it is designed to meet, as Section [£.2] records. Before integrating the
board with the drone, we verify it on its own. We connect the assembled board
to a standalone Teensy microcontroller, used here only as a bench instrument
rather than as the prototype’s flight processor, and confirm that each of the
eight channels responds to light. With this basic check passed, we can attribute
any fault observed later in flight to how the drone interacts with its environment
or to the navigation algorithm, rather than to the board itself.
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Chapter 5

Real-World Implementation

This chapter develops the signal processing pipeline that recovers each beacon
from the photodiode signal on the real platform. Unlike in simulation, where
the light intensity can be read directly, each photodiode here delivers a single
noisy voltage in which the beacon is buried. The pipeline recovers the beacon
and reports, alongside each reading, a signal-to-noise ratio that quantifies how
far the reading can be trusted. We first describe the pipeline stage by stage,
from the analogue anti-aliasing filter through the frequency analysis to the per-
channel smoothing. We then validate it in flight, isolating the contribution
of each stage to the reported signal-to-noise ratio. Finally, we measure how
ambient light affects the pipeline, and show that it lowers the reported ratio.

5.1 From Intensity to SNR

In simulation the per-sensor light signal requires no recovery. As Section
describes, the drone reads .S,, directly, and it represents the light intensity alone.
However, the real platform cannot perform navigation simply based on the light
intensity value. On the drone each photodiode reports a single voltage in which
the target beacon, the ambient room lighting, sunlight through a window, and
reflections off the walls and floor are summed together. This raw voltage is not
meaningless, but on its own it is an unreliable basis for navigation, because it
does not separate the target beacon’s light from the background noise.

To isolate each beacon from background noise, we modulate each target
beacon at a distinct frequency and recover its signal in the frequency domain.
Section [3.6)introduced the principle: a Fourier transform decomposes a photodi-
ode signal into the strength carried at each frequency, and a beacon modulated
at a fixed rate appears as a peak at that frequency. On the real platform, we
apply the same analysis to each channel. For each photodiode, the controller
measures the channel magnitude S,,. This measurement is obtained by collect-
ing a short window of samples and computing a fast Fourier transform over
them. The magnitude of the peak at the beacon’s modulation frequency is then
S‘n, which the controller uses. However, electrical noise from onboard devices
can still introduce jittering noise, so we further smooth the readings over time
to obtain a more stable signal. Finally, the processed signals S,, are passed to
the bearing and gradient estimators, which compute the direction toward the
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light source.

The height of this peak, S'n, does not on its own state how reliable the reading
is. A faint beacon seen across a bright, noisy room can raise a peak height that
does not stand out from the fluctuations around it, whereas a strong beacon
stands well clear out of them. We therefore pair every reading with a signal-
to-noise ratio, or SNR. The SNR is the height of the beacon’s peak divided by
the noise floor. The noise floor is the magnitude at the frequencies other than
the target beacon’s. An SNR of one means the peak is no taller than the noise
floor, so the beacon cannot be told apart from the noise and the reading cannot
be trusted. A large SNR means the beacon dominates its frequency bin and
the reading is reliable. Figure |5.1| shows an example, in which a single beacon
stands as a peak well above the noise floor.

The controller uses the SNR in two ways. First, each SNR value is tied to
a beacon: because the value comes from a peak in a specific frequency bin,
we attribute it to the beacon whose modulation frequency matches that bin.
Second, it gates out any reading whose SNR falls below a threshold. Chapter [f]
reports flights that reach several beacons in succession, where the drone is able
to identify different target beacons by their own modulation frequency.

Synthetic example — how the SNR is read
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Figure 5.1: How the signal-to-noise ratio is read from a single chan-
nel’s spectrum. This is generated data, shown only to illustrate the
principle. A beacon modulated at 150 Hz produces a peak well above
the broadband noise floor, while motor and mains interference add
narrow spikes elsewhere. The floor is estimated with the median of
the bins outside a guard band around the beacon, rather than the
mean, because a few tall spikes pull the mean up but barely move the
median.

Modulation does not make the signal from the beacon immune to the effects
of the surrounding environment. A strong enough background light leaves little
of the photodiode’s sensing range for the beacon’s modulation, so the peak can
saturate, an effect we return to in Section What modulation does help with
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is the ability to attribute a measured signal to a specific beacon and to reject
readings whose SNR is too low to act on.

The frequency analysis that recovers the beacon is only useful if noise does
not contaminate its frequency bin, and flight introduces a great deal of noise.
First, the spinning motors couple mechanical vibration into the board. Second,
the motors also draw current that the analogue-to-digital converter for the pho-
todiodes picks up as electrical interference. Third, light reflecting off nearby
surfaces returns delayed copies of the beacon by indirect paths. Although most
of this noise lies well above the beacons’ modulation band, it can fold back, or
alias, into the lower frequencies where the beacons lie, and corrupt the peaks the
analysis depends on [23]. Figure shows the complete pipeline that suppresses
this noise, from the sampled voltage to the reported signal S;, and its SNR. It is
divided between the analogue domain, before sampling, and the digital domain
after it, and the following paragraphs describe each stage in turn.

To prevent high-frequency contributions induced by noise from aliasing into
the sampled signal, we apply an initial analogue filtering stage. The photodiode
board of Chapter [4] provides optional-filter pads, onto which we populate a
first-order low-pass filter with a cut-off of f. = 500 Hz, so that high-frequency
content is attenuated before it can alias. Each photodiode signal is also sampled
at fs = 500 Hz. According to the sampling theorem, the highest frequency that
can be represented without aliasing is the Nyquist frequency, equal to half the
sample rate, which is 250 Hz in our system [23]. Any frequency components
above this 250 Hz limit are folded back into the sampled spectrum and may
therefore negatively impact our measured signals. The placed hardware filter
is not intended to sharply isolate the beacon band. Instead, its purpose is to
attenuate the strongest out-of-band energy before it reaches the ADC, thereby
reducing the severity of aliasing. Because the filter is only first order and its
cut-off frequency lies above the Nyquist limit, attenuation around and above
250 Hz is relatively weak, and some aliased content can still enter the sampled
signal. The beacon modulation frequencies, however, lie well below the Nyquist
frequency and are therefore sampled faithfully.

However, even with hardware filtering, some noise remains within the 0-
250 Hz band that the 500 Hz sampling rate captures. We therefore filter each
collected window of samples in software, in five steps. The first two prepare
the window for the Fourier transform: subtracting the mean and applying a
Hamming window. The remaining three reduce the noise in the result: Welch
averaging, a median noise floor, and temporal smoothing.

First, we remove the steady ambient component from the signal. Ambi-
ent light introduces a constant offset in the measured intensity, and subtract-
ing this offset leaves only the fluctuating modulated signal for further pro-
cessing. Second, we multiply the sampled window by a Hamming window, a
smooth taper that suppresses the abrupt discontinuity at the window bound-
aries. Without this taper, the discontinuity would smear energy across the
spectrum as spectral leakage, a problem surveyed in detail by Harris [12]. Fig-
ure |5.3| shows both preprocessing steps on a sampled window, together with the
leakage suppressed by the Hamming window. The transform has a frequency
resolution of Af = f;/N. For an N = 256 point transform sampled at 500 Hz,
this gives about 1.95 Hz per bin, which is fine enough to separate beacons spaced
a few hertz apart.

Third, we reduce the variance of the spectrum estimate itself. A single FFT
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Figure 5.2: The signal pipeline on the real platform. Each photo-
diode channel passes through an analogue anti-aliasing filter before
sampling, then through the digital stages that recover the beacon:
mean subtraction, a Hamming window, the FFT, and Welch aver-
aging. The averaged spectrum yields both the peak at the beacon
frequency, smoothed over time into the signal S,, and the median
noise floor, from which the SNR used by the gate is formed.

gives a noisy estimate of each bin’s magnitude, and that noise raises occasional
bins in the floor, which lowers the reported SNR. Rather than read the peak
from one FFT, we average the magnitude spectra of several successive windows
that overlap by half their length. This averaging of overlapping windows is a
standard variance-reduction technique introduced by Welch [29]. For statist-
ically independent windows it would reduce the variance of the estimate by a
factor of Nave. The half-window overlap leaves successive windows correlated,
however, so the reduction is smaller, and with only N, = 2 windows it is
modest. The cost of averaging is latency: each averaged spectrum spans several
windows, so the reported signal responds more slowly to the drone’s motion.
We therefore keep N,v, small, accepting only marginal smoothing in exchange
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for a responsive reading. Figure [5.4] contrasts a single noisy spectrum with the
averaged one, in which the noise floor is visibly smoother while the beacon peak
is unchanged.

Synthetic data — not a real measurement

—— single window: noisy floor = eacon peak
1004 — averaged over 16 windows

103

102

FFT magnitude (log scale)

T T T
0 50 100 150 200 250
Frequency (Hz)

Figure 5.4: Welch averaging, on generated data. A single window gives
a jagged noise floor, so the magnitude of any one bin is an unreliable
estimate. Averaging the magnitude spectra of several windows re-
duces this scatter and leaves a smoother, more representative floor,
while the beacon peak is unaffected.

Fourth, we make the noise floor robust to spikes. The noise floor is the rep-
resentative magnitude of the spectrum away from the beacon, and it forms the
denominator of the SNR. A single loud disturbance, such as a motor harmonic
or a pickup at the mains frequency, appears as a tall spurious bin that would
inflate a mean-based floor and make every SNR smaller. We therefore estimate
the floor with the median of the off-target bins rather than their mean, because
the median is barely moved by a few extreme values. We compute it over all
spectrum bins except a guard band around the beacon’s frequency and its first
four harmonics, which we exclude so that the beacon’s own energy is not coun-
ted as noise. The median costs only a sort of the bins rather than a sum, an
expense that is negligible at this window size on the drone’s microcontroller.
Figure shows the difference the median makes: the interference spikes lift
a mean-based floor noticeably, while the median floor stays on the broadband
level the SNR should be measured against.

Finally, we smooth the per-channel magnitude over time, because the mag-
nitude still fluctuates from one frame to the next. We blend each channel’s
freshly measured magnitude S, with its previous smoothed value through a
first-order exponential moving average, an infinite-impulse-response (IIR) low-
pass filter that weights recent measurements most heavily while retaining a
fading memory of older ones [23],

Splk] = am Sk — 1] 4 (1 — o) Sn[k], (5.1)

where a,, € [0,1] sets how much of the previous value is retained. We apply the
same a,, to all eight channels, so that their relative magnitudes, which encode
the bearing to the beacon, are preserved while the jitter that vibration adds is
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suppressed. The factor trades responsiveness against smoothness: a larger a,,
gives a steadier but slower signal, a smaller one a faster but noisier signal, and
we use a,, = 0.5. Figure shows the effect of this filtering process, where
the smoothed signal is far steadier and lags only slightly where the true signal
jitters.

This IIR smoothing sits on top of the Welch averaging, and both introduce
some lag in the final magnitude S,, which also delays the rest of the system.
However, because we keep the drone’s flight speed slow and average only two
windows, the induced delay is small enough not to affect flight performance.

Synthetic data — not a real measurement
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Figure 5.5: Exponential moving average smoothing, on generated data,
as the true signal steps up when the drone nears the beacon. The
raw per-frame magnitude S, scatters widely, whereas the smoothed
magnitude S, is far steadier. The price is a short lag after the step,
which a larger «,, would lengthen.

The smoothing improves the magnitude our algorithms from Chapter [3] act
on, but it must not distort the SNR, for the validity-check used by our controller
from Chapter [3] This check decides, frame by frame, whether a reading can be
trusted, so its SNR must reflect the noise present at that moment. Dividing the
smoothed magnitude by an equally smoothed noise floor would make the SNR
lag a sudden rise in noise, and the controller could keep trusting a reading after
it has already become unreliable. We therefore reconstruct SNR each frame
as the smoothed magnitude S,, divided by the current-frame noise floor. The
numerator is then stable while the denominator tracks the noise present now,
which keeps the validity-check calibrated to current conditions. Appendix [A]
lists oy, Navg, the guard band, and the other pipeline parameters.

5.2 Filter Validation

We now test what each stage of the signal processing pipeline of the previous
section contributes in flight, and whether each is justified. We hold the drone
at a fixed position, 95 cm from a single 150 Hz beacon, so that the true signal
is constant and any variation recorded over time is the noise and jitter that
the filters are meant to remove. From each held run we take two numbers: the
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mean SNR, which reflects the signal level, and the standard deviation of the
SNR, which reflects its jitter.

We do tests with one stage of the pipeline at a time, starting with no filtering
and then adding the hardware filter, Welch averaging, the median floor, and
finally the magnitude smoothing. This allows the contribution of each filtering
stage to be analysed separately. We measure each configuration under two
conditions. In the first, the motors are off and the drone is held at a fixed
altitude. In the second, the drone hovers freely with the motors running, since
the spinning motors are the main source of vibration and electrical interference
that the filters target. The motors-off readings provide a clean reference, while
the motors-on readings show how the SNR drops once the drone begins flying
and motor-induced noise is introduced.

One limitation in this experiment is due to the high degree of freedom of the
drone. In free hover the drone drifts slightly, so the recorded SNR from the
motors-on experiment includes a small deviation from the changing pose rather
than from the environment noise alone, although unbiased drift leaves the mean
unaffected.

Table 5.1: Overall SNR, the maximum across the eight channels, at
the beacon’s 150 Hz modulation frequency as each stage is added to
the pipeline, with the drone held 95 cm from the beacon. Each cell
is the mean + standard deviation over a steady hold, pooled across
three repeats.

Configuration Motors off Motors on
No filtering 239+£39 139+21
+ Hardware 174+13 114428
+ Welch averaging 16.3£0.9 15.1+4.6
+ Median floor 7424192 319475

+ Magnitude EMA  76.6 £17.8 32.1+5.3

The result in Table [5.1] is dominated by the median noise floor stage. Intro-
ducing the hardware filter has a slight negative effect on the overall SNR. Welch
averaging raises the level only slightly. The median floor then greatly improves
the result, more than doubling the in-flight SNR from about 15 to 32 and more
than quadrupling the motors-off SNR from about 16 to 74. The reason lies in
the definition of the SNR as the peak divided by the noise floor: the median
ignores the occasional spike that would increase the mean-based floor, since a
mean is affected more by outliers. Because of this, the median-based floor is
much smaller than the mean-based floor, so dividing the same peak by it yields
a correspondingly larger SNR.

The magnitude smoothing filter increases the SNR value slightly but steadies
the reading, lowering the in-flight standard deviation from 7.5 to 5.3. The
standard deviation grows at the median-floor filter only because the SNR, values
themselves increase. This last stage therefore gives the highest SNR and the
lowest standard deviation of any configuration. Even with the full pipeline the
in-flight SNR of about 32 sits well below the motors-off ceiling of about 77,
which confirms that the spinning motors are the main disturbance the pipeline
must absorb.

Because the hardware filter initially has a negative effect on the SNR, we
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ran an additional experiment to justify its presence. We tested the full pipeline
once more but without the filter in place, reported in Table Removing the
filter drops the SNR from about 77 to 33 with the motors off, and from 32 to
22 in flight. This shows that the filter is not redundant. It has little effect
before the median floor stage is in place, but the two are complementary. The
hardware filter removes high-frequency energy, which keeps more noise out of
the noise floor; combined with the median floor stage, which lowers the floor
value further, this yields the highest SNR. Without the hardware filter, even
the median-based noise floor can be overwhelmed by noise from high-frequency
sources.

Table 5.2: Effect of the hardware anti-alias filter within the full soft-
ware pipeline, with and without the populated 500 Hz filter. Overall
SNR, mean + standard deviation.

Configuration Motors off Motors on
Full pipeline 76.6 +17.8 32.1+5.3
Full pipeline, no hardware filter 32.7+3.6 21.5+2.8

5.3 Effect of Ambient Lighting

The pipeline of the previous sections recovers the beacon’s signal against the
background noise, but another factor limits the signal’s resolution: the level
of ambient light in the room. Ambient light is not itself a dominant source of
noise, unlike the motors, electrical interference, and wall reflections. Instead,
it introduces a steady offset in the light intensity that each photodiode reads.
A photodiode has a limited output range, so a higher nominal value leaves a
smaller portion of the sensing range for the beacon’s modulation to occupy. The
received signal then can only swing less between its high and low states, less
energy reaches the beacon’s frequency bin, and the SNR drops. In a darkened
room this static baseline light intensity value is low, the modulation swings
freely, and the SNR rises. Figure illustrates the mechanism: a low baseline
leaves the full sensor range for the beacon’s swing, whereas a high baseline
pushes the reading toward the upper limit and clips the swing, so less of the
modulation survives to reach the beacon’s frequency bin.

To validate the influence of ambient light, we fly the same two-beacon traversal
twice from the same take-off point, once in the dark and once with the room
lights on. With the room lights on, the photodiodes read roughly 360 to 450 lux
when facing upward and 120 to 160 lux when facing sideways at flight altitude,
compared with 12 to 221ux and 2 to 22lux respectively in the dark. Figure[5.7]
shows the two flight paths over the light maps built by the drone, and Figure[5.8
shows the overall SNR in each flight, where we show the maximum SNR among
the eight channels for each timestamp. The dark flight maintains a higher
SNR throughout the experiment, reaching above 30 compared with about 20
when ambient light is present. This confirms the influence of ambient light: a
lower baseline intensity leaves more dynamic range for the beacon modulation,
allowing more signal energy to appear in the beacon’s frequency bin. Because
the drone steers itself, the two flights follow somewhat different paths, and we
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Figure 5.6: How a higher ambient baseline shrinks the beacon’s mod-
ulation, on generated data. The beacon switches the lamp on and
off, which should produce the same swing in both rooms. (a) In the
dark the low baseline leaves the whole range free, so the full swing
is captured. (b) Under room lighting the high baseline sits close to
the sensor’s upper limit, so the on-phase is clipped and the captured
swing is much smaller, which lowers the energy at the beacon’s fre-
quency and so the SNR.

fly only a single run per condition. These results therefore show the effect of
ambient light rather than provide a perfect comparison between a room with
ambient light and one without.
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Figure 5.7: Two-beacon traverse, with the beacons modulating at 150
and 170 Hz, flown in a darkened room and under full room lighting.
Each panel shows the flight path to each of the two beacons over the
light map the drone built, with cells coloured by the SNR recorded
there.
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Chapter 6

Multi-Beacon Experiments

One of the central aims of this thesis is to reach several modulated light beacons
in succession, which the systems proposed in Huang et al. [I5] do not provide.
We validate this extended system in two stages, each answering a separate ques-
tion. The first asks whether the photodiode array can distinguish two beacons
by their modulation frequencies. We test this with a stationary bench setup,
using a fixed test rig that does not fly and is therefore free from flight-induced
motion noise and motor noise. The second asks whether the complete fused con-
troller can guide the drone to multiple beacons in sequence. Testing the sensing
stage first in a stationary setting ensures that any failure observed in real flight
cannot be attributed to the system’s inability to separate the beacons.

6.1 Experimental Setup

In the first stage, the bench study uses the original Teensy 4.1 prototype from
Chapter [4 rather than the final sensing board, because the prototype is better
suited for a pure sensing test. It carries its own processor and is not constrained
by the size, weight, and power limits of the micro-drone, allowing it to sample
faster and log data continuously over longer sessions. Its sixteen photodiodes
sample at 1600 Hz, well above the flight board’s 500 Hz, so both beacon frequen-
cies remain well within the sampled band.

To map each beacon across space, we move the Teensy 4.1 board by hand
across a regular grid with 0.2 m spacing, covering an area of roughly 0.5m?, and
record one measurement at each grid cell. Moving the board by hand removes
the drone’s own motion and vibration from the experiment, so the recovered
fields reflect the sensing performance alone. This procedure also produces a
dense and repeatable static light-intensity map for each beacon, which we use
to evaluate how well the sensing pipeline separates and measures the beacon
signals.

Figure [6.1]shows the arrangement. Two lamps, modulated at 150 and 200 Hz,
stand at opposite ends of the experiment area. The room remains dark so only
the light from computer monitors at the back of the bench introduces minor
noise. The monitor runs at full brightness about a metre away and flickers at
144 Hz, an interferer we return to in Section

The second stage flies the full system on the Crazyflie 2.1, carrying the re-
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Figure 6.1: Static two-light bench setup on the original Teensy 4.1
prototype. Two lamps, marked by the blue and green arrows and
modulated at 150 and 200 Hz, stand at opposite ends of the area,
with the photodiode ring moved across it to map the signal. The
room is otherwise dark.
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designed eight-photodiode board described in Chapter [4f and running the fused
controller and state machine introduced in Chapter [3] Two beacons, now mod-
ulated at 150 and 170 Hz, are placed in an open room. The drone takes off from
a fixed origin and is given a mission that visits the light beacons in sequence.
Figure [6.2] shows the layout: the two lamps are placed a few metres ahead of
the take-off point, with one roughly straight ahead and the other to the left,
so reaching them in sequence requires the drone to make a substantial heading
change between targets. The figure provides an indicative reference for the room
arrangement rather than an exact measurement, so its distances should not be
interpreted as ground-truth values. We evaluate the system with two missions,
one traversing two target beacons and the other traversing three, to test the
platform under both short and long navigation sequences.

Light source
Takeoff / origin

p) 3
X (m) — forward

(a) The room, with the two beacons on tri- (b) Top-down geometry, beacons at 150 and
pods and the drone already airborne above 170 Hz and the take-off origin
its take-off point

Figure 6.2: Real-world flight setup for the multi-beacon traverses on
the CrazyFlie 2.1. The two beacons, modulated at 150 and 170 Hz,
stand a few metres from the take-off origin, one roughly ahead and
the other to the left. The top-down geometry is a reference to the
layout only, not an exact, measured match to the real room. In the
photograph the drone is already airborne, hovering just above its
take-off point between the origin and the right-hand beacon. The
photograph also still shows the obstacle box, which is not present
during these open-space traverses; the same room with the obstacle
in place is used only for the experiments of Chapter m.

6.2 Separating Beacons by Frequency

The multi-beacon scheme mentioned in Chapter |3| depends on the sensors on
the Teensy prototype measuring every beacon. A single frequency analysis of
a photodiode signal can then detect multiple beacons in parallel rather than
one at a time, and the controller can then select the current target beacon
by reading the peak magnitude at that beacon’s modulation frequency. We
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test this directly on the static bench. At each position, we record one sample
window and compute the SNR at both 150 and 200 Hz from the same data.
Figures|6.3(a)|and [6.3(b)|visualise each beacon’s SNR across the area. Switching
the controller’s attention from one beacon to another is then only a matter of
choosing which frequency magnitude to use. This choice is made in software
and adds no extra sensing cost, so we do not test it separately.

The result confirms that the two beacons are recovered independently and at
the same time. As the top row of Figure shows, each beacon’s SNR field
rises to a clear peak at its own lamp’s position. Because the two lamps stand at
opposite ends of the area, the two SNR maps peak in opposite corners, which
confirms that each reading belongs to its own beacon.

The bottom row of Figure [6.3| shows why the controller should navigate us-
ing SNR rather than raw signal magnitude. The magnitude fields are much
noisier than the SNR fields above them for two reasons. First, they include
gain differences across the sixteen photodiodes, since each sensor produces a
slightly different voltage response even under the same light exposure. Second,
they include stray 144 Hz light from the monitors, which lies only 6 Hz away
from the 150 Hz beacon. This is close enough for some of its energy to leak
into the 150 Hz beacon bin, creating a spurious response that can be mistaken
for the target beacon. Both effects explain why we use the frequency-domain
SNR rather than raw light intensity: gain differences distort the relative read-
ings across the array, while nearby interference adds signal where no beacon is
present.

The SNR fields stay clean despite the same two effects, because the SNR
divides a beacon’s peak by the local noise floor, the median magnitude of the
spectrum away from the beacon, as defined in Chapter Dividing by this
floor removes both the per-sensor gain differences and the monitor interference.
The gain differences cancel because a sensor’s gain scales its peak and its noise
floor by the same factor, so their ratio is independent of the gain. The monitor
interference is suppressed because it lifts the noise floor and the beacon’s peak
together, so dividing one by the other cancels most of its effect. This is the same
reasoning that motivated the SNR pipeline of Chapter|[f] seen here directly in the
data. The 150 Hz SNR field still carries a faint trace of the monitor interference,
but far less than the magnitude field, and well within what the controller’s SNR
gate tolerates.

The frequency separation demonstrated here is not specific to the prototype.
The flight board reproduces it with only eight photodiodes at 500 Hz, using
the different pair of 150 and 170 Hz, as the traverses of the next section show.
The frequencies themselves are a free choice. The only requirement is that no
beacon’s modulation frequency coincides with a harmonic of another, since a
square-wave beacon also carries energy at its harmonics, as Chapter [3] explains.

6.3 Sequential Multi-Target Traverse

With the sensing confirmed, we turn to the complete system and ask whether
the drone visits several beacons in succession in real flight. Sequencing the
beacons is the task of the state machine of Chapter It runs its searching,
aligning, approaching, and dwelling phases once per beacon, and advances to
the next beacon on arrival. Arrival is registered when the overall SNR rises
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Figure 6.3: Two beacons recovered simultaneously from a single re-
cording at each cell of a swept area on the original Teensy prototype.
The columns are the two beacons, the top row is SNR and the bot-
tom row the raw FFT magnitude, each taken as the maximum across
the sixteen sensors. In every panel the filled green star marks the
beacon at that panel’s frequency, the open star the other beacon,
and the dots the measured cells. Each beacon’s SNR field rises to a
clear peak at its own light, while the magnitude is noisier, carrying
per-sensor gain differences and stray 144 Hz monitor light that the
SNR removes by normalising against the local noise floor.
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above an arrival threshold, reached only close to a beacon. We set this threshold
once for the test environment, tuning it so the arrival condition triggers only
near a beacon, and then hold it constant across these flights. We fly the two
missions described above on the CrazyFlie, with the beacons modulated at 150
and 170 Hz, and record both the drone’s path and the controller’s internal state
throughout. Each mission is a single demonstration flight, so these results show
that the traversal works rather than measuring how often it succeeds over many
trials, which we leave to future work.

Figure [6.4] shows the two-waypoint flight. The upper panel plots the path,
which reaches the first beacon and then the second. Each beacon’s path is drawn
over the light map the drone builds for that beacon as it flies, whose cells hold
the SNR measured there. The map is rebuilt from scratch for each target, as
Chapter [3| describes, so that the position drift accumulated while approaching
one beacon is discarded with its map rather than carried into the next. This
is why each panel shows only the cells gathered on the way to its own beacon.
The lower panel tracks the controller’s state and the active waypoint over time.
The state steps through searching, aligning, approaching, and dwelling, and the
waypoint index advances by one each time the drone arrives and dwells. The
overall SNR, taken as the maximum across the eight channels as in Chapter
climbs as the drone closes on each beacon and drops back at each handover,
when the drone turns toward a target it is still far from. Together these confirm
that the controller sequences cleanly from one beacon to the next.

The three-waypoint flight in Figure [6.5] extends the mission to a longer se-
quence. With only two physical beacons available, the third waypoint sends the
drone back to the first beacon, the 150 Hz lamp, so the mission runs 150 Hz,
then 170 Hz, then 150 Hz again. This longer run also exposes an implementa-
tion defect in the current state machine. The drone sequences correctly through
the first two waypoints, the state machine running its full cycle for each and
the waypoint index advancing as before. On the final waypoint it approaches
the 150 Hz beacon and the overall SNR climbs to about 39, comfortably above
the arrival threshold, so the drone does reach it. The state machine, however,
fails to latch the arrival. The state trace stays in the approaching phase even
as the SNR passes the threshold, which we attribute to a timing error in the
transition logic. The drone therefore keeps flying instead of stopping. It drifts
out of the beacon’s narrow light cone, and the SNR collapses into a region where
the beacon is no longer in view. The defect lies in the arrival logic, not in the
navigation approach: the sequencing is sound for the bulk of the mission, and
correcting it is left to future work.
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Figure 6.4: Two-waypoint traverse on the CrazyFlie 2.1, with the two
beacons modulated at 150 and 170 Hz. The drone reaches each beacon
in succession over the light map it builds for that beacon, while the
state machine steps through its phases and advances the waypoint
index on each arrival.
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Figure 6.5: Three-waypoint traverse on the CrazyFlie 2.1, extending
the sequencing to a longer mission whose third waypoint returns to
the 150 Hz beacon. The drone steps correctly through the first two
waypoints. On the third it reaches the beacon and the SNR climbs
above the arrival threshold, but a timing error in the state machine
prevents it from latching the arrival5,850 it overshoots, drifts out of the
light cone, and the SNR collapses rather than settling into dwelling.



Chapter 7

Obstacle Experiments

This chapter tests the central task of the thesis, autonomous drone naviga-
tion towards a light beacon when an obstacle blocks the direct path. We first
inspect the light field in a real room and show that the obstacle creates measur-
able differences in the received light signal, leaving a shadowed region that the
controller can exploit for navigation. We then evaluate the fused controller in
simulation and show that it can avoid the obstacle using only the light signal
first. Next, we fly the same obstacle-avoidance mission on the Crazyflie in the
real world. Finally, we report how the same sensing board and controller behave
when transferred from the quadrotor platform to a blimp-like drone.

7.1 Experimental Setup

We study the obstacle task in two stages, each isolating a different source of
difficulty. We first repeat the simulation from Chapter |3 using the same scene
in which the bearing-only and gradient-only baselines failed, and show that the
fused controller succeeds where they did not. We then move to the real room,
flying the Crazyflie 2.1 with the photodiode board from Chapter [4] and the full
signal pipeline from Chapter [5 to confirm that the controller remains effective
under real-flight conditions. In both stages, the obstacle is placed between the
drone’s start position and the beacon. We deliberately place the box slightly
to one side of the direct line of sight of the beacon, rather than fully centred
in it. A box placed directly in the middle of the line of sight would hide the
beacon along the main light path, leaving the drone with little useful signal at
the start and turning the experiment into a blind search. By shifting the box
to one side, the obstacle occludes the beacon over only part of the path while
leaving a route that the drone can still discover from the light field. This setup
is therefore a more meaningful and realistic obstacle-avoidance test. The offset
remains small enough that the drone is still initially drawn toward the light,
but must detect the obstacle’s effect on the light field before colliding with it.
The simulated scene is the one already shown in Section [3.1] with the beacon,
the obstacle pillar, and the drone approaching from one side, so we do not repeat
it here. Figure shows the real-room geometry. The room carries the same
two beacons as the open-space traverses of Chapter [6] and each obstacle flight
targets one of them. The photograph in Section shows the same box already
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in place. As with the open-space setup of Chapter [6] the top-down geometry of
Figure[7.1]is an indicative reference to the room’s layout rather than a guide on
the exact placement of the items in the setup.

* Light source
+ Takeoff / origin

Obstacle

1 p) 3
X (m) — forward

Figure 7.1: Top-down geometry of the real-room obstacle experiment.
The room carries the same two beacons as the traverses of Chapter [6}
each obstacle flight targets one of them, with the obstacle set into the
route toward it and a little to one side. The layout is indicative rather
than a precise survey of the room.

7.2 SNR Field Mapping

The fused controller relies on the light map when the obstacle occludes the
beacon, so before flying the obstacle mission, we first verify that the real-room
SNR field behaves as the design assumes. Two properties must hold. First, the
light signal must increase toward the beacon, so that a gradient exists for the
drone to climb. Second, the obstacle must leave a recognisable mark in the field.
We check both properties by directly surveying the light field with a predefined
flight path through a set of fixed points, rather than inferring the field from a
navigation run.

We map the field with a survey flight that covers the area in a regular back-
and-forth raster, or lawnmower pattern. The drone holds a fixed altitude of
0.8 metres, the same height used during navigation flights, so the survey samples
the field through which the controller actually flies. It moves at a slow, steady
speed of about 0.2 metres per second while logging the SNR at each photodiode.
The map records the data in an area of about 4.5m?, which is divided into
5 cm? cells, producing a field map much denser than any single navigation flight
requires. This gives four field maps in total: the two beacons, modulated at 150
and 170 Hz, each mapped once with the obstacle in place and once without it.

These maps serve as a reference, not as a metric survey of the room. The
drone’s own odometry localises their positions, and that odometry drifts over
the course of the flight and depends strongly on the drone’s starting angle.
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Even a small initial heading error will shift where the whole surveyed area
lands, so the four maps cannot be laid directly on top of one another, and the
distances within any one of them are not a true measurement of the room’s
geometry. What they do show, reliably, is how the SNR field behaves relative
to the beacon. Showing the field relative to the beacon is all we need, because
the controller acts on a heading rather than an absolute beacon position. The
navigation algorithm of Chapter [3]is built around this heading-based principle,
so the odometry drift that makes the maps unsuitable as a metric survey does
not impair the navigation itself.

Without the obstacle, the SNR field rises smoothly toward the beacon. As
the obstacle-free panels in Figures [7.2(a)| and [7.3(a)| show, each beacon field
increases from the far side of the room to a clear peak near the corresponding
beacon. This confirms that the real-room light field provides the gradient signal
required by the controller.

Placing the obstacle creates a region of low SNR behind it, as the with-
obstacle panels of Figures [7.2(b)| and [7.3(b)| show. Where the box stands
between the survey and the beacon, the modulated signal can no longer reach
the photodiodes directly, so the recovered SNR drops and leaves a shadow in
the field. This shadow is precisely the region in which the bearing becomes un-
reliable and the drone must navigate on the stored map instead, the situation
the recovering phase of Chapter [3 handles.

In these survey maps we draw the obstacle larger than the real box used in
the rest of the experiments. The true size of the box is as shown in Section [7.1
and is the same as in the experiments of Section We enlarge the box in
code because we want to guard against the drift in odometry of the drone. This
larger virtual box will make sure that the drone avoids the real box even when
its odometry has drifted.
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Figure 7.2: SNR field of the real room for the 150 Hz beacon, surveyed
on a dense raster at a fixed altitude: Figure is without the
obstacle and Figure with it. Each panel shows the raw per-
cell mean alongside a smoothed version, with the flight path overlaid.
Without the obstacle the field rises smoothly to a peak at the beacon;
with the obstacle a low-SNR shadow opens behind the box. The col-
our encodes SNR, scaled independently in each panel between its own
minimum and maximum, so it shows the shape of the field rather than
absolute values comparable between panels. Positions are localised
from odometry and serve as a reference, not a metric survey.
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Figure 7.3: SNR field of the real room for the 170 Hz beacon, in the
same format as Figure Figure [7.3(a)| is without the obstacle and
Figure with it. The field again rises to a peak near the beacon
and shows the obstacle’s shadow, with the colour again encoding SNR
scaled independently per panel. A slight dip also appears near the
150 Hz beacon, which we tentatively attribute to that beacon sat-
urating the photodiodes and lowering the recovered SNR across all
frequencies.
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7.3 Obstacle Avoidance

7.3.1 Simulation

After verifying that the surveyed SNR field contains the light-gradient structure
required by the controller, we test the avoidance task itself. We first evaluate
the fused controller in simulation, using the same scene from Chapter [3] where
a pillar blocks the direct line of sight between the drone and the light source.
As shown in Figure the proposed controller succeeds in the same scenario
where the bearing-only and gradient-only baselines failed in Section The
controller begins with the bearing estimate alone, because the recorded light
map is still too sparse at the start to support a reliable gradient. Once the
map has enough spatial coverage and the gradient estimate becomes reliable,
the controller blends the gradient with the bearing estimate and steers the
drone using the combined direction. This blended heading naturally curves the
trajectory around the pillar, allowing the drone to avoid the obstacle and reach
the beacon without stopping to search again when the direct light signal becomes
weak. Importantly, this avoidance behaviour does not come from the drone
falling back to the searching state and following a predefined search pattern.
The drone remains in the approaching state, while the gradient information
actively pulls it away from the pillar. This simulation therefore validates that
the fused controller can avoid the obstacle and reach the target safely in a case
where both baseline controllers fail.

Blimp 2D trajectory (top view)
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Figure 7.4: In simulation, the fused controller routes around the
obstacle and reaches the beacon on the blended bearing-and-gradient
heading, where the bearing-only and gradient-only controllers fail in

Section
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7.3.2 Real-World Flight

However, success in simulation does not guarantee success in the real world,
because real flight introduces light signal disturbances that the simulation does
not model: ambient light, electrical and motor noise in the photodiode signals,
and drift in the drone’s odometry. Each of these disturbances can degrade
the bearing estimate and the light map on which the controller depends. We
therefore fly the obstacle mission on the Crazyflie to confirm that the avoidance
behaviour demonstrated in simulation also holds during real-world flight. The
drone takes off from the origin and heads toward a single beacon, with the box
placed slightly to one side of the straight-line path between the drone and the
beacon.

We run the experiment multiple times, but present only two representative
runs in which the drone passes close enough to the obstacle to demonstrate
the avoidance mechanism. Although the drone reaches the beacon in all runs,
many trajectories stay well away from the box, so the obstacle does not signi-
ficantly affect the flight. The two runs shown here are selected because they
bring the drone near the obstacle and therefore expose the controller to the
avoidance condition. They also illustrate two different ways in which the con-
troller responds to the obstacle. In both selected flights, the drone reaches the
beacon by steering around the box rather than colliding with it, and the con-
troller correctly registers arrival before entering the dwelling state. Because we
do not conduct a controlled repeatability trial, these runs demonstrate that the
avoidance behaviour is feasible, but we do not quantify the success rate in this
evaluation.

We first examine the flight in Figure[7.5] which shows how the controller uses
the stored light map when the direct beacon signal becomes unreliable. The
upper panel plots the trajectory from the origin as the drone steers past the
box, drawn over the light map built during flight, where each cell stores the
measured SNR. The lower panel tracks the controller state and the overall SNR
over time.

During the flight, the state machine of Chapter [3] progresses through search-
ing, aligning, and approaching. As the drone moves behind the obstacle, the
beacon becomes occluded and the overall SNR drops sharply, so the magnitude
of the bearing estimate falls below its trust threshold and the bearing no longer
provides a usable heading. Unlike in simulation, the real flight therefore loses
the bearing for a short stretch as the drone passes behind the obstacle.

This is exactly the situation a bearing-only controller cannot handle: without
memory of the light field, the sudden drop in SNR would leave it with no con-
fident direction to follow. The stored map provides that direction. Because the
gradient fitted to the map still satisfies its reliability conditions, the controller
enters recovering and follows the gradient estimate alone, climbing the stored
light field to move out of the obstacle’s shadow. Once the bearing’s confidence
rises back above its trust threshold, the controller returns to approaching, moves
directly towards the beacon, and enters dwelling.

The second flight reaches the beacon without entering the recovering state,
representing the other operating scenario. The difference between the two flights
comes from where the drone passes relative to the box’s shadow, not from any
change in the controller. The first path passes through a deeper part of the
shadow, where the beacon is occluded and the bearing estimate becomes unreli-
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Figure 7.5: Real-world obstacle flight on the CrazyFlie 2.1. The drone
steers around the box to reach the beacon; as it rounds the obstacle
the SNR falls and the bearing becomes unreliable, so the state ma-
chine enters the recovering phase and follows the gradient map alone
until the signal comes back.



able, whereas the second path skirts the shadow’s edge. In the second flight, the
drone therefore keeps a usable bearing throughout the approach, so the control-
ler remains in the approaching state and never needs to rely on the map alone.
The blended bearing-and-gradient heading is sufficient to curve the trajectory
around the obstacle, as Figure [7.6] shows. Together, the two flights show that
the controller uses the light map only when the direct light signal drops signi-
ficantly: it recovers using the gradient when the bearing falls below its trust
threshold, and otherwise avoids the obstacle using the fused heading while the
bearing remains valid.

7.4 Generalisation to a Blimp Platform

Our validation spans both the Webots simulation and the Crazyflie 2.1, but the
contribution is not intended to be tied to a single platform. We therefore also
demonstrate that the sensing system can be deployed on a different airframe.
This validation is carried out in collaboration with Huang et al. [I5], who de-
veloped the lighter-than-air blimp and the Webots simulation used in this thesis.
The blimp is a closely related micro-drone platform, supported by a helium bal-
loon and driven by a different motor layout. We mount the same light-sensing
board and run the same controller proposed in this thesis on their blimp plat-
form, and confirm that it can reach several modulated beacons in sequence and
avoid obstacles, as it does on the Crazyflie quadrotor. The same board and
algorithm therefore operate across two different airframes, demonstrating that
the method proposed in this thesis depends primarily on the light-sensing and
control strategy rather than on the specific drone platform.

However, we observe a substantial difference in sensing performance between
the blimp and the Crazyflie: the blimp flights achieve a higher SNR than the
Crazyflie flights. Since the same photodiode board is mounted in the same po-
sition on both airframes, this difference is likely caused by the drone platform
rather than the sensor itself. The helium balloon keeps the blimp aloft, so its
motors run only when the platform moves and consume much less power. In con-
trast, the Crazyflie must drive its motors continuously to remain airborne. The
following section examines how this platform difference affects the performance
of the sensing board.

7.4.1 Motor Noise on the CrazyFlie

One major difference between the blimp and the Crazyflie is how their motors
are used. To remain airborne, the Crazyflie must drive all four motors at a high
duty cycle, whereas the blimp platform from the work by Huang et al. [I5] relies
on buoyancy and uses its motors only lightly. This suggests that the motors
are likely the main source of the sensing degradation, so we measure their effect
directly. We hold the board at a fixed pose and record the SNR while running an
increasing number of motors, both with and without the hardware anti-aliasing
filter. Table[7.1)and Figure[7.7show the results. The SNR falls steadily as more
motors spin. With the hardware filter in place, it drops from about 61 with all
motors off to about 25 at full throttle, confirming that motor operation is the
dominant disturbance.
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Figure 7.6: A second real-world obstacle flight in which the drone keeps
a usable bearing throughout, so the controller stays in its approaching
phase and steers around the box on the blended heading without ever
entering the recovering phase.



A motor introduces noise into the board in two ways. First, it draws cur-
rent, which can create electrical interference. Second, it mechanically shakes
the board through motor vibration. To separate these two effects, we repeat
the four-motor case with the motors moved onto extension wires, which mech-
anically isolates the motors from the board while keeping them electrically con-
nected. With the filter in place, this setup recovers about half of the lost SNR,
increasing it from about 25 to about 43. This result shows that mechanical vi-
bration and electrical interference both contribute substantially to the sensing
degradation. The mechanical component is especially important for the Crazy-
flie because the airframe that transmits motor vibration is also the structure
that provides lift. As a result, the sensing board cannot be fully isolated from
motor vibration without changing the drone’s mechanical design.

The motors are therefore the main reason the CrazyFlie records a lower SNR
than the blimp: because the blimp drives its motors far less, it avoids most of
the SNR loss they cause. Motor noise is also hard to exclude since at different
duty cycles the motors will introduce different frequencies of noise. Additionally,
the mechanical vibrations they cause are hard to avoid, since the motors need a
mechanical connection to the drone to even be able to apply the forces to move
the drone. We leave both issues for future work to investigate and solve.

Table 7.1: Overall SNR on the CrazyFlie at a fixed pose while running
an increasing number of its motors, with the hardware anti-alias fil-
ter left unpopulated and with it soldered. Each cell is the mean +
standard deviation. The last row repeats the four-motor case with
the motors moved onto extension wires, mechanically isolating them
from the board.

Configuration No HW filter HW filter
0 motors 26.7+ 1.8 60.6 = 16.3
1 motor 242+ 1.8 49.2 +£10.9
2 motors 232+ 1.7 46.0 £9.0
3 motors 18.0 £2.3 28.7+ 3.2
4 motors 16.7+2.2 24.8 +2.6

4 motors, extension wires 1934+ 1.5 43.14+7.3
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Figure 7.7: Overall SNR on the CrazyFlie at a fixed pose. The left
panel shows the SNR as the number of spinning motors increases, for
the board with the hardware anti-alias filter left unpopulated (bare
pads) and with it soldered; the SNR falls as more motors spin. The
right panel is the vibration-isolation test at four motors. Here BA
denotes the bare board with no hardware filter and HW the board
with the hardware filter soldered. For each, the solid bars are the
close-mounted motors and the hatched bars the same motors moved
onto extension wires, which isolates their vibration from the board
while leaving them electrically connected.
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Chapter 8

Conclusions and Future
Work

In this thesis, we ask a central question for autonomous drone deployment:
how can autonomous navigation be provided on a weight-, size-, and power-
constrained micro-drone with minimal changes to the environment? We ad-
dress this question with a visible-light navigation system that uses lightweight
on-board light sensing to guide the drone toward modulated light beacons, re-
quiring only minimal modification to existing lighting infrastructure. To make
the system robust in cluttered indoor environments, we extend it so the drone
can visit several beacons in succession and reach a beacon whose direct light an
obstacle partly blocks.

The work builds on the light-guided navigation system proposed by Huang et
al. [15], especially their bearing-angle estimation and gradient-based light-source
seeking algorithms. The bearing estimate provides an immediate direction to-
ward a visible beacon, but it keeps no memory of the space the drone has
already observed. The gradient method, in contrast, can follow changes in the
light field, but it is slower because it must infer direction from measurements
gathered during motion. These methods are insufficient for the more realistic
missions considered in this thesis. They do not by themselves provide robust
sequencing across multiple beacons. A bearing-only controller can also fail when
an obstacle weakens or blocks the direct light signal, even though the bearing
is the most efficient method in open-space source seeking.

This thesis set out to overcome these limitations within the constraints of a
micro-drone. Meeting its two goals required solving four challenges, which follow
from the three research questions of Chapter Table maps the research
questions onto these challenges and goals. The following paragraphs discuss
each challenge and how this thesis addresses it.

The first challenge is whether the sensing is feasible at all. We find that it is
not the limiting factor. The custom board of Chapter [4] provides eight-direction
light sensing for under half of the drone’s payload budget. It carries no processor
of its own and adds no functionality the drone does not need. Useful directional
light sensing is therefore well within the reach of a micro-drone. The difficulty
lies in the navigation, not in the sensor.

The second challenge is to recover a trustworthy beacon signal in flight.
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Table 8.1: How the three research questions of Chapter |1l map onto the
four challenges solved in this thesis and the two navigation goals they
enable. The first research question concerns feasibility and underpins
both goals; the second and third are the goals themselves, each resting
on one further challenge.

Research question Challenge Goal

RQ1l: Can the drone Challenge 1: Fit the light Foundation for RQ2
carry the light sensing sensing within the drone’s and RQ3

on board and recover a budget.

reliable beacon signal in Challenge 2: Recover a reli-

flight? able beacon signal in flight.

RQ2: Can it navigate to Challenge 3: Distinguish Goal 1: Visit sev-
several beacons in suc- beacons by modulation fre- eral beacons in se-
cession? quency. quence

RQ3: Can it navig- Challenge 4: Build a spatial Goal 2: Reach a
ate around an obstacle memory of the light field. beacon despite an
blocking the beacon? obstacle

Chapter [f] develops the signal pipeline that does this. The decisive factor is
how the pipeline estimates the noise floor. Using a median rather than a mean
more than doubles the in-flight signal-to-noise ratio, from about 15 to about
32. The hardware anti-alias filter matters too, but only in combination. On its
own it barely changes the ratio, yet removing it from the full pipeline lowers
the in-flight ratio from about 32 to 22. Recovering the signal in flight therefore
depends less on the measurement itself than on rejecting the noise around it.

The third challenge supports the first goal: distinguishing several beacons. We
modulate each beacon at its own frequency, so a single recording carries every
beacon as a separate peak, and the controller chooses its target by frequency.
With this, the drone reaches several beacons in succession in real flight, as
Chapter [6] demonstrates. The first goal is therefore met.

The fourth challenge supports the second goal, which is the central problem
of the thesis: reaching a beacon when an obstacle blocks the direct path. The
enabling idea is spatial memory. The fused controller of Chapter [3]builds a map
of the light field as it flies and estimates a gradient from it. The drone therefore
retains a direction to follow even when the beacon is hidden. The contrast with
the prior methods is sharp. As Chapter [7]shows, the bearing-only controller flies
straight into the obstacle, and the single-photodiode gradient stalls against it.
Both fail immediately. The fused controller instead detects when the beacon is
occluded and curves around the obstacle without stopping, reaching the beacon
in both simulation and real flight. The two real flights show this in two regimes.
In the first, the bearing is lost behind the obstacle, and the drone navigates on
the stored map alone. In the second, the blended heading alone is enough to
round the obstacle, without ever falling back on the map. The second goal is
therefore met: the drone keeps its efficiency while avoiding the obstacle, rather
than crashing in a cluttered environment.

Underpinning both goals is the fused controller, the core technical contribu-
tion of this thesis. It adds a spatial memory of the light field to the bearing
and gradient primitives of Huang et al. [I5]. At each moment it decides which
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of the two estimates to trust.

Taken together, the four challenges are solved, and the two goals with them,
in both simulation and real flight. Huang et al. [I5] reached a single beacon
in open space. This thesis reaches several in succession and routes around an
obstacle that hides one, using only the lamps already in the room.

The result is not limited to one airframe. In a collaboration with Huang et al.,
whose blimp and simulator this work builds on, the same board and controller
also navigate on their blimp. The navigation therefore depends on the light
sensing, not on the platform.

Light-guided navigation thus moves a step closer to a practical, low-infrastructure
positioning method for the smallest indoor drones.

8.1 Future Work

Some limitations remain in the current system, and each points to a concrete
direction for future work, so we treat the two together. We group them into
improvements to the sensing hardware, extensions to the navigation method,
and a broader characterisation and robustness study.

8.1.1 Improving the Sensing Hardware

The most immediate limitation is the system’s operating range, which the photo-
diode sensing circuit bounds at both ends. When the drone is far from a beacon,
the modulated signal becomes weak relative to steady background light. The
SNR then falls below the level needed for reliable navigation, as measured in
Chapter When the drone is very close to the beacon, the photodiodes in-
stead approach saturation and the recovered signal flattens. The dip seen near
a strong beacon in Section suggests this upper bound. The usable region
therefore lies between these two limits. This limitation comes from the current
circuit, not from visible-light navigation itself, and a redesigned front end could
widen the range at both ends.

A transimpedance amplifier with adjustable or switched gain would let the
front end follow the signal as the drone moves. Near a beacon, where the pho-
todiodes now saturate, it would back off; far from it, where the signal is weak,
it would amplify, widening the clean band at both ends. Higher-order band-
pass filters tuned to the beacon band would help further, passing the modula-
tion more selectively and rejecting the ambient light that otherwise reduces the
sensor’s usable range, the effect measured in Section [5.3

The motor-noise measurements of Chapter [7} reported in Section show
the CrazyFlie’s motors are the main cost of flight, and that vibration and elec-
trical interference contribute in roughly equal measure. This opens a clear hard-
ware direction. Soft-mounting the board or the motors to damp the vibration
should recover the mechanical half of the loss, while better shielding and supply
filtering would address the electrical half. The same measurements explain why
the blimp records a higher SNR than the CrazyFlie: as Section [7.4] shows, the
blimp runs its motors far less. A controlled side-by-side flight of the two carry-
ing the same board would then measure how much of that gap soft-mounting
and shielding can close.
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Photodiode geometry is a further direction, and it is also what restricts the
system to fixed-altitude flight. The photodiodes sit in a horizontal ring, as
shown in Section [£:4] The bearing therefore only resolves direction within that
plane, and the array responds weakly to light from above or below it. The
ring was chosen deliberately, to reduce the overhead ambient light entering the
sensors. A more spherical arrangement would let the system sense the vertical
directions too. It would admit more ambient light in exchange, which a more
capable sensing circuit could manage.

Covering elevation carries a hardware cost. A single ring uses N photodiodes,
with N = 8 in Chapter @l Covering the upper hemisphere at the same angular
spacing would need several such rings stacked over elevation, so the sensor count
grows roughly with the square of the per-ring count. Full spherical coverage is
not required in practice, since the drone need not sense light from directly below.
This keeps the count well under that worst case.

The same redesign would also support faster, more agile flight. During ag-
gressive manoeuvres the drone tilts, changing where each photodiode points. In
this thesis we keep the flight gentle and near-level, so that the horizontal-plane
bearing of Section [2.4.1]stays valid. Future work could instead measure the tilt
and correct the bearing error that more aggressive motion introduces.

8.1.2 Extending the Navigation

The controller currently acts only in the horizontal plane, since the algorithms
of Chapter [3| use a two-dimensional light map indexed by the drone’s horizontal
position. Lifting the navigation into three dimensions would let the drone seek
beacons above or below its flight height. The algorithmic extension is relatively
direct. The light map of Section[3.4 would store intensity over a volume, indexed
by horizontal position and altitude rather than over a flat grid. This raises it
from an O(G?) grid to an O(G®) volume for G cells per axis. The gradient
estimator of Section would simply add a third coordinate. This increases
computation, but not prohibitively. The harder part is sensing: the extension
needs light variation along the elevation axis, which the horizontal photodiode
ring cannot provide. For this reason, three-dimensional navigation should be
developed together with the photodiode-board redesign above, since elevation
sensing cannot come from software alone.

Future work should also test the controller in more diverse obstacle settings
than the single box used in Chapter [} Real deployments may contain pillars,
tables, shelves, walls, or other objects that block and reshape the light field
in different ways. Multiple obstacles, narrow corridors, and concave layouts
could each stress the map-based recovery mechanism of Section by creating
shadows, detours, or local maxima that the stored gradient may not escape.
Evaluating these cases would clarify when the current recovery strategy is suf-
ficient and when additional planning or obstacle awareness is needed.

A further direction is to relax the static-environment assumption. All ex-
periments in this thesis keep the beacons and obstacles fixed while the drone
navigates. The map is rebuilt from scratch for each beacon, as Section de-
scribes. A change between one beacon and the next is therefore absorbed when
the map is reset. The harder case is a beacon or obstacle that moves during
a single approach, once the drone has already mapped part of the light field.
The affected cells then hold stale values, and the controller may follow an out-
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dated gradient until it remaps the region. Handling this robustly would let the
controller detect that a stored cell no longer matches the field and refresh it on
the fly, rather than relying on the per-beacon reset alone. Evaluating the con-
troller under such dynamic conditions would clarify when the approach remains
effective.

Another direction is to refine how the controller fuses the bearing and gradi-
ent estimates. The current controller uses fixed, equal weights whenever both
estimates are valid, as defined by the fusion rule in Equation[3.5] When only one
estimate remains valid, the state machine mentioned in Section [3.7] switches to
only using that estimate. Our design is simple, but it treats each input as either
trusted or ignored, even though both estimates already carry information about
their reliability. A more flexible approach would be for the controller to adjust
the bearing and gradient weights, wp and wg, according to their confidence.
The bearing confidence could come from the summed photodiode magnitude
used as the validity score in Section |3.3] while the gradient confidence could
come from the R? value of the plane fit in Equation With this design, the
drone would rely more on the bearing when the beacon is clearly visible and
more on the gradient when the bearing weakens inside an obstacle shadow, while
still allowing both estimates to contribute to the final heading. Such confidence-
weighted fusion would make the transition between the two estimators smoother
than the current hard-threshold hand-off.

8.1.3 Characterisation and Robustness

The real-world results in this thesis are demonstrations rather than a measure of
reliability. We flew more missions than the few shown in Chapters[6] and [7} and
the drone reached its beacon on most of them, but we did not run a controlled
repeatability study. This matters for deployment: a system trusted to navigate
on its own must be characterised by how often it succeeds, not only by whether
it can. Quantifying that success rate across varied conditions is the broad goal
of the study below.

The controller contains several tunable parameters, listed in Appendix [A]
Their values are currently selected empirically for the experiments in this thesis,
so future work should quantify how sensitive navigation performance is to each
setting. A formal ablation study would address this by repeating the same
missions under fixed conditions while varying one parameter at a time and
keeping the others unchanged. This study would also provide the controlled
evaluation the present demonstrations lack. By measuring success rate, path
length, travel time, and recovery behaviour under each parameter setting, such
an ablation study would replace the current hand-tuned values with practical
tuning guidelines for deploying the system in new environments.

The arrival condition deserves closer attention before real deployment. In the
current state machine, described in Section the controller registers arrival
using a single SNR threshold. The three-waypoint flight in Section shows
the weakness of this design: although the SNR rises above the threshold near
the final beacon, the state machine does not reliably latch the arrival event, and
the drone continues flying. A more robust arrival mechanism should therefore
avoid relying on an instantaneous SNR value alone. For example, the controller
could require the SNR to stay above the threshold for several consecutive frames
before confirming arrival, or estimate the drone’s position relative to the target
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beacon. This would make beacon handover more reliable in longer missions.
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Appendix A

Controller Parameters

This appendix lists the parameter values used by the fused navigation controller
of Chapter [3] and by the real-world signal pipeline of Chapter [5| The symbols
match those introduced in those chapters.
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Parameter Symbol Value

Bearing

Minimum signal strength to trust a bearing — 5
Bearing smoothing factor I3 0.7
Frames a lost bearing is held before dropping — 3

Light map and gradient

Grid cell size r 0.05m
Cell smoothing factor Q@ 0.5
Neighbourhood radius Amin, Admax ~ 0.05,3.0m
Weight regulariser € 0.01
Minimum cells for a gradient — 7
Minimum weighted R? — 0.5
Minimum gradient magnitude — 0.5
Fusion

Bearing weight wp 0.5
Gradient weight wa 0.5
State machine and flight

Alignment tolerance — 15°
Re-alignment threshold — 30°
Arrival signal strength, tuned per flight — 25-32.5
Search yaw rate — 30°/s
Cruising forward speed — 0.20m/s
Maximum forward speed — 0.30m/s
Flight altitude — 0.8m
Dwell time per beacon — 1.0s
Signal pipeline (Chapter@

Hardware low-pass cut-off fe 500 Hz
Sample rate fs 500 Hz
FFT size N 256
Frequency resolution Af 1.95Hz
Window overlap — 50 %
Frames averaged Nave 2

Peak search half-window — 1bin (~2Hz)
Noise guard band — 10 bins
Harmonics excluded — 4
Magnitude smoothing factor Qm, 0.5

Table A.1: Parameter values used by the fused navigation controller.
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