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Introduction

Recent technical advancements in the field of robotics have allowed many new applications that
before were unimaginable. Robots are now able to successfully replace human operators for risky and
hazardous tasks, such as nuclear and biohazard discovery, mine exploration, planetary exploration or
military operations. Robotic automation can also become extremely useful for repetitive tasks such
as food sorting, assembly-line operation or warehouse inventory. These different applications can be
included in the three D’s where robots outperform humans: dull, dangerous and dirty tasks [49].

Despite all this development, current robots are still far from perfect and have plenty of limitations.
Limited area coverage for mobile robots, limited weight capabilities for weight carrying robots or limited
sensor accuracy for mapping robots are just some examples. One way to deal with such limitations is to
design better robots to perform grander tasks. However, this comes at the expense of large investments
and long development cycles. An alternative cheaper and faster way to perform these tasks with
currently available robots is with swarms. Robotic swarms allow many robots to collaborate to achieve
tasks that exceed the capabilities of the individual agents. For that reason, robotic swarms have steadily
gained an increasing interest [153].

Looking at the application on drones, swarms become even more relevant. Having to lift all their
components off the ground, drones are characterised by more restrictive limitations on sensing, power
and operation time than ground or underwater robots. Therefore, drone swarms can leverage the use of
many agents to achieve tasks individual drones could not accomplish. Drone swarms become especially
useful to, for example, increase coverage, both in terms of time and space, improve sensor readings by
combining data from different agents, or increase the carrying capabilities of the individual counterpart.

The gap between independent drones and a swarm is composed of two elements: an intra-swarm
relative sensing and avoidance subsystem and a swarm behaviour strategy. The former allows the
drones to detect each other and provides them with the ability to coordinate. The latter establishes the
coordination rules followed to collectively achieve the desired goal [36].

In the context of relative sensing and avoidance, a wide range of systems have been developed to
enable coordination between the different drones. The two main requirements for this system include
high accuracy of localisation, specially for close distances to avoid collisions, and robustness to the
fast dynamics of a flying drone. Cameras [16, 129], infrared sensors [88, 111], sound [30, 12] or active
communication [117, 115] are some examples of different methods used for this purpose. However, as it
is shown in this paper, all the mentioned systems have certain drawbacks related to the accuracy or to
the operating conditions.

An event camera, also called dynamic vision sensor or neuromorphic camera, is a biologically
inspired sensor that asynchronously measures changes in pixel brightness. Instead of capturing full
images like a conventional camera, where the colour of every pixel is recorded and stored under a frame,
each pixel in an event camera works independently. This enables a high temporal resolution (in the
order of us), low power consumption, very high dynamic range (140 dB vs 60 dB for standard cameras)
and high pixel bandwidth (in the order of kHz) [52]. Only becoming commercially available in 2008 [82],
event cameras have steadily gained attention and are now starting to show their potential for a wide
range of applications, mainly those where the limitations of the conventional cameras was hindering

1



2 Chapter 1. Introduction

the technical progress. Examples include object tracking [41, 56], object recognition [107, 113] or shape
tracking [144, 4].

1.1. Research Aim

Meeting the need for a relative sensing system that is accurate and robust to fast dynamics, event
cameras appear as an obvious candidate for a new method to enable swarming behaviour in drones.
Therefore, the research objective of this thesis can be formulated as follows:

to evaluate the suitability of event cameras for relative localisation on drone swarms by
means of experimentally assessing their performance for propeller detection

1.2. Thesis Structure

This report is structured as follows. Part I presents a scientific article that describes the main contributions
of this research. In such, an overview of related work on relative sensing for drone swarms and object
detection with event cameras is presented in section 2.2. Then, in section 2.3, the neuromorphic signal
process employed is described emphasizing the correlation between propeller motion and analysis
frequency. The experiments conducted are presented in section 2.4, together with the main results.
Finally, the conclusions are presented in section 2.5.

Part II presents the preliminary research performed for this thesis. This was conducted as part of
a broader project to study the deployment of drone swarms for unknown area exploration. While
this thesis focused on the problem of relative sensing, the different challenges regarding the complete
implementation are addressed. Chapter 3 offers a biologically inspired introduction to swarming. Then
chapter 4 covers previous work on relative sensing. Chapter 5 addresses the coordination strategies that
can be followed to achieve the exploration goal.

Finally, Part III offers additional results that support the scientific article. Chapter 6 presents a
sensitivity analysis conducted on the analysis frequency for the neuromorphic signal processing. Lastly,
chapter 7 shows the complete results for the experiments conducted for this thesis.



Part1

Scientific Article






Study of Onboard Inter-Drone Detection with Event Cameras
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Abstract—In an effort to develop a new relative sensing
method for drone swarms, the suitability of event cameras
is assessed for propeller detection. Benchmark tests were
conducted for different propellers under different lighting and
background conditions, varying the observation distance and
spinning frequency. The different tests were evaluated on
event count, frequency, and clustering, as these are the most
characteristic properties of the propeller-generated signal. A
propeller detection metric was derived as a fuzzy classifier to
assess detectability. It was observed that the sensor employed
is limiting the detection range due to low resolution, with a
maximum detection range of 75 cm. While at low spinning
frequencies it is possible to detect the propeller at such distance,
for higher frequences (6000 to 8000 RPMs) the range decreases
to 45 cm for the tests with highest blade to background contrast
and two-blade propellers. It was observed that lower contrasts
reduce the successful detections only to low frequencies, and
three-blade propellers become completely indetectable due to
the static overlap between the blades. Therefore, it is concluded
that, at this stage of the technology, the use case of event
cameras for relative sensing is constrained to close distances
with high contrast.

I. INTRODUCTION

Having to lift all their components off the ground, drones
are characterised by more restrictive limitations on power and
operation than ground or underwater robots. Drone swarms
leverage the number of agents to perform tasks that exceed
the capabilities of any individual agent.

The gap between independent drones and a swarm is
composed of two elements: an intra-swarm relative sensing
and avoidance subsystem and a swarm behaviour strategy.
The former allows the drones to detect each other and
provides them with the ability to coordinate. The latter
establishes the coordination rules followed to collectively
achieve the desired goal [1].

In the context of relative sensing and avoidance, a wide
range of systems have been developed to enable coordination
between the different drones. The two main requirements for
this system include high accuracy of localisation, specially
for close distances to avoid collisions, and robustness to the
fast dynamics of a flying drone. Cameras [2], [3], infrared
sensors [4], [5], sound [6], [7] or active communication [8],
[9] are some examples of different methods used for this
purpose. However, as shown in this paper, all the mentioned
systems have drawbacks related to the accuracy or to the
operating conditions.

An event camera, also called dynamic vision sensor or
neuromorphic camera, is a biologically inspired sensor that

Fig. 1: Time evolution of a propeller spinning at 6000 RPMs
captured with an event camera at a 25 cm distance. In blue,
the negative events show the advancing black profile against
a white background. Complete sequence lasted 0.0037 s.

asynchronously measures changes in pixel brightness. In-
stead of capturing full images like a conventional camera,
where the colour of every pixel is recorded and stored under
a frame, each pixel in an event camera works independently.
This enables a high temporal resolution (in the order of us),
low power consumption, very high dynamic range (140 dB vs
60 dB for standard cameras) and high pixel bandwidth (in the
order of kHz) [10]. Only becoming commercially available in
2008 [11], event cameras have steadily gained attention and
are now starting to show their potential for a wide range of
applications, mainly those where the limitations of conven-
tional cameras was hindering technical progress. Examples
include object tracking [12], [13], object recognition [14],
[15] or shape tracking [16], [17].

Meeting the need for a relative sensing system that is
accurate and robust to fast dynamics, event cameras appear as
an obvious candidate for a new method to enable swarming
behaviour in drones. This research focuses on the study of the
viability of such system, combining both a theoretical and
experimental approach. More particularly, the detection of
the drone’s propellers is assessed, as this exploits the sensor
properties. An example of a rotating propeller captured with
an event camera can be found in Figure 1, spinning at
6000 RPMs and recorded from a 25 cm distance. As it can
be observed, the suitability of this camera for this challenge
is evidenced by its ability to capture the fast dynamics of the
propeller. The limitations of the system are analysed in the
next sections.



The contributions of this paper are the following:

1) Development of a propeller detection benchmark.

2) Derivation of custom metrics for classification of a

neuromorphic signal.

3) Sensitivity analysis of external factors on propeller

detection.

The rest of this paper is organised as follows. Section II
presents different relative sensing systems used, followed
by an introduction to event-based object detection. In Sec-
tion III, the signal processing method is presented with
requirements derived from the propeller motion analysis.
Section IV describes the experiments performed, analysing
the results found. Lastly, Section V covers concluding re-
marks and recommendations for future work.

II. RELATED WORK

When developing a new method for a specific task, knowl-
edge of already existing methods is critical for a correct
assessment of its performance. Understanding the working
principle, strengths, and limitations of current relative sens-
ing systems, as well as performance metrics, enables a proper
analysis of the value and effectiveness of event cameras for
relative sensing on drone swarms. Therefore, this section
starts with a review on the main methods used until now for
relative sensing and avoidance. These detection systems are
typically used together with a tracking algorithm for robust
performance. A short overview of the state of the art tracking
methods is also included to get a complete understanding of
the system. Lastly, the focus is placed on event cameras used
for generic object detection and tracking. Event cameras have
already been employed for a range of applications. A survey
on the different techniques followed is presented as source
of inspiration for the development of the system in question.

There are five main methods that have been used in the
past for relative sensing on drone swarms [1]:

a) Vision: Different methods have been applied to
detect drones on the images captured. Neural Networks and
Deep Learning models have been used with the purpose of
semantic segmentation, with limited success due to the large
processing required for robust detections [2], [3]. Another
method is the use of stereo cameras for depth estimation from
the image disparity [18]. Finally, visual markers, passive
and active, have also been included to the drones to ease
the detection [19], [20]. Vision methods can achieve a high
accuracy, with the best performance achieved by stereo
vision with a 5% distance error for distances up to 50 m [18].
The main limitations of vision-based relative sensing are
derived from the physical sensor used. Namely the limited
Field of View, motion blur and low dynamic range.

b) Infrared: The use of infrared emitters and receivers
allows each drone to send an almost constant signal from
its local position, and receive the signals of neighbouring
drones in the working range. Most commonly, the Received
Signal Strength Intensity is used to derive the location of
surrounding drones from the strength of the received signals.
The accuracy of this system has been proven to be sufficient
for relative sensing, with a distance error of 8% on a range

up to 3 m [5]. While it allows fast detections at very
low computational power, many sensors are needed for full
coverage, it is susceptible to interference from other infrared
sources and needs to be tuned for a specific working range.

c) Sound: The disturbances created by the rotating
propellers in the form of acoustic noise can be captured
by the surrounding drones. Using a microphone array, it is
possible to hear neighbouring UAVs and estimate their range
and bearing. “Chirp” sounds have been used to distinguish
the self-generated noise from the surrounding agents [7].
Moreover, Convolutional Neural Networks have also been
employed with limited gain in accuracy and increased weight
and computational requirements [6]. These works, however,
were focused on presence detection or bearing estimation
and did not tackle range estimation, so there is no accuracy
performance metric available.

d) Communication-based ranging: Similarly to the in-
frared sensor, communication-based ranging estimates range
and bearing from the received signal strength. Leveraging an
existing communication infrastructure, there are two main
options regarding the signal type: ultrasound and radio
signals. Ultrasound signals offer better performance on short
ranges (0.8 cm distance error over a 6.7 m range [8]) at
less energy consumption, but are slow to dissipate causing
interferences [4]. Radio signals include WiFi, Bluetooth, and
Ultra Wide Band (UWB), differing in power consumption,
accuracy, and bandwidth. Most importantly, UWB performs
best on the first two categories, achieving a cm resolution
over ranges longer than 50 m, but is outperformed by WiFi
in bandwidth, connecting up to 50 agents [1], [9], [21].

e) Landmark matching: The last relative sensing
method also uses communication, but to exchange infor-
mation regarding the drone’s location in the environment.
Each drone generates a landmark map (with lidar, radar,
cameras...), and broadcasts its position with respect to them.
The challenge of relative sensing is then transformed into
a localisation problem. In the simplest form, drones share
mutually observable features. More complex solutions in-
clude the generation of a full map of the environment that is
exchanged and updated for global relative localisation [22].
Once more, there is no accuracy metric that can be associated
with this method as it is completely dependent on the
landmark detection technique employed.

All these relative sensing systems work based on the
principle of instantaneous detection. When used indepen-
dently, these methods only provide information regarding
the last detection of the neighbouring drones. To increase
robustness against missed detections and to provide more
continuous relative sensing, tracking algorithms are com-
monly also employed. A distinction can be made between
the different algorithms used based on the nature of the
processing performed: white box vs black box models.

On one hand, in white box models the relationship be-
tween inputs, i.e. detections, and outputs, i.e. trajectories,
is interpretable and the influence of each variable is clear.
Moreover, these generally include hand-crafted features, im-
plementing a desired behaviour. White box models have the



advantage of being generally faster as they rely on simpler
and fewer computations. However, their tracking power is
lower when detections have low certainty. Some examples of
white box tracking algorithms include Kalman Filtering [23],
Mean Shift [24], and Particle Filters [25].

On the other hand, black box models do not offer in-
terpretable relationships between inputs and outputs, are
highly non linear, and cannot explain the influence of the
different variables. Often used end-to-end, black box models
can learn update features after initial detection for a more
robust tracking. That way, no explicit communication needs
to be performed between the detector and the tracker. The
most common algorithm employed is Long Short Term
Memory [26], [27], followed by other types of Recurrent
Neural Networks [28] or Graph Neural Networks [29].

Lastly, it is worth studying the work previously done
on object detection using event cameras to understand the
detection capabilities of this sensor.

Object detection with event cameras can also be separated
into white box and black box models. Early work on the topic
focused on white box approaches, with memoryless grouping
of events in time and space [30], [31]. Further development
employed algorithms such as Density Based Spatial Cluster-
ing of Applications with Noise [32] and Mean Shift [33] to
elaborate systems capable of performing accurate detections.
When tracking is included, Particle Filters [34] and Principal
Component Analysis [35] offer a higher detection accuracy
due to the filtering on the detection signal.

As the detections become more challenging, the algo-
rithms include feature matching as means for classification
of different objects. Hand-picked features are typically used
on very controlled environments exploiting probabilistic fil-
ters. Detected features are then compared against predefined
shapes with Iterative Closest Point [36] or gradient descent
algorithms [37], among others. The use of Attention Priority
Maps [38] or Lock-In filters [39] on time surfaces generated
from event accumulation can help focus the attention on the
objects of interest and segment the background. Determin-
istic filters and activity filters can improve noise rejection,
while keeping low computations.

On the black box models, Spiking Neural Networks exploit
data learnt features to detect objects [40], [41]. These net-
works, specifically developed for neuromorphic sensors, are
asynchronous models that use exponentially decaying values
instead of binary triggers to propagate the calculations. One
drawback of such networks is the large training required, as
not only spatial but also temporal features should be learnt.
However, due to event sparsity, computations on Spiking
Neural Networks are reduced, up to 200 times, compared
to traditional Neural Networks [40]. Other approaches used
include Bag of Words [42] or Support Vector Machines [15],
but with more restricted detection capabilities.

III. METHODOLOGY

The approach followed to determine the applicability of
event-based cameras to drone swarm relative sensing is based
on basic motion analysis of the propeller. Previous work on

UAV detection with event cameras focused on shape fitting of
the whole drone [40]. In such, the event camera was static
and the drone was the only moving element in the scene.
This however does not exploit the high temporal resolution
of the sensor, and does not offer benefits over detection of
any other object.

Further work recognised the benefit of focusing on the
detection of propellers for drone localisation. Sanket et
al. (2021) successfully detected rotating propellers when
looking from above with event cameras [43]. For the first
time, the uniqueness of propeller dynamics was exploited
for detection on a moving platform. However, while this
showed great potential for mid-air landing and following, the
different drones shall always remain on a particular vertical
configuration with small horizontal distance between them.
This limits greatly their application for drone swarms, where
the independence of the drones may yield many different
configurations.

The study here presented also focuses on the detection of
rotating propellers, characteristic of all drones. However, we
focus on the scenario where all drones fly at the same height
and the propeller’s axis of rotatation is perpendicular to the
camera’s normal minimising the projection onto the image,
as this presents the most challenging problem with the most
applications. By studying the problem from first principles, it
is possible to assess the detectability of neighbouring rotating
propellers with event cameras.

The analysis performed is subjected to many factors that
affect the distinction of the rotating propellers from the
background-triggered events. This section first introduces the
signal processing employed to assess the detection of rotating
propellers with event cameras. Then, the first principles of
the rotating propeller are studied to derive requirements
on the analysis performed. Lastly, the signal properties of
interest for detection are presented.

A. Discrete neuromorphic signal processing

When analysing a neuromorphic signal in a discrete and
periodic way, there is inevitably an accumulation of infor-
mation that occurs. Between each analysis step, there are
a series of events that are triggered at asynchronous times.
These events are then grouped under the same ‘observation
frame’ and analysed. The method employed exploits this
discrete analysis to assess the detection of rotating propellers.
First, however, the notation followed throughout the report
is introduced.

Shown in Figure 2 is a set of neuromorphic events. Each
event is defined by x and y coordinates, a timestamp, and
a polarity (represented with red and blue) indicating if the
change in brightness that triggered the event was positive or
negative. The event notation is described with the following
equation, where event e; belongs to the set £ of all events.

At each analysis step, the events grouped within the ac-
cumulation window (dashed lines in Figure 2) are evaluated
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Fig. 2: Relation between observation frame O, observation
time T, and accumulation time 7.

under observation frames (012 continuous lines). Since these
observation frames are analysed for the detection of the
propeller, the observation time, T,ps, sets the frequency at
which the analysis is performed. The analysis frequency N
is defined as 1/T,ps.

It can also be seen that the accumulation time is in-
dependent of the observation time. In order not to loose
information and process all events, T;.. should be at least
equal to Typs. When T, is different than 7,5, events are
included into k observation frames equal to Tyee/Tops-

Note that the term ‘frame’ is used in a relaxed manner.
Observation frames are not typical frames where all the
pixels contain a value. Rather they are a subset of all events
that was triggered within the accumulation time. Equation 2
shows how frame 7 is composed of a subset of events, based
solely on the events’ timestamp.
>l

It may occur that multiple events in one observation frame
have the same x and y coordinates. For each (x,y) coordinate,
we define the event count C(z,y) as the number of events
triggered in that observation frame in those coordinates. The
minimum event count C,;,, is the minimum required event
count in any pixel to activate.

Lastly, we define two parameters of the rotating propeller
that are frequently used. B is the number of propeller blades.
fprop is the rotating speed of the propeller, in Hz.

All the parameters defined, N, k, C, B, fp,0p, influence the
detection in a different way. N sets the analysis frequency.
An increase in N translates to a higher temporal resolution.
Looking at Equation 2, it is clear that over a one second
interval there are N observation frames, each composed
of the events triggered on the last k/N seconds. When k
increases, more events are grouped into the same frame. One
interesting observation is that, when the factor k/N is equal,
frames with different values for k£ and N are equal, given
the same i/N. The only difference being higher values of N
achieving a higher time resolution.

O, ={ele € E,t. <

TABLE I: P-values for Ty, = 0.00256 s for different N
and k£ combinations.

1 2 3 5 10 15 20

30 13 26 39 65 130 195 260

The propeller parameters B and f.,, are of critical
importance, as they set the duration of the to-be-detected
signal. A propeller with B blades that spins at f,,.,, Hz
has a symmetry period, Tsym, of 1/(B - fprop), provided
all blades are equal. A three-blade propeller spinning at
130 Hz has, for example, an appearance symmetry period of
0.00256 s. Relating this factor to the accumulation time, the
periods per observation frame, P-value, is defined as the ratio
of accumulation time to symmetry period, or (k/N)/Tsym.
When the accumulation time k/N is smaller than the value
of Tsym (P < 1), observations are grouped for less than
a period, allowing the viewer to distinguish the periodic
motion. When the accumulation time is higher than the
propeller’s symmetry period (P > 1), all observation frames
contain the same events. A period per symmetry table shows
the number of appearance symmetry periods for different
combinations of N and k. Since Ty, is a property of the
system observed, it offers a good way to select N and k. For
example, for the case mentioned above where Ty, equals
0.00256 s, the period per symmetry table for a range of N
and k values can be found in Table I. In such, values higher
and lower than one are separated by a continuous line. It can
be observed how, as /N increases, the P-values as a function
of k become finer. This is due to the value of k/N getting
smaller, increasing the time resolution.

The minimum event count C,,;, sets a threshold on
the observation frame for the minimum amount of events
triggered at every pixel. On a deterministic sensor, where
under the same input the same output is generated, this can
be adjusted according to the P-value to filter the signal.
When setting C,,;,, < P, specially for higher values of P,
the signal filters those events that are not highly periodic,
leaving solely the propeller-triggered events. This however
does not account for moving objects, as the pixels triggered
by the rotating propeller are different as the neighbouring
drones move in the scene. On a realistic scenario, where the
drones have relative motion with respect to each other and
may not have the exact conditions of contrast or lighting in
time, the value of C),;, should remain as low as possible
(i.e., one), to avoid filtering the propeller signal and making
detection more challenging.

The choice of C,,;, and P-value is also affected by the
exact conditions under which pixels are triggered. Never-
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theless, this is not known. Are the events triggered at the
advancing edges of the propellers? Are there events being
triggered also when the propeller view changes from leading
edge to tip to trailing edge? Are there events being triggered
by the vibrations of the observed drone? The sensitivity of
the event camera to such subtle changes in brightness needs
to be identified. The exact conditions are explored in sec-
tion IV, after performing experiments on different conditions.
However, it is first important to understand what is expected
from observing rotating propeller. Section III-B presents a
graphical analysis on rotating propellers to compare with the
experimental case and establish the requirements needed to
be fulfilled by the signal analysis.

B. Graphical propeller analysis

When analysing the rotating propeller, a series of observa-
tions can be made based on the premise of discrete analysis.
The objective of this subsection is to relate the continuous
propeller motion to the discrete analysis of the events. That
way, while not making any assumptions on the generation
of events, it is possible to associate propeller rotation to the
shape of the events observed.

The appearance of the propeller can be determined at
all times following a simple graphical analysis. Shown in
Figure 3 is a propeller rotating at f,,.,, Hz being observed
from the right, in this case with an event camera. The location
of the propeller, 6, is defined as the angle between the
camera’s normal and the first propeller found. In this case,
0 is constrained to the range [0, 7). First, the scenario with
a two blade propeller is presented, but the formulas for the
general case (B-blade propeller) are also provided.

As mentioned in section III-B, the analysis is performed at
a frequency N and events are accumulated for k/N seconds.
Of course, during the time when events accumulate, the
propeller rotates generating more events. The angle travelled
by the propeller can be defined as A. Shown in Figure 3,
this corresponds to the shadow region. The location of the
propeller at the time of the analysis is depicted with a thick
continuous line. In a light dotted line, the location of the

propeller when events started accumulating is shown. More
precisely, rotating at fy,.,, Hz, the shadow angle can be
found using Equation 3.

A= fprop-2m-k/N 3)

Captured by the event camera, when 6 is smaller than
A, as is the case in Figure 3, there is an overlap on the
projection of events onto the image. Events corresponding
to different propellers are overlapped onto the same camera
pixel. The overlap is maximised when 6 equals A /2, since at
this location all events occur in the same window. This point
is referred to as the angle of maximum overlap, 6,4, 0. A
limit case exists, beyond which the signal becomes constant.
When 6,0 o1, equals 7/2 rad, the combined shadows of
both propellers cover the complete circumference. Looking
at the definition of 6,,,. o, it can be derived that this
occurs when A equals 7 rad. In such case, the accumulation
time is equal to, derived from Equation 3, 1/(2fprop). This
result shows that, in order to achieve a distinguishable
signal, the accumulation time shall be faster than twice the
rotating speed of the propeller. A parallelism can be observed
with the Nyquist frequency, where the sampling (i.e., signal
accumulation frequency) needs to be performed at twice the
spinning rate of the propeller.

Another important parameter that can be observed is the
projection’s maximum contraction. As the tip advances in the
circumference rotating, only the sinusoidal component gets
projected onto the camera. Considering once more 6,42 oL,
the maximum contraction of the propeller’s projection, it can
be derived that the projection of the rotating propeller has an
oscillatory length. Looking at Figure 3, the tip displacement
is represented with d, an oscillating value between 0 m when
the propeller is perpendicular to the camera’s normal, and
dmaz, Shown in Equation 4 as a function of the propeller’s
radius R, when 6 equals 6,,4: 0r. Of course, if A/2 is
greater than or equal to 7/2 rad the projection will be static
and not oscillate.

d'muw = R(l — sin (A/Q)) (4)

Lastly, there is one more parameter that needs to be
considered. As the propeller rotates, it triggers both positive
and negative events. Negative events are triggered when the
change in brightness is negative, and positive events when
the change is positive. On the example of Figure 3, assuming
the background is dark (typically drones have black bodies)
and clear propellers are used for higher contrast, when the
propeller appears on the image (quadrants two and four)
the brightness increases causing positive events in those
quadrants. Alternatively, when the propeller leaves the scene
(quadrants one and three), the image of the clear propeller is
replaced by the dark background, triggering negative events.
Therefore, on each side of the propeller, it is possible to
distinguish the overlapping propellers due to the sign of
the events triggered. However, this distinction is limited. In
Figure 3, the clearance between the incoming blade and the
shadow of the blade in front is described as A = m—A. When



this angle is larger than 7 /2 rad, events of different polarities
can be associated with different blades. When it is smaller,
there can be no distinction between them, as the signal for
both sides of the propeller becomes undistinguishable per
polarity.

Before diving into the requirements imposed on the signal
analysis, the above analysis can be generalised from a two-
blade to a B-blade propeller. This way, a more comprehensive
study can be performed on the system requirements. The
shadow angle A does not change and is not affected by the
number of propeller blades, only the speed at which they
rotate and the accumulation time. The angle of maximum
overlap between triggered events 0,,,, o, can be found with
Equation 5. In such, 7/2 — 7/B is the maximum static
overlap between two blades for a B-blade propeller, to which
the dynamic overlap is added. The maximum projected tip
displacement d,,,, as a function of the number of propeller
blades can be found with Equation 6. Finally, the shadow
clearance angle A can be found with Equation 7.

emaxOL(B):min(z_%_"fprop'ﬂ—'k/N:g) (5)

2
dmar(B) = R(l — sin (Gmm OL)) (6)
2
AB) = max(f — fyrop - 27 - k/N,0) )

Specially relevant are Equation 5 and Equation 7. It was
presented above how 6,4, o1, affects the event overlap, and
A the per-side polarity association. In the case of the angle
of maximum event overlap, an increase of B produces an
increase of 6,,,. or,. For the shadow clearance, which should
be maximised to highlight polarity distinction, an increase of
B produces a decrease of A. Therefore, it is proven that, to
ease the detection of propellers, a propeller with low amount
of blades should be used.

C. Analysis requirements

The generalised propeller equations can be used to derive
requirements on the analysis performed to ensure the pro-
peller detection. These are based on the premise that the
detections are performed on the oscillatory nature of the
propeller, and are not a purely shape-based detection. This
is considered since, on-board a flying drone, a large number
of events are triggered in the scene. The periodicity of the
propeller-triggered events characterises and highlights the
neighbouring drones even on cluttered scenes. The detection
therefore becomes a joint problem of detecting event clusters
and comparing their polarity periodicity to that of the rotating
propellers. If, on the other side, the event periodicity cannot
be identified, the challenge increases dramatically.

Two main requirements can be imposed therefore on the
signal analysis. One regarding the maximum overlap, and
another regarding the polarity of the events.

The angle of maximum event overlap was defined as the
angle 6 at which the overlap between a blade’s-triggered-
events with the shadow of the preceding blade is maximum.

Naturally, this can range between 0 and 7/2, after which the
overlap does not increase and the event count per observation
frame becomes constant. Therefore a first requirement is
imposed such that 6,4, o1, < 7/2. Substituting Equation 5
for the maximum accumulation time, it is concluded that
k/N < 1/(B - fprop). This frequency, B - fprop, is known
as the blade passing frequency, and is a common factor in
aeroacoustic.

Considering the shadow clearance angle, a second require-
ment can be imposed to ensure a distinction of the polarity
of the signal. In section III-B, the relation between A and the
polarity detection was introduced. When this angle is larger
than 7/2 rad, the accumulation of events still enables the
association of event polarity to different blades, creating a
periodic signal on the per-polarity events. When, on the other
hand, it is smaller, this signal becomes continuous and is
indistinguishable. The second requirement therefore imposes
that A\ > 7/2. Once more, substituting the generalised
Equation 7, it is derived that k/N < (4 — B)/(4B - fprop)-
One thing to notice from this formula is that, to meet this
requirement, only propellers with two or three blades can
be employed. If more blades are used, it is not possible to
distinguish blades by polarity for each side of the propeller,
as there is more than one blade in each quadrant.

D. Signal properties tested

To determine the applicability of event cameras for pro-
peller detection in drone swarms, this study evaluates the
signal generated by rotating propellers for cues that can then
be identified. By analysing the signal in detail, it is possible
to identify its properties and generate different metrics for
classification. Only then, after assessing the intensity of these
signal properties, can it be determined if event cameras are
a suitable option for this use case.

The first and most obvious property analysed is the event
count. To evaluate the detectability of rotating propellers, it
is clearly important to examine their event count. If it is
observed that rotating propellers generate a huge number of
events, more than any other object in the scene, then they
will be easy to detect. If, on the contrary, they generate a
low number of events, they will blend in with the scene and
be hard do detect.

The second signal property examined is the event cluster-
ing. When detecting rotating propellers, it is desired that the
blades generate events in the form of a continuous blob that
extends and contracts or that moves horizontally. If so, when
a clear cluster is detected and can be traced, its movement
can be analysed for resemblance with the expected shapes
from the equations derived in section III-B. Otherwise, if the
events triggered are sparse and cannot be grouped spatially,
the detection task becomes more complex. All the pixels
shall then be considered independently as potential propellers
without inferring information from the surrounding pixels.

The last property studied is the signal periodicity. The
main objective of this research is to exploit the properties
of event cameras for the task of drone detection. Their
high temporal resolution allows the observation of spinning



propellers, its most distinctive element due to their high peri-
odicity. If an event cluster is observed oscillating periodically
at a frequency matching that of a spinning propeller, the
classification of the cluster as a propeller is evident. On the
other hand, if the cluster does not show a clear periodic
behaviour, there will be less certainty in the classification.

IV. EXPERIMENTS

Having analysed in depth the propeller movement, it is
clear how to perform the experiments to determine if event
cameras are suited for rotating propeller detection. Being
such a high frequency phenomenon, it is key to perform
the observations in the appropriate frequency and with the
correct accumulation, such that the propeller becomes vis-
ible. Studying the propeller in such way will determine if
rotating propellers generate enough characteristic events to
be detectable in the open space.

The tests are performed with that purpose. Without using
flying drones, where the experimental space is very limited
to the specific design of the drone used, the study performed
focused around finding the limit case for which rotating
propellers become distinguishable. Different propellers were
recorded under different conditions at a range of distances
and rotating speeds. Generating this database in a very
controlled environment, it is possible to assess if, and under
what conditions, do event cameras become useful for this
application. This will also provide insight into techniques to
improve the detectability of propellers, understanding what
conditions generate the clearest detections.

A. Experimental setup

The experiments were performed in the following manner.
The propellers were spun in a test bed controlling the
rotating speed. This was recorded by an event camera held
static, to record events only generated from the spinning
propellers. To test the capabilities of the sensor, two different
lighting conditions where tested. Moreover, two different
backgrounds were used to evaluate the contrast influence on
the detections.

For this experiment, the following hardware was used.
First and most importantly, the iniVation (Zurich, Switzer-
land) DVS 240 [44] event camera was used. This camera was
operated in conjunction with the iniVation DV software to
record the events. For the test bed, the RC Benchmark Series
1580 [45] was employed. This propeller test rig allowed the
control of the propeller through a ESC.

Five different propellers were tested, in order to evaluate
the influence of different variables such as number of blades,
size, colour and texture. The different propellers used can be
seen in Figure 4. Two propellers with three blades and three
with two blades were tested. One of the three blade propellers
is bright pink, and the other is light blue and translucid. From
the two blade propellers, one is light grey, another is shiny
black, and the third is matte black. The light blue, grey and
shiny black propellers have 6-inch-blades, and the pink and
matte black have 5-inch-blades.
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Fig. 4: Different propellers tested.
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Two different lighting conditions were used for the ex-
periments, one provided by natural sunlight and another
by artificial lamps. Finally, two different backgrounds were
employed. One was clean, uniform and light coloured, the
other was dark grey and cluttered with irregular shapes.

The experiments were then performed testing a combina-
tion of all these parameters. All propellers were tested under
all lighting and background conditions, for a the same range
of distances and rotating speeds. The distances selected were
equally distributed from 25 to 125 cm, at intervals of 10 cm.
The rotating speeds selected were distributed unevenly: from
500 to 3000 RPMs at intervals of 500 RPMs, and from 3000
to 8000 RPMs at intervals of 1000 RPMs. Considering all
variables (five propellers, two lightings, two backgrounds,
eleven distances and eleven rotating speeds) a total of 2420
tests were performed.

Considering the test variables discussed above, the selec-
tion was performed to meet all requirements. While different
values for B were selected, to test different cases, the values
of k£ and N are the same for all tests. The accumulation
time is selected at 0.0005 s. This is meets the most strict
requirement, stating k/N < (4—B)/(4B- fprop), for B equal
three and fp,,, equal 8000 RPMs. To keep computations
affordable for onboard processing, the lowest resolution was
selected, where k is one frame and NN is 2000 Hz.

This selection of accumulation time and frequency analy-
sis, together with the theory presented above, can be easily
validated. It is desired that the rotations of the propeller
are clearly distinguishable. When analysing the raw obser-
vation frames visually, all the properties described above
can be recognised. Figure 5 shows consecutive observation
frames for the two-blade six-inch black propeller spinning at
1500 RPMs with artificial lighting and clear background as
an example, when employing different analysis frequencies
(and keeping the value of k constant at one). Frames in
Figure 5a, Figure 5b, Figure Sc, Figure 5d, Figure 5e and
Figure 5f are gathered at 50 Hz, 70 Hz, 100 Hz, 200 Hz,
2000 Hz and 4000 Hz, respectively.

This choice of frequencies illustrates the behaviour of
the propeller around the different minimum frequencies
presented in section III-C, as well as the actual analysis



(a) Analysis frequency: 50 Hz.

(b) Analysis frequency: 70 Hz.

(c) Analysis frequency: 100 Hz.

(d) Analysis frequency: 200 Hz.

(e) Analysis frequency: 2000 Hz.

(f) Analysis frequency: 4000 Hz.

Fig. 5: Four consecutive observation frames of the two-blade six-inch black propeller spinning at 1500 RPMs with artificial
lighting and clear background, captured at different analysis frequencies.




frequency and faster. In the experiment performed, the blade
passing frequency equals B - fy,,, = 50 Hz. This matches
perfectly the result of Figure Sa, as it displays a constant
appearance. The next frequency lies between the blade
passing frequency and the requirement A > 7/2 that states
(4B - fprop)/(4 — B) = 100 Hz. At 70 Hz, the different
polarities can be distinguished, but there is still overlap
between the event polarities of different blades. 100 Hz sets
the limit of the distinction between the different polarities,
as shown in Figure 5c where the accumulation for each
blade is high enough to fill up exactly half of the disc. This
frequency is also the limit below which aliasing occurs. From
this frequency on, at 200 Hz for example, a clear advancing
profile can be distinguished, showing the need to sample
above the minimum required frequency.

The last two frequencies shown, 2000 Hz and 4000 Hz,
are displayed to prove that even at such high speeds the
advancing profile can be seen. Of course, at high analysis
frequencies there is a smaller event accumulation, causing
less events to appear on each observation frame. However,
there are still enough to be identified as blades. Even at
4000 Hz the blade is clearly visible. The choice of 2000 Hz
for the analysis frequency of all tests is therefore suitable
to meet the requirements for all propellers at all spinning
rates, while still allowing for blade detection under realistic
computational power.

B. Metrics analysed

For all these tests, one second recordings were performed
where the propeller was spinning steadily. These recordings
were then processed to obtain four different metrics for each
test. That way, the huge number of raw events could be
converted to meaningful values that can be used to evaluate
the detectability of the spinning propeller. These metrics
were derived following the keys presented in section III-D,
where the importance of event count, signal periodicity and
event clustering is described.

The first metric derived is the total event count. For all
tests, the total number of events triggered by the propeller
was counted, since this is a direct indicator of the de-
tectability of the spinning propeller. When recording a given
propeller, the events triggered as a function of time can be
observed in Figure 6a. In this case, the signal corresponds
to the matte black two-blade propeller, with natural lights
and clear background, spinning at 2500 RPMs and recorded
from a distance of 35 cm. The event count is calculated as the
average of the positive and negative events triggered during
the whole one second recording.

The second metric derived is the event count periodic
prominence. The periodicity of the signal is critical for its
classification as a propeller. This is evaluated on the per-
polarity event count, analysing its time evolution. Looking
at Figure 6a, a clear periodicity in the signal is observed.
It is possible to apply a Fourier Transform and extract the
frequency components from the event count time signal. The
Fourier Transform of the signals in Figure 6a can be seen
in Figure 6b. The spinning frequency of the propeller, in

Hz, is shown with a dashed line. The peak at that frequency
shows the high energy level of that frequency in the time
signal. The zero component of the Fourier Transform just
represents the average of the signal, and the higher peaks are
due to the discretisation of the signal. The signal periodicity
is therefore calculated as the value (energy) of the highest
peak in the surrounding of the propeller frequency. Once
more, the average of the positive and negative values is used.

The third metric is the event clustering. This focused
on the spatial proximity of the events for each observation
frame, to gain insight into the sparsity or concentration
of events. Of course, it is desired that the rotating blades
generate a continuous and defined versus a scattered and
sporadic stream of events. To evaluate this, the DBSCAN
algorithm was employed to locate clusters for both, pos-
itive and negative events. [46] The cluster with biggest
Intersection over Union was then selected as the principal
one for that frame. This allowed a coarse classification of
frames into positive, negative, or none, depending on the
polarity of the biggest cluster. An example of the clustering
results can be found in Figure 6¢c, where the detection of
positive and negative cluster is shown for the signal presented
in Figure 6a. In this example, a large number of clusters
is detected, showing a high concentration of events. The
event clustering is calculated as the total number of clusters
detected over the one second recording.

The fourth and last metric is the event cluster periodic
prominence. Similarly for the case of the event count signal,
the periodicity of the event clustering is essential for its
characterisation as a propeller. Following the same approach
as above, computing the Fourier Transform of the whole one
second recording for the clustering in Figure 6¢ can be shown
in Figure 6d. Once more, the propeller spinning frequency
is shown in a dashed line matching the frequency with the
highest energy (besides the zero frequency representing the
average). The event cluster periodic prominence is calculated
as the value of the highest frequency in the vicinity of the
propeller frequency, taking the average value as reference.

C. Results

The results for the different combination of propeller,
lighting, background spinning rate and distance can then
be directly calculated. The plots corresponding to three
different test setups can be found in Figure 7, Figure 8
and Figure 9. Figure 7 corresponds to the two-blade five-
inch matte-black propeller, with artificial lighting and clear
background. Figure 8 corresponds to the two-blade six-inch
grey propeller, with natural lighting and clear background.
Figure 9 corresponds to the three-blade six-inch translucid
blue propeller, with natural lighting and clear background.
These three examples are chosen as they cover the spectrum
of the results obtained.

Figure 7 shows the results for the best performing setup.
The tests performed at close distances, between 25 and
45 cm, triggered a huge number of events of up to 140000
with a very high periodicity, reaching values of 700. More-
over, these events were spatially concentrated, allowing a
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Fig. 6: Signals analysed for the two-blade five-inch matte black propeller, with natural light and clear background, spinning

at 2500 RPMs and recorded from a distance of 35 cm.

large amount of cluster detections - over 1500 out of the 2000
frames observed - with also high periodicity. However, this
high event count and event periodicity suffers an exponential
decrease as the distance get higher. Regarding the clustering,
between 45 and 75 cm there is an almost linear decrease
of the values, beyond which the values for clustering count
and periodicity remain close to zero. As it can be seen, the
behaviour described is quasi-independent of the propeller
spinning frequency.

Figure 8 shows the results for a setup with average results.
In this case, the behaviour is similar to the one described
above, but is more affected by the spinning frequency. For
low propeller frequencies, the shape of the different plots is
almost identical to Figure 7, but with slightly lower values
for the event count and periodicity. However, there is a
limit frequency around 5000 RPMs beyond which all values
rapidly decrease to zero.
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Lastly, Figure 9 shows the results for one of the worst
performing setups. For such case, only at very close distances
and low spinning frequencies are some events triggered.
These have some periodicity, but are extremely sparse, since
no clusters are detected. As the propeller is recorded spin-
ning faster or from further distances, the propeller becomes
invisible for the camera as no events are recorded.

From the differences between the three setups, it is clear
that the propeller spinning frequency has a higher effect on
the events generated than the recording distance on the dif-
ferent setups. As the contrast decreases between the propeller
and the background, it is the higher frequency recordings that
stop triggering events first, while the maximum distance at
which events are triggered remains constant. In the extreme,
in Figure 9, it can be observed how only for the lowest
frequency events are still triggered for different distances.
Two main ideas can be extracted from this observation.
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Fig. 7: Results for two-blade five-inch matte blade black
propeller, with artificial lighting and clear background versus
distance [cm] and propeller frequency [RPMs].
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Fig. 8: Results for two-blade six-inch grey propeller, with
natural lighting and clear background versus distance [cm]
and propeller frequency [RPMs].
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Fig. 9: Results for three-blade six-inch translucid blue pro-
peller, with natural lighting and clear background versus
distance [cm] and propeller frequency [RPMs].

Firstly, this indicates that each setup has a limit propeller
frequency that can be detected. The contrast between the
blade and the background is what establishes this limit.
If this is not high enough, the change in the pixel signal
at the sensor level oscillating between the blade and the
background does not reach the minimum delta to trigger
events. Secondly, it suggests that the distance limit is not
caused due to the test conditions, but rather on the sensor
used. There is a clear limit in the recorded distance at
around 85 cm. Beyond this limit, the camera resolution is
too low to detect such subtle changes in brightness. This is
a consequence of dealing with a sensor in its early stages.
Other event camera models do offer a higher resolution, but
at the expense of lower temporal resolution. A trade-off must
therefore be performed.

One last aspect to highlight is the similarity between the
counts and periodicities, for both events and clusters. In
all cases there is a high resemblance in the shape of the
plots. This is a good indicator that the analysis is performed
at the correct frequency and there is no aliasing since the
signal period is clearly distinguished. If the analysis was
performed at a lower frequency, the event count time signal
would not oscillate at the period of the rotating propeller,
and such frequency would not have any energy in the Fourier
Transform, yielding values of zero periodicity regardless of
the event count.



D. CP metric

An interesting observation can be made regarding the
differences between the event count and periodicity against
the clustering count and periodicity plots. On one hand, the
event count plots show an exponentially decreasing value
with respect to the distance. On the other hand, three clearly
different sections can be observed in the cluster plots: one
flat and elevated, one linearly decreasing, and another flat
area around zero. The three different regions can be seen
most clearly in Figure 7c and Figure 7d.

From this difference in the plots, it is derived that the
clustering is fully dependent on the event count, since the
regions with no events have obviously no clusters. However,
it can be noted that, after a minimum amount of events
is triggered, an increase in the number of events does not
suppose an increase in the number of detections. That is
because the maximum number of detections is constrained
by the analysis frequency and the maximum overlap between
the different blades. For the case of Figure 7, the number
of clusters is very similar between 25 and 45 cm, while
the event count decreases from 140000 events at 25 cm to
25000 events at 45 cm. Likewise, there is minimum number
of events triggered in order to generate clusters reliably.
Beyond 75 cm there are almost no clusters detected, while
the number of events detected ranges from 5000 to zero.

Since all four requirements need to be met for a detection
to be characterised as a propeller - high number of events and
clusters, with high periodicity of both - it is possible to derive
one last metric to define propeller detection in a given test
using the observation above. A fuzzy classifier can be applied
on the event count and periodicity that matches the shape of
the clustering plots. By finding the minimum and maximum
number of events and corresponding periodicity values that
allow clustering, the tests’ fuzzy detection membership can
be determined on the range [0,1]. This way, it is possible
to directly correlate the event count and periodicity and
cluster count and periodicity results to a single number that
determines if a test is detectable or not. The key is to
identify the event count and periodicity that matches the
transitions between the three regions in the clustering plots.
After averaging these values over all the tests performed,
the count metric o. can be found with Equation 8 as a
function of the event count c, and the periodicity metric o,
can be found with Equation 9 as a function of the event
periodicity p. These two equations determine the clustering
capabilities for a given event count and periodicity. The total
Count-Periodicity metric, or CP metric, is then calculated
as the multiplication of the individual components, o - 0).
This metric is therefore used to assess if a propeller can be
detected on the tested conditions.

1 if ¢ > 10000
if ¢ < 2500 (®)
else

0.=14¢0
c—2500
10000—2500

1 ifp > 100
0p =140 ifp < 40 )
—40
6040 else

With this metric it is possible to show the propeller
detection for the different setups. The results can be found
in Figure 10, Figure 11, Figure 12, Figure 13, Figure 14 for
the three-blade six-inch translucid blue propeller, two-blade
six-inch grey propeller, two-blade six-inch black propeller,
three-blade five-inch pink propeller and two-blade five-inch
matte black propeller, respectively.

A great difference in the results can be observed be-
tween the two- and three-blade propellers. The three blade
propellers display, for almost all setups, completely null
propeller detection. Only with artificial lighting and cluttered
background the metric displays a non-zero value, but only
for the lowest frequency at the shortest distance, and with a
value of around 0.1 and 0.2 for the five-inch pink propeller
and six-inch blue propeller, respectively.

For the two-blade propellers, the performance is more
distributed. Once more, the detection limit at 75 cm can
be observed. For the higher frequencies, between 6000 and
8000 RPMs, where the drones fly, the best performances
are by the six-inch black propeller and five-inch matte black
propeller, for the scenario with the artificial lighting. In this
case, the propellers are detectable up to 45 cm and 35 cm
for the five-inch matte black and six-inch black propeller,
respectively. This therefore becomes the maximum detection
distance for flying drones.

In order to compare the results, the different setups can
be ranked based on the area under the CP metric: the CP
area. This value has no physical meaning, but can serve as a
metric to compare the different tests and extract conclusions
on the influence of the different parameters. The results
presented in Table II show the ranked setups, also displaying
the normalised area value with respect to the best test.

First, it is most noticeable the difference between the
three-blade and the two-blade propellers. While two-blade
propellers have a varying relative propeller detection, three-
blade propellers have absolute zero (with two negligible
exceptions). It can therefore be concluded that three blade
propellers, with their static blade overlap, do not generate a
sufficient number of events or clusters to be detected.

The second most influential factor, as shown by Table II,
is the lighting conditions. The top five performing setups
have artificial lighting, followed by five setups with natural
lighting. The only two exceptions occur with the two-blade
six-inch grey propeller. However, this can be explained by
the background. The cluttered background, as described in
section IV-A, was dark grey with irregular shapes. This
background produces much less contrast with the grey pro-
peller, explaining its poor performance. The artificial lighting
increases the brightness of the surfaces, allowing larger
contrasts. Even for the three-blade propellers, only those with
artificial lighting showed a minimum propeller detection,
while the rest showed null results.



(a) Natural, clear. (b) Natural, cluttered. (c) Artificial, clear. (d) Artificial, cluttered.

Fig. 10: Propeller detection results for the three-blade six-inch translucid blue propeller, for different lightings and
backgrounds.
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Fig. 11: Propeller detection results for the two-blade six-inch grey propeller, for different lightings and backgrounds.
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(a) Natural, clear. (b) Natural, cluttered. (¢) Atrtificial, clear. (d) Artificial, cluttered.

Fig. 12: Propeller detection results for the two-blade six-inch black propeller, for different lightings and backgrounds.

(a) Natural, clear. (b) Natural, cluttered. (c) Artificial, clear. (d) Artificial, cluttered.

Fig. 13: Propeller detection results for the three-blade five-inch pink propeller, for different lightings and backgrounds.
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(a) Natural, clear.

(b) Natural, cluttered.

125 0

(c) Atrtificial, clear.

(d) Artificial, cluttered.

Fig. 14: Propeller detection results for the two-blade five-inch matte black propeller, for different lightings and backgrounds.

TABLE II: Ranking of the propeller detection of the different
setups.

Cp
# area Propeller Lighting | Background
(norm.)

1 1 2-blade 5" matte black | Artificial | Clear

2 0.84 2-blade 6 black Artificial | Clear

3 0.64 2-blade 6’ grey Artificial | Clear

4 0.63 2-blade 5’ matte black | Artificial | Cluttered
5 0.55 2-blade 6 black Artificial | Cluttered
6 0.55 2-blade 5’ matte black | Natural Clear

7 0.52 2-blade 6’ black Natural Clear

8 0.44 2-blade 6’ grey Natural Clear

9 0.27 2-blade 6 black Natural Cluttered
10 0.2 2-blade 5’ matte black | Natural Cluttered
11 0.08 2-blade 6’ grey Artificial | Cluttered
12 0.05 2-blade 6 grey Natural Cluttered
13 0.001 3-blade 6’ inch blue Artificial | Cluttered
14 0.0005 3-blade 5’ pink Artificial | Cluttered
15 0 3-blade 6’ blue Natural Clear

16 0 3-blade 6’ blue Natural Cluttered
17 0 3-blade 6’ blue Atrtificial | Clear

18 0 3-blade 5’ pink Natural Clear

19 0 3-blade 5’ pink Natural Cluttered
20 0 3-blade 5’ pink Artificial | Clear

The third variable with the highest influence is the back-
ground. The clear background presents more contrast with
the dark propellers, generating more events and allowing a
higher CP metric, for both artificial and natural lighting. The
three blade propellers, on the other hand, had light colours,
and therefore presented more contrast with the dark cluttered
background, allowing a minimum score in such cases.

Lastly, the parameter with the smallest influence is the
propeller shape and texture. For example, the two-blade
five-inch matte black has a slightly higher CP score for
most scenarios than the two-blade six-inch black propeller.
Even for the clear backgrounds, the two-blade six-inch grey
propeller joins the other two-blade propellers in the ranking
grouping. However, its performance is considerably lower,
with a noticeable smaller CP area. To be noted is the
little effect of the size difference between the five-inch and
six-inch black propellers, as the smaller propeller shows a
generally better propeller detection.
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V. CONCLUSIONS

In this paper, the applicability of event cameras for pro-
peller detection is analysed. Different propellers were tested
under different conditions of contrast and luminosity for a
range of distances and spinning frequencies to assess the
influence of each variables in their detection. A series of
metrics were developed to evaluate the propeller detection
for the different tests involving event count, periodicity and
clustering. Moreover, a fuzzy classifier was developed to
classify the different setups and determine if a propeller can
be detected.

The detection of the spinning propellers was very limited
due to the complexity of the task and the limitations of the
sensor employed. Firstly, a maximum detection distance of
75 cm was observed, beyond which almost no events are
detected due to low sensor resolution. Employing the CP
metric derived, the following results were found for two-
blade propellers. For high spinning frequencies, between
6000 and 8000 RPMs, the propeller signal looses energy and
becomes almost invisible. A maximum detection distance of
45 cm for propellers with large contrast (black propeller
and clear background) and suitable lighting conditions is
detected. For the rest of the cases, propellers are only
detectable at low frequencies. Three-blade propellers on the
other hand do not offer sufficient contrast and are almost
undetectable for all cases, regardless of the setup.

These limitations show that this technology is still at
an early stage for such a complex application. Currently,
detections are limited to two-blade propellers with high prox-
imity and large visual contrasts. In such conditions, swarm
coordination is limited, but the system could successfully
be employed for collision avoidance, for example, or in
conjunction with other relative sensing subsystems to provide
further confidence at short distances.

In order to extend the applicability of event cameras to
enable swarming behaviour, further work must be focused on
the improvement of the sensor itself. Increasing the pixel and
time resolution will allow for further detections for a higher
range of setups. Lastly, it is also believed that the use of
more complex algorithms such as Spiking Neural Networks
may improve detections, and the study of such methods is
recommended for further work.
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Swarms

Nature is the largest source of inspiration for robotic development. Most robotic practical applications
involve interaction with the physical world, so it is reasonable to look for solutions to current problems
on systems that have been perfecting themselves for millions of years. By imitating animal capabilities,
new sensors were developed, like sonar for echolocation, new mechanical components were produced,
like silicone suckers for object manipulation, and existing components were combined in novel ways, like
stereo cameras for distance recognition. Robotic swarms are no different from these other developments.
Millions of animals collaborate daily with the objective of achieving tasks they could not accomplish
on their own. They leverage the use of many individual agents with limited capabilities to achieve a
grander task with a better performance that could not be accomplished by a single party.

3.1. Biological swarms

Before diving into the technicalities of robotic swarms, it is worth carefully analysing biological swarms.
Understanding how these multi-agent systems have evolved to exploit the benefits derived from their
large number of individuals can result in inspiration for algorithms, subsystems or coordination
strategies to be applied on the robotic counterpart.

Precisely speaking, the term 'swarm’ refers to a large group of locally interacting individuals with
common goals. It is used to describe all types of collective behaviours even though it typically brings up
associations to joint movement in space [71]. The specific goal that animals collaborate for vary widely
depending on the species. Sometimes, multiple goals benefits are obtained simultaneously.

Ants are social insects and benefit from living in large groups to cover the different roles necessary in
their societies. They can collectively take care of their young, construct nests, build bridges and forage
for food. Other social insects such as honey bees also show similar interdisciplinary behaviours. When
the swarm involves non-social insects, the goals sought are often more specific, mainly four. The first
one is mating. Female moths and cockroaches emit pheromones that trigger swarming and searching
behaviour in males [137]. Exhibiting a similar behaviour, flies form swarms to promote the attraction
of females and perform dancing courtship rituals, a technique called lek mating [17]. The second one
is food foraging. An organised example is cockroaches, which leave pheromones for path trailing
to discover food sources on non-competitive swarms. Locusts on the other hand explore altogether
for suitable feeding spots following the wind direction [68]. The third one is migration. Insects like
butterflies, dragonflies, beetles and moths group together in large number of individuals to perform
seasonal migrations across huge distances. For such insects, these migration journeys are typically
longer than their lifespan, and most of them do not make the entire round trip [112]. Lastly, swarming
on insects can also be exhibited as a form of protection against predators. Marines insects have shown
that selfish dilution in a big swarm reduces the attacks on the individual, increasing their chances of
survival [50].

Beyond insects, plenty of other animal species also exhibit swarming behaviour for different purposes.
While their goals may be common with those of the insects, they have a different way of executing them.
In birds, for example, migrations are also commonly performed by swarming. Flying in formation, they
can save energy by flying on the vortices created by the preceding individuals. Red knots and dunlins
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(a)

(b)

Figure 3.1: Three basic missions on biological swarms: (a) Trigger behaviour on antelope herds [110]. (b) Path following on an
ant swarm [143]. (c) Coordinated movement in a starling murmuration [47].

that fly in formation using this technique have shown to achieve speeds 5k /h faster than the singular
counterpart [101]. For fish, similar hydrodynamic benefits can be derived when swimming in tight
formations [105]. The aforementioned dilution in the swarm for increased safety is also one of the main
added benefits for fish schools and mammal herds. However, these can also benefit from collective
vigilance. With the increase in herd size, the vigilance required for each individual can diminish with
little effect on the overall safety of the group. This way, each individual can focus more on finding food
sources and mating [59].

Up until now;, all the swarms presented were composed only of conspecific individuals. However,
heterogeneous swarms also exist in nature. With the same objectives to drive their collaboration, animals
from different species work together in large numbers to combine their unique abilities. It has been
shown that mixed zebra-giraffe herds reduce predation risk by eavesdropping on mutual cues. Zebras
benefit from the high vigilance levels of the giraffes to detect cues of animal presence [126]. For birds,
mixed flocks present some advantages over conspecific. Combining different capabilities, they are more
likely to find potential food sources [51], avoid already exploited locations [15] and drive insects out of
hiding [152].

For each of the different swarming behaviours presented, the individuals need to have a set of specific
abilities that allows them to take part in such collectives. These can range from simple distance-based
reactions to complex social interactions. Animals use such abilities to enable the emergence of complex
group behaviours from simple local interactions. These group behaviour have, as presented before,
many different end goals: mating, migration, food access, safety... To achieve all these different end
goals, each species follows a different approach. However, there are a series of behaviours that are
commonly exhibited by many different species as means to achieve these end goals. Three main different
behaviours can be identified, for which different techniques are employed depending on the species.
Looking at these three behaviours and the techniques animals use to address them can be a source of
inspiration to tackle the challenges that are faced when developing drone swarms.

First, biological swarms often require a trigger to indicate the start of a certain behaviour. Vision can
be of extreme help for many animals. Mammal herds use visual cues of conspecifics as an indicator
of predator presence, as shown in figure Figure 3.1(a). Similarly, birds use vision to detect sudden
movements of the rest of the flock. Bees use sound to coordinate liftoff when moving to a new nest.
This call for swarming is achieved by specific ‘piping” sounds that excite the bees to a flight-ready
temperature (35°C) [128]. One third technique animals use to trigger swarming behaviour is direct
physical contact. In certain conditions of extreme hunger, locusts start exhibiting cannibalistic behaviour
and bite each other on the back. This fear of being bitten on the back triggers a chain reaction that
evolves into a swarming search for food [14].

Secondly, either for finding a food source or to trigger path following, swarms are commonly formed
to find a specific location or follow a certain direction or path. For that case, the most commonly
employed technique is pheromone dropping. This indirect communication system allows insects to
mark paths on the ground whenever a food source has been found for others to follow, as shown in
figure Figure 3.1(b). Similarly, it is also very frequently used for mating calls, where females emit
pheromones to promote searching behaviour in males and select from a larger selection of partners [137].
A different approach to path following is by visual cues. Scouting bees, when looking for a potential
new nest location, make dances that describe the options discovered with a dance that indicates their
location and quality. If the dance is convincing enough, the other bees will follow to explore the location.
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Eventually, the swarm migrates to the preferred location (i.e. that with the most appealing dance) [22].

The third main mission type that swarms perform is coordinated movement. Swarms are most often
observed on dynamic systems. Involving large groups of individuals that move close to each other, a
coordinated movement must be achieved to ensure safe navigation. Insects like ants or locusts have slow
reaction times and are resistant to collisions due to their low speed. Faster animals like flocking birds or
swarming bats require more advanced techniques to interact with the neighbours, factor increased due
to the 3-dimensional nature of their movement. Bird flock sizes vary widely depending on the species.
Very notable are starling murmurations, where reports have shown over 750, 000 individuals flying
coordinatedly [58], as seen in figure Figure 3.1(c). Obviously, each starling cannot keep track of the other
749,999 birds in the murmuration. Rather, observing the closest 7 neighbours and reacting to their
movements, regardless of the density of the group, each starling is able to avoid collisions ensuring a safe
behaviour in the macroscopic level [31]. In the case of noise emitting animals, like bats for echolocation,
flying in swarms causes interferences between the signals sent by the different individuals. When flying
in dense groups, bats have shown to reduce their calling rates. With such collective awareness, each bat
suffers from a lower obstacle location refresh rate, but benefits from a lower level of interferences due to
a less cluttered network and maximised information throughput at the group level [1].

All these collective behaviours are worth considering when discussing the development of robotic
swarms. Of special relevance are those involving the coordinated navigation of bird flocks, for the
drones shall fly safely without collisions, but inspiration can be drawn from all the biological multi-agent
systems described.

3.2. Drone swarms

When addressing the drone swarm development, it is best to start looking at its definition to understand

what capabilities must the system have. A robotic swarm does not have the same properties as a

biological swarm. Understanding these differences allows the developer to make requirements based

on the desired mission objective and system performance, and think about the different subsystems

that should be included to enable the swarming behaviour. Finally, inspiration can be drawn from the

biological examples presented above to help design a better performing swarm for the task at hand.
A robotic swarm can be defined as:

Definition. Swarm robotics is the study of how large number of relatively simple physically embodied agents can
be designed such that a desired collective behaviour emerges from the local interactions among agents and between
the agents and the environment [123].

From the definition, itis derived that, just like on a biological swarm, the drones operate collaboratively
to achieve a common goal. Drone swarms can be used for applications where the task requirements
exceed the individual robot’s limitations, or for applications where better performance is desired
compared to a single drone mission.

When developing robotic swarms, an important consideration must be taken into account that
reflects the limitations of robots. Robotic swarm development is constrained by a series of expected
advantages that such systems shall have over single agents. Firstly, a swarm shall be robust to the loss
or failure of individual robots. Swarms can handle the loss of individual robots or subsystems and
still accomplish the desired goal. Secondly, a swarm shall be able to reconfigure itself to tackle flexible
environments and tasks. Having a distributed system offers more possibilities for task handling, which
gets reflected in the system’s adaptability. Lastly, a swarm shall be scalable to different sizes depending
on the task. Based on the needs of the system to achieve the goal, more robots can be added to improve
performance [124].

There are many different applications for drone swarms. Surveillance and mapping, construction,
load transport or infrastructure inspection are just some examples. Of course, based on the application
use case, the swarm would need to have different capabilities. These capabilities should always reflect the
three advantages swarms have over single robots. For a drone swarm to be robust, flexible and scalable,
two requirements can be made on the system. Firstly, the swarm shall be completely decentralised.
Taking inspiration from natural systems such as bird flocks or fish schools, it can be seen that cooperation
can be achieved without the need for external infrastructure. None of the described biological systems
presented relies on a central entity that coordinates the swarming behaviour. Only on social animals
with shared responsibilities do some individuals trigger the collaborative behaviour of the whole group,
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but these work just on a very high level. Moreover, centralised systems are not robust to failures in the
coordinating agent, and limit the system scalability. A second requirement can be imposed to avoid
direct communication between the agents. Having a communication-less system ensures the swarm is
scalable regardless of the subsystems used. Moreover, a failure in the communication subsystem could
be fatal for systems where the coordination strategy is dependent on it. Taking inspiration from the
biological systems described, inter-agent communication was only observed to trigger the swarming
behaviour. While it can also serve many other purposes, like a form of socialising on hyenas [43] and
monkeys [130], communication is not frequently used as a swarm enabling technique. For example,
when performing a coordinated attack, a pack of wolves performs a silent approach not to alert their
prey [63]. Similarly, a bird flock does not rely on communication to avoid collisions [31]. These two
requirements, decentralised and communication-less swarm, limit the coordination capabilities but
ensure a cooperating system capable of employing an unbounded number of agents.

To the best of the author’s knowledge, a system with decentralised and communication-less
requirements has not yet been proposed for unknown area exploration for any kind of robot [3]. Due
to the imposed complexity, this design phase must incorporate extensive research from previously
proposed swarming methods as well as new ones from other applications or biological inspiration.

The design of a drone swarm is characterised by four main elements, that range from local to global
impact. At the hardware level, the Micro Aerial Vehicle (MAV) design defines the basic capabilities of
each drone. Then, the local ego-state estimation and control allow the individual drones to operate
autonomously handling basic flight operations. At the third level, intra-swarm relative sensing and
avoidance allow the different drones to detect each other and provides them with the ability to coordinate.
Lastly, the swarm behaviour establishes the coordination rules followed to collectively achieve the
desired goal [36]. The low-level design imposes constraints on the performance of the system, while the
high-level design proposes requirements on the system capabilities. Still, an emphasis is placed on the
two subsystems that allow individual drones to collaborate within a swarm. Relative sensing is the
subsystem that allows drones to interact with each other, and the coordination strategy focuses this
ability on the targeted problem.

The purpose of chapter 4 and chapter 5 analysis is to understand the requirements that the design of a
relative sensing subsystem and a coordination strategy under the decentralised and communication-less
conditions present on the individual drone design. However, before addressing the specific technical
challenges for each subsystem, it is worth highlighting two points inspired by biological systems that
should be considered to enable a better drone swarm design.

On the one hand, it is important to remark on the simplicity of biological systems. Just by looking at
its closest 7 neighbours, starlings can group in murmurations with over 750, 000 individuals. Similarly,
bats can fly in highly dense formations by simply decreasing the frequency of their echolocation calls.
When having a system that is not reliant on complex calculations or strict communication routines, the
scalability of the system can be almost unbounded. For robotic systems, simplicity is accompanied by
lower error probabilities and higher efficiencies. Therefore, the drone swarm should be as simple as
possible.

On the other hand, even if most of the past research on swarm exploration involved direct
communication [3], it can be observed on biological systems that it is not necessary for coordination.
When the different individuals know how their conspecifics behave, they can act accordingly and
prepare in advance for their movements. This does not only apply to dynamic bird flocks, but also to
complex social routines like hunting for wolves. These different systems are based on different levels of
knowledge of the neighbour’s behaviour. An increase in the determinism of the actions of an agent
allows for an increase in the coordination level when communication is not employed. Therefore, to
compensate for the communication-less requirement, the drone swarm should be as deterministic as
possible.

Applying these two points into the specific subsystem design, it is possible to integrate the inspiration
from biological systems in the drone swarm. While they do not provide direct inspiration, like the use
of sonar or stereo cameras, they provide the guidelines to be followed to ensure the system can handle a
large number of individuals in a cooperative manner.



Relative Sensing

As stated in the definition of a drone swarm in chapter 3, to have a swarm, the individual agents must be
able to interact with other drones and the environment. This chapter investigates the different methods
that can be employed to achieve this level of interaction and close the gap between many individual
non-cooperating agents and a collaborative swarm.

4.1. Subsystem analysis

Drone swarms are characterised by a certain level of inter-drone interaction. Of course, the degree of
interaction determines the capabilities of the system. A relative sensing subsystem that shares current
and planned future full state information for all drones can achieve a higher degree of coordination than
one that just provides knowledge of the instantaneous relative positions. Therefore, before diving into
the subsystem design, it is important to understand the requirements of the relative sensing subsystem
derived from the high-level objective of the swarm. These requirements can then be compared with the
limitations of the different methods analysed to investigate the utility of each method.

Starting from the mission goal, exploration of an unknown environment with a swarm of drones,
it is derived that we cannot make any assumptions on the environment, as no prior information is
available about it. The essence of the task is the lack of knowledge about the environment. Besides
the basic requirements that the drones shall be able to navigate through the environment, meaning
that the drones are physically able to fly everywhere, and it shall have a limited extension, any further
assumption would limit the application of the system. If the system was deployed in a truly unknown
environment, like planetary cave exploration, reliance on assumptions could be fatal [74]. Therefore, it
is derived that the system must be robust to different environments. This applies to both, the physical
layout and composition of the environment, as well as the operating atmospheric conditions.

In this first requirement, the variety of possible scenarios is so large that it is absurd to set
boundaries on every single variable. Setting hard requirements would focus safe operation only on some
environments, prioritising them over others. Rather, for evaluation purposes, the different methods
shall be ranked based on the operation range. For example, a method that relies on certain lighting
conditions is evaluated worse than one that does not assume anything about such variable. It is then
important to clearly describe the environmental requirements for each method to be able to compare
them.

A second requirement is that the subsystem is semi-omnidirectional. Drones should be able to sense
each other in all directions to prevent inter-drone collisions and increase the coordination of the swarm.
To avoid inter-drone interferences such as downwash and facilitate relative localisation, the coordination
strategy should enforce drones to fly at (approximately) the same height and not above each other. This
means that the relative localisation subsystem shall detect drones with at least a vertical Lambertian
coverage.

The third requirement involves the swarm architecture. It was already stated in chapter 3 that the
system had to be completely decentralised. Therefore, so shall also be the relative sensing subsystem.
This implies all the action is taking place between the drones, in an independent manner, not relying on
external infrastructure or a master drone.

27
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Lastly, a fourth requirement ensures operability. Drones are capable of very fast dynamics, which
can be exploited for the benefit of the mission. On time-critical applications, it is desired that the drones
explore an area as fast as they can. To prevent the relative sensing subsystem from limiting the operation
speed, it is required that the subsystem is robust to fast dynamic systems, both in terms of detecting
fast-moving drones and detecting other drones while moving fast.

The 4 requirements found for the relative sensing subsystem can be summarised in the list below.
The relative sensing subsystem shall be:

1. Robust to different environments

(a) Composition layout
(b) Atmospheric conditions

2. Semi-omnidirectional
3. Decentralised
4. Robust to fast dynamic systems

Once the subsystem requirements are clear, the analysis of the different possibilities can begin. For
relative sensing, many different methods have been developed using a variety of sensors. Each method
has some advantages and disadvantages and is better suited for some applications than others. The
most common types are here presented with some application examples. They include standard colour
cameras, Infrared (IR), sound, communication-based ranging and landmark matching.

One last comment before analysing the different options. The difficulty of developing such a
subsystem should not be undermined. One of the main challenges faced when developing a real
physical system is the availability of a relative sensing system that meets all the requirements with
the desired accuracy. Most studies on swarms never make it to the real phase and live forever in
simulation. Therefore, special attention should be paid to the complexity of the system and the reliance
on assumptions.

Vision

One of the most intuitive methods that are used for relative sensing adopts vision cameras. By observing
its surroundings, a drone can be able to derive the relative localisation of the neighbouring drones just
like humans are able to approximate the location of other people in a cluttered room.

The main challenge of this method is to distinguish, on an image, the drones from the background.
Neural Networks (NN) and Deep Learning (DL) (black box models) have been used in the past for
drone detection using semantic segmentation, but with limited success due to the large processing
required [16], [129]. Another solution to this problem is the addition of stereo cameras, where the depth
estimation of each pixel can be derived from the disparity between the images [146].

A third method commonly used to solve this issue is the addition of visual markers to the drone. A
distinction can be made on the different visual aids used, depending on if the markers broadcast or not.
Passive visual aids provide a distinctive pattern that can be easily identified on an image. Examples
include visual markers [106], [55] and coloured balls [119], [46]. Active visual aids, on the other hand,
emit light with a characteristic frequency, wavelength or pattern that is easily detectable with a camera.
The most notable examples include the use of infrared [140] or ultra-violet light [147] or frequency-based
blinking for ID detection [148]. Using the appropriate camera filters, such specific wavelengths are
easily detected and segmented from the rest of the scene. Moreover, Walter et al. (2019) were also able
to derive the inter-drone relative bearing from the camera reading by employing polarised markers on a
predefined setup [148].

The accuracy of this method varies considerably depending on the technique employed (mono or
stereo, active or passive markers, white box or black box model). The best performance of the methods
here cited was found by using the stereo vision in [146], with a 5% distance error for distances up to 50m.

While these different techniques may ease the detection of other drones, achieving a robust vision
relative localisation system has many complications. As stated in the above-cited requirements, the
system must be (semi-) omnidirectional, and robust to fast dynamic systems, environments, and
atmospheric conditions. Using standard cameras, the limited Field of View (FOV), motion blur and low
dynamic range are known limitations that constrain the robustness of the system. The use of a camera
array or omnidirectional lenses can improve its directionality performance, but with a corresponding
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addition in processing or decrease in resolution. High-speed cameras and lighting systems could be
added to the system, but with a notable increase in weight.

Infrared

The second relative localisation method analysed uses IR. By emitting IR light, each drone sends out a
signal to be detected by the other drones. Equipped also with IR receivers, the drone can detect other
Unmanned Aerial Vehicle (UAV)s in the working range of the sensor.

One advantage of IR sensors is that the signal is very fast and require very little computational
power, which can increase the relative localisation velocity. On the other side, they are uni-directional,
so multiple sensors are needed for the drone to detect and be detected from different angles, increasing
the weight of the system [88]. The accuracy of such a system has been proved to be sufficient for relative
localisation, with a distance error of 8% on a range of up to 3m [70], [111].

The most common detection algorithm for IR relative localisation is Received Signal Strength
Intensity (RSSI). Assuming the power of the emitters is known and equal for all drones, the strength
of the received signal indicates the distance to the neighbouring drones. This technique however is
susceptible to interference from other sources of IR such as warm bodies and light and must be tuned
for a specific working range [141]. Recent efforts to fight this issue include Lock-In signal filtering, to
only pass and amplify frequencies equal to the source, and the use of lenses to increase the range [88].

Sound

A third method that can be used for relative localisation is with sound sensors. By spinning their motors
and pushing air down, drones generate disturbances that create noise while flying. Using a microphone
array, it is possible to hear neighbouring UAVs and estimate their range and bearing.

An obvious challenge found when using this method is that the listening drone masks the other
drone’s sounds. Basiri et al. (2016) addressed this by using "chirp" sounds to identify specific drones
and Cabrera-Ponce et al. (2020) used Convolutional Neural Network (CNN)s to distinguish between
the different sources, but with limited gain in accuracy and increased weight and computational
requirements [12], [30].

Communication-based ranging

Communication-based ranging leverages an existing communication infrastructure to obtain the relative
localisation of neighbouring drones. Using the antennas available on almost every drone, it is possible
to estimate the range and bearing by analysing the strength of the signal received.

When choosing the signal type, the two main options are ultrasound signals or radio signals, each
with its advantages and disadvantages. Ultrasound signals are preferred for short ranges as it is easier
to accurately measure the signal with less energy consumption. However, they are slow to dissipate in
indoor environments, causing interferences [88]. Accuracy of such systems can achieve a 0.8cm distance
error and a 3° bearing error over a 6.7m range [117].

Radio signals on the other hand are better suited for longer ranges and are not sensitive to
miscalibration. Some examples of radio signals include WiFi, Bluetooth or Ultra Wide Band (UWB).
The main differences between the three of them are power consumption, bandwidth and precision,
where UWB consumes the least energy during the active mode and WiFi the most, WiFi has the largest
bandwidth (up to 50 devices) and Bluetooth the least and UWB has the highest precision (¢ resolution)
and Bluetooth the least (i resolution) for ranges higher than 50m [48] [115] [36].

One drawback common to both signal types is the link between the relative localisation and the
communication subsystem. If the communication protocol relies on hearing from all drones or sequential
order, issues may arise as drones get out of range [81]. Similarly, the scalability of the system is threatened
due to the dependence of the relative sensing on the communication protocol. For such, it was already
specified in chapter 3 that the drones shall not use active communication.

Landmark matching

The last of the relative localisation methods analysed is landmark matching. This technique works if the
drones can identify landmarks or features in the environment. The drones estimate the location of the
surrounding landmarks and broadcast their position with respect to them. The rest of the drones are
then able to triangulate the position of the broadcasting drone by finding its position in their landmark
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map.

One of the drawbacks of this technique is that the challenge is shifted to relative localisation with
respect to landmarks instead of drones. The complexity of this task depends on the implementation used.
Achieving its simplest form, Montijano et al. (2016) allowed the drones to share mutually observable
features and derive a local relative localisation [95]. On a more complex form, Thrun et al. (2005)
enabled the drones to create a full map of the environment they then exchanged and updated for "global’
relative localisation [142].

4.2. Comparison of common methods

The goal of the comparison analysis between the different methods described is to understand their
applicability based on the desired system requirements. A critical analysis is here presented to evaluate
the suitability of each method according to the global goal.

The main benefit of vision-based relative sensing is the great source of information that such sensors
provide. With one sensor, it is possible to extract relative localisation of the drones in the FOV as well as
visual information about the environment. Visual information is extremely rich, as it is possible to derive
optic flow [90], [120], [134], feature maps [122], [33], [54] or even full navigation paths [34], [35], [80]
from it. Ideally, marker-less drones should be able to detect each other to avoid the addition of weight
through markers or active components that also consume power. However current state of the art
methods are not able to perform reliable relative sensing without the addition of such visual aids. The
trade-off then needs to be performed between a rich source of information against the localisation
problems and the limited FOV, motion blur and low dynamic range mentioned before.

On the other hand, IR and sound-based relative sensing just provide information specific to the
location of other drones. Recent efforts by Boutin et al. (2020) in the field of sound have allowed the use
of microphones to detect obstacles where the sound bounces off, but just for single drones [28]. Similarly,
recent efforts have been made by Rosas-Flores et al. (2020) on obstacle detection exploiting surface IR
reflectance [121]. For both cases, it is more complex to do so in a multi-drone environment because of the
number of sources of sound or IR which would interfere with each other and has never been achieved
before. In addition, the accuracy of such methods is lower than vision-based or communication-based
ranging. On the other hand, they are robust to motion and environmental conditions (provided the
system is tuned accordingly).

Communication-based ranging, as well as landmark matching, leverage an existing communication
subsystem to perform relative sensing. However, such a system may not be necessary. As stated in
chapter 3, the system shall not use active communication. Many efforts have been made to diverge
away from reliance on communication for coordination to make the swarm more robust [55], [125], [3].
Reliance on communication can even determine the collaboration strategy limiting the exploration
capabilities of the swarm [27]. Moreover, the scalability of the communication subsystem can be of
concern, especially when it relies on a predefined sequential order. It is also true that a higher degree of
coordination can be achieved when using communication, but since there are also drawbacks derived
from their use, it is preferred that the relative sensing is kept independent. Landmark matching also
gets disregarded within this category, since it relies not only on the communication subsystem but also
on landmark extraction and precise mapping, which comes under heavy computational cost.

As it was shown, none of the commonly implemented methods fully satisfies the requirements
presented. This raises concerns about the existence of a relative sensing method that shares all the
advantages without the drawbacks. The vision method presents the clearest advantages, while the
drawbacks are derived from the limitations of the physical sensor used. If a sensor would exist that
does not suffer from the limited FOV, motion blur and low dynamic range, while still being able of
providing accurate visual relative sensing and rich visual environment information, the inter-drone
awareness problem for drone swarms could be solved.

4.3. Event cameras: a new sensor

The above-mentioned limitations of standard cameras have motivated many researchers to develop new
sensors. In 1991, Misha Mahowald together with Prof. Carver Mead presented a new type of camera
that worked in a radically different way compared to standard cameras, the event camera.

An event camera, also called dynamic vision sensor, neuromorphic camera or silicon retina, is a
bio-inspired sensor that asynchronously measures changes in pixel brightness. Instead of capturing full
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images like a conventional camera, where the colour of every pixel is recorded and stored under a frame,
each pixel in an event camera works independently, only reporting an output when the local change in
brightness exceeds a predefined threshold. The output of such sensors is therefore not a continuous
stream of frames at a predefined rate, but rather an asynchronous stream of ‘events’ composed of the
pixel location, time and sign of the change in brightness. Having a different working principle, event
cameras show attractive properties compared to standard cameras. Namely, a high temporal resolution
(in the order of us), low power consumption, very high dynamic range (140 dB vs 60 dB for standard
cameras) and high pixel bandwidth (in the order of kHz), which allows for a significant reduction in
motion blur [52].

While event cameras have such nice properties, they only became commercially available in 2008 [82].
Therefore this sensor is only now starting to show its potential for a wide range of applications, mainly
those where the limitations of the standard cameras was hindering the technical progress. Examples of
typical scenarios where event cameras outperforms standard cameras include object tracking [41], [56],
object recognition [107], [113], shape tracking [144], [4], surveillance and monitoring [83], [118],
Simultaneous Localisation and Mapping (SLAM) [94], [145] and visual odometry [96], [97].

As it can be seen, despite their recent appearance, a lot of research has been placed into these sensors
to get the most out of them. Especially in the field of robotic applications. While they have not been
used before for relative sensing on drone swarms, research was done on robot detection and tracking as
a motion capture system [109], [10].

Relative sensing with event cameras

To evaluate the usefulness of employing event cameras for relative sensing, it is worth evaluating the
recent work on robot detection and tracking. That way, it is possible to understand if the assumptions
held in such methods also apply to our use case.

There exists a wide range of algorithms that can be used for the detection of robots on neuromorphic
sensors. These vary in complexity, accuracy and computational requirements. Algorithms of varying
complexity are presented to provide an idea of the detection capabilities of this new sensor.

Early work on object detection started with continuous blob grouping of events, without mem-
ory [42], [84]. Using Gaussian correlation filters and previous knowledge on the approximate size,
events were clustered to determine the location of different targets. Using this same principle, Schubert
etal. (2017) were able to use predefined density grouping with Density Based Clustering of Applications
with Noise (DBSCAN) to locate objects [127]. Other methods such as mean shift exploit the fact that
events are triggered on the contour of objects, and are distant from the centroid. The advantage of such
techniques is that no prior information is required on the number or shape of the features, but rather
cluster centroids are found in an iterative manner [9]. All the above-cited algorithms can be used for
direct object detection without further processing.

More complex algorithms can combine cluster detection with cluster tracking for higher accuracy.
Particle filters are commonly used to update the location and shape or size of clusters while maintaining
a low computational cost [57], [118]. More elaborate tracking can be achieved with Principal Component
Analysis (PCA) used to estimate the direction and strength of variation of the events that belong to a
certain cluster [93]. PCA operates using the spatio-temporal information (x, y, t), and the movement of
the clusters can be directly extracted from the principal components.

Lastly, object detection algorithms can also use feature matching that uses hand-picked or data-learnt
features. Hand-picked feature methods are most typically used on applications with very controlled
environments, exploiting probabilistic filters. Events can then be matched against predefined shapes
(object outlines) with algorithms such as Iterative Closest Point (ICP) [103] or gradient descent [104].
On the other hand, data-learnt models use training data to learn complex and abstract representations
that can then be used to match and track objects [73]. Spiking Neural Network (SNN) are asynchronous
NN that were designed specifically for neuromorphic sensors. Instead of a binary trigger that projects
through the network, SNN work with exponentially decaying potential values. One limitation of SNN
methods is the amount of training required, which should not be underestimated. However, due to the
sparsity on events which just trigger on important information, computations on SNN are reduced, up
to 200 times, compared to a convolutional NN counterpart [73].

The wide range of methods available and use cases of event cameras proves that they are suited
for accurate object detection and tracking. If they were used for relative sensing on the drones, they
would need to be mounted with an omnidirectional lens for omnidirectional coverage. Neighbouring
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drones would generate some events when their relative velocity is different from zero, but mainly it is
the propeller motion that could easily be detected for relative sensing. Compared to prior work on UAV
detection with event cameras [64], [73] which was performed with high-resolution vertical recordings
and static background greatly simplifying the task, the challenge of using event cameras for relative
sensing lies in the segmentation of the neighbouring drones from the rest of the scene.

Mounted on board the moving drone, the background scene would generate many events as the
UAV flies around the static environment. Special adjustments would need to be done to ensure the
background-triggered events do not mask the drone-generated events. One option to cope with this
issue is by classifying events based on their spatio-temporal resolution. An Attention Priority Map
(APM) can capture regions that triggered more events within a certain time frame and assign them a
higher priority [118]. By applying an APM to the camera output, the priorities can be used as a weighting
factor passed to the object detection to improve detection, and as a filter to reduce the number of events
to process. A second method to segment the background deals with asynchronous signal processing. It
was already mentioned how the main source of events for neighbouring drone detection is the propeller
motion. Using the same UAV model for the whole swarm, the propeller Revolutions per Minute (RPM)
are the same for all drones. Since the events are triggered asynchronously, those corresponding to the
propeller motion could be characterised by a certain specific frequency. A Lock-In filter, previously
presented for IR signal detection, could serve as a mask for the background events [121].

One last aspect to consider regarding the use of event-based cameras for relative sensing is the
frequent noise associated with such sensors [52]. Deterministic filters such as convolutions and activity
filters provide a simple implementation to reduce noise events. More complex methods have also been
used, but with the additional goal of reducing the overall number of events to process for highly dynamic
applications. Less Data Same Information (LDSI) is an algorithm to achieve a high data reduction ratio
while keeping the relevant information at the scene [11]. Representing the scene as a heat-map of events,
the value of each pixel is accumulated over time with exponential decay. Only those pixels that exceed a
certain threshold, the ones with higher spatio-temporal density, are passed through the filter output.

On the hardware side, some research has been conducted on the effect of temperature on event
camera noise. The sensor was analysed at different illumination setups - 2 lux and 10 lux - with and
without cooling. The optimal cooling temperature was obtained experimentally at 1.5 deg, on a trade-off
between reduction in thermal noise and condensation due to low temperature. A clear improvement is
demonstrated when the sensor is cooled. The Signal to Noise Ratio (SNR) is raised by a factor of 1.3, and
the number of noise events is dropped by 30%, event at different illuminations. The event probability for
a ranging contrast is notably higher for the cooled sensor. The benefit of using a cooled sensor is clear,
with a higher SNR and less noisy events [20]. Adding a cooling system on the other hand increases the
weight and power consumption of the drone, reducing the mission time. If placed carefully, the event
camera could be in the turbulent flow generated by the propellers, using air cooling to increase the SNR.

Comparison with standard cameras

Before settling with event cameras for relative sensing, it is worth analysing their performance compared
to standard cameras. By carefully comparing the limitations of the two sensors, it is possible to determine
if indeed event cameras outperform standard cameras in all the required aspects and meet the relative
sensing requirements.

Event-based sensors can be compared to frame-based sensors on the task of object detection and
tracking through a series of experiments that focus on the different limitations of standard cameras,
namely motion blur and low dynamic range since the limited FOV is shared for both sensors and can be
solved utilising an omnidirectional sensor. Regarding the experimental results, special attention needs
to be placed on the analysis, since the algorithms selected also play a big role in the system performance.

Previous research conducted on detection and tracking comparison for both sensors on different
conditions includes detection of UAV on static scenes [26]. The tests performed focused on evaluating
the dynamic range performance of the sensors and used two different algorithms for the neuromorphic
sensors: asynchronous detection and pseudo-frames generated by the accumulation of events. In the
daytime, the standard camera offered a similar detection accuracy performance for drone tracking than
the asynchronous counterpart. Some birds flew in the background and all the algorithms except the
pseudo-frames were also able to identify them as separate objects, although with some data association
problems due to detection breaks. During nighttime flying, the frame-based camera was not able
to detect and track the drone, while the event-based camera was not affected by ambient light and
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accurately detected all drones. It is therefore concluded that event-based cameras can effectively be
used for object detection at very high dynamic ranges. This is an extremely important point, as no
assumptions can be made regarding the lighting on the unknown environment to be explored by the
drone swarm. Therefore, increasing the dynamic range of operation ensures higher operability of the
system developed.

Regarding algorithm performance, due to the specific algorithm selection, frame-based had con-
siderably larger memory requirements and shorter processing times than the algorithm for the event
camera. However, the object detector was not specifically designed for the task nor optimised in any
way. With a more optimised algorithm design, the benefits of the physical sensor can be exploited
employing asynchronous object detection.

A second set of experiments focused on object detection at very high speeds. A rotating disk is to be
tracked with event cameras and global shutter cameras [62]. Note that standard cameras are not used
for this experiment because they are not able to track such fast objects. Instead, a global shutter camera
with a frame rate of 1000 FPS is employed to detect the markers in the rotating disk. Two different
event cameras are compared: the iniVation DV5240 [44] and the ATIS HVGA Gen3 [45]. The experiment
setup alone already shows that the performance of the event cameras is far superior for moving obstacle
detection than standard cameras since these are not even considered. While the absolute speeds of the
markers remained low, between 0.27 and 21 m/s, due to the small separation between the target and
the camera, the mean image speed varied between 3.3 and 260 kpx/s. For all experiments, varying
the lighting conditions showed little to no influence. Accurate detection of the marker was achieved
on the DVS240 for image speeds up to 50 kpx/s. Beyond this speed, long tails of positive events start
to form, marking the limit of the sensor. The ATIS HVGA Gen3, with double the bandwidth, could
detect accurate motion for image speeds up to 200 kpx/s. In any case, the expected image speeds
to be encountered for relative sensing are well below the 50 kpx/s threshold, and therefore it can be
determined that both sensors are suited for the relative sensing application.

Due to the strong dependence of the algorithm selection on the subsystem performance, it is not
possible to have an estimate of the accuracy expected when using event cameras for relative sensing.
However, the trend in the literature is clear. Sensor capabilities are higher for the event-based (faster
dynamics and wider range of ambient conditions), and it boils down to the algorithm to be able to
exploit the faster response to derive faster conclusions about object placement. Careful choice of the
algorithm would need to be performed to achieve very fast object detection and tracking, and with low
processing power.

Algorithm design and evaluation

Considering the application scenario, limited computational power and performance requirements,
it is possible to draft from all the literature presented an outline of how the algorithm implemented
could look like. Note that this implementation is subjected to the actual performance shown by the
event camera plus omnidirectional lens combination. The whole detection and tracking algorithm could
be split up into three parts. The first step could consist of an event filter. Depending on the scenario,
either a simple noise reduction deterministic filter or the more elaborate LDSI algorithm could be used
based on the processing and filtering required. Moreover, the signal could be further processed with
an APM or a Lock-In filter to facilitate drone detection. A second step could use the filtered output to
perform drone detection. Depending on the filtering applied, a simple DBSCAN clustering algorithm
could suffice, or a feature matching algorithm could be developed that then uses ICP for detection.
Data-learnt detection takes a considerable amount of time to train, and shall not be used unless strictly
required. Lastly, to have a robust relative sensing algorithm, a third object tracking step can be present.
A simple particle filter could allow for robust performance against noisy detections and occlusions. This
first algorithm idea shall be tested for compliance with the requirements. If tests conclude that the
accuracy is not sufficient, more elaborate algorithms would need to be developed and implemented.

One interesting aspect to keep in mind for the evaluation of the system performance is an object
tracking metric. With desired minimum performance requirements, it could be used to assess the need
of achieving a higher accuracy or accepting the current levels. The Multiple Object Tracking Accuracy
(MOTA) metric proposed trades-off missed detections, false positives and mismatches to indicate the
relative sensing performance [19]. MOTA is defined as
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Zk My + FPy + mme
2k 8k

where My, FPy and mmej represent the number of missed sequences, false positives and mismatches
in frame k, respectively, and g, represents the number of ground truth objects in frame k. Individual
drone detection metrics can be composed of a match in the number of clusters and the ratio of the
detected cluster area. Therefore, detections can be marked as correct when both of these values exceed a
certain threshold [109].

One last comment is worth discussing regarding the possibilities that using event cameras as relative
sensing sensors open. Some research has been conducted on obstacle detection with neuromorphic
vision sensors on autonomous robots, that could be used in the subsystem being developed. Using
optic flow directly derived from the camera output, it is possible to construct a nearness map of the
environment [21], [18]. Such information could then also be used to guide the navigation and avoid
collision with the environment [93].

MOTA=1-

(4.1)



Coordination Strategies

The second characteristic that defines a robot swarm is the coordination between the agents to achieve
a desired collective behaviour. A network of drones that can sense each other, but does not have any
coordination or any interaction between the agents cannot be defined as a swarm. The interactions
required for the achievement of the desired goal can be defined as the coordination strategy, and vary
depending on the task to be solved.

5.1. Task analysis

In the context of unknown area exploration, the task to be solved is the complete exploration of a given
environment, commonly performed to find an object or person of interest or generate a map of the scene.
Search and rescue operations to find a missing person on an unknown area [7] or generating maps of
planetary caves [74] are just two examples of situations that would require inter drone coordination
when performed with a swarm. As it was done for the relative sensing subsystem, an analysis of the
requirements that shall be met by the coordination strategy is first presented. These requirements can
then be used to evaluate the utility of the different strategies proposed.

The first requirement is derived from the task to be solved. It was mentioned in chapter 3 how the
swarm was meant to explore an unknown area to find the location of different targets. Because the
targets are at unknown locations, the whole environment shall be explored to ensure all the targets
are identified. It can be then derived that the coordination strategy followed shall allow for complete
coverage of the environment. It is the objective of the coordination strategy to ensure at least a drone
has flown through all the areas of the environment. Only when the environment is fully explored, the
system can accurately determine the location of all the targets.

An important annotation has to be made. It is the responsibility of the coordination strategy to
ensure drones explore all areas of the environment such that the targets can be localised. However, the
required thoroughness of the exploration is a function of the target detection subsystem. If a target
detection subsystem has a range of 10 cm, then it would be required that drones fly with such spacing.
Because event cameras are used for relative localisation, they can provide information about the whole
scene in the FOV. Such images could be used for online or offline target identification, provided the
target is visually recognisable. Then, the level of exploration required shall at least allow for capturing
the whole environment with the event cameras.

A second requirement is that the system shall be aware of the moment when it has completed the
exploration task. If the swarm is not aware of the task completion, the drones would continuously
explore the environment until they run out of battery. If they are triggered to return home before
that happens, the system would also not know whether the drones should fly again to continue the
exploration. For the system to be practical, it should be aware of when it has successfully explored the
whole environment and the task is finished.

The third requirement is common to the relative sensing subsystem. Having set an early requirement
on the system to be completely decentralised, so shall be all of the subsystems used. A requirement can
be derived that the coordination strategy shall be decentralised, and not use an external infrastructure
of a master drone to spread the drones around the environment.

35



36 Chapter 5. Coordination Strategies

- L

X

/

", E
A J= S S

(@) (b)

Figure 5.1: Different exploration philosophies for a swarm of drones. The red cross marks the initial position of the drones, and
the white trails indicates the discovered area. (a) Flocking exploration shows higher redundancy. (b) Independent exploration
promotes faster area coverage.

One last requirement can ease the selection of the algorithm based on the metric performance. Many
of the applications that require swarms, such as search and rescue [99], load transport and delivery [108]
or reconnaissance [65], require the task to be performed in a timely manner. The fourth requirement
is therefore that the coordination strategy shall allow for fast exploration. To help the evaluation of
this requirement, it is broken down into two complementary points. Firstly, the coordination strategy
shall avoid navigation over already explored areas. Secondly, the coordination strategy shall constantly
promote the exploration of new areas.

The different requirements the coordination shall meet to ensure task success can be summarised in
the list below. The coordination strategy shall allow:

1. Complete exploration of the environment
2. Awareness of the task completion

3. Decentralised coordination

4. Fast exploration

(a) Avoid re-exploration
(b) Promote navigation on new areas

Having stated the requirements to be met, the study of the different possible coordination strategies
can be tackled. Two philosophies can be followed for multi-drone exploration coordination. The first
philosophy exploits the robustness induced by the swarm by performing flocking exploration. When all
the drones explore together by flocking, the system becomes robust to drone failure as the task can
still be completed by the rest of the flock. The second coordination philosophy promotes independent
exploration of the different agents. By exploring different areas of the environment simultaneously,
exploration time is reduced. However, the coordination between the drones requires a higher level of
understanding of the environment and the exploration performed by the other drones. Both of these
philosophies are equally valid and have their advantages and disadvantages. Each one is presented in
detail, addressing the different aspects to consider for their implementation. An example of a flocking
exploration swarm can be found in figure Figure 5.1(a). An example of an independent exploration
swarm can be found in figure Figure 5.1(b).

Before proceeding with the discussion of the different philosophies, an important aspect must be
presented. Both of the coordination philosophies require an exploration strategy. On the flocking
exploration, the whole flock explores the environment together following a certain strategy. At the same
time, on the independent exploration, each drone follows its own exploration strategy while remaining
in coordination with the rest of the swarm. It is therefore beneficial to learn first about exploration
strategies for a single drone, and only then extrapolate the acquired knowledge to the multi-drone
problem.

5.2. Exploration strategy

Exploration of an unknown area by a single agent is a problem that has been widely studied [2], [35], [89],
[86], [138]. A wide variety of methods have been proposed, with varying levels of understanding of
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the environment. A classification can be made based on this metric, with some methods presenting a
behavioural strategy and others showing a hierarchical strategy [100].

Behavioural strategy

Behavioural control, also known as reactive control, derives navigation commands directly from the
current sensory information. The name is derived from the reactive nature of the control commands to
the sensory data. In this bottom-up approach, high-level constraints are not considered when planning
the robot’s actions. Therefore, a low understanding of the environment is sufficient to successfully
control the robot. One of the benefits of this strategy is its adaptability to dynamic and unknown
environments. Since it is not necessary to build a model of the environment, the strategy success is
independent of the environment’s complexity and can quickly react to dynamic situations [100].

Typically, multiple behaviours or control commands are generated simultaneously from the different
sensory data. That way, complex behaviours can emerge from the combination of simpler and smaller
sub-level reactions. Different architectures exist to combine the different control laws generated.
Subsumption behaviour-based control sorts the different control laws based on priority and activates the
behaviours with the highest priorities [29]. Huang et al. (2019) developed a dynamic priority allocation
together with a Null-Space-based Behavioural Control (NSBC) to project low priority actions into the
null space of the robot actuation [66]. Motor behaviour-based control on the other hand simultaneously
combines the output from the different control laws. The overall response is obtained from the vector
summation of the different behaviours allowing a more cooperative, less hierarchical control [6].

Behavioural exploration of unknown environments can take different forms, that depend on the level
of complexity integrated into the strategy. On its simplest form, random walk or random navigation
promotes the agents to follow paths selected at random. The exploration strategy is therefore abstracted
from the sensory input. At the extreme, the whole navigation strategy can be independent of the sensory
input making the drones fly blindly, but collisions with other drones and objects can occur. Mulgaonkar
et al. (2018) effectively used a swarm of drones for exploration with this technique, employing drones
resistant to such collisions [98]. More reactive methods can also employ random walk for environment
exploration and combine it with sensory input for collision avoidance or inter-robot coordination [125].
The main limitation of random walk algorithms is the large amount of time taken for exploration, as
complete area coverage can only be guaranteed asymptotically with time.

Other efforts have been made to guarantee a quicker solution. Directly guiding the navigation from
the sensory input, bug algorithms have shown to be effective for exploration tasks. Bug algorithms are a
navigation strategy that leverages relative sensing of obstacles in the environment to progress with the
exploration by reacting to contact with such obstacles. There are many different types of bug algorithms
with varying complexity, memory and sensing requirements. Simple wall following algorithms can be
efficient for maze solving tasks, but it requires conscious navigation to achieve effective unknown area
exploration. Loop detection and path integration are proposed as two techniques to avoid navigation
over already explored areas and perform accurate homing [91].

More complex behaviours can be achieved with increased sensing. A Finite State Machine (FSM)
can allow reactive behaviour when the rules to change between the states are sensory-based. Then, with
predefined behaviours, it is possible to achieve a high level of control with mere sensory information
that triggers the state transitions. Bug algorithms are a type FSM, where the reactions take place only at
the low level. When more complex predefined behaviours are employed, the tasks to be solved become
virtually unlimited, including area exploration [150].

The last of the behavioural exploration strategies employs fuzzy control for robot navigation. A
set of fuzzy rules are designed to achieve the desired goal: area exploration. Common examples of
fuzzy rules include obstacle avoidance [92], goal-reaching/exploration [102], or formation control for
multi-agent systems [66]. The sensory information is employed to determine the membership to the
different rules, which then project their output onto the actuation space of the robot. For fuzzy control,
the combination of the output signals can be done by fuzzy mechanisms of product-sum or min-max
inferences [139].

Hierarchical strategy

On the other side of the spectrum of robot control, a hierarchical strategy uses the sensory information
perceived to generate a global world model upon which to generate the appropriate robot actions to
achieve the desired goal. That way, a hierarchical strategy, also called deliberative or centralised, follows
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Figure 5.2: Different map representations for hierarchical control [5]. (a) Grid representation is an occupancy grid of the area. (b)

Feature representation is a relative location of detectable features. (c) Appearance representation is a concatenation of images. (d)

Topological representation is a division of the environment in distinct areas with proximity relations. (e) Semantic maps are like
topological maps, but with more detailed information about the places and their composition.

a top-down approach where high-level constraints are broken down into low-level commands. One of
the main benefits of such a strategy is the ease to turn goals into tasks. Using the environment model,
the control strategy is directly derived from the current and the desired state [100].

A hierarchical strategy is usually comprised of three modules: sensing, planning and action. First,
the sensing module employs the sensory information collected by the robot to generate a world model.
This world model does not necessarily need to be a map, but rather it can be any abstract description of
the world. Then, the planning module uses the world model to search for the optimal path to get from
the current state to the desired state. The desired state is selected based on the task to be solved. For
exploration, for example, the desired states are all those locations where the drone has not been before.
Finally, the action module executes the planned actions to reach the target. Of course, this process is
iterative. As the drones navigate the environment, they gather more sensory data which is used to
update their world model, around which new optimal paths are calculated and executed.

Even if maps are not the only representation type a drone can have of the environment, they are the
most commonly used. For that reason, they are the main focus of this hierarchical strategy study. There
has been plenty of research on map-based navigation, and while it is all based on the same principle,
there are many different techniques to achieve it [67], [69], [85], [135], [149].

Therefore, before diving into the different map-based exploration strategies, it is worth learning
about how the different map-making methods, their strengths and limitations, for there is a strong
correlation between the two. As mentioned above, hierarchical exploration is an iterative strategy
that senses, models, plans, acts and repeats. Learning about the different techniques to model the
environment provides a better understanding of the rest of the modules.

Regarding environment modelling, the most fundamental choice is the map representation type.
There exist many different representations, but they can be grouped into six different categories: grid
maps, feature maps, appearance maps, topological maps, semantic maps and hybrid maps [122]. This
classification is made according to the abstraction and memory required to construct and update the
map. As the map types increase in their level of abstraction, there is a consequent decrease in geometric
information.

At the lowest level of abstraction, grid maps represent the world with a matrix of cells. Each cell
represents a small area of the world. The occupancy of each cell is derived from sensory information.



5.2. Exploration strategy 39

Range finders are most commonly used, but other sensors to develop such maps, like vision or IR, can
also be employed. Based on the map occupancy, the robot can plan the navigation through the free cells
of the map, only achieving a low-level of abstraction and comprehension of the scene. Smaller cell size
allows for a more accurate model of the environment but at the expense of higher memory demand.
Coarser map representations on the other hand still allow for safe navigation at a lower computational
cost. Similarly, the grid representation can be 3D, where the cells become voxels instead of pixels, but
with the corresponding increase in computational and memory expense [133]. An example of a grid
map can be seen in figure Figure 5.2(a).

With a slightly higher comprehension of the physical environment, feature maps or landmark maps
represent the world by the features that compose it. This type of mapping does not allow for direct
planning to avoid collisions since only partial information about the (feature) occupancy is available,
but it is suited for accurate localisation. The feature selection is of high importance, as it determines the
robustness of the map. Outstanding features will be more easily detectable when returning to the same
location, allowing for an accurate position estimate. On the same line, denser feature maps may ease
localisation but at the expense of memory and computational power required [61]. An example of a
feature map can be seen in figure Figure 5.2(b).

At a similar level of abstraction, appearance-based maps associate views with different locations.
Instead of using relative localisation based on the observable features like in feature maps, the location
estimate is provided based on the similarity of the images. A vision system is therefore clearly required
for such type of maps. Once again, these maps are more valuable for localisation than for obstacle
avoidance planning. The density of the images recorded influences the localisation accuracy, as well as
the memory and computational requirements [23]. An example of an appearance map can be seen in
figure Figure 5.2(c).

Making a leap in the level of understanding of the environment, topological maps offer a higher-level
abstraction. Until now, map descriptions merely consisted of a projection of the real world into the
virtual model, either by using simple binary occupancy grids, location of features, or viewpoints.
Topological maps allow for an abstract representation of the environment composed of paths and
intersections. Topological maps are often defined as symbolic mapping, providing a concise model in
the form of a graph. Consequently, the memory and computational demand are much lower compared
to the metric maps presented above. In topological maps, there is no need for precise localisation,
since there is an absence of metric and geometric information which is in turn replaced by notions of
proximity and order. Using such a high-level representation of the environment requires, at the same
time, that the drone can navigate between the different topological regions coping with obstacles and
other unforeseen situations [25]. An example of a topological map can be seen in figure Figure 5.2(d).

Semantic maps depict the most abstract environment representation. While being very close to
topological maps, semantic maps offer more detailed information about objects and places. They prove
to be extremely useful for goal-oriented and high-level behaviours that require reasoning about the
environment. Semantic maps are especially useful when the robot has to interact with the environment
and perform real-time reasoning on the scene. Needing to extract more complex features of the
environment, semantic maps have a higher computational and memory demand than topological
maps [37]. An example of a semantic map can be seen in figure Figure 5.2(e).

Lastly, hybrid maps encompass all the different combinations of the above-cited types. Combining
features from different representations, it is possible to tailor the map to the specific application, sensors
and computational power available achieving maximum results. Most common is the combination
of a low and a high-level representation, such as hybrid topological-metric maps. By combining
different types, a higher-level abstraction can be exploited for planning while achieving accurate relative
localisation, for example [24].

For the task at hand, exploration of an unknown environment, topological maps would offer the best
trade-off between a concise understanding of the environment at a low computational cost. Chaplot
et al. (2020) used semantic maps for destination search in an unknown environment, where prior
information on scene structure is leveraged to achieve a faster completion [34]. For exploration, however,
all places are equally important and semantic priors are less relevant. Metric representations such as grid,
feature or appearance maps have also proved to be effective for navigation but provided the required
computational power is available. Biological navigation strategies show a parallel with topological
SLAM, storing only important landmark information [54]. Not requiring precise localisation, navigation
around the topological map can be performed with approximate notions. It is then derived that
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topological maps offer sufficient environment awareness to allow for efficient exploration. Topological
maps have been generated with a wide variety of sensors [25], but, to the best of the author’s knowledge,
never before with event cameras. It must therefore be addressed if it is possible to apply a topological
map-making technique from standard cameras to a pseudo-frame event representation, for example.
Otherwise, the alternative of adding a specific sensor for such a purpose could also be considered.

Having studied the different types of environment representations, their strength and limitations, it
is possible to investigate how are they applied to the hierarchical strategy for unknown area exploration.
Map-based exploration, or frontier-based exploration, is performed by constructing a map of the
explored environment while keeping track of the areas to be explored (i.e. frontiers). As it was explained
before, the map does not need to be an accurate metric map, it can be any representation that holds
information about the areas visited and to visit.

Hierarchical single robot exploration is defined by the strategy followed by the planning module to
exploit the information from the world model and determine the actions of the robot. Assuming the
drone can generate the selected environment representation and frontier determination, the exploration
strategy can be boiled down to the frontier assignment problem. For the multi-robot problem, the
hierarchical approach must also include the other robots of the swarm in the model of the world.
On flocking exploration, as all the drones fly in formation behaving like one individual, there is vast
parallelism with single robot exploration. For independent exploration, on the other hand, the frontier
assignment problem is a more complex challenge. On a communication-less system, all coordination
must be emergent from the control rules based on the actions of the neighbouring drones. On top of
that, the drones shall update their visited and to visit areas based, not only on their actions but also on
that of the rest of the drones.

A distinction can be made between the different frontier assignment strategies available for multi-
robot hierarchical exploration. Depending on the nature of the control commands, the strategies can
be discrete or continuous. Discrete hierarchical control distributes the drones around the frontiers as
individual missions using a set of predefined, low or high-level, rules until the assigned frontier is fully
explored or until more frontiers are discovered. At that moment, a new frontier assignment would
be proposed. This process is repeated until the exploration is completed. Continuous hierarchical
control on the other hand governs the movement of each drone through some cost or goal functions.
Navigation by flocking only makes sense when continuous control is used, at least partially for the
formation control. However, more complex coordination strategies can be hard to integrate into a single
objective function, and therefore are easier to implement on a discrete control strategy. Lastly, discrete
control tends to be less computationally expensive.

Discrete exploration can be performed with different levels of complexity. A greedy frontier
assignment is a simple and easily implementable strategy where each robot greedily chooses the best
frontier according to a cost function, usually representing travel time or distance [76]. An example of a
greedy assignment strategy can be found in figure Figure 5.3(a). To avoid different robots exploring the
same goal, assigned frontiers can be discarded with a Broadcast of Local Eligibility (BLE). This method
has been frequently implemented in a centralised manner, but can also be used on a communication-less
system if the active broadcast gets replaced by passive observations of the neighbouring drone’s
movements [151]. An example of a BLE frontier assignment strategy can be found in figure Figure 5.3(b).

More sophisticated frontier assignment strategies can include algorithms such as the Hungarian
method to optimally assign frontiers to drones [75], but auction algorithms that work on local up-
dates prove to offer better performance when all the frontiers are not known initially (i.e. they are
discovered) [13]. K-means clustering algorithms solve the problem of the unknown frontiers by quickly
spreading the robots in the environment to sparse areas. This is achieved by clustering the remaining
unknown space among the different robots. Initial distribution of the robots into distinct areas of the
environment reduces the amount of re-exploration since robots are far from each other [131]. These
methods however typically require either the presence of a centralised system for spatial distribution and
assignment or a communication method for the auction approach. Such planning with a decentralised
communication-less system is more difficult to achieve and requires predefined behavioural rules to
coordinate the drones. An example of a K-means clustering frontier assignment can be found in figure
Figure 5.3(c).

One last method that uses the discrete strategy is graph exploration. On graph exploration, the
environment is modelled as a graph where the frontiers are nodes and the edges are the paths that
connect them. Starting from the root node, the objective is to navigate the whole graph. For single
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Figure 5.3: Discrete frontier assignment strategies [76]. (a) Greedy assignment leads to potential exploration overlap. (b) BLE
assignment prevents overlap while keeping a greedy policy. (c) K-means clustering distributes the agents to different areas of the
environment, afar from each other.

robot, two very popular approaches are Depth First Search (DFS) and Breadth First Search (BFS). In
DFS, the most recently discovered frontiers are explored first allowing the drone to dive deeper into
the exploration faster. On the other hand, BFS promotes exploration of old frontiers first, causing
plenty of navigation over already explored paths. For multi-robot exploration, tree strategies have
shown to be extremely successful, however they tend to rely on a centralised system [39], direct
communication [87] or dropping beacons [32] to avoid re-exploration. Decentralised systems have
been employed following this idea by using Multi-Agent Monte-Carlo Tree Search (MA-MCTS), but the
coordination is dependent on the knowledge of the whole map which does not apply [40]. Achieving
coordination for the graph exploration strategy on a decentralised and communication-less system
requires a deterministic predefined behaviour that can be reproduced by all agents. Observations of
the locations of the neighbouring drones can then provide information on the parts of the graph that
are already explored and those that are not. However, such a method has not yet been proposed for
unknown area exploration, to the best of the author’s knowledge.

Continuous exploration strategies, on the other hand, do not use predefined assignment rules but
rely on cost or goal functions to drive the navigation. Maybe the most notable hierarchical continuous
planning strategy for robotic swarms is Particle Swarm Optimisation (PSO). PSO is commonly used for
finding optimum locations on a given space [8], [136], and combines the readings from the different
agents to advance towards the sensory global maximum. The navigation commands are not rule-
based, but rather are dynamically obtained from the environment cost functions. Glowworm Swarm
Optimisation (GSO) and Aggregations of Foraging Swarm (AFS) are two examples of more distributed
algorithms where an adaptive decision domain evaluates the readings from the neighbouring drones to
derive the navigation commands [38]. Even if all these methods are used for finding a specific maximum,
exploration can be achieved by iteratively increasing the weight of the frontiers and decreasing the value
of the to explore places on the map. Some issues with such techniques are that they rely on random
deployment, which cannot be met on unknown area exploration, and they depend on a communication
system to update the values of the cost function throughout the map.

A similar approach uses potential fields combined with a diffusive behaviour. A potential function,
representing the attraction-repulsion rules that biological swarms display, determines the clustering of
the drones in the swarm. High attraction forces allow the drones to fly on a flock while high repulsion
forces ensure independent exploration. This diffusive strategy on the other hand promotes navigation
towards frontiers. In large environments, subgroups tend to be formed even while flocking, due to the
diffusive nature of the exploration algorithm. The combination of both signals is a continuous output
that is passed to the drone’s controls [72].

Having analysed the different exploration strategies, both behavioural and hierarchical, it is time to
return to the multi-drone exploration coordination philosophies. Studying the different implementation
details for each of them serves as an analysis of the feasibility and utility of each of the two methods. It
is important to recall the imposed decentralised and communication-less requirements, to understand
the constraints derived on the coordination strategy.
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5.3. Flocking exploration

Taking inspiration from nature, flocking navigation offers each of the individual agents the benefits of
navigating on a big group. Increased safety, higher awareness, or easier access to food sources are some
examples of benefits biological systems can enjoy while when remaining in the flock. Analysing the
behaviour, flocking can be broken down into a list of steering rules. Following a trajectory in an organised
manner, the different agents are subjected to separation, alignment and cohesion rules. Separation
secures a safe distance from the other drones to avoid collisions. Alignment guarantees all the drones
move in an organised manner. Cohesion ensures the flock remains united [116]. More behaviours can
be added on top to achieve certain goals and safe navigation around objects, but these three are the
pillars that characterise the flocking philosophy. Swarming by flocking can be of special interest when it
is desired that all agents remain in range for a certain purpose. For example, for coordination strategies
relying on continuous direct communication, flocking can be an enabling mechanism [27]. Moreover,
flocking can also be beneficial when deriving high-level goals from low-level interactions. For example,
it is possible to perform reliable obstacle avoidance by collaboratively combining the behaviours from
many individual drones [78].

There are two main questions to solve when dealing with the implementation of a flocking exploration
strategy. The first one involves the preservation of the flock itself. Different mechanisms can be employed
to ensure the flock navigates as a single unit and does not diverge into different subgroups. While
flocking, such a thing must not occur to exploit the joint exploration in larger groups. The second one
involves the exploration leadership. When navigating as a flock, coordination between the formation
control and the exploration strategy must take place to ensure both goals are met. Such a technique
ensures the mission objective is satisfied promptly without relying on specific formation patterns.

Starting with flock preservation, the different methods encompass pure attraction-repulsion, as well
as cost function-based approaches. Attraction-repulsion methods exploit the three basic separation,
alignment and cohesion rules as a manner of deriving the control commands that maintain the flocking
formation. Potential fields can be employed to integrate the attraction-repulsion forces and maintain a
desired relative position. The generalised Lennard-Jones potential function, for example, directly outputs
motion vectors that can be translated to control commands from the inter-agent desired distance [72].

Fuzzy control can also be applied as an attraction-repulsion method. When the attraction-repulsion
forces are expressed as fuzzy rules, the control commands can be derived from the fuzzy output
mechanisms [66]. One benefit of this method is the ease to prioritise different conducts. Splitting the
desired behaviours into separate rules with different membership functions, it is possible to completely
control the swarm to maintain the flock as desired.

Cost function approaches to flocking control involve the development of a metric to evaluate the
state of the formation. This cost function integrates the three flocking rules, separation, alignment
and cohesion, to evaluate how are the drones in the swarm are preserving the flock. The path to
be followed by the drone is then obtained by maximising the cost function value. Because the cost
function is evaluated based on the position of all drones, it is possible to guarantee the preservation
of the flock. Model Predictive Controller (MPC) and Linear Quadratic Regulator (LQR) are two
examples of optimisation methods that can be used to plan the trajectories of the drones to preserve
formation [55], [132]. The main advantage of this method, the increase in the level of formation control
at all times, comes at the expense of requiring a centralised system that optimises all the trajectories
simultaneously.

The second aspect to consider when implementing a flocking swarm is the exploration leadership.
The three basic flocking rules are sufficient for formation control but do not push the swarm to explore
the environment. As important as formation control may be, it is just designed as a means to achieve
the mission objective, exploration of an unknown environment to find targets. There are two different
methods by which exploration can be promoted on a flock: designation of leaders, or implicit in the
flocking rules.

The use of the leader-follower technique has been widely adopted for different types of robotic
missions. Both, predefined leaders as in [60] and [114] or self-assigned leaders as in [154] are viable
options for such implementation. Predefined leaders have the advantage that they can be provided with
the necessary equipment to perform the guiding task, such as the presence of distinctive markers [55].
Zongyao et al. (2009) showed hidden predefined leaders also prove effective to control the movement of
the swarm by pulling with the follower drones through the attraction-repulsion forces. Self-assigned
leaders on the other hand are robust to leader failure, as they can dynamically reassign leaders based



5.4. Independent exploration 43

on the needs of the swarm [87]. One aspect to keep in mind when using this method is the leader
assignment. Leaders can be assigned based on drone ID when using a communication system [87].
Assigning leaders randomly is also a possibility, but lacking the knowledge of the existence of other
leaders [154].

The alternative to designated leaders that are followed by the rest of the flock is to embed the
exploration behaviour within the flocking rules. To the three flocking rules, separation, alignment
and cohesion, more rules can be added to promote exploration. Bouraqadi et al (2009) added collision
avoidance and exploration towards the nearest frontier as two extra rules. Assigning higher priorities to
separation and collision avoidance, a weighted combination of the other three rules ensured exploration
while preserving the flock formation [27]. Another approach to this method lies at the intersection
between auction strategy for frontier assignment and cost function for formation control. Both objectives,
exploration and formation control, are promoted simultaneously by combining distance to frontiers and
location of neighbouring drones in the navigation planner employing internal bid functions [77].

Considering all the different techniques proposed to promote flocking exploration, a selection of
the most appropriate ones can be made based on the problem at hand. Regarding flock preservation,
attraction-repulsion forces appear as the only viable option. The formation cost function approach,
while achieving higher performance, has a strong requirement on a centralised system that does not
apply. Both potential field or fuzzy rules can be used to enforce the basic flocking rules depending on
the preferred implementation. For exploration leadership, designated leaders, as well as embedded
exploration behaviour in flocking rules, can be used. However, predefined leaders are to be discarded
as it is less robust to leader-drone-failure.

5.4. Independent exploration

The second philosophy for area exploration also takes inspiration from nature. Independent exploration
can be found on tasks where it is beneficial to split an objective with a big search space among many
agents and reduce the search time. Finding a food source is the most typical example, and is tackled by
millions of insects daily. The main characteristic of independent exploration is the lack of formation
between the agents. The level of coordination between the independent agents can vary and is what
determines the effectiveness of the swarm. For a robotic swarm, the main benefit of independent
exploration is the reduction in the mission time. When coordinated perfectly, the reduction in the
mission time is directly proportional to the increment in the number of agents, something very appealing
when using a large number of cheap robots.

The main question to solve when designing a swarm that promotes independent exploration is
the coordination between the agents. Independent agent exploration without coordination cannot be
referred to as a swarm, since there is no added benefit to the collective from the sum of its parts. On
insects, for example, apparent random coordinated-less exploration of swarms of ants is followed by
path tracking and following as soon as a food source is found. There are two methods with which
to coordinate a swarm. The first one is with explicit rules that determine precisely the interactions
between the agents. The second one is to embed the coordination strategy inside the navigation rules.

Explicitly determining the coordination between the agents can allow for precise swarm control.
By clearly defining the interaction between the agents, complex tasks can be achieved. Distributed
exploration can leverage the use of many robots to speed up tasks such as map generation [39]. Not
only drones can directly spread around the environment under predefined rules, but also, for instance,
exchange data from commonly visited places to improve the recorded measurements for map generation
tasks. Drones can exchange frontier points, and distribute them to increase exploration speed. With
a lower level of coordination, this method can also be implemented on communication-less systems,
where the agents coordinate solely based on the relative sensing of the surrounding drones. Two very
famous examples of such implementation are Conway’s Game of Life and Langton’s Ant [53], [79]. For
exploration, this approach can integrate splitting and grouping rules at intersections to enforce the
distribution of the agents around the environment [125].

On the other hand, it is also possible to embed the independent exploration coordination inside the
navigation rules of each agent. That way, it is not necessary to explicitly determine what the agent should
do when it encounters another drone, but rather the coordination emerges from the attraction-repulsion
forces. Attraction-repulsion forces, in this case, are not implemented as for the flocking method. Instead,
they are used to derive the coordination strategy. For instance, by having strong separation requirements
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as well as exploration curiosity, the agents can achieve a stable distribution around the environment
that scans all the areas simultaneously. One drawback of this method is that it is more challenging to
obtain the desired behaviour when specific requirements apply. For example, it is not possible to avoid
re-exploration of the same areas when not explicitly avoiding it. Furthermore, to the best of the author’s
knowledge, no prior work has been conducted with such an approach, as most of the independent
communication-less systems deal with strong predefined coordination rules.

Taking into account the added difficulty of embedding the coordination strategy into the navigation
logic, explicit interaction rules present themselves as the only viable option for independent exploration.
Since the coordination capabilities are already limited by using a communication-less system, it is
important to exploit such a system to its maximum potential and not limit it by the algorithm selection.
Furthermore, explicit rules allow for smart planning and avoiding re-exploration, which can increase
notably the exploration time as desired by the requirements.

5.5. Comparison of coordination strategies

Having presented a wide variety of different coordination and exploration strategies used for swarm
control, it is worth analysing which of the proposed methods best suits the desired application based on
the requirements described in section 5.1. Both the exploration as well as the coordination strategies
have to be selected simultaneously, as they are dependent on each other. However, some options can be
disregarded due to undesired performance or not compliance with the requirements. Even if a brief
preliminary analysis was already conducted on the preferred implementations for the flocking and
independent exploration, an integrated discussion also considering the exploration techniques can
allow for the design of a complete strategy that meets the system’s needs.

Starting with the exploration strategy, there is one requirement that stands out due to the performance
constraint it sets. If the system shall be aware of task completion, there is a direct need for a method to
keep track of the progress being done. Behavioural exploration, offering only reactive control to sensory
input, does not allow for an understanding of the development of the exploration. While allowing
navigation with very little computational resources, higher-level tasks are beyond the capabilities of
such simple methods. Path integration is the maximum level of abstraction that can be achieved with
behavioural exploration, but it only allows for loop detection and homing and not full exploration
progress status.

Hierarchical exploration, on the other hand, does offer the tools needed to achieve this level of
understanding of the mission evolution. Updating a world model, the agents can keep track of the
already explored as well as the to be explored areas. It was already discussed before how a topological
representation of the environment is the best alternative for the exploration task under computational
constraints. Topological maps can be pictured as a technique to describe a certain place with the least
amount of information possible. Only the relationships between the different places are important, not
their actual geometric characterisation.

Frontier assignment on topological maps can be performed just like for the other map representations.
From the different options considered, discrete or continuous, the selection is dependent on the type of
coordination philosophy followed. Obviously, a flocking swarm does not need to share the optimal
exploration strategy with an independent exploration swarm, as the system has different properties.
Therefore, both options are considered separately and then that which meets the requirements with the
best performance can be selected for implementation on a real system.

Exploration by flocking allows all the drones to navigate the environment as a single unit. Attraction-
repulsion forces were selected over the cost-function approach for flock preservation due to the need for
a centralised system of the latter option. For the exploration strategy, both leader-follower techniques
and rules-implicit exploration curiosity were deemed as viable. When using a leader-follower approach
with self-assigned leaders, a discrete approach for frontier assignment can ease the frontier selection
process and increase the exploration speed. A small amount of leaders is preferred, more so just one,
as the benefit of this approach is to reduce the coordination between the agents and allow them to
navigate by following. More leaders could generate stronger pulling forces for the flock and achieve
faster speeds, but at the expense of inter-leader coordination for frontier assignment. One drawback of
this technique is the unsolved issue of the leader assignment for a communication-less swarm. When
embedding the exploration curiosity in the flocking rules, a continuous approach to frontier assignment
could have more advantages. The same potential function can be employed to integrate both the
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flocking preservation logic, exploration leadership and frontier assignment. Accommodating all the
different behaviours in one function can allow the swarm to satisfy both objectives at the same time.
One drawback from this potential field approach is that, since the exploration is emergent and not
explicit, it may take large amounts of time to explore areas that are far from each other and therefore
have low potential pulling force. Therefore, self-assigned leaders with discrete frontier assignment
stand out as the best performing option for the flocking philosophy. However, if the leader assignment
challenge is not solved, the lower performance potential field approach should be used.

Independent exploration of the different drones on the other hand promotes simultaneous exploration
of different areas. As discussed before, explicitly determining the interaction rules offers a better
alternative to embedding the coordination on the navigation rules for robot coordination. Being able to
determine the inter-drone interactions, a discrete approach to frontier assignment could benefit from a
deterministic behaviour. A graph exploration algorithm can leverage the knowledge of the interaction
rules to make assumptions on parts of the graph that are being explored by other drones. Marking as
explored branches of the graph when drones return from a certain area, the exploration speed can be
greatly increased. Special planning needs to be employed with cyclic graphs for such assumptions. If
an efficient tree exploration algorithm is designed to exploit deterministic multi-drone interactions, a
system with a great performance could be achieved. However, such a method has not been proposed
before, to the best of the author’s knowledge.

Comparing the systems for both philosophies, it is possible to understand why the exploration of an
unknown environment with a decentralised, communication-less swarm still remains an open challenge.
There is not a technique that stands out as easily implementable with outstanding performance. On
one hand, exploration by flocking, while settling with lower performance, could be a strategy that
can be designed combining already existing and tested algorithms. On the other hand, independent
exploration offers potentially better performance, but at the cost of a still to-be-designed algorithm
that can exploit the deterministic inter-drone interactions. One benefit is that the platform required to
implement both options is the same. Only the navigation logic changes. Therefore, both options could
be implemented. One to prove the basic working solution of a decentralised communication-less drone
swarm for exploration of an unknown environment by flocking. And another one, subjected to the
development of a multi-agent graph exploration algorithm, to demonstrate a system that simultaneously
explores different areas achieving greater performance.
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Analysis frequency sensitivity analysis

The analysis frequency N was presented in Part I as one of the most influential variables on the propeller
detectability. Moreover, having selected a constant frame accumulation k of one for the events, the
parameter N also determines the event accumulation time, given by 1/N. As the importance of this
variable is highlighted, it becomes necessary to perform a sensitivity analysis for two main reasons.

Firstly, it allows the validation of the detection metrics derived. The objective behind performing a
high frequency analysis was to allow multiple observations per period on the spinning propellers. Then,
the signal classification can be performed given the periodic behaviour of the signal. However, when
the analysis frequency is smaller than the rotation frequency of the propeller, multiple rotations periods
are grouped in the same observation frames loosing its periodic characterisation. By performing a
sensitivity analysis on the analysis frequency it is possible to prove the effect of the signal periodicity on
its detectability.

Secondly, it can be employed to improve the design of the onboard design when mounted on the
drone. For this research, a value of 2000 Hz was selected to respect the analysis requirements described
in section 2.3 on all test cases. However, a very good and expensive processor may be needed to run
the drone detection algorithm at such frequency. While searching for a lower value that satisfies the
capabilities of the onboard processor, it is important to understand the requirements imposed by the
specific system used on the analysis frequency.

6.1. Results for different N values

In order to perform the sensitivity analysis, the setup with the two-blade five-inch matte black propeller
was selected. These conditions showed the best performance with a high number of events triggered,
highlighting the effects of changing the analysis frequency.

The sensitivity analysis is focused on the four metrics studied for every test - event count, event
periodicity, clustering count and clustering periodicity - giving higher importance to the periodicity
values. As the base results for N = 2000 are already shown in section 2.4, the results here presented
showcase directly the changed values of the analysis frequency.

Three different frequencies were tested to study the sensitivity on the results. For their selection, it is
important to recall the two theoretical requirements derived in section 2.4 on the minimum analysis
frequency. Firstly, it was concluded that 1/N < 1/(B - fyop), having assigned the value of k to one.
Secondly, it was also stated that 1/N < (4—B)/(4B" fy,op). Substituting the appropriate number of blades
and only looking at the most strict requirement, it is determined that 1/N < 1/(4f,,0p). Comparing
with the range of spinning frequencies tested, between 500 and 8000 RPMs, the three values must be
chosen such that only part of the tests values meet the requirement.

The three values selected for the analysis frequencies are 500, 350 and 200 Hz, with corresponding
threshold propeller frequencies of 7500, 5250 and 3000 RPMs, respectively. The results for the metrics
obtained can be found in Figure 6.1 for N = 500, Figure 6.2 for N = 350, and Figure 6.3 for N = 200.

It must be noted that only one experimental test was conducted, and it was the raw data that was
analysed at different frequencies. This was done to see the effects of changing the analysis frequency
alone, without the variability of the specific recordings to play a role.

49



50

Chapter 6. Analysis frequency sensitivity analysis

(a) Event count.

600
400
200

8000
6000
4000 ¢
2000 &
125 0

50 75

4 100

(b) Event periodicity.

8000
6000
4000

N
2000 43
125 0

(c) Clustering count.

1.0
0.5

0.0
8000
6000
4000
0 2000 &

125 0

4 10

(d) Clustering periodicity.

Figure 6.1: Results for two-blade five-inch matte black propeller, with artificial lighting and clear background versus distance

[cm] and propeller frequency [RPMs] at an analysis frequency of 500 Hz.

600 300 08
0.6
200
400 04
200 100 0.2
0 0 0.0
8000 8000 8000
6000 6000 6000
25 4000 25 4000 25 4000
R R R
50 s 100 2000 & 50 75 100 2000 & %0 75 100 2000 &
d 125 0 d 125 0 d 125 0

(a) Event count. (b) Event periodicity. (c) Clustering count. (d) Clustering periodicity.
Figure 6.2: Results for two-blade five-inch matte black propeller, with artificial lighting and clear background versus distance

[cm] and propeller frequency [RPMs] at an analysis frequency of 350 Hz.
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Figure 6.3: Results for two-blade five-inch matte black propeller, with artificial lighting and clear background versus distance
[cm] and propeller frequency [RPMs] at an analysis frequency of 200 Hz.
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6.2. Analysis of the results

The effect of changing the analysis frequency has a different magnitude depending on the metric
analysed. As expected, the event count is unaffected by it. It does not matter how fast or slow the
analysis is performed, the number of events triggered is independent. However, this is not the case for
the other metrics.

Looking at the event clustering count, it can be observed how there is a twofold effect. On one hand,
an increase in the cluster count can be observed with respect to the total number of frames. On the other
hand, there is a decrease in the smoothness of the surface with decreasing N. This can be explained
because, as N goes down, the event accumulation time increases, boosting clustering due to the larger
number of events in every observation frame. However, this behaviour is only shown up to where the
propeller is visible. Lower values of N translate therefore to a more polarised clustering count.

Lastly, the effect on the event and clustering periodicity can be discussed. From section 2.4, it is clear
that the periodicity results must match the shape of the count results, for both the events and the clusters,
because the source that triggers the events is periodic by nature. The results here presented support
that statement, but only up until the threshold propeller frequencies. For Figure 6.3, for example,
it is observed that the shape of the event periodicity matches that of the event count, but only until
2500 RPMs. Beyond that value, a periodicity of zero is obtained. The same can be said about the
clustering periodicity. The same behaviour can be seen in Figure 6.1 and Figure 6.2, but for threshold
propeller frequencies of 5250 and 7500 RPMs, respectively. Specially remarkable is the magnitude of the
event periodicity for the different figures, which is completely unaffected by it.

These results firstly prove that the theoretical requirements on the analysis frequency are correct.
When the analysis frequency does not respect the 1/N < (4—B)/(4B - f,r0p) requirement, the periodicity
of the signal is completely lost. Secondly it demonstrates that for the values where the requirement
is met, the shape of all of the metrics is unaffected, with the exception of a slight polarisation in the
clustering count.

It can therefore be concluded that, as long as the analysis is performed respecting the theoretical
requirements derived, the propeller signal can be characterised studying its periodicity.






Test results

For the completion of this MSc thesis, extensive testing was conducted. The methodology followed,
analysis conducted and results obtained were introduced in Part I. The results presented showed the
propeller detection for the different test scenarios, for the tested distances and spinning frequencies.

These results, however, are the outcome of the fuzzy classifier developed, which employed the
different metrics extracted from the data to assess the detections. In an effort to provide insight into the
detection performance of event cameras, the actual data directly extracted from the tests is presented
here. The the four metrics that characterise the propeller signal - event count, event periodicity, clustering
count and clustering periodicity - are shown for all the setups tested.

Figure 7.1, Figure 7.2, Figure 7.3 and Figure 7.4 present the results for the three-blade, six-inch
translucid blue propeller for natural lighting and clear background, natural lighting and cluttered
background, artificial lighting and clear background and artificial lighting and cluttered background,
respectively. This same order for lighting and background is respected for the all the plots. Figure 7.5,
Figure 7.6, Figure 7.7 and Figure 7.8 show the results for the two-blade, six-inch grey propeller. Figure 7.9,
Figure 7.10, Figure 7.11 and Figure 7.12 show the results for the two-blade, six-inch black propeller.
Figure 7.13, Figure 7.14, Figure 7.15 and Figure 7.16 show the results for the three-blade, five-inch
pink propeller. Lastly, the results for the two-blade, five-inch matte black propeller can be found in
Figure 7.17, Figure 7.18, Figure 7.19 and Figure 7.20.

800

(a) Event count. (b) Event periodicity. (c) Clustering count. (d) Clustering periodicity.

Figure 7.1: Results for three-blade six-inch translucid blue propeller, with natural lighting and clear background versus distance
[cm] and propeller frequency [RPMs].
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Figure 7.2: Results for three-blade six-inch translucid blue propeller, with natural lighting and cluttered background versus
distance [cm] and propeller frequency [RPMs].
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Figure 7.3: Results for three-blade six-inch translucid blue propeller, with artificial lighting and clear background versus distance
[cm] and propeller frequency [RPMs].
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Figure 7.4: Results for three-blade six-inch translucid blue propeller, with artificial lighting and cluttered background versus
distance [cm] and propeller frequency [RPMs].
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Figure 7.5: Results for two-blade six-inch grey propeller, with natural lighting and clear background versus distance [cm] and
propeller frequency [RPMs].
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Figure 7.6: Results for two-blade six-inch grey propeller, with natural lighting and cluttered background versus distance [cm]
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Figure 7.7: Results for two-blade six-inch grey propeller, with artificial lighting and clear background versus distance [cm] and
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Figure 7.8: Results for two-blade six-inch grey propeller, with artificial lighting and cluttered background versus distance [cm]
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Figure 7.9: Results for two-blade six-inch black propeller, with natural lighting and clear background versus distance [cm] and
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Figure 7.10: Results for two-blade six-inch black propeller, with natural lighting and cluttered background versus distance [cm]
and propeller frequency [RPMs].
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Figure 7.11: Results for two-blade six-inch black propeller, with artificial lighting and clear background versus distance [cm] and

propeller frequency [RPMs].
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Figure 7.12: Results for two-blade six-inch black propeller, with artificial lighting and cluttered background versus distance [cm]
and propeller frequency [RPMs].
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Figure 7.13: Results for three-blade five-inch pink propeller, with natural lighting and clear background versus distance [cm] and

propeller frequency [RPMs].
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Figure 7.14: Results for three-blade five-inch pink propeller, with natural lighting and cluttered background versus distance [cm]
and propeller frequency [RPMs].
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Figure 7.15: Results for three-blade five-inch pink propeller, with artificial lighting and clear background versus distance [cm]
and propeller frequency [RPMs].
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Figure 7.16: Results for three-blade five-inch pink propeller, with artificial lighting and cluttered background versus distance
[cm] and propeller frequency [RPMs].
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Figure 7.17: Results for two-blade five-inch matte black propeller, with natural lighting and clear background versus distance
[cm] and propeller frequency [RPMs].
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Figure 7.18: Results for two-blade five-inch matte black propeller, with natural lighting and cluttered background versus distance
[cm] and propeller frequency [RPMs].
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Figure 7.19: Results for two-blade five-inch matte black propeller, with artificial lighting and clear background versus distance
[cm] and propeller frequency [RPMs].
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Figure 7.20: Results for two-blade five-inch matte black propeller, with artificial lighting and cluttered background versus
distance [cm] and propeller frequency [RPMs].
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