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Abstract: Swarm robotics is the study of developing and controlling large
groups of robots. Collectives of robots possess advantages over single robots
such as being robust to mission failures due to single-robot errors. Experi-
mental research in swarm robotics is currently limited by swarm robotic tech-
nology. Current swarm robotic systems are either small groups of sophisti-
cated robots or large groups of simple robots due to manufacturing overhead,
functionality-cost dependencies, and their need to avoid collisions, amongst
others. It is therefore useful to develop a swarm robotic system that is easy to
manufacture, that utilises its sensors beyond standard usage, and that allows
for physical interactions. In this work, I introduce a new type of low-friction
locomotion and show its first implementation in the HoverBot system. The
HoverBot system consists of an air-levitation and magnet table, and a Hover-
Bot agent. HoverBots are levitating circuit boards which are equipped with
an array of planar coils and a Hall-effect sensor. HoverBot uses its coils to
pull itself towards magnetic anchors that are embedded into a levitation table.
These robots consist of a Printed Circuit Board (PCB), surface mount com-
ponents, and a battery. HoverBots are easily manufacturable, robots can be
ordered populated; the assembly consists of plugging in a battery to a robot. I
demonstrate how HoverBot’s low-cost hardware can be used beyond its stan-
dard functionality. HoverBot’s magnetic field readouts from its Hall-effect sen-
sor can be associated with successful movement, robot rotation and collision
measurands. I build a time series classifier based on these magnetic field read-
outs, I modify and apply signal processing techniques to enable the online
classification of the time-variant magnetic field measurements on HoverBot’s
low-cost microcontroller. This method allows HoverBot to detect rotations,
successful movements, and collisions by utilising readouts from its single Hall-
effect sensor. I discuss how this classification method could be applied to other
sensors and demonstrate how HoverBots can utilise their classifier to create an
occupancy grid map. HoverBots use their multi-functional sensing capabilities
to determine whether they moved successfully or collided with a static object
to map their environment. HoverBots execute an "explore-and-return-to-nest"
strategy to deal with their sensor and locomotion noise. Each robot is assigned
to a nest (landmark); robots leave their nests, move n steps, return and share
their observations. Over time, a group of four HoverBots collectively builds a
probabilistic belief over its environment.
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In summary, I build manufacturable swarm robots that detect collisions
through a time series classifier and map their environment by colliding with
their surroundings. My work on swarm robotic technology pushes swarm
robotics research towards studies on collision-dependent behaviours, a re-
search niche that has been barely studied. Collision events occur more often in
dense areas and/or large groups, circumstances that swarm robots experience.
Large groups of robots with collision-dependent behaviours could become a
research tool to help invent and test novel distributed algorithms, to under-
stand the dependencies between local to global (emergent) behaviours and
more generally the science of complex systems. Such studies could become
tremendously useful for the execution of large-scale swarm applications such
as the search and rescue of survivors after a natural disaster.
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Chapter 1

Introduction

Like most robotics research, swarm robotics is a technology driven research
field. Advances in robot technology usually enable new types of experiments
which lead to new insights and discoveries. This thesis deals with the improve-
ment of current state-of-the-art swarm robotics technologies for the general
advancement of experimental research and for swarm research on collision-
dependent behaviours.

Swarm robotics is the study of developing and controlling scalable groups
of simple robots. Individual robots within a swarm only possess limited ca-
pabilities. They move in two- or three-dimensional space, sense their local
environment, and communicate with their nearest neighbours. These local
interactions between hundreds or thousands of robots can potentially give
rise to complex behaviours. For example, a swarm of robots could perform
a search-and-rescue mission. The entire swarm covers an area, robots locally
interact with one another to find and retrieve survivors. An individual would
be unable to perform such a complex behaviour. The goal of swarm robotics
research is to substitute a few sophisticated robots with many simple robots
to gain robustness, flexibility and to circumvent single-robot-failures from re-
sulting in mission failure [1]. Applications range from space-exploration to
finding survivors after large-scale natural disasters.
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Figure 1.1: Examples of swarms in nature. From the top left to the bottom
right: a swarm of honeybees, a swarm of termites, a flock of geese, a flock of
starlings, a school of fish, and a herd of sheep [2]. I attach the permission to
reuse this figure in Appendix D.3.
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Almost all swarm robotics research is inspired by the observation of emer-
gent behaviors in nature [3]. Colonies of termites collaborate to build ter-
mite mounds with integrated ventilation mechanisms which protect the colony
from critical temperatures. Schools of fish cluster together to make it difficult
for a visually orientated predator to pick and grab an individual before it dis-
appears into the school thereby increasing chances of survival. Flocks of birds
fly in formation and take turns in positioning to maximise the total travelled
distance as a collective. Figure 1.1 shows a collection of swarms in nature.
The control in such natural systems is entirely distributed among the individu-
als without having a leader that coordinates activities. These natural systems
accomplish complex global tasks through simple local interactions of large
groups of autonomous individuals and are commonly referred to as examples
of swarm intelligence.

A lot of research in swarm robotics has been conducted via computer sim-
ulations. Brambilla et al. analyzed more than 60 publications that dealt with
swarm robotic collective behaviors [1]. They found that more than half of
these publications presented results which were obtained through simulations
or models. Although simulators are a valuable tool for systematically exploring
the algorithmic-behaviour of swarms, they frequently involve simplifications
and reductionist axioms to enable computational tractability. Such simulated
systems can fail to faithfully reproduce the intricate physical interactions and
variability that exist in real systems, and their fidelity to the real world is dif-
ficult to verify or improve without feedback from physical experiments [4]:
while computer simulations are constrained by imagination, physical experi-
ments are constrained by hardware.
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1.1 Motivation

Building hardware is a challenging task. Swarm robotics researchers fre-
quently face a cost-functionality optimization problem when it comes to build-
ing scalable robot swarms. For example, every additional sensor on a robot
increases the power consumption of the system, requires an additional sensor
specific input on the microcontroller, requires additional space, and increases
the overall cost. As a result, research in large-scale swarms (> 1,000) of-
ten sacrifices sensing, processing and locomotion capabilities for the size and
quantity of robots, and these design decisions substantially limit the type of
experiments that researchers can perform. Limiting robot functionality lim-
its the depth of experiments and the depth of discoveries. Increasing robot

functionality usually increases cost and therefore constrains swarm size.

Therefore, instead of increasing the quantity of robots in a swarm by re-
ducing the functionality of each robot, the motivation for this thesis comes
from the opportunity to develop a new swarm robotics technology that is scal-
able and delivers increased functionality at low cost. I identify and address
three major swarm robotic challenges in this thesis: i) the manufacturing ef-
fort of swarm robots by developing a novel swarm robot that is unprecedent-
edly easy to manufacture and assemble, ii) the cost-functionality trade-off in
swarm robotics by developing signal processing techniques that augment the
sensing capabilities of robots, and iii) the lack of physical interactions between
swarm robots and their immediate environment by demonstrating how robots
can utilise collisions with their surroundings to map their environment.
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1.2 Problem Definition

There are three problems that I tackle in this thesis: I address the manufac-
turing and assembly problem in Chapter 3, the functionality-cost problem in
Chapter 4, and the lack of physical interactions problem in Chapter 5.

1.2.1 Manufacturing and Assembling Robots Is Expensive

There is a considerable manufacturing-assembly overhead for existing swarm
robotic systems. Every component of a robotic system that requires manual
assembly invokes labour cost. Manual labour by skilled-engineers limits the

practicality of fabricating and experimenting with robot collectives at scale.

1.2.2 Cost Determines the Functionality of Robots

The functionality of a robot is related to its cost, whereas robot cost usually
impacts swarm size, hence robot functionality determines swarm size. This
is a problem since robot functionality must increase and robot cost retain to
advance the types of experiments that can be performed.

1.2.3 Swarm Robots are Designed to Avoid Physical Interactions

The majority of swarm robotic systems avoid physical interactions such as col-
lisions although their biological counterparts embrace them. Swarm roboti-
cists possibly discard a phenomenon that could help understand complex sys-
tems, and a rich information source that contains insights about the environ-
ment and state of a robot collective.
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1.3 Aims and Objectives

In accordance with the problem definition, the aims of this thesis are:

* to invent and demonstrate a swarm robotic system that is easily manu-
facturable, in which robots do not require manual assembly and do not
avoid physical collisions.

* to develop a method that increases robot capability without hardware
modifications.

* to start exploring collision dependent swarm behaviours.

The objectives of this PhD thesis are:

* To conduct a literature review on previous swarm robotic systems, to
analyse their locomotion and sensing capabilities, and to elaborate what
factors influence their manufacture most. Does the locomotion strategy
of a robot have a greater impact on robot assembly than sensors?

* To develop a robot that only consists of a Printed Circuit Board (PCB)
and surface mount components to eliminate the need for manual robot
assembly. The battery is excluded from this expectation.

* To develop a framework that helps evaluate whether sensors have been
used to their maximum potential. Are there sensors that make robots
more functional than others? Can sensors be used beyond their standard
functionality?

* To investigate why designers have made swarm systems avoid collisions
and whether that is useful in swarm robotics research since the field
is heavily inspired by colliding species. Why do biological swarm agents
such as ants or bees collide and swarm robots do not? What do biological
agents gain from collisions? Are there any prior swarm robotic studies
that deal with robot collisions or utilises collisions for a task?
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1.4 Preview of Contributions

* The systematic review of the locomotion strategies of previous swarm
robotic systems and an analysis of their influence on robot manufacture

[5].

* The development of a new low-friction locomotion strategy for swarm
robots [5][6].

* The development of the HoverBot system [5][6].

* The systematic review of the sensing capabilities of previous swarm robotic
systems and an analysis of the circumstances under which specialised
sensors become multi-functional [7].

* The analysis of HoverBot’s magnetic field measurements during move-
ment and association to robot rotations, successful movements, and col-
lisions [7].

* The modification of signal processing techniques to build and operate
an online classifier on HoverBot’s low-cost microcontroller to gain multi-
functional sensing capabilities (detecting rotations, successful movements,
and collisions) [7].

* The review of colliding systems in nature. The analysis of swarm robotic
systems and whether they collide with their environment. The review of
previous work on collision-dependent behaviours in swarm robotics [8].

* The development of an "explore-and-return-to-nest-after-n-steps" map-
ping strategy that utilises collisions with static objects to map an arena
environment. The demonstration of four robots mapping their environ-
ment by varying the number of steps they take before returning to their
nest (landmark) [8].
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1.5 Publications

This thesis represents my own work, and includes a number of original contri-
butions to scientific knowledge. The work presented in this thesis has led to
two journal publications, one workshop publication, and a patent application
filed by the University Court of the University of Edinburgh.

[J1] M. P. Nemitz, M. E. Sayed, J. Mamish, G. Ferrer, L. Teng, R. M. McKenzie,
A. O. Hero, Edwin Olson, and A. A. Stokes, HoverBots: Precise Locomo-
tion Using Robots That Are Designed For Manufacturability, Frontiers in
Robotics and Artificial Intelligence. (2017) [5]

[J2] M. P. Nemitz, Ryan Marcotte, M. E. Sayed, G. Ferrer, A. O. Hero, Edwin
Olson, and A. A. Stokes, Multi-Functional Sensing for Swarm Robots Using
Time Sequence Classification: HoverBot, an Example, Frontiers in Robotics
and Artificial Intelligence. (2018) [7]

[C1] M. P. Nemitz, and A. A. Stokes, HoverBots: Embracing and Detecting
Collisions Using Robots Designed for Manufacturability, International Con-
ference on Robotics and Automation. Swarms: From Biology to Robotics and
Back Workshop. (2018) [8]

[P1] M. P. Nemitz and A. A. Stokes. A Locomotion Platform and Multiagent
System. Patent application: GB1611448.0. (2016) [6]

During the course of my doctoral studies, in addition to my own work, I have
also contributed to other colleagues’ research. The following work has not
been featured in this dissertation.

[J3] D. Ross, M. P. Nemitz, and A. A. Stokes. Simulating Soft Robotic Sys-
tems: Insights from a Thermodynamic Perspective. Soft Robotics, The Path
Ahead, pp. 0-47. (2016) [9]

[J4] M. P. Nemitz, P. Mihayalov, W. T. Barraclough, D. Ross, and A. A. Stokes.
Using Voice Coils to Actuate Modular Soft Robots: Wormbot, an Example.
Soft Robotics, The Path Ahead, pp. 0-36. (2016) [10]

[J5] A. C. McConnell, M. Vallejo, R. C. Moioli, F. L. Brasil, N. Secciani, M. P. Nemitz,
C. P. Riquart, D. W. Corne, P. A. Vargas, and A. A. Stokes. SOPHIA: Soft
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Orthotic Physiotherapy Hand Interactive Aid. Frontiers in Mechanical Engi-
neering. (2017) [11]

[J6] L. Teng, K. Jeronimo, T. Wei, M. P. Nemitz, G. Lyu, and A. A. Stokes.
Integrating Soft Sensor Systems Using Conductive Thread. Journal of Mi-
cromechanics and Microengineering. (2018) [12]

[J7] S. T. Mahon, J. Roberts, M. E. Sayed, D. H. Chun, S. Aracri, R. M. McKen-
zie, M. P. Nemitz, and A. A. Stokes. Capability by Stacking: The Current
Design Heuristic for Soft Robots. Biomimetics. (2018) [13]

[J8] L. Teng, K. Pan, M. P. Nemitz, R. Song, Z. Hu, and A. A. Stokes. Soft
RFID sensors: Wireless Long-range Strain Sensors Using Radio-frequency
Identification. Soft Robotics. (2018) accepted

[J9] R. M. McKenzie, M. E. Sayed, M. P. Nemitz, B. W. Flynn, and A. A. Stokes.
Linbots: Soft, Modular Robots Utilising Voice Coils. Soft Robotics. (2018)

accepted

[J10] M. E. Sayed, M. P. Nemitz, S. Aracri, A. C. McConnell, R. M. McKenzie,
and A. A. Stokes. The Limpet: A ROS-Enabled Multi-Sensing Platform for
the ORCA Hub. MDPI Sensors. (2018 - under review)
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During the course of my doctoral studies, I was awarded awards, grants, and
positions for my research and extra-curricular outreach.

Awards

Best Poster Award on

Collective Perception in Multi Agent Systems

Centre for Doctoral Training (CDT) in Intelligent Sensing and Measurement
Annual Conference 2015/16, United Kingdom

Global Impact at Home Shortlisted Nominee for
Establishing a Research Collaboration with the University of Michigan
Edinburgh University Students’ Association (EUSA) 2016, United Kingdom

Best Oral Presentation Award on
Distributed Sensing with Swarm Robots

CDT in Intelligent Sensing and Measurement
Annual Conference 2016/17, United Kingdom

Grants

International Internship Grant (£4000) on

Distributed Sensing with Swarm Robots

at University of Michigan advised by Prof. Edwin Olson 2017, United States
CDT in Intelligent Sensing and Measurement

Positions

Certificate of Achievement for Acting as

President of the Engineering Graduate Society

from September 2015 to December 2016 at

the University of Edinburgh, School of Engineering, United Kingdom

Awarded the Position of

Academic Affiliate

from December 2015 to September 2018 at

University of Michigan, Department of Computer Science and Engineering
advised by Prof. Edwin Olson and Prof. Alfred O. Hero, United States
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1.6 2D Barcodes

Throughout my thesis, I use 2D barcodes to direct the reader towards impor-
tant videos that help understand the context and other thesis relevant videos
such as the manufacturing video of HoverBots. I use Latex’s grcode package.
It encodes data such as html links into two-dimensional barcodes. There is a
list of all barcodes at the beginning of the thesis on page xviii. If the linked
content asks for a password, please enter phdthesis. Most mobile phones such
as the iPhone series are able to read the barcodes. Therefore, please open the
standard camera application on you phone, aim for the barcode, and open the
link that pops up. Otherwise I refer to QR Reader for iPhone in the AppStore
or QR Code Reader in the Google Play Store; both applications are freeware.

Test your camera. Link to my webpage.
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1.7 Thesis Outline

In Chapter 2, I give an overview of the field swarm intelligence. I introduce
examples of biological swarm systems in Section 2.1.1, extract their system
level properties in Section 2.1.2, and list the swarm level behaviours they are
able to perform in Section 2.1.3. In Section 2.1.4, I bridge the gap to robotic
systems and discuss a few examples. In Section 2.2, I review a broad list
of swarm robotic systems for their locomotion capabilities. In Section 2.3, I
review the same list of swarm robotic systems for their sensing capabilities. I
talk about physical collisions in natural and robotic systems in Section 2.4.

Iintroduce the entire HoverBot system in Chapter 3. I will start by explain-
ing low-friction locomotion in Section 3.1. In Subsection 3.1.1, I describe a
robot in terms of a free body diagram to understand the force vectors that
apply to robots. I introduce techniques that help reduce the friction between
robots and their substrate in Subsection 3.1.2. In Subsection 3.1.3, I introduce
low-friction locomotion with a magnet-levitation table. In the following Sec-
tion 3.2, I describe the magnet-levitation table in detail. In Subsection 3.2.1,
I give a brief overview over the magnet-levitation table iterations that I have
built. I describe the fluid mechanics of the table in Subsection 3.2.2 and I
explain the magnetic grid that I embedded into the top surface of the table in
Subsection 3.2.3. In Subsection 3.2.4, I explain the final implementation of
the magnet-levitation table. In Section 3.3, I introduce the HoverBot, a swarm
robot that consists of a PCB and a battery. I explain my thoughts and consid-
erations during the design process in Subsection 3.3.1. In Subsection 3.3.2, I
give a brief overview over five different robot implementations that I have built
during my studies. In the following Subsection 3.3.3, I explain my microcon-
troller choice and give a brief overview of the software that I programmed. In
Subsection 3.3.4, I approximate magnetic fields of planar coils, discuss the de-
sign of planar coils, describe actuation circuits that are able to energise planar
coils, and explain the coil actuation sequences that make HoverBots move. I
discuss the sensors that I have implemented in Subsection 3.3.5, and the com-
munication and visual outputs in Subsection 3.3.6. I explain the power system
in Subsection 3.3.7 and the PCB design in Subsection 3.3.8. In Section 3.4, I
explain the overhead camera system that I have used to observe HoverBots,
and in Section 3.5, I describe the overhead infrared communication system
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that I have used to read out sensor data and debug HoverBots. In Section 3.6,
I demonstrate the system by letting robots perform a variety of behaviours.

In Chapter 4, I develop a signal processing technique that enhances Hov-
erBot’s sensing capabilities without changing its hardware: I start by studying
the capabilities of HoverBot’s magnetic field sensor in Section 4.1. From there,
I describe three different magnetic field profiles that HoverBot measures when
it i) successfully moves; ii) collides with a static object; or iii) accidentally
rotates by 45 degrees. In Section 4.3, I describe the challenges in discrimi-
nating between these magnetic field profiles. In Sections 4.4 to 4.6, I explain
how I use many of such magnetic field profiles as data to train a time series
classifier. Each profile class has its own representation which I upload on Hov-
erBot’s microcontroller. HoverBot’s classifier takes a new measurement after
each movement and analyses it for each profile class and assigns it to the
maximume-likelihood class. I indicate the classifier’s performance in Section
4.7. 1 discuss my signal processing approach in Section 4.8, its applicability
to other sensors and robots in Section 4.9, and its research applications in
Section 4.10.

In Chapter 5, I start exploring collision dependent swarm behaviours by
taking advantage of HoverBots’ capabilities to embrace and detect collisions.
I let a group of four HoverBots collide with their surroundings to collectively
map their environment. I give an overview over the experimental setup in
Section 5.1. In Section 5.2, I explain the mapping algorithm and in Section
5.3, the parameters that influence the mapping task. In Section 5.4, I show
the outcome of my mapping algorithm: an occupancy grid map.

In Chapter 6, I reflect on my own work and make conclusions. I map
out a wide range of future work in Chapter 7. In Appendix A, I discuss the
technical details of my work. In Appendix A.1, I discuss the manufacture of
the magnet-levitation table; in Appendix A.2, the manufacture of the tethered
and untethered HoverBot prototypes; and in Appendix A.3 the manufacture of
HoverBot.



Chapter 2

Background and Literature
Survey

This chapter covers the background of, and literature related to, my thesis. In
Section 2.1, I give a brief introduction to the field of swarm intelligence. I
cover examples of biological swarms in Subsection 2.1.1, their high-level at-
tributes in Subsection 2.1.2, the swarm behaviours they perform in Subsection
2.1.3, and a variety of physical embodiments (robots) in Subsection 2.1.4. 1
discuss the various locomotion strategies that have been implemented in previ-
ous swarm robotic systems in Section 2.2. I compare the locomotion strategies
according to their cost and manufacturing effort. In Section 2.3, I evaluate the
sensing capabilities of previous swarm robotic systems and elaborate whether
some sensors increase the functionality of a robot more than others. In this
section I also introduce the instrument model, a sensor model from the sensor
community that helps understand under which circumstances sensors become
multi-functional. In Section 2.4, I study swarm robotic systems from a physical
interaction standpoint. I evaluate which swarm robotic systems are capable of
colliding and detecting collisions and whether there have been swarm robotic
studies on collision-dependent collective behaviours. I briefly look into nature
to determine whether biological systems collide with their surrounding.

14
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2.1 Swarm Intelligence

Swarm intelligence is a biologically driven research field. It originates from
observations in nature. Large collectives of simple agents accomplish complex
tasks through simple interactions. In the following sections, I will give several
examples that have served as inspiration and motivation for the pursuit of re-
search in swarm intelligence. If we uncover the underlying science of complex
systems, applications will appear in every aspect of our lives ranging from the
famine in third world countries to colonizing other planets. In Section 2.1.3, I
introduce various swarm behaviours that depict active areas of research.

2.1.1 Biological Swarm Systems
2.1.1.1 Insect Colonies

Insects such as ants are considered eusocial insects, they show an advanced
social organisation [14]. Ant collectives can consist of hundreds to thousands
of individual ants, whereas each seeks out food, responds to environmen-
tal circumstances such as chemical signals of its peers, and fights intruders.
These rather simple entities perform trivial tasks. However, as group they are
able to build entire nests out of soil, leaves, and twigs that contain complex
underground passages, and warm brooding chambers whose temperature is
carefully controlled by decaying nest materials and the ants’ own bodies [15].
Ants construct complex bridges with their own bodies to overcome structural
gaps in their environment. They collaborate to build living bridges and pro-
vide a shortcut for foraging peers [16]. Although we know much about ants
and their social structure, scientists still cannot explain their local-to-global
behaviours and how evolution has produced creatures with such an enormous
contrast between individual simplicity and collective sophistication[17].

[=]igr:[a]

Legionary ants attack a wasp nest ]:EH
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2.1.1.2 The Brain

Ant colonies and brains are very similar, they are both large-scale collectives of
simple entities that give rise to complicated and sophisticated behaviours [18].
The individual entity in the brain is called a neuron. Neurons are specialised
communication cells. They are excitable cells that bidirectionally transport
information to and from the central nervous system. Neurons are linked to
many other cells and it is generally believed that the complex network of neu-
rons is responsible for perception, thought, feelings, consciousness, and other
important large-scale brain activities [17].

2.1.1.3 The Immune Response

The adaptive immune response is comprised of individual decisions from indi-
vidual cells based on information provided by the immediate neighbourhood
and interpreted through membrane receptors. It is capable of cooperatively
detecting and encountering sophisticated invaders. The adaptive immune re-
sponse depicts nature’s most successful large-scale sensing system. Lympho-
cytes (white blood cells) play a crucial role in the immune response. They can
be viewed as agents migrating through the body searching for pathogens. If
a lymphocyte finds a pathogen, it outputs large numbers of specialised anti-
bodies that find similar invaders. The antibodies basically go on a search-and-
destroy mission, whereas the lymphocyte is dividing into daughter lympho-
cytes to produce even more antibodies [19]. Just like the neurons of a brain
and the ants of an ant colony, large groups of cells and their interactions are
responsible for an emergent phenomenon, here the defence of the host against
pathogens [17].
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2.1.2 System Level Properties

The previous examples of biological collectives demonstrate distributed capa-
bility among large groups of simple agents. In the following, I extract the
attributes that can be found in natural swarms [20], and explain why they are
advantageous in robotics too.

2.1.2.1 Robustness

Large-scale collectives are robust to mission failures due to single-unit-errors.
If a swarm loses parts of its collective, the chances are high that it can still
continue the task at hand with the remaining agents. The loss of an individ-
ual can be immediately compensated. The simplicity of agents makes them
also less prone to failure. Robustness is one of the main reasons for con-
ducting swarm robotics research. Applications such as space exploration im-
mensely profit from robustness; rather than sending a single expensive robot
to Mars (Mars Rover), we could explore new planets with swarms of inexpen-
sive robots, thereby increasing mission success in case of single robot errors.

2.1.2.2 Flexibility

Large collectives are able to coordinate their behaviours to execute a variety
of tasks. In Section 2.1.3, I summarise various swarm behaviours. For exam-
ple, ants can find the shortest path to a food source and build ant bridges to
overcome gaps. Researchers envision assigning robots to tasks without telling
them how to solve them. The advantage is that such systems are unpredictable
since even the programmer does not know how the swarm is going to solve it.

2.1.2.3 Scalability

Swarms are able to operate in a wide range of group sizes. The control algo-
rithms must be designed for very large swarm sizes; algorithms and hardware
should be scalable. This property ensures that swarms can be increased in size
"on the fly". Some applications such as search and rescue profit from scalabil-
ity; the larger the swarm, the more area can be covered in a given amount of
time potentially deciding between life or death.
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2.1.3 Swarm Level Behaviours

There are a variety of swarm behaviours, applications usually require a com-
bination of behaviours to be executed. For example, in a search and rescue
scenario, dispersion in combination with foraging might be required to find
survivors and cooperative transport to retrieve them. In the following, I briefly
introduce the most important swarm behaviours.

2.1.3.1 Aggregation

Self-organised aggregation is the grouping of individuals into a cluster without
input of external clues such as environmental modifications. These behaviours
can act as precursors to other behaviours such as self-assembly. There have
been several studies on aggregation [21] [22].

2.1.3.2 Dispersion

Self-organised dispersion is the opposite of self-organised aggregation. A group
of individuals tries to increase coverage over an area; robots try to maximise
the distance to each other while maintaining in communication range [23]
[24] [25]. This behaviour is useful in applications such as surveillance.

2.1.3.3 Foraging

Foraging is the process of a swarm searching for the best food source, whereas
best is defined as the source that maximises the ratio of returned food to spent
resources such as number of individuals involved [26] [27] [28].

2.1.3.4 Self-Assembly

Self-assembly is the self-organised assembly of individuals to structures such
as ant bridges or rafts. In these cases, self-assembly can help the collective
overcome obstacles or survive floods, scenarios that they cannot overcome as
individuals [16] [29] [30].
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2.1.3.5 Connected Movement

Connected movement is the assembly of individuals to achieve collective move-
ment. For example, ants use tandem running to lead other ants from the nest
to food sites. During a tandem run, the follower ant keeps in contact with
the leading ant touching its legs and abdomen [31]. This problem has been
studied with robots; robots connect via physical connectors which helps them
overcome environmental challenges such as gaps [32] [33].

2.1.3.6 Cooperative Transport

Large collective of individuals cooperate to transport objects such as food. This
behaviour has been often observed in ants in which groups of ants collectively
transport prey, prey that none of the individuals could carry by itself. They
coordinate their pulling and pushing actions to create an overall larger moving
force.

2.1.3.7 Pattern Formation

Pattern formation deals with the formation of geometric or functional shapes.
In geometric pattern formation, a large collective assembles to a shape through
local interactions amongst individuals similar to the formation of crystals. In
functional pattern formation, the pattern of the collective is dictated by the
environment. For example, the shape of ants that carry prey is determined by
the local environment and the dimensions of the prey. Notable robotic work
on pattern formation includes Rubenstein et al. work who experimented with
a 1024-unit robot swarm [4] to generate star, H-, and other arbitrary patterns.

2.1.3.8 Self-Organised Construction

Self-organised construction can be observed in many social insects such as
in termites. Termites build complex termite mounds without having a single
unit in charge. Termites make local adaptations to their nest, whereas the
termite mound is an emergent phenomenon. There have been several studies
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on self-organised construction. Professor Kirstin Petersen from Cornell Univer-
sity dedicated her PhD thesis on this specific topic [34]. Her thesis depicts an

excellent starting point for research on self-organised construction.

2.1.4 Physical Embodiments

Swarm robots are simple robots that execute simple (reactive) behaviours.
Their design is challenging because the designer is often assigned to a fixed
budget which is the ultimate constraint of the swarm size. The lower the
robot cost, the larger the robot swarm. That is why most research groups
only operate 10s of robots [35][36] [37] or sometimes a few 100s [38][39].
Their cost range from tens of dollars [40] to thousands of dollars [35]. In the
following, I highlight some of the swarm robots that have been designed over
the past 25 years.

2.1.4.1 Khepera

Khepera depicts the first swarm robotic system that was built for the study
of embodied swarm intelligence. It was introduced in 1993 and is illustrated
in Figure 2.1. The Khepera swarm robot consists of three multi-layer PCBs
stacked via PIN connectors. The bottom layer contains the sensory-motor
board including two DC motors coupled with incremental sensors, eight ana-
logue infrared proximity sensors and on-board power supply. A microcon-
troller controls the motors via pulse width modulation and four NMOS H-
bridges. The infrared sensors are infrared LED and photo-transistor pairs.
The microcontroller is mounted on the second layer. It is a 16MHz MC68331
Motorola microcontroller that controls all the peripherals of the robot. The
third board holds two 64 pixel linear photo element arrays (cameras). There
are other layers that can be stacked onto the Khepera. A manipulator turret
makes Khepera capable of interacting with objects. The gripper is equipped
with tactile sensors that give insights into the object size. The authors do not
mention how much time it takes to build Khepera. It is interesting how similar
today’s swarm robots are to Khepera. In Section 2.1.4.4, I introduce GRITSBot,
a swarm robot that was built in 2015, 22 years later. Khepera and GRITSBot
both use differential drive, both increase functionality by stacking PCBs, and
both possess a set of proximity sensors to detect and avoid obstacles. However,
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the manufacture of robots has changed, where new manufacturing technolo-
gies such as pick-and-place machines make assembly significantly easier.

Figure 2.1: The first swarm robotic system: the Khepera robot (1993) [41].

2.1.4.2 E-puck

In 2009, 13 years after the development of Khepera, the developer of Khepera
introduced another swarm robot: the e-puck [35]. The e-puck is one of the
most sophisticated swarm robots that has ever been designed, however, it is
also relatively expensive compared to other swarm robots. E-pucks possess
eight infrared proximity sensors, a 3D accelerometer, three microphones, and
a colour CMOS camera with a resolution of 640x480 pixels. E-pucks possess
two motors and wheels using wheeled locomotion for movement. E-pucks use
a speaker and an entire set (> 10) of red and green LEDs, that is distributed
over the entire body chassis, as audio and visual outputs. They possess a blue-
tooth and Zigbee radio link. E-pucks come with a 64MHz dsPIC microcon-
troller which embeds a 16 bit processor and a digital signal processor (DSP)
unit. E-pucks possess almost every piece of hardware that can possibly be
embedded into a small robot. They can be purchased from GCtronic for $850.
That makes them difficult to operate in groups of 100s due to cost. That is why
many swarm roboticists conduct research with far simpler and less expensive
robot systems. The e-puck is an open-source robot.
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Figure 2.2: The e-puck is one of the most sophisticated and expensive swarm
robots. It is equipped with a series of sensors, communication capabilities, and
uses wheeled locomotion [41].

2.1.4.3 Kilobot

The Kilobot project has been an inspiration throughout my studies [40]. The
robot was developed by Professor Mike Rubenstein at Harvard University. Kilo-
bot exploits several unconventional design choices such as vibration motors
for sliding movement and reflecting infrared light off the arena surface for
communication and distance sensing between robots. Figure 2.3 shows Kilo-
bot and a 2'° Kilobot swarm. The robot consists of a populated PCB, three
legs, two vibrational motors, and a battery. It measures 33mm in diameter
and 34mm in height. The robot uses slip-stick locomotion which I explain in
Section 2.2. Robots communicate with one another via infrared. The com-
munication range is approximately 3 robot distances. Kilobots are operated
on a reflective arena surface for communication purposes. The infrared light
is being reflected from the table surface back to adjacent robots. Kilobot is
equipped with an ATMEGA 328 (8MHz) microcontroller. Kilobots possess a
RGB light emitting diode (LED) and an ambient light sensor. Kilobots pos-
sess lithium ion batteries which supply robots up to ten hours with power. A
charging spring allows a Kilobot swarm to be collectively charged. Kilobots
cost $14 in large quantities excluding assembly effort. In Section 2.2, I discuss
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the assembly steps of Kilobots and compare them to other robots. The Kilobot
swarm is the largest robot swarm that has ever been built and used in swarm
robotic experiments [4]. However, Kilobots also possess a couple of disadvan-
tages: 1) a single Kilobot requires five minutes of manual assembly; it takes a
trained engineer approximately 85 hours to assemble a swarm of 1024 robots;
2) Kilobots’ vibration motors have to be initially calibrated and eventually re-
calibrated. In general, the more attention an individual robot requires, the
less operational becomes a large robot swarm.

Charging Connector )
e Microcontroller

Rechargeable Direction )
of Forward Infrared Receiver

Motion
—

—— 7 Infrared
Hiold D 7 e ) Transmitter
igidLegs___» Reflective Infrared
B Communication Path Side View Bottom View

Figure 2.3: (A) A Kilobot robot, shown alongside a U.S. penny for scale.
(B) Each Kilobot has an onboard microcontroller for executing programs au-
tonomously, two vibration motors for moving straight or turning on a flat sur-
face, and a downward-facing infrared transmitter and receiver. Robots com-
municate with others within a range of 10 cm (roughly three robot diameters)
by reflecting infrared light off the table below. Communicating robots can eval-
uate relative distance by measuring the strength of the received infrared sig-
nal, but they cannot sense relative bearing (angle). (C) A 2'° Kilobot swarm.
The Kilobot design allows for all operations on the entire swarm (charging,
programming, etc.) to take a constant time to complete, independent of the
number of robots in the swarm. Reprinted with permission from AAAS [4].
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2.1.4.4 GRITSBot

Figure 2.4 shows GRITSBot, an inexpensive swarm robot [42]. It is used in
the Robotarium, a remotely accessible multi-robot research facility, operated
by Georgia Institute of Technology [43]. The facility allows students to pro-
gram and run experiments with a swarm of GRITSBots. They offer support
and tutorials on their webpage. This is an initiative to get students from all
over the world involved in multi-robot research. GRITSBot is a differential
drive swarm robot. It consists of three multi-layer PCBs that are stacked via
PIN connectors, two motors, and two wheels. Some of GRITSBots components
require manual assembly. I discuss GRITSBot’s manufacture in Section 2.2. A
GRITSBot costs $50 excluding assembly. Robots are equipped with ATMEGA
168 and ATMEGA 328 (8MHz) microcontrollers. The former microcontroller is
solely used for motor control, the latter one for wireless communication, sen-
sor data processing, and user-defined high-level tasks such as obstacle avoid-
ance. A GRITSBot is manually assembled in one to two hours. A 1000 unit
robot swarm of GRITSbots would require three months of non-stop manual
assembly by trained engineers.

Figure 2.4: Isometric and top view of the GRITSBot [42].
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2.1.4.5 Others

Figure 2.5 shows a collection of other swarm robotic systems. All robots but
one use wheeled locomotion. They are equipped with a variety of sensors
and communication capabilities. The S-bot is the only robot that possesses a
gripper to interact with its environment and to build robot chains with other
s-bots. In this collection, Droplet is the only robot that uses slip-stick locomo-
tion, a locomotion strategy that I explain in Section 2.2. Slip-stick locomotion
is low-cost to implement compared to wheeled locomotion, however, robots
that use slip-stick locomotion are also generally slower. All robots possess in-
frared proximity sensors to detect and avoid obstacles.

Figure 2.5: Collection of swarm robotics systems. A) Khepera [41], B) Alice
[44], C) S-bot [45], D) Jasmine [46], E) Kobot [47], F) MarXbot [48], G)
Thymio-II [49], and H) Droplet [50].
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2.2 Locomotion Strategies of Swarm Robotic Systems

2.2.1 Robot Manufacture

The manufacture of a swarm robotic system is dependent on its design and
components. Manufacture can consist of many assembly steps or just a few;
the assembly steps can be easy or rather difficult, sometimes even requiring en-
gineering expertise; and the time of assembly can range from several seconds
to many hours or days. Mass-manufacture adds yet another facet: the total
assembly time of a swarm robotic system is the time of assembly per single
robot times swarm size. Therefore, swarm robots usually become these highly
optimised designs, where often times an application bias determines the ac-
tual implementation. For example, if I want my robot swarm to collectively
find a light source, I probably want them to posses light sensors.

It does not matter whether a component is part of the actuation or sensing
circuitry. A component is a component. From a manufacturing perspective,
I only care about the component’s difficulty to be implemented. There are
some electronics components for which assembly can be entirely outsourced,
such as surface mount devices (SMDs). Such components can be assembled
with pick-and-place machines eliminating the need for manual assembly. If a
robot could only exist of a PCB and SMD components, its manufacture could
be outsourced to 100%.

This has been one of the major achievements of my studies: the design and
implementation of a PCB-only robot. I analysed which components of previous
swarm robotic systems require non-SMD components. As it turns out, the loco-
motion strategy of a swarm robot is a major source of non-SMD components.
Table 2.1 summarises the locomotion strategies of the most important swarm
robotic systems and Table 2.2 compares the various locomotion strategies in
more detail.



Chapter 2 Background and Literature Survey 27

Ref. Robot Locomotion Propulsion Hardware
name strategy system odometry

[41] | Khepera Wheeled DC motors Wheel encoders
[44] Alice Wheeled Bidirect. motors Wheel encoders
[45] S-bot Treeled DC motors Wheel encoders
[46] | Jasmine Treeled DC motors N/A
[51] | I-swarm Slip-stick Piezoelectric Polymer No
[35] e-puck Wheeled Stepper Motors Wheel encoders
[47] Kobot Wheeled DC motors N/A
[48] | MarxBot Treeled Rotational motors Accelerometer
[40] | KiloBot Slip-stick Vibration motors No
[52] R-one Wheeled DC motors Wheel encoders
[49] | Thymio II Wheeled DC motors N/A
[50] | Droplet Slip-stick Vibration motors No
[53] Elisa-3 Wheeled DC motors Wheel encoders
[42] | GRITSBot Wheeled Stepper motor Stepper motor
[54] Pheeno Wheeled DC motors Wheel encoders
[5] | HoverBot | Low-friction Planar coils Hall-effect sensor

Table 2.1: Comparison of 16 swarm robotic systems found in the literature.
The three highlighted rows depict the swarm robotic systems whose locomo-
tion strategy is further analysed in Table 2.2.

Feature/Locomotion Wheeled [42] | Slip-stick [40] Low-friction
Robot velocity (cm/s) Continous Continous Discrete - equidistant
20mm steps’
Battery lifetime 30min - 5h 3-24h 25min - 600h
@ 150mAh @ 160mAh @ 300mAh
Dependencies No Flat surface Magnet-

levitation table

Hardware odometry Stepper motors No Hall-effect sensor
Actuator calibration Not required Required Not required
Number of non-surface- >4 >5 0
mount components?
Difficulty of mechanical (D)3 (1 (3)(6) (6)
assembly> (4)(5)(6)
Cost* at 1,000 units ($) 13.34 3.12 1.96

Table 2.2: Comparison of wheeled, slip-stick, and low-friction locomotion.

1Robust (error tolerant) movement on a discrete grid is equivalent to precise movement.

Wheeled: two wheels, two motors, and motor control board. Slip-stick: three legs, two
vibration motors, and electronics. Active low-friction: electronics.

3(1) Soldering non-surface-mount components, (2) cutting components, (3) gluing compo-
nents, (4) screwing components, (5) stacking components, and (6) connecting battery.
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2.2.2 Wheeled and Slip-Stick Locomotion

Tables 2.1 and 2.2 contain specific terminology. While most terminology for
these features is self-evident, I provide a summary here for those that may be
unclear. Hardware odometry refers to the use of sensors to estimate change
in position over time. This term indicates systems which do not possess a
real form of odometry or which address the lack of hardware odometry by
performing collective algorithms [40]. In this column, N/A refers to the fact
that the cited publication does not explicitly state information about odome-
try. Type of motion clarifies whether a motion is continuous or discrete and
if discrete with what step size. Dependencies refer to specific environments
which the robots require to function properly. Surface-mount-technology com-
ponents are components which can be directly soldered onto a PCB. Non-SMD
components are usually incompatible with pick-and-place machines and often
require manual assembly which generally increases the labour effort and cost
of mass-manufacture.

The swarm robotic systems listed in Table 2.1 use either wheeled or slip-
stick locomotion. Slip-stick locomotion refers to the alternation between slip-
ping and sticking of an agent to a substrate that results into directed locomo-
tion [55]. The vast majority of swarm robotic systems use wheeled locomotion
with DC motors and wheel encoders. There are a few exceptions which use
tracks and wheels (treels) and accelerometers, gyroscopes, or stepper motors
for odometry. Treels are considered as wheeled locomotion. Three systems
use slip-stick locomotion, whereas two of those three systems use vibration
motors, and the remaining system uses piezoelectric polymers as actuators.
The HoverBot system, presented in this thesis, implements low-friction loco-
motion.

Table 2.2 compares wheeled, slip-stick, and low-friction locomotion by us-
ing the GRITSBot, the Kilobot, and the HoverBot as representative systems. I
select Kilobot as a representative for slip-stick locomotion because it is the first
and only large-scale robot swarm exceeding a collective size of 1,000 units. I
choose GRITSBot as a representative for wheeled locomotion. Pickem et al.
present in [42] a recent system that explores both cost and functionality of
wheeled robots.

“Cost of components that are solely associated with locomotion, in order quantities of 1,000.
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While wheeled locomotion has advantages in robot velocity, platform inde-
pendence, hardware odometry, and actuator calibration, it has disadvantages
in battery lifetime, number of non-SMD components (minimum two wheels
and two motors), difficulty of mechanical assembly, and cost (including motor
control board). In Pickem et al.’s work, non-surface-mount components had
to be soldered, receiver coil wires needed to be cut and glued, wheels had to
be screwed onto motors, circuit boards needed to be stacked, and the battery
had to be connected.

In comparison, slip-stick locomotion has advantages in battery lifetime and
cost, but disadvantages in robot velocity, the dependency on flat surfaces,
hardware odometry, actuator calibration, and number of non-SMD compo-
nents (the minimum number being three legs and two vibration motors). In
Rubenstein et al.’s work, their mechanical assembly consisted of soldering non-
surface-mount components, gluing vibration motors to the robot, and connect-
ing a battery.

Although the GRITSBot possesses more functionality than the Kilobot, Kilo-
bot’s locomotion strategy favours mass-manufacture. The low manufacturing
effort of slip-stick locomotion is one of the reasons why Kilobot has been man-
ufactured in large quantities. Not only is the assembly of robots that use slip-
stick locomotion faster, it is also less difficult to maintain a robot that is built
from fewer parts and assembled with less instructions.

Low-friction locomotion has advantages in that it provides hardware odom-
etry, requires no actuator calibration, has no non-SMD components, simple
mechanical assembly, and is low cost; but it has disadvantages in robot veloc-
ity, dependency on a magnet-levitation table, and battery lifetime. The me-
chanical assembly of HoverBot consists of plugging in a battery to the robot. I
describe the HoverBot system in Chapter 3.

Overall, each of the three strategies possesses certain advantages over the
others.

Not included in Table 2.1, but relevant to my technical approach, is work
from Vladimerou et al. (2004), Gross et al. (2011), Napp et al. (2011), Cap-
pelleri et al. (2014), and Pelrine et al. (2017). Vladimerou et al. developed a
group of autonomous hovering robots. Robots were miniaturised air cushion
vehicles (ACVs) also called hovercrafts. Such robots use blowers to create air
cushions beneath their contact surfaces and propel by utilising additional air
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blowers. Gross et al. reported on an experimental setup in which they inves-
tigated aided assembly with floating building blocks using an air table [56].
Their system used low-friction locomotion in which their building blocks did
not possess locomotion capabilities, but modules would flow passively in the
agitated medium. Napp et al. investigated stochastic interactions between ac-
tive and passive robots using low-friction locomotion [57]. Passive robots were
foam blocks with complementary shape and embedded magnets that assem-
bled over time on an air bed. Active robots, while not capable of autonomous
movement, could expend energy to disassemble the passive robots. Cappel-
leri et al. introduced a novel approach to achieving independent control of
multiple robot magnets [58]. In their work, they designed a grid of planar
microcoils. The coils were used to generate magnetic potentials to control the
trajectories of magnets. This approach produces the simplest swarm robots
that currently exist: permanent magnets. Pelrine et al.’s work is similar to
Cappelleri’s but differs in that they add a thin graphite layer onto their PCBs
which makes their magnet robots levitate [59]. Both of these publications
feed into additive micromanufacturing with swarms. Similarly to Gross’s and
Napp’s work, agents did not possess locomotive autonomy but were moved by
external stimuli. All five approaches are relevant but distinctly different to the
work I present here.
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2.3 Sensing Capabilities of Swarm Robotic Systems

The sensing capabilities of a robot influence the type of experiments one can
perform. While a camera adds more functionality to a robot than an ambient
light sensor, each sensor comes at a different cost. I systematically analysed
previous swarm robotic systems and found that some systems possess sensors
that have been, or could be, used for the detection of multiple signals. For
example, an IR transceiver could be used for communication and proximity
sensing amongst others. Developing robots that are low-cost and functional
is a challenging task, therefore, utilising sensors for the detection of multiple

measurands is desirable.

In this section, I introduce an instrument model, a well-established model
borrowed from the sensors community to generally describe a measuring de-
vice, to establish a clear understanding of sensors and how they can become
multi-functional. Then I give a comprehensive review on the sensing capabil-
ities of previous swarm robotic systems and categorise them based on their
multi-functionality.
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2.3.1 The Instrument Model

The instrument model shown in Figure 2.6 is a scientifically accepted model
from the sensor community to generally describe a measuring device [60]. An
instrument is a device that transforms a physical variable of interest — the
measurand — into a form that is suitable for recording, the measurement, as
conceptually shown in Figure 2.6. An example of a basic instrument is a ruler.
In this case the measurand is the length of some object and the measurement
is the number of units (meters, inches, etc.) that represent the length.

physical

measurement signal

variable variable measurement
measurand —X> sensor—s> computer | = —M)

Figure 2.6: Instrument model [60]. The measurand is the measured value
of interest, whereas the physical measurement variable is associated, either
directly or indirectly, to the measurand. The sensor converts the physical mea-
surement variable in a signal variable (often an electric signal), and feeds it
into a processing unit or computer. The value that we actually display is the
measurement.

Any measurand (distance, collision, temperature, etc.) is linked to an ob-
servable physical measurement variable X. The observable physical measure-
ment variable X does not necessarily have to be the measurand, X can only be
related to the measurand. For instance, the mass of an object is often mea-
sured by the process of weighing, where the measurand is the mass but the
physical measurement variable is the downward force the mass exerts in the
Earth’s gravitational field. Collision detection is another example. A robot can
detect the measurand collision by measuring force or by relating the measur-
and to another physical measurement variable such as acceleration. In this
case you can either purchase an accelerometer or a set of force sensors (e.g.
4 force sensors - one sensor on each robot side). Both implementations allow
the detection of collisions, however, the single accelerometer is likely going to
be cheaper than the force sensors. There are many more of such examples, but
there are also variants in which a single physical measurement variable con-
tains information about several measurands. An excellent example is infrared
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light. Infrared light can be used for the measurement of distance, to deter-
mine bearing and to communicate with other robots [50]. I call this capability
multi-functional sensing. Communication is usually handled by a transceiver;
you transmit and receive or transceive data by means of a physical channel
e.g. by utilising electromagnetic waves in the infrared spectrum. The receiv-
ing of signals requires sensors, such as photodiodes that transduce infrared
light into electric signals, hence communication itself can be considered as a
sensing task.

2.3.2 Multi-Functional Sensing

I reviewed the sensing capabilities of 15 swarm robotic systems found in the
literature and I summarised the findings in my journal publication [5] (Ap-
pendix F). Table 2.3 is a subset of Appendix F containing robot systems ca-
pable of multi-functional sensing with > 2 measurands. The content of Table
2.3 is based on the cited work shown in the first column of each row. Table
2.4 takes a closer look at the few robot systems capable of multi-functional

sensing with > 3 measurands.

Robot System / Number of Measurands 2 3 4
Khepera (1994) [41] IR

Alice (2003) [44] IR

SBot (2003) [45] L

Jasmine (2005) [46] IR

E-puck (2009) [35] IR, L AC
MarXbot (2010) [48] IR, L

Kilobot (2012) [40] IR

R-One (2013) [52] IR

Droplet (2014) [50] IR
GRITSBot (2015 )[42] IR

Pheeno (2016) [54] AC

HoverBot (2017) [5] MF

Table 2.3: Analysis measurands from previous swarm robotic systems. IR:
Infrared Light, L: Visible Light, AC: Acceleration, MF: Magnetic Field. Other
systems that I considered but ended up using single-measurand sensors are:
SwarmBot [52], Kobot [47], and Thymio-II [49].
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Measurand / Physical | Droplet [50] E-puck [35] HoverBot [5]
Measurement Variable (infrared) (acceleration) | (magnetic field)
Local communication X

Distance X

Bearing X

Inclination X

Collision X X
Free-fall X

Movement X

Odometry X
Rotation X

Table 2.4: Further comparison of swarm robotic systems with 3 or more mea-
surands per sensor.

The majority of swarm robotic systems (12/15) are capable of multi-functional
sensing with > 2 measurands. In the > 2 measurand category, the most com-
monly used physical measurement variables are IR light, followed by ambient
light. IR light has been mainly utilised for distance/proximity sensing and lo-
cal communication, whereas ambient light has been often utilised for object
detection and long-range distance measurements through a camera.

To the best of my knowledge, there are only two swarm robotic systems that
are capable of, or make use of, multi-functional sensing with > 3 measurands.
The e-puck is capable of measuring four measurands with an accelerometer
[35]. It measures inclination, collision, free-fall and movement acceleration.
The Droplet is capable of measuring three measurands with a set of IR sensors
[50]. It uses six symmetrically placed IR sensors to measure distance, bearing
and local communication. Therefore, once a robot possesses an accelerometer
and a group of IR sensors, it is capable of measuring seven measurands by
only using two different types of sensors. HoverBot is capable of measuring
three measurands with a single Hall-effect sensor [5]. It associates magnetic
field readings to collision, successful movement, and rotation events. The
Hall-effect sensor was integrated into HoverBot’s circuitry because HoverBots
are exposed to a magnetic grid that is embedded into the top surface of their
arena.

Figure 2.7 summarises the multi-functional sensing capabilities of 15 swarm
robotic systems. The vast majority of swarm robotic systems only use their sen-
sors to measure a single modality or two modalities. There are other sensors
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that provide more capability (measuring > 2 modalities) such as accelerom-
eters. In general, choosing sensors for swarm robots should be regarded as
functionality-cost optimisation in which swarm roboticists embed those sen-
sors that maximise the overall robot capability for a given budget.

publication
year A

Magnetic field
HoverBot (17) ——f-vmremneee (O vemmrmms e o
Pheeno (16)
GRITSBot (15) ’ Infrared light
Droplet (14) ——f oo o
Thymio 11 (13) — e o)
R-one(13) —--
Kilobot (12) ——f:weroerereeenens [ JEEI TR ITTIPIPRRPPIOS @)
MarXbot (10) ——f«errrrreeees @ IETTETRTTTEPP PRI @) Acceleration
E-puck (09) —1-- 10 TP TP P TP )
Kobot (07) —
SwarmBot (06) —
Jasmine (05) —--
S-bOt (03) ——fvererreeeeeeeees @ [RIIETRRRIRPIS SR o)
AlICE (03) —Frrrrerrerrermes e o)
Khepera (94) —f e, 0 T T 1e)

1 2 3 4 " #measurands
single sensor

Figure 2.7: Overview of the sensing capabilities of previous swarm robotic
systems. Swarm robots are sequentially listed according to their publication
date. The x-axis indicates how many measurands can be measured per single
sensor. Although most swarm robotic systems utilise their sensors to detect up
to two measurands, there are only three robot systems including the HoverBot
that utilise their sensors to measure 3 or more measurands.

The instrument model comes with its limitations: the measurand compo-
nent can be interpreted from different angles. For example, successful move-
ment and rotation can be generally considered as being part of a robot’s odom-
etry capability. However, the to-be-measured value, the measurand, is not
odometry but successful movement and rotation. Since the instrument model
is to some extent subjective, it is of paramount importance to apply this model
consistently. Figure 2.7 is a collection of carefully categorised sensing capabil-
ities of swarm robotic systems. A key understanding that I have derived from
studying the instrument model is that, in swarm robotic systems, often the
sensors could be further utilised, and therefore the systems should be reanal-

ysed.
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2.4 Physical Interactions in Swarm Robotics

In large groups of robots, by necessity, collision avoidance becomes the domi-
nant behaviour as the robot density increases [61]. Robots are busy avoiding
each other rather than performing the task at hand. The vast majority of
(swarm) robotic systems avoid collisions. Collisions are perceived as worst
case scenarios and an experimental byproduct that often times is avoided at
all cost. In such cases, robots are equipped with specific hardware that allows
them to detect obstacles and avoid collisions. Collision avoidance is a high
priority behaviour that overrules most other robot processes.

Embracing and detecting collisions - workshop video

2.4.1 Collision Avoidance in Robotics

The vast majority of swarm robotic systems are wheeled robots, which I dis-
cuss in Section 2.2. Wheeled robots are usually made of hard materials, are
heavy, and reach high velocities creating large momentum (P = mV), which
can lead to destructive collisions. Therefore most wheeled robot systems avoid
collisions to keep the robot and its immediate environment safe [62]. Colli-
sion avoidance becomes an integral part of the robot design; resources are
spent on sensors and low-level control schemes. Most robots detect obstacles
through some kind of contactless sensor such as optical (infrared, laser rang-
ing, etc.) or sonar sensors. In addition, it requires computational resources
to analyse the raw sensor data. This indicates that collision avoidance has an
impact on robot hardware. If I want to build a simple robot that is required to
avoid collisions, a large percentage of my budget goes to collision avoidance.
Moreover, each component on a robot has an impact on the robot’s manufac-
turability as I discuss in Section 2.2. Overall, collision avoidance is a robot
skill that makes a robot more expensive. Swarm robotics is a research field
that is heavily inspired by colliding species. Many natural swarm systems such
as bees do not avoid collisions at all cost, they embrace and/or are influenced
by physical interactions [63]. Therefore, I belief that there is an increasingly
growing narrative for research on collision-based collective behaviours.
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2.4.2 Collisions in Biological Systems

In biological swarm systems, collision avoidance seems to be a question of
agent size. While large biological agents often avoid each other, such as fish
[64] or birds [65], small biological agents tend to physically interact:

If a bee knows about a suitable nest site, it performs a waggle dance to
communicate its discovery to its peers. If another bee knows about a good
nest site too, it tries to stop the waggle dance by pushing its head against
the dancing bee [66]. Physical interaction becomes a feedback mechanism
that is paramount for communication and decision making in large bee col-
lectives. Japanese honeybees (Apsis cerana japonica) fight against giant hor-
nets by forming a hot defensive bee ball. They surround the hornet and the
physical interactions between large groups of bees produce heat, killing the
hornet [67]. Ants (Temnothorax albipennis) use a technique known as tan-
dem running to lead each other from nest to food source by using physical
interactions such as tapping legs and abdomen with their antennae to control
the speed and course of their run [31]. Ants (Solenopsis invicta) use physical
interactions to survive in water. They link their bodies together to build water-
proof rafts that enhance their water repellency for survival [68]. Some forms
of cell migration emerge from physical interactions (inelastic collisions) be-
tween cells [69]. This phenomenon plays a fundamental role in tissue growth,
wound healing, and immune response. A study on granular media makes
comparisons to biologically inspired interacting agents and shows that simple
inelastic collisions between self-propelled agents can provide a wide range of
self-organised collective behaviours [70].

There are many reports on collision-triggered behaviours in nature, how-
ever, there have been only a few swarm robotic studies that concern collisions.
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2.4.3 Collision Dependent Robot Behaviours

There are only a few swarm robotic studies that deal with collisions. Kernbach
et al. and Schmickl et al. worked on the re-embodiment of biological aggrega-
tion behaviours of honeybees. They show how to take advantage of collisions
to develop scalable robot behaviours. In their work, swarm robots converge to
light sources without requiring inter-robot communication. Concretely, they
minimize sensing and computation by evaluating robot data only once per
collision; more frequent collisions lead to more data evaluations [39][71].
Mayaa et al. harnessed collisions to help localise a robot within an arena. The
arena was divided into differently sized segments, whereas each segment was
inhabited by differently sized robot groups. Robots used collision detection as

an information source to determine their locations [61].

Overall, collision is a promising candidate for research on and the design of
scalable robot behaviours, since the occurrences of collisions usually increase
with increasing group sizes. Scalable refers to the ability of a swarm to perform
well with different group sizes; the introduction or removal of individuals does
not result in a drastic change in the performance of a swarm (see Section
2.1.2).
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2.5 Summary

The field of swarm intelligence is a biologically driven research field. It orig-
inates from observations in nature. Examples range from insect colonies to
the immune response. Large collectives of simple agents accomplish complex
tasks through simple interactions. Such collective systems exhibit properties
(robustness, flexibility, and scalability) that are very useful for robotics ap-
plications. Swarm systems can perform a variety of behaviours, whereas ap-
plications are compositions of behaviours. In the past 25 years, researchers
have developed many (10s) swarm robotic systems, whereas most of them are
wheeled robots that use differential drive. The locomotion strategy of a robot
has a major impact on the robot’s manufacture. Wheeled robots are usually
more difficult to manufacture than robots that use slip-stick or low-friction
locomotion. The sensing capabilities of a robot impact its functionality. How-
ever, some sensors can be used for a variety of tasks (e.g. infrared sensors for
communication, distance, and bearing sensing), whereas other sensors are
very specialised (e.g. humidity sensors). The instrument model from the
sensing and measurement community helps analyse sensors for their multi-
functionality. Accelerometers are the most multi-functional sensors that have
been embedded into swarm robotic systems. Researchers have detected incli-
nation, collision, free-fall, and movement with accelerometers. Swarm robotic
systems usually avoid physical collisions. Collisions are perceived as worst-
case-scenarios that often have to be avoided at all cost. However, the ability to
detect collisions makes robots more expensive minimising the budget for other
robot functionalities. In biological swarm systems, collision avoidance seems
to be a question of agent size. While large biological agents often avoid each
other, small agents tend to physically interact. There have been only three
studies on collisions with swarm robotic systems. In these studies, robots did
not collide, but approximated collisions with distance sensors.
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The HoverBot System

The HoverBot system is an easily manufacturable swarm robotic platform that
uses low-friction locomotion. It consists of a magnet-levitation table and hov-
ering robots called HoverBots. Figure 3.1 exemplarily shows the robots and
Figure 3.2 the HoverBot system. In this Chapter, I discuss the guiding princi-
ples, permutations, and details of the HoverBot system. This chapter is based
on my published journal paper [5] which I put in Appendix E and a patent
application filed by the University Court of the University of Edinburgh [6].

Top View Microcontroller

IR TRX

Hall-effect
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Airhole

ey " Embedded
magnet

Figure 3.1: Introduction to HoverBots. HoverBots are floating circuit boards
that operate on a specialised arena: the magnet-levitation table.

40
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Figure 3.2: Assembly of the entire HoverBot system. The HoverBot system
consists of: A) camera system; B) infrared communication system; C) four
fans; D) AprilTags; E) auto-transformer; F) computer; G) programmer; and
H) battery charger.
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3.1 Low-Friction Locomotion

To move — on land, in water, or in the air — always requires an expenditure
of energy. Reducing the resistance to motion, namely, friction, allows a greater
range of travel for a given input of energy [72]. Low-friction locomotion is a
class of locomotion strategies that focuses on reducing friction between robots
and their substrates to facilitate robot movement.

3.1.1 Free Body Diagram of a Robot

Figure 3.3 shows the free body diagram of a robot. According to Newton’s first
law of motion, the robot remains still unless acted upon by unbalanced forces.
In this simplified model, there are four forces that act on a robot: 1) gravita-
tional force, 2) normal force, 3) frictional resistance (static and kinetic), and
4) propulsional force.

( 1\
Fnormal
Friction™ Fq > Fpropulsion
I:gravity
. J

Figure 3.3: Free body diagram of a robot. The net force vector determines the
movement direction of the robot.

The gravitational force is dependent of the mass of the robot.

ﬁgTanty = Myobot X § (3.1)

Assuming no other force opposes the gravitational force, the normal force
is in magnitude equivalent to the gravitational force.

‘F_:normal‘ - ‘ﬁgravity’ (32)

A robot has to overcome static friction before it can move. Forces smaller

than Fiatic, friction,mas are opposed by frictional resistance of equal magnitude
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and opposite direction. Once static friction has been overcome, static friction

does not apply anymore.

— —

Fstatic,friction,maz = Lnormal X HUstatic (33)

Kinetic friction occurs when a robot starts moving. It has to continuously
overcome kinetic friction to keep moving. The coefficient of kinetic friction is
usually lower than that of static friction.

—

Fkinetic,friction,max = Lnormal X Kkinetic (34)

The net force is the sum of the individual forces:

—

Fnet = ﬁgravity + Fnormal + ﬁfriction + ﬁpropulsion' (35)

Any propulsion force that exceeds the frictional resistance unbalances the

net force and causes motion.
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3.1.2 Reducing Frictional Resistance

Since propulsion force and frictional resistance are opposing forces, the mini-
mum propulsive force that is required for motion can be lowered by reducing
the frictional resistance in the first place. The frictional resistance can be either
partly reduced or completely eliminated as shown in Figure 3.4.

Equation 3.6 indicates that the frictional resistance can be either reduced
by decreasing the mass of a robot or by using materials with low friction coef-

ficients.

Ffriction = Mpopot X g X Umaterial (36)
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Figure 3.4: A) The frictional resistance can be countered for example through
a decrease of robot weight or B) by an uplifting force that exceeds the robot’s
gravitational force. The normal force is of equal magnitude and opposite di-
rection to the gravitational force if a robot remains still and makes contact
with a surface.

The frictional resistance can be completely eliminated by inducing an uplift-
ing force equivalent to or larger than the gravitational force of the robot also
called levitation. In this case, the robot does not make contact with the arena
surface anymore; the normal force is substituted by an uplifting force which
eliminates the frictional resistance. Examples of uplifting forces include: i)
electro-static levitation in which an electric field is used to levitate a charged
object [73]; ii) magnetic levitation in which magnetic forces are used to uplift
other magnetic objects [74]; iii) aerodynamic levitation in which a stream of
gas is used to make objects float [75]; iv) acoustic levitation in which acoustic
waves are being used to uplift objects [76]; v) optical levitation in which a
laser uplifts objects via photon momentum transfer [77]; or vi) buoyant levi-
tation in which pressurised gases possess high densities and lift objects from
the ground (e.g. helium balloon).
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Table 3.1 shows the coefficients of friction for materials ranging from rub-
ber to Teflon. Friction coefficients are always dependent of two materials.
Table 3.1 helps identify materials that reduce the frictional resistance. Both
the materials of the arena and robot, determine the frictional resistance of
the system. Any material with low friction coefficient reduces the frictional

resistance against motion.

Material Kinetic | Static
Rubber on concrete (dry) 0.68 0.9
Rubber on concrete (wet) 0.58 -
Rubber on asphalt (dry) 0.67 0.85
Rubber on asphalt (wet) 0.53 -

Rubber on ice 0.15 -
Waxed ski on snow 0.05 0.14
Wood on wood 0.3 0.42
Steel on steel 0.57 0.74

Teflon on teflon 0.04 -

Table 3.1: Coefficients of friction for a variety of different materials [78].
These are typical examples of coefficients of friction. The coefficients are sub-
ject to changes due to material compositions.

If the frictional resistance has been reduced or eliminated, additional forces
can be used to propel the robot. In Section 2.2.2, I discuss several robot sys-
tems that utilise external propulsion forces for locomotion, that is, the robot is
being moved heteronomously rather than autonomously. In general, the lower
the frictional resistance, the easier it is i) to move the robot or ii) for the robot
to move. As illustrated in Figure 3.5, eliminating frictional resistance by en-
countering gravitational force with an uplifting force minimizes the absolute
propulsive force that is required for motion.

( -\ 4 ~\
] Fuoli o
I:normal uplift
A . |
Ftriction Fpropuision propulsion
b1 LY )
I:gravity Fgravity

\. J \. J

Figure 3.5: A) The magnitude of the propulsive force for movement is depen-
dent on the frictional resistance. B) If the gravitational force is encountered
through an uplifting force, the propulsive forces that are required for move-
ment become minimal.
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3.1.3 Implementation

There are different ways of implementing low-friction locomotion, the Hov-
erBot system implements it through a specialised robot arena: the magnet-
levitation table which is conceptually illustrated in Figure 3.6. A stream of
air lifts robots from the arena surface. Robots generate propulsive forces by
interacting through their electromagnetic anchors with magnets that are em-
bedded into the arena surface.

not-to-scale C t
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=
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Figure 3.6: Conceptual figure: the dimensions of objects are not propor-
tional. The HoverBot system implements low-friction locomotion through a
magnet-levitation table. An upstream of air lifts robots from the arena sur-
face; robots interact through their electro-magnetic actuators with permanent
magnets that are embedded into the arena. Appendix C contains the technical
drawings of the magnet-levitation table.

An air source blows a mixture of gases, namely nitrogen, oxygen, argon,
and carbon dioxide, also known as dry air, into an air chamber. Air molecules
are pushed into the chamber with a constant flow rate. At first, more air
molecules enter the chamber than escape. After a while, the pressure in the
chamber is greater than the ambient pressure, a constant differential pressure
equilibrates, and the input and output airflow rates become equal. Although
the air motion and the air pressure distribution in the thin gap between agent
and tabletop may be quite complicated, they can be neglected as long as agents
are able to float anywhere on the magnet-levitation table.
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A good example of HoverBot’s locomotion can be observed in nature. Nan-
nosquilla decemspinosa is a small stomatopod found in sand substrates on the
Pacific coast of Central and South America and illustrated in Figure 3.7. These
stomatopods are capable of maneuvering if supported by a 1-mm layer of wa-
ter and lose this capability once their surrounding dries up [79]. The water
reduces the stomatopod’s frictional resistance to the ocean floor; the weak
propulsive forces from their legs are sufficient for locomotion.

Figure 3.7: Stomatopods swim if there is as little as a millimetre of water. If
the sand is well drained and only moist, they are incapable of using their legs
and change to a different form of locomotion. The dimensions of the stomato-
pod illustrated in this figure are unknown, however, mantis shrimps usually
grow to around 10 centimetres. Image credit: National Science Foundation
Multimedia Gallery [80].
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3.2 The Magnet-Levitation Table

The magnet-levitation table is a key component of the HoverBot system. It
supplies robots with an airflow and static magnetic fields. Figure 3.8 shows
the magnet-levitation table from patent application GB1611448.0 filed by the
University Court of the University of Edinburgh.

fan inlet

porous surface

HoverBot

Figure 3.8: Illustration of the magnet levitation table from patent application
GB1611448.0.
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3.2.1 [Iteration History

Figure 3.9 shows the different magnet-levitation table iterations that I have
fabricated during the course of my studies. The first and second table itera-
tion consisted of acrylic sheet and magnet holes were cut with a laser cutter.
The third and final iteration is made of Medium Density Fibre (MDF) board
and magnet pockets are milled with a Computer Numerical Control (CNC)
machine. Magnets are hidden 1mm beneath the table surface. The first and
second table iterations used a leaf-blower as air-source. The final table itera-
tion has four high-pressure fans mounted on its side-walls.

Figure 3.9: History of the magnet-levitation tables. A) Thin acrylic sheet with
small permanent magnets embedded into top surface. B) Thick acrylic sheet
with magnets that match robot coil diameter embedded into top surface. C)
MDF board with magnets hidden beneath top surface.



Chapter 3 The HoverBot System 50

3.2.2 Fluidic Mechanic Calculations

Figure 3.10 shows an overview of the fluid mechanics of the magnet-levitation
table. P is the pressure within the table’s reservoir, P, is the ambient pres-
sure, M is the mass of the robot, and R is the radius of the robot defining its

size.

Ambient
pressure [« 2R P Mass M l
Pa f g
%\ l"
N WTL\ NTI\ VTR ﬂTt\ \lTk ﬂTl\ \ITt\ \JTI\\ WTI\ le\ 3 WTL\
Pr T
Reservoir

Figure 3.10: Fluid mechanics of the magnet-levitation table. An object of mass
M and diameter 2 x R levitates above a substrate. The differential pressure
between ambient pressure P, and reservoir pressure Pr has to be at least as
high as the pressure evoked by the object to lift it from the substrate. Image
credit and permission: Cambridge University Press, Appendix D.1.

3.2.2.1 Robot Payload

The weight and size of an agent determines the differential pressure that is
required for levitation as I indicate in Equation 3.7.

F, M,
Pagent _ agent _ agent * g (37)

2
Aagent X Ragent

. . _9
P,gent is proportional to Rigent and Mygent-

3.2.2.2 Differential Pressure

The minimum reservoir pressure that could possibly produce sufficient force
to lift the robot from the table is

/ / M
AP = (Plmin — (P}) 2 —— 5

“ = 1 x R? (3.8)
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Equation 3.8 implies that an increase in robot mass or a reduction of its con-
tact surface can be encountered by an increase of differential pressure [81].

3.2.2.3 Air Velocity
I can calculate the air velocity of the outstreaming gas through the Bernoulli

equation 3.9.

Pair
2

Pair

5 X V24 pair X g X hq = const. (3.9)

Pr+ XV}%+paingXhR:Pa+

The three terms with subscript R refer to pressure energy, kinetic energy,
and potential energy inside and the three terms with subscript a to outside the
pressure chamber. I assume that Vg, hr and h, are infinitely small. Therefore:

V, = M (3.10)
Pair

3.2.2.4 Output Airflow

I can calculate the output airflow. @, is proportional to Np,..s and T%Lole'

Nhotes

Qa = Va X Z Ahole (311)
n=1

AP and @, specify the blower requirements.

3.2.2.5 Example Calculation

HoverBot version 1 weights M., = 0.02kg and its radius is R,opot = 0.02m;

its payload is:
0.02kg x 9.817%
5~ = 156 Pa

robot T T (0.02m)2




Chapter 3 The HoverBot System 52

Therefore, the minimum differential pressure that is required to lift the
robot from the arena surface is AP = 156 Pa. According to Equation 3.10, the

air velocity of the outstreaming gas is

~ [(156Pa)x2  m
‘ 1.225 ke s

The magnet-levitation table has Ny noes = 645 with an airhole size of
dgirhole = 1.6 mm. This equivalents to an outlet of size:

645
Apotes = Y _ 7 x (0.0008m)* = 12.97 cm?

n=1

and a total output airflow of

3
Qo =162 % 12.97cm? = 1.24 2
S min

The differential pressure and output flow are the key variables for choosing
an air blower. In this case, the air blower has to deliver 159 Pa at an airflow
of 1.24 r‘fj—; These calculations are good estimates and significantly help en-
gineering the system, however, they are approximations. While the height of
the gap between HoverBot and magnet-levitation table can be determined,
I developed the levitation table based on the equations of this section. More
complex calculations might become important for the development of the next
generation of HoverBots. Therefore, I refer the interested reader to Leal et al.’s
work on thin-lubrication problems [81].
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3.2.3 Magnetic Anchors

The magnet-levitation table has an array of permanent magnets embedded
into its top surface. The magnetic grid serves a double purpose: i) it supplies
robots with magnetic fields that they use as magnetic anchors for locomo-
tion, and ii) it supplies robots with an energy field that they detect with their
magnetic field sensors and subsequently analyse to derive information about
their surroundings. I discuss the magnetic fields and their influence on Hov-
erBot’s sensing capabilities in Chapter 4. Figure 3.11 shows the top surface of
the magnet-levitation table from patent application GB1611448.0 filed by the
University Court of the University of Edinburgh.

air-hole

magnet
pocket

Figure 3.11: Illustration of the magnet and air-hole patterns used in the patent
application GB1611448.0.
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3.2.3.1 Design Criteria

Permanent magnets can vary in size and material; they can be embedded
mono-directional (all north-pole facing up or all south-pole facing up) or with
varying polarity (north-south-north- etc.), and they can be arranged in dif-
ferent patterns ranging from quadratic to radial configurations. Some of the
possible implementations are more difficult to manufacture than others.

* I only embed magnets mono-directional, north-pole facing up, to reduce
the manufacturing effort of the magnet-levitation table.

¢ I choose a quadratic magnetic grid with N? magnets to simplify Hover-
Bot’s electro-magnetic interactions with the permanent magnets.

While other configurations could be engineered, they do not align with the
core motivation of my work: the design of swarm robotic technology that is
easily manufacturable.
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3.2.3.2 Magnetic Grid Pattern

Figure 3.12 shows the side view of a HoverBot levitating on the magnet-
levitation table. Let d,,,, be the distance between adjacent permanent mag-
nets, d.. the distance between two robot coils, and S be the normalised dis-
tance (shift) between coils and magnets.

dmm - dcc dmm
S = = T =1 dmn = daey oy 2dec (3.12)

The smaller the distance between two coils, the more space efficient is the
robot design. The minimum distance between two robot coils is the coil diam-
eter itself dec min = Dcoil-

side view
dcc
HoverBot | ¢ | ¢ | ® | +— Planar Copper Coil
LI}
S 1 \\
dmm 'Ry .

sl e
| o | | o I = / levitation

X Table

Air-hole
Magnet

Figure 3.12: Conceptual figure: the dimensions of objects are not propor-
tional. The electro-magnetic field evoked by a robot coil interacts with the
magnetic field of a permanent magnet. The distances between coils and mag-
nets determine the actuation pattern.

Figure 3.12 also indicates the magnetic interaction between a robot coil
and permanent magnet. The magnetic field vector F is broken down into its
components - F, and F,. |F| qualitatively indicates the effort for a robot
to pull itself towards an adjacent magnet. |F'| increases with greater S. S
defines the spatial relationship between coils and magnets. For each S, the
coil-magnet interaction becomes different.
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No Movement Admm = dee — S =0

Coils and magnets are aligned as illustrated in Figure 3.13a. In this configura-
tion /' = Fy; coil actuation causes movement in y-direction, hence the robot
cannot move, but reduce the gap between itself and the arena surface.

Deterministic Movement dpm = 1.5 X dee — 5 =0.5

Coils and magnets overlap by 50% as illustrated in Figure 3.13b. In this con-
figuration, F' is shorter to adjacent magnets than to the centre magnet - green
(F1) vs. pink (Fy) trajectories. Coil actuations are guaranteed to follow green
trajectories; robot movement is deterministic.

Probabilistic Movement Amm =2 X dee - S =1

Coils and adjacent magnets do not overlap as illustrated in Figure 3.13c. In
this configuration, F' is equally long to adjacent and centre magnets - green
and pink trajectories are equally long. Coil actuations could follow either
trajectory; this movement is probabilistic.
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Figure 3.13: Conceptual figure: the dimensions of objects are not propor-
tional. The magnet-coil spatial relationship is determined by shift S. A) If
there is no shift between coils and magnets, coil actuation does not lead to
movement. B) If there is a 50% shift between coils and magnets, coil actu-
ation leads to movement in one of two directions at any given time. C) If
there is a 100% shift between coils and magnets, coil actuation has vague out-
comes; the robot could move either direction dependent on the slightly shorter
F (green or pink) at the time of actuation.
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3.2.3.3 Full Actuation Cycle

Figure 3.14 shows the full actuation cycle of a HoverBot and a coil-magnet
configuration for S = 0.5. This setup establishes a 50% overlap between two
coils and two magnets at any given locomotion step. HoverBot always moves
towards the magnet with shorter | F'| which are marked as green trajectories.
This constellation allows a three-step-movement; it takes HoverBot three coil
actuations to move from one magnet to another.
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Figure 3.14: Conceptual figure: the dimensions of objects are not propor-
tional. Cross-section of the magnet-levitation table and a hovering robot. In
this setup, magnets and coils overlap 50% with one another. Actuated coils
are coloured orange. A movement consists of three steps, whereas each step
can be reversed at any time. The steps are equidistant. This pattern allows
movements in all four cardinal directions [North, South, East, West].
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The advantages of the S = 0.5 configuration are:

* A movement consists of three steps, whereas steps are equidistant.

* Any step can be reversed at any given time.

If the centre coil aligns with a magnet, all four side coils overlap equally
with adjacent magnets.

| F'| is identical for each step.

top view

Magnet /‘ ‘

Air-hole \

Planar Copper Coil

Figure 3.15: Top view of a HoverBot on a magnet-levitation table with magnet-
to-coil shift S = 0.5. If the centre coil aligns with one of the magnets, all four
side coils align equally (50%) with adjacent magnets. The step size for any
coil actuation is the same.

Figure 3.14 shows the coil actuation sequence for one-dimensional move-
ment. This actuation scheme can be extended to two-dimensional movement
as depicted in Figure 3.16. This magnetic grid design allows robots to move
in all four cardinal directions by actuating their coils with one-directional cur-
rents, and by embedding magnets mono-directional. It makes robot designs
simpler and magnet-levitation table manufacture easier.
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Figure 3.16: A) Movement to the South: 1) The robot starts in idle state, that
is, the centre coil aligns with a permanent magnet. The robot actuates its
bottom coil; 2) its top coil; and 3) its centre coil; 4) the robot is back in idle
state. B) Movement to the East: 1) The robot starts in idle state. The robot
actuates its right coil; 2) its left coil; and 3) its centre coil; 4) the robot is back
in idle state.
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3.2.3.4 Choosing Magnets

Permanent magnets possess a variety of attributes. They can vary in i) shape
(circular, quadratic, rectangle, spheric, rings, etc.); ii) size (a few mm to many
c¢m); iii) material (neodymium, alnico, samarium cobalt, ceramic, etc.) deter-
mining the magnetic strength of the magnet; iv) coating to protect the mag-
net from corrosion (nickel, zinc, tin, copper, epoxy, etc.); v) being axially or
diametrically magnetised; vi) coervicity (determining the resistance against
demagnetisation); vii) and cost ranging from few to hundreds of pounds ster-
ling. The most important criteria for my application are: i) size; ii) shape; iii)
strength; and iv) cost. If the magnets are too large, I will not be able to build a
vast magnetic grid; smaller magnets allow higher degrees of integration. If the
magnets are not in disc shape, the circular robot coils will not perfectly align
with the magnets potentially leading to movement imperfections. If the mag-
nets are not sufficiently strong, if they cannot penetrate the arena substrate,
HoverBots will not be able to interact with them, hence, will not be able to
move. If the magnets are too expensive, I cannot purchase them, hence I
cannot build the magnet-levitation table.

I evaluated whether the size of disc magnets enhances HoverBot’s locomo-
tion. I purchased 12 magnets of each category that is listed in Table 3.2. I did
not observe locomotion improvements with increasingly larger magnets; robot
locomotion was independent of magnet size. Therefore, I purchased the low-
est cost permanent magnets (£0.08 per magnet - Amazon UK): neodymium
(N42) magnets with a diameter of 10mm and a thickness of 3mm.

Diameter | Thickness | Material | Article Number | Cost
9.5mm 6.3mm N42 D64 £0.79
11.1mm 6.3mm N42 D74 £1.00
12.7mm 6.3mm N42 D84 £1.25

Table 3.2: List of permanent magnets that I purchased from KJ magnetics to
quantitatively evaluate whether magnet size impacts robot locomotion. US
Dollar to British Pound currency rate: 1.32 (07/2018).
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3.2.4 Implementation

While I qualitatively describe the fluid mechanics and the magnetic grid of the
magnet-levitation table in Sections 3.2.2 and 3.2.3, this section deals with the
quantitative implementation of the magnet-levitation table. In Section 3.2.4.1,
I give an overview of the magnet-levitation table design. In Section 3.2.4.2,
I explain the design choices that create sufficient uplift to make HoverBots
levitate. I describe the best practise of how to embed magnets into the top-
surface of the magnet-levitation table in Section 3.2.4.3. In Section 3.2.4.4,
I talk about the inclination of the magnet-levitation table; HoverBots could
experience movement issues if the magnet-levitation table is not levelled.

3.2.4.1 Design Overview

Figure 3.17 shows the most-recent design of the magnet-levitation table. The
table is made of MDF board and consists of three different shapes: one bot-
tom layer, one top surface, and four side-walls. The edges of each layer have
finger joints to increase the stability of the table. The bottom layer is blank;
the top-layer has an array of air-holes and magnet pockets milled into its top
surface; and each side wall has a fan inlet.
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top view

Figure 3.17: The magnet levitation table consists of: A) bottom layer; B) top
surface; C) four side walls; and D) four fans. The side walls are inserted into
the bottom layer and the top surface closes the chamber. Appendix C contains
the technical drawings of the magnet-levitation table.
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3.2.4.2 Fluidic System

The air-blower of the magnet-levitation table must supply a differential pres-
sure of 159Pa and an airflow of 1.24 % as I discuss in Section 3.2.2.5. There
are many different air-blowers avallable, however, only a few supply high
static pressure at moderate air-flow rates. Figure 3.18 shows the pressure-
airflow curve of the San Ace 40 9HV0412P3K001 from Sanyo Denki. It is a
40mm direct current cooling fan for servers and communications equipment
with high static air pressure at low to medium airflow rate featuring indus-
try’s highest static pressure fan at this size [82]. Figure 3.18 indicates that the
static pressure airflow curve does not suffice the requirements of the HoverBot
system. Even at 100% Pulse Width Modulation (12V), the air blower only de-
livers 0.75 X at 175 Pa. Besides that, it is also generally advisable to operate
fans far below their maximum specifications mainly due to noise. I started
prototyping the magnet-levitation table with a conventional leaf-blower, how-

ever, the leaf blower was too noisy for a laboratory setup.
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Figure 3.18: Static pressure-airflow characteristics of the San Ace 9HV04 fan.
The operating point for the HoverBot system is beyond the capability of a
single fan. Several fans have to be stacked in parallel to increase the input
airflow rate.
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Stacking Fans in Parallel and Series

While a single San Ace 9HV04 is not able to provide the airflow and static
pressure to make HoverBots levitate, air sources can be arranged in series and
parallel to increase static pressure and airflow. Similar to batteries, you can
stack two fans in parallel to increase the air-flow (cp. current) and you can
stack two fans in series to increase the static pressure (cp. voltage) of the sys-
tem as illustrated in Figure 3.19 [83]. I used this stacking method to engineer
a system that meets the fluid mechanic requirements. Moreover, by stacking
more fans than I actually require, the HoverBot system becomes compatible
for even potentially smaller or heavier HoverBot iterations as I discuss in Sec-
tion 3.2.2.2. I power the fans with a Dr. Meter Triple Linear DC Power Supply
30V 5A which I purchased from Amazon USA.
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Figure 3.19: I can stack fans in series to increase the maximum static pressure
or in parallel to increase the maximum airflow.
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3.2.4.3 Magnetic Grid

The magnet-levitation table underwent several iterations. I identified two
methods of how to embed magnets into the top layer of the magnet-levitation
table. I can either drill holes or mill pockets into the top-layer. In the following,
I will discuss both methods and indicate their advantages and disadvantages.

Figure 3.20: If magnets are not perfectly embedded into the top surface of the
magnet-levitation table, they become obstacles to HoverBots. The magnets
that are circled in green are examples of magnets that edge out. An increase
in airflow could help HoverBots to overcome such obstacles, however, it is also
more difficult to control HoverBots that move on a more turbulent air bed.
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Magnet Holes

A laser cutter can be used as a rapid prototyping tool. It is able to cut very
fast through a variety of materials which shortens fabrication time. First, I de-
signed the magnet-levitation table for manufacture with a laser cutter which
is shown in Figure 3.22a. Permanent magnet and magnet hole diameters
matched (press-fit); magnets had to be forced into the magnet holes. This
tight fit ensured that magnets stayed in place until they were permanently
glued.

The press-fit turned out to be problematic. Magnets slightly varied in size
due to manufacturing tolerances. Forcing a slightly too large magnet into a
hole of non-extendible material such as acrylic causes it to crack. Substituting
acrylic with MDF did not help either. Although MDF tends not to crack, the
wood fibres deform under pressure and the top surface starts distorting. Any
imperfection on the top surface could become obstacles to HoverBots since
they only levitate on a very thin air cushion. Moreover, drilling holes through
a surface implies damaging both substrate sides. Magnets have to fill up the
holes, whereas every magnet must perfectly align with the top surface to pro-
duce a flat finish. Figure 3.20 shows several edges that were caused by imper-
fectly placed permanent magnets.

I changed the magnet fit from press-fit to clearance-fit to avoid damaging
the top surface. I placed the top surface onto a steel table; the magnetic inter-
actions between magnets and steel table dominated the magnetic interactions
between adjacent magnets. Embedding magnets was a case of sliding magnets
(mono-directional) into magnet holes until they made contact with the steel
table and gluing them into place.
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Magnet Pockets

However, table designs with magnet holes always ended up producing edges;
magnets became obstacles and prevented HoverBots from moving. HoverBots
require a magnet-levitation table with an undamaged and smooth top surface.
Therefore, I started to mill magnet pockets with a CNC-machine instead of
drilling magnet holes with the laser cutter. Pockets are cavities that are milled
into the surface. They differ from holes in that they do not penetrate both sur-
faces of a substrate. There is usually a gap to the intact surface as illustrated
in Figure 3.22b. I used an end-mill to machine flat-bottomed holes into the
MDF with a drilling depth tolerance of Ad = 0.2mm. I engineered a clearance
fit; magnet holes were slightly bigger than magnets.

# e iMagnet Tkt
. L E 2 - = £ .
tens
Bt send
“*ex*"pirhole. -

e
Figure 3.21: Magnet-levitation table with magnet pockets. Magnets are em-

bedded beneath the surface. The table surface remains smooth which is im-
portant for robot locomotion.

By machining pocket holes, using clearance fit, and embedding magnets
on a steel table, it is possible to manufacture a magnet-levitation table with a
smooth top surface.
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Figure 3.22: There are different techniques how to embed magnets into the
top surface of the magnet-levitation table. A) 1-2) A laser cutter cuts magnet
holes into the top surface; 3) the top surface is placed on a flat substrate; 4)
magnets are pressed into the holes (press fit); 5) magnets are glued into place
with a hot glue gun; and 6) magnets must be perfectly embedded into the
top surface; in reality at least some magnets edge out and become obstacles
for HoverBots. B) 1-2) A CNC-machine drills magnet pockets into the top
surface, one surface side remains intact; 3) the top surface is placed on a steel
substrate; 4) magnets are slid into the pockets which interact with the steel
substrate (pockets are larger than magnets); 5) identical to A5. 6) Magnets
are fully embedded, the top surface remains flawless.
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3.2.4.4 Table Inclination

The inclination of the magnet-levitation table is paramount for operation. If
the table is not levelled, HoverBots indicate difficulty moving. A mild slope
could make it more difficult for HoverBots to move, a severe slope could make
HoverBots slide off the platform. A three-point levelling system and a two-
dimensional bubble spirit level allow to adjust the magnet-levitation table as
shown in Figure 3.23. Once the magnet-levitation table is levelled, I fixed the
adjustable feet with an epoxy. Before an experiment, the inclination should be
checked; if the table was moved, the orientation must be checked.

x-y plane

X-z plane

ECNEC

Figure 3.23: The inclination of the magnet-levitation table is paramount for
operation. A slight slope makes it more difficult for HoverBots to move. A)
fans; B) bubble spirit level; C) obstacle; D) wires that connect fans with an
auto-transformer; E) AprilTag; and F) adjustable feet.
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3.3 The HoverBot Agent

HoverBot is a printed circuit board that hovers on an air-cushion and inter-
acts with permanent magnets; both resources are supplied by the magnet-
levitation table. I discuss the magnet-levitation table in Section 3.2. Figure
3.24 illustrates the first untethered HoverBot prototype.

surface-mount-
components

acrylic space
holder

planar coil
PCB bottom surface

Figure 3.24: Illustration of the untethered HoverBot prototype (see Section
3.3.2.2) which is used in patent application GB1611448.0. filed by the Uni-
versity Court of the University of Edinburgh.

In Subsection 3.3.1, I make general comments on the design of manufac-
turable hardware and I explain my design principles. In Subsection 3.3.2, I
give an overview of the five robot versions that I have built throughout my
studies: the tethered and untethered prototypes, HoverBots versions 1 and 2,
and the HoverTag. Every new robot is a successor of a previous robot design.
Figure 3.25 shows the hardware block diagram of HoverBot version 2; the
numbers in the figure indicate in which sequence I discuss the components.
In Subsection 3.3.3, I explain my microcontroller choice and briefly discuss
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HoverBot’s software. In Subsection 3.3.4, I explain the actuation system. I cal-
culate and visualise the magnetic field of a planar coil in Subsection 3.3.4.1,
discuss my planar coil design in Subsection 3.3.4.2, explain the actuation cir-
cuitry in Subsection 3.3.4.3, and the coil actuation sequence to make Hov-
erBots move in Subsection 3.3.4.4. In Subsection 3.3.5, I discuss my sensor
choices. I describe the communication system and visual outputs in Subsection
3.3.6. In Subsection 3.3.7, I describe the power system design. In Subsection
3.3.8, I discuss details about the PCB design.

and software

chassis
Printed Circuit Board @ E
sensing processing signalling !
' Hall-effect SENSor | g ——> | RGB LED (4 1
+ Distance sensor e Microcontroller| == : Infrared transceiver |

o ! planar coils 9.

__________________

t mobility i

Battery 6]

energy

Figure 3.25: HoverBot overview. HoverBot version 2 possesses a Hall-effect
sensor to detect magnetic fields, a distance sensor to detect objects above the
robot, a microcontroller that processes all inputs and outputs, a RGB LED
to output visual signals, an infrared transceiver for global communication,
a transistor circuit to control the planar coils, and a battery. The numbers
indicate the sequence in which I introduce the various components in this
section.
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3.3.1 Cost-Functionality Considerations

The development of swarm robots is a cost-functionality problem. The main
guiding principle is scaling. Every design choice undergoes an evaluation pro-
cess in which I ask myself, what impact does this design choice have on scal-
ing up the system to hundreds or thousands of agents. This thought process
changed the way I design robots.

Every electronics component can be ordered in small or in large quantities.
The price breaks are usually at 10, 100, 500, and 1000 pieces. When I look for
components, I always choose the lowest-cost component that also satisfies the
functional requirements. It is also an useful exercise to find several different
suppliers for components to avoid shortages and prevent re-designing circuitry.

Every component on a robot not only increases its cost, but also occupies
space on the circuit board. It is therefore worthwhile to look for specialised
components that are meant for the task at hand. For example, the actuation
circuit of HoverBot version 1 consists of a MOSFET, two current limiting re-
sistors, a smoothing capacitor, and a flyback diode. The actuation circuit of
HoverBot version 2 consists of an H-bridge driver, a smoothing capacitor, and
a current limiting resistor. The flyback diode is integrated into the chip and the
driver does not require a gate resistor. I reduced the number of components
from five to three while adding functionality; the transistor circuit only fa-
cilitates one-directional currents, the H-bridge driver facilitates bi-directional
currents. I discuss both actuation circuitries in Section 3.3.4.3.

In general, every integrated circuit (IC) has a minimum circuit which is
usually depicted in the datasheet. The minimum circuit often consists of addi-
tional smoothing capacitors to ensure a stable voltage supply. Capacitors filter
high-frequent current peaks to prevent damage to the IC. However, if the min-
imum circuit of an IC requires too many additional components, I sometimes
look for alternatives.
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3.3.2 Implementation History

HoverBot is a populated four-layer printed circuit board with a lithium poly-
mer battery. Its functionality comes from its surface mount components and
array of planar coils. Figure 3.26 shows the various HoverBot iterations start-
ing from the first tethered proof-of-concept prototype to the populated-by-a-
PCB-foundry HoverBot version 2.

Oct. 2016

N

Mar. 2018

April 2016 May 2016

Sep. 2017

=0 ~

» HoverBot version 2

HoverTag version 1

Figure 3.26: History of the HoverBot agents. A) First tethered prototype (April
2016). B) First untethered Prototype (May 2016). C) First professionally man-
ufactured HoverBot (October 2016). D) HoverTag: a derivative of HoverBot
which I developed to study the usefulness of additional sensors and to test a
charging mechanism (September 2017). HoverBot version 1 was used for the
development of robust actuation schemes for locomotion. E) HoverBot version
2 combines HoverBot version 1 and HoverTag. It is the most-recent HoverBot
design (March 2018).



Chapter 3 The HoverBot System 74

3.3.2.1 Tethered Prototype

The first HoverBot was a tethered prototype which I built as proof-of-concept
system. I wanted to evaluate whether the magnetic grid pattern that I discuss
in Section 3.2.3.3 was actually working. The robot consisted of a single FR4-
Cu layer and an acrylic frame which is shown in Figure 3.27. I micro-machined
an array of five copper coils into the copper with a LPKF Protolaser U3. I put
the board design in Appendix A. The coils had a trace width and trace spac-
ing of 50um and 20 turns. The acrylic frame straightened the FR4-Cu layer;
the copper layer curved due to its thickness. The five coils shared a common
ground. I wired each coil in series to a mechanical switch. The mechanical
switch applied a voltage to the coil if actuated and the coil induced a magnetic
field due to current flow. The following qrcode demonstrates my first exper-
iment with the untethered prototype which motivated all my subsequent work.

Tethered prototype proof-of-concept

'FR4 layer —
1

acrylic frame
6 mm

Figure 3.27: Tethered HoverBot prototype.
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3.3.2.2 Untethered Prototype

I subsequently developed an untethered HoverBot prototype to proof that my
technology can also operate independently/autonomously. I kept the coil layer
from the tethered prototype and built another PCB that I stacked on it. The
new PCB contained a ATTiny84 microcontroller, a battery connector, a voltage
regulator, a programming port, a transistor circuit, and pin connectors for the
coils. I put the board design and schematic in Appendix A. I manually wired
the bottom PCB coils to the top PCB pin connectors. The gap between top
and bottom layer is occupied by a 300mAh lithium polymer battery. I glued
an acrylic ring between top and bottom PCB to stabilise the robot chassis. Fig-
ure 3.28 shows the tethered prototype implementation. The following qrcode
demonstrates my first experiment with the tethered prototype.

Untethered prototype proof-of-concept

 batt

acrylic frame

Figure 3.28: Untethered HoverBot prototype.
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3.3.2.3 HoverBot Version 1

After I successfully demonstrated autonomous movement with the untethered
HoverBot prototype, I designed a HoverBot version that had all its compo-
nents embedded onto a single PCB, so it could be send off to a PCB foundry
for populated manufacture. HoverBot version 1 consists of a single four-layer
PCB, shown in Figure 3.29, and a detachable 300mAh lithium polymer battery.
The bottom layer comprises five planar actuation coils. Each HoverBot has a
diameter of 39mm and weighs 19.4g with, and 7.4g without, a battery. Hover-
Bot version 1 possesses a low-power microcontroller, programming and debug
ports, an infrared transceiver, a Hall-effect sensor, and a transistor circuit. The
following qrcode shows HoverBot version 1 during movement.

HoverBot version 1 movement

Battery

Actuation Connector
Coils

Hall-effect Sensor

UART

Infrared Microcontroller
Transceiver

Figure 3.29: HoverBot version 1. The bottom layer of HoverBot consists of
an array of five planar actuation coils. Its top layer is populated with Hall-
effect and infrared sensors and a low-power microcontroller. The battery of
the HoverBot is detached in this figure.



Chapter 3 The HoverBot System 77

3.3.2.4 HoverTag

After demonstrating successful movement with HoverBot version 1, I consid-
ered HoverBot’s locomotion mechanism to be sufficiently developed. Now I
was wondering which additional sensor(s) would open up the most interesting
swarm robotics experiments. I designed a new PCB that contained a diverse
set of sensors and a charging mechanism and called it Hover-Tag. I derived
this name from Texas Instrument’s SensorTag which is a multi-functional sen-
sor node. Figure 3.30 illustrates the HoverTag. I kept the infrared transceiver,
microcontroller family, and Hall-effect sensor from HoverBot version 1, and
added a proximity sensor pointing upwards the ceiling, a temperature sensor,
an optical sensor that discriminates between red, green and blue lights, a RGB
LED, a microphone, and a three-dimensional accelerometer and gyroscope. I
changed the lithium polymer battery to a lithium ion coin battery. The battery
holder is a surface mount component, hence, can also be populated with pick-
and-place machines. I embedded a charging pad into the bottom PCB layer. A
charging circuit is connected to the charging pad and battery which allows the
robot to charge without removing the battery from the robot.

charging pad IR transceiver

temperature
sensor

JTAG

RGB LED

3D accelerometer .
& gyroscope optical sensor

Hall-effect battery holder

sensor
microcontroller

microphone

Figure 3.30: HoverTag.
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3.3.2.5 HoverBot Version 2

HoverBot version 2 is the final robot iteration that I built during my studies and
is shown in Figure 3.31. It is a combination of HoverBot version 1, HoverTag,
and additional modifications to the actuation circuitry.

I kept the infrared transceiver, microcontroller, and battery from HoverBot
version 1; the proximity sensor and RGB LED from HoverTag; and changed
the actuation circuitry from MOSFET Dual N-channels to H-bridge drivers. I
decided that the proximity sensor pointing upwards the ceiling would open
up the most novel set of experiments (see future work in Chapter 7). The
H-bridges facilitate bi-directional current flows; HoverBot’s coils are now ca-
pable of inducing alternating (north and south pole) magnetic fields. The
number of possible magnet-coil interactions increase. My laboratory ordered
12 populated HoverBots version 2. We used my PCB designs and mailed the
electronics components to a PCB foundry. They manufactured the PCBs and
populated the boards. Figure 3.32 shows an array of assembled HoverBots
version 2. These are the robots that my colleagues are going to use to con-
tinue my line of research.

planar coils

IR transceiver

microcontroller

proximity—/K

sensor

Hall-effect
sensor

battery
connector

Figure 3.31: HoverBot version 2.
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Figure 3.32: Assembled HoverBots version 2. These populated boards came
directly from the PCB foundry.

3.3.3 Choice of Microcontroller and Software Design

I embedded an Atmel SAMD21E in HoverBot versions 1 and 2, and an Atmel
SAMD21J in the HoverTag. The SAMD21 is a series of low-power microcon-
trollers using the 32-bit ARM Cortex-M0+ processor, and ranging from 32- to
64-pins with up to 256KB Flash and 32KB SRAM. The SAMD21 operate at a
maximum frequency of 48MHz. SAMD21 can be ordered as quad-flat no-leads
(QFN) package, a standard SMD format. Figure 3.33 shows the SAMD21E18A
that I embedded into HoverBot version 2. The minimum circuit consists of five
smoothing capacitors.

The main reason for choosing the SAMD series was my research collabora-
tion with the APRIL laboratory at the University of Michigan. Professor Edwin
Olson and his graduate students have implemented this microcontroller series
in various projects and I had access to example code and student support dur-
ing my stays in Ann Arbor. The SAMD is challenging to program mainly due
to the lack of online support compared to other microcontrollers such as the
AVR microcontroller family. However, SAMD have the advantage of flexible
peripherals; peripheral functions can be multiplexed amongst the microcon-
troller pins. Microcontrollers often times possess specialised peripherals that
are assigned to specific pins which makes the board design challenging.
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Figure 3.33: Schematic of SAMD21 microcontroller. A) infrared transceiver;
B) decoupling capacitors; C) I?C bus; D) Hall-effect sensor; E) RGB LED; and
F) JTAG connector.

I programmed the SAMDs with a SEGGER J-Link JTAG/SWD Debugger. All
my code is programmed in Embedded C and assembler language. I used a GIT
repository to keep track of my code. I used the GNU software development
tools which offer open source licensing and coverage of a variety of embedded
processors. Access to my code is managed by my supervisor Dr. Adam A.
Stokes.
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3.3.4 Actuation System Design

The actuation system consists of an array of planar coils and an actuation
circuit. In this section, I calculate the magnetic field of a planar coil, discuss
the planar coil implementation and actuation circuitries of HoverBot versions
1 and 2.

3.3.4.1 Magnetic Field Calculations

HoverBots possess planar coils; planar coils are two-dimensional circular con-
ductor loops. The magnetic field of HoverBots’ electro-magnetic actuators can
be approximated. It is dependent of i) the amount of current; ii) the number
of turns; iii) and the coil geometry such as trace width or spacing between
traces. In the following, I explain how to approximate the magnetic field of a
planar coil [58]. This calculation confirms the measurements that I took with

a magnetometer.

Single Conductor Loop

I start by considering a single conductor loop as shown in Figure 3.34. The
conductor loop is 27 R long. It is divided into infinitely small line segments
dl which carry a constant current /. The segments are refereed to by polar
coordinates, R being the radius of the conductor loop and ¢ the planar angle.
The total magnetic field at point P(r, 6, z) can be determined by summing up
the partial magnetic fields evoked by di along the conductor loop.

The magnetic field at observation point P can be expressed in polar coor-
dinates as B, and B, components [58], whereas the total magnetic field at

point P is /B2 + B2.

B, = pol (RQ—ZQ—TQE (5) 1 By(k)) (3.13)
/224 (R+ )2 22+ (r— R)? 2 1 .
2 2 2
Br o S By (k) — Eq1(k)) (3.14)

=9 /P (R 21 (- RY
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Figure 3.34: The magnetic field of a single current loop is calculated. An
infinitely small line segment dl of a conductor loop carries current . The total
magnetic field at point P can be calculated by integrating the sub-magnetic-
fields of dl along the conductor loop.

E, (k) and Ey(k) are the complete elliptical integrals of the first and second
kinds

3 1
Fi(k) = d 3.15
(k) /0 \/1—k2><sin(cp2) 7 ( )

Ey (k) = /2 V1 — k2 x sin(p2?)dep (3.16)
0
and

4xrxR
= 3.1
224+ (R+1)? (3.17)
Let 1o be the permeability of free space, z the height,  the radius, and ¢
the planar angle to point P.

Multiple Conductor Loops
I extend the system description and add several more conductor loops. The
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new problem set is illustrated in Figure 3.35. Instead of having a single con-
ductor, I have several conductors that evoke magnetic fields. The total mag-
netic field at point P is the superposition of all magnetic sub-fields.

Figure 3.35: Magnetic fields induced by two current carrying copper loops
with diameters 2 x Ry and 2 x Ry, respectively. The total magnetic field at point
P is the superposition of all magnetic fields of all current loops. I determine
the magnetic field for one slice and subsequently project the slice into three
dimensions by applying Cartesian-polar coordinate transformations.

The specific implementation of the theory requires assigning values to all
variables of Equations 3.13 to 3.17. Table 3.3 summarises the specifications
of HoverBot’s planar coils. I discuss the specifications in Section 3.3.4.2. The
specifications are mostly dependent of the PCB foundry’s manufacturing spec-
ifications.

The coil trace are equidistant and defined as

R,=R+(n—1)x(w+sp) n=][1,..,N] (3.18)

,whereas w is the width of a coil trace and sp the spacing between traces.

I set ¢ = 0, z = lmm, and vary the observation point’s radius from 0 to
2x Ry . I calculate the total magnetic fields along a straight line of observations
points and sum them up to obtain the total magnetic field curve of a single slice
as illustrated in Figure 3.35. I implemented this calculation in Matlab.



Chapter 3 The HoverBot System 84

Variable Value
R 2.5mm
N 17
w 152um
sp 152pum
r [0,...,2 % Ry]|
Orad.
2 1lmm
I 500mA
1o | 12566370614 x 1065

Table 3.3: Coil specifications

The symmetry of this problem allows me to project my calculation of a sin-
gle slice to the third dimension. I transform the Cartesian coordinates into po-
lar coordinates, copy the solution in increments of 6 = 55 from 6 = [0, ..., 27,
and transform them back to Cartesian coordinates. Figure 3.36 illustrates the
total magnetic field shape of a planar coil with the specifications from Table
3.3. HoverBot’s coil approximately induces a magnetic field of 1.4mT at a
current of I = 500mA. I verified this calculation with a measurement using
a MPU-9250 magnetometer. I measured a magnetic field strength of approxi-
mately 1.1mT in the coil’s centre at z = lmm.

1.4mT

0.5

Magnetic Field (mT)

g 407 -

15 15

Figure 3.36: 3D magnetic field visualisation. The magnetic field decreases
over distance, the magnetic field amplitude measures 1.4mT.
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3.3.4.2 Planar Coil Design

I embedded planar coils in all HoverBot versions. HoverBot versions 1 and 2
are 4-layer PCBs and their planar coils are embedded into the bottom layer.
In Section 3.3.4.1, I discuss the variables that impact the magnetic field of
planar coils. In general, the more coil windings a coil possesses, the larger is
the induced magnetic field if it is energised. I maximised the number of coil
traces per unit space which is ultimately determined by the manufacturing
specifications. I fabricated 50um coil traces in the HoverBot prototypes and
127um coil traces in the HoverBot versions 1 and 2, utilising the minimum
specifications of the LPKF Protolaser U3 and the PCB foundry, respectively.

While choosing the minimum trace width helps increasing the number of
windings, thin traces only tolerate low currents, and therewith impact the
magnetic field. PCBs are FR4-Cu sheets, whereas the copper layer comes at
different thicknesses. The thickness of copper in PCBs is usually measured in
]?TZQ. A 1% thick copper layer approximately produces 35um thick traces. Ad-
vanced Circuits has an online trace width calculator that outputs the required
trace width given a copper thickness and current [84]. The calculations are

based on IPC-2221, the generic standard on printed board design.

A trace width of 150 um and 1 g5 trace thickness allow maximum currents
of approximately 300 mA based on the Generic Standard on the Printed Board
Design (IPC-2221) charts. I set the maximum current per coil to 500 mA,
which induces a magnetic field of 1.1 mT. I measured the magnetic field by
using an InvenSense MPU-9250 magnetometer. I placed the magnetometer
onto the core of the centre coil. My design exceeds the suggested maximum
current; I wanted to evaluate the circuitry beyond its limits. As a consequence,
the planar coils dissipate heat during locomotion, the magnet-levitation table
blows air beneath the robots which cools them down. In general, HoverBots

should be operated below maximum current.
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3.3.4.3 Actuation Circuit Design

HoverBots energise their planar coils through transistors. A transistor is an
electronic switch. A microcontroller can switch transistors very quickly. The
term duty cycle refers to how long a signal is active in a specified time period
T. If a control signal has a duty cycle of 50%, it means that the signal is half of
the time switched on and the other half switched off. The period determines
whether the signal is half a second, half an hour, or half a year switched on
and off. For example, If I switch a light emitting diode (LED) with a duty cycle
of 50%, the period determines whether I see a blinking light once every second
T = 2s or whether the LED is just half as bright as it could be 7" = 20us. The
LED itself has a response time. If the period is too short, the component cannot
react to a change. Therefore, duty cycles with short time periods are often used
to control voltage amplitudes. HoverBot’s microcontroller controls the power
supply to its planar coils with transistors. It switches the transistors of the coils
on and off. A 50% duty cycle means that the coils are powered with only half
the supply voltage. This technique is refereed to as pulse-width-modulation
(PWM).

In the following two sections, I discuss a couple of actuation circuitries that
I have implemented in HoverBots. Please note, inductors, actuation circuitries,
and magnetic fields can be studied in great depth. However, this is not the
focus of my thesis.
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MOSFET Dual N-channel

Figure 3.37 shows the transistor circuit that I embedded into HoverBot version
1. The circuit consists of a Toshiba SSM6N58NU Dual N-channel MOSFET
which I mainly chose because of its low-cost. The transistor pair costs $0.59 in
small quantities (1s) and $0.162 in large quantities (1000s) quantities. I put
a flyback diode in parallel to the coil to prevent circuit damage from inductor
discharge. Each coil is connected in series with a current limiting resistor.
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Figure 3.37: This actuation circuit consists of A) microcontroller output; B)
gate resistor; C) dual N-channel MOSFET; D) flyback diode; E) planar coil;
and F) a current limiting resistor and smoothing capacitor. I implemented this
actuation circuitry in HoverBot version 1.

The microcontroller outputs a PWM. If the transistor is switched on, a 3.3V
is applied to the planar coil in series with a current limiting resistor. The
resistor ensures that the circuit cannot be driven beyond its maximum current
limit. The current limit is dependent of the trace width and thickness. I discuss
the PCB specifications in Section 3.3.8.

Figure 3.37a shows the microcontroller output that controls the transistor.
A function outputs a PWM control signal. The microcontroller possesses five
outputs to control all planar coils simultaneously. I calculate the magnetic
field of HoverBot’s planar coils in Section 3.3.4.1. The correct sequence of
coil actuations leads to movement; I explain the actuation sequence in Section
3.3.4.4.

Robots often require calibration. For instance, a distance sensor might need

calibration to assign a measurement to a distance, or vibration motors have to
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be driven with motor specific currents, whereas the current might fluctuate
between motors due to manufacturing tolerances. HoverBots use their pla-
nar coils to move. To ensure that all HoverBots can be driven with the same
code, I measured the average series resistance of 15 actuation circuits of a
total of 3 HoverBots with a Fluke 115 multimeter. The resistance of the actu-
ation circuit can fluctuate between HoverBots. The standard deviation of the
resistance was 0.1€2 which causes a current change of 7TmA. Therefore, the
potential current fluctuations are less than 1.5% of the total actuation current
and can be neglected. HoverBots do not require actuator calibration.

H-bridge Drivers
I replaced the transistor circuit with H-bridge drivers.
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Figure 3.38: This actuation circuit consist of: A) smoothing capacitor; B)
three microcontroller outputs; C) H-bridge driver; and D) a current limiting
resistor in series with the planar coil. I implemented this actuation circuitry in
HoverBot version 2.

I used Texas Instruments TPS73733DRVT H-bridge drivers. The H-bridge
drivers have integrated flyback diodes and do not require gate resistors. This
saves two components (one diode and one resistor) per coil if compared to
the previous MOSFET Dual N-channel circuit. Moreover, H-bridges facili-
tate bi-directional current flows. HoverBots are able to induce bi-directional
magnetic-fields which increase their interaction possibilities with permanent
magnets. Bi-directional currents are useful to recover from rotation (locked
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positions). Figure 3.38 shows the H-bridge driver. The minimum circuit con-
sists of the chip and a single smoothing capacitor. I put a current limiting

resistor in series to the coil to prevent overheating.

The microcontroller controls the H-bridge driver; the H-bridge driver pos-
sesses a digital input that can be used to switch the driver on or off. The
current direction of the H-bridge driver output can be controlled by two input
pins that are PWM-driven.

3.3.4.4 Coil Actuation Sequence

HoverBot levitates on air cushions and maneuvers by sequentially energizing
its planar coils to pull itself toward magnetic anchors. Figure 3.39 indicates
HoverBot’s open-loop locomotion strategy. A single step, a movement from
one magnetic anchor to another, is decomposed into three part steps. In step
1, HoverBot starts from its idle state in which its centre coil is aligned with
a magnet, and the other four coils are each overlapping with adjacent mag-
nets. HoverBot simultaneously actuates one side coil with maximum current
and the opposite side coil with medium current. The maximum current is ap-
proximately 500mA and the medium current is approximately 100mA. This
actuation results in an overall movement to the right (East) while preventing
HoverBot from rotating. Subsequent steps are conceptually the same, but each
step requires a different pair of coils to be actuated. Three of these steps are
required for HoverBot to move from one magnet to another. This actuation
scheme only enables complete magnet-to-magnet movements. I have not in-
vestigated a change of direction during a part step. The relative positions of
HoverBot coils and magnets are crucial for this actuation scheme. I explain
the magnet-to-magnet and coil-to-coil distances in Section 3.2.3.2.

The current-time profiles can be studied in great depth. The profiles that
I developed focus on reliable movement. I discuss in Chapter 7 a closed-loop
control scheme that could help smooth HoverBot’s movement and improve its

movement velocity.
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Figure 3.39: The illustrated actuation scheme describes a movement to the
right (East). The other directions can be derived from this actuation profile.
A HoverBot moves from one magnetic anchor to another by performing three
steps. Starting in idle state (step 1), a HoverBot always actuates two coils at
the time for any given step since I require two points in space to maintain the
orientation of a plain. Therefore, this actuation sequence prevents rotation

during movement.
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3.3.5 Choice of Sensors

Sensors are transducers that in most cases transduce a physical measurement
variable into an electric signal as I describe in Section 2.3.1. Analogue sen-
sors are usually connected to analogue-digital converters. Digital sensors are
either connected to an inter-integrated circuit (I2C) or a serial peripheral in-
terface (SPI) bus. Audio sensors depict an exception, they can be connected
to an inter-IC sound bus. There are advantages and disadvantages of the var-
ious bus systems. For example, I2C' generally requires less wiring than SPI,
however, I2C is also slower in reading out sensor data. SPI requires a clock,
master-in-slave-out, master-out-slave-in, and slave-select line, whereas I2C
only requires clock and data lines. I designed HoverBots as compact as pos-
sible and therefore purchased I°C sensors. The following sensors are SMD
components and summarised in Table 3.4.

HoverBot versions 1 and 2 and HoverTag possess a DRV50530A analogue
bipolar Hall-effect sensor. The sensor has a measurement range of +73mT
with a sensitivity of —11%. It outputs voltages from 0.2V to 1.8V and 1V
at OmT. It costs $1.25 in small quantities (1s) and $0.49 in large quantities
(1000s) if purchased from digikey.

HoverBot version 2 and HoverTag possess a ST VL53L0X distance sensor.
It is a time-of-flight ranging and gesture sensor. It provides accurate distance
measurements up to 2m. The sensor has an I?C interface and a programmable
I%C address. It costs $4.50 in small quantities and $2.38 in large quantities if
purchased from mouser electronics.

The remaining sensors are only embedded in HoverTag. HoverTag pos-
sesses a ST LSM6DS33 3D accelerometer and 3D gyroscope. The sensor has
an I2C interface. It has a full-scale acceleration range from +2g to +16g. The
sensor costs $3 in small quantities and $1.88 in large quantities if purchased
from digikey. I also equipped HoverTag with a SPM1423HM4H-B digital mi-
crophone. It detects frequencies in the range from 100Hz to 10kHz. The sensor
uses pulse-density modulation to represent audio signals. The digital micro-
phone costs $1.33 in small quantities and $0.66 in large quantities if purchased
from digikey. HoverTag also has a VEML6040 RGB colour sensor with 72C' in-
terface. The sensor is capable of discriminating between red, green, and blue
lights. I installed the sensor in combination with a RGB LED. I wanted to ex-
periment with multi-colour communication protocols. The sensor costs $2.52
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Sensor Price Technology
DRV50530A Hall-effect sensor | $1.25($0.49) Analogue
ST VL53L0X distance sensor $4.50($2.38) 12C
ST LSM6DS33 3D accelerometer $3($1.88) 12C
SPM1423HM4H-B microphone | $1.33($0.66) PDM
VEML6040 RGB colour sensor | $2.52($1.06) 12C
DS75 thermometer $2.08($1.25) 12C

Table 3.4: List of sensors used in HoverBot versions 1 and 2 and the HoverTag.

in small quantities and $1.06 in large quantities if purchased from digikey.
HoverTag possesses a digital thermometer. It provides digital temperature
readings in a range from —55°C' to 125°C with an accuracy of +2%. The sen-
sor has an I2C interface and costs $2.08 in small quantities and $1.25 in large
quantities if purchased from digikey.

3.3.6 Communication and Visual Outputs

HoverBot version 1 and 2 and HoverTag possess infrared transceivers for com-
munication. HoverBot versions 1 and 2 and the overhead communication
system possess a Vishay TFBS4711 infrared transceiver. It is compliant with
IrDA, a widely used wireless infrared communication protocol. It is designed
for communication distances up to 1m and supports data rates up to 115.2@.
The transceiver has a shutdown feature which cuts down its current consump-
tion to 10nA. The microcontroller controls the infrared transceiver via spe-
cialised serial communication pins (transmit (TX) and receive (RX) lines). The
infrared transceiver is a SMD component that points upwards and is used for
global infrared communication. The Vishay TFBS4711 infrared transceiver has
a half angle of 24deg. This infrared transceiver costs $4.64 in small quantities
and $2.9 in large quantities. HoverTags possess ROHM RPM973-H11 infrared
transceiver. They are almost identical to the Vishay TFBS4711, however, they
have a 90° mounting angle which make them ideal for local communication.
The ROHM RPM973-H11 infrared transceiver has a half angle of 15deg. The

infrared transceiver points sideways rather than upwards.

HoverBot version 1 possesses standard LEDs for visual signalling. LEDs are
useful for debugging. HoverBot version 2 and HoverTag possess a LITE-ON
LTST-C19HE1WT RGB LED. It is controlled via two Toshiba SSM6N58NULFCT
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dual N-channel MOSFETs. The RGB LED can be used to output a variety of
lights; each colour can be controlled individually.

3.3.7 Power System Design

The untethered protoype, HoverBots version 1 and 2 use Turnigy Nano-tech
300mAh lithium polymer batteries. The batteries possess a discharge capacity
of 20C' which means their maximum output current is 20 times higher than
their capacity (20 x 300mA = 6A). I charge the batteries with a Turnigy
Micro-6 Lipoly Battery Charger. The batteries have to be removed from the
robots to be charged. HoverBots version 1 and 2 use a Texas Instruments
TPS73733DRVT voltage regulator to provide 3.3V to the circuitry. I calcu-
lated the minimum battery life by accumulating the currents that occur dur-
ing locomotion. The current locomotion strategy requires a constant current
of approximately 720mA which allows a minimum battery life of around 25
minutes. However, lithium polymer batteries should never be completely dis-
charged due to their chemistry. A battery-watch-program monitors the battery
during runtime and shuts down all circuitry when the battery reaches 90%
depletion. The maximum battery life is calculated by considering HoverBot
when in sleep mode, in which it approximately consumes 500 A. In this low-
power mode HoverBot’s battery life time rises to around 600 hours or 25 days.
The batteries cost $3.51 a piece.

HoverTag uses a PowerStream Li-ion Coil Cell LIR2477 battery. The battery
possesses a capacity of 150mAh and a maximum discharge current of 130mA.
It fits into a coin cell retainer. The battery is sufficient for testing sensors,
however, the discharge capacity would be insufficient for energising planar
coils. The batteries cost $3.44 a piece.
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3.3.8 Printed Circuit Board Design

Printed circuit boards are usually layers of fibreglass-reinforced epoxy sand-
wiched between thin copper layers. The fabrication technique of the PCB
determines the resolution of the copper traces, the number of PCB layers, and
therewith the entire circuit board design. In general, more complex circuits
are easier to implement with multilayer PCBs. Multilayer PCBs are useful to

keep circuit board designs compact.

The tethered and untethered HoverBot prototypes consists of a single PCB-
layer. Their design is simple, and did not require a multi-layer board. Hover-
Bot versions 1 and 2 are more complex due to increased functionality. They
possess sensors, communication, and actuation circuitry which makes the PCB
design more challenging.

I spent most time on aligning components during PCB design. Although
there are algorithms that help routing components, manual routing remains
most accurate. The microcontroller is usually the centrepiece of a PCB design;
it is generally good practise to think about where to put components before
start wiring them. Based on the entire list of components and the capability
of the microcontroller, there might be just one configuration how to integrate
all components. For example, the microcontroller I have been using in both
HoverBot designs is well-known for its peripheral flexibility. Pins can be as-
signed to a variety of functions. However, some pins possess special functions
that none of the other pins possess. In such a case, it is important to start with
the most unique and continue with decreasingly rare components, whereas
standard voltage output is the most basic pin function.

PCB components have a variety of attributes such as minimum voltage sup-
ply, size, or compatibility with other components amongst others. I require
HoverBots to solely consist of SMD components so that they can be populated
by PCB foundries. Surface Mount Devices (SMDs) are components that are
directly placed onto the surface of the PCB. Non-SMD components usually re-
quire manual assembly such as through-hole components. Manual assembly
defeats the purpose of HoverBots. I intend HoverBots to be purchased pop-
ulated; researchers should only have to plug in a battery to the robot before

starting an experiment.
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3.4 Overhead Camera System

The camera system is mounted above the magnet-levitation table as shown in
Figure 3.2. It is used to keep track of HoverBots and is able to draw robot
trajectories such as shown in Figure 3.40. The camera system consists of a
Chameleon 1.3 MP Color (Sony IXC445) camera and a Tamron 13FM28IR 2.8
mm f/1.2 day/night lens. The camera system detects AprilTags, 2D barcodes
that are robust to occlusions and lens distortion [85]. Each robot possesses
its own AprilTag and there are AprilTags in each corner of the table for ref-
erencing (determining HoverBots relative position). The camera is interfaced
with a standard implementation of LCM, Lightweight Communications and
Marshalling library [86], which provides a basic data acquisition platform for

HoverBot experiments.

¥~ APRIL Tag

«— lagid

«— Irajectory

HoverBot

" HoverBot's
APRIL Tag

Figure 3.40: Camera setup to evaluate HoverBots during experiments. There
are AprilTags placed in each corner of the magnet-levitation table and on the
HoverBot itself. These tags serve as reference points and allow determining
HoverBot’s relative position over time. The red line indicates HoverBot’s tra-
jectory.
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3.5 Overhead Infrared Communication System

The overhead infrared communication system is a custom made PCB. The
communication system consists of: A) microcontroller; B) USB-to-UART chip
that allows a computer to exchange messages (half-duplex) with the micro-
controller; C) infrared transceiver; D) JTAG programming port; E) signalling
LEDs; F) USB port to supply power and transceive messages; and G) voltage
regulator. Its schematic is shown in Figure 3.41. The infrared communication
system is mounted above the magnet-levitation table and has been used to
transceive messages during experiments. The system is also embedded into
LCM to store messages that have been passed between computer and robots.
The infrared communication system is an integral part of the HoverBot system
and I used it for data acquisition and debugging HoverBots.
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Figure 3.41: PCB schematic of the overhead infrared communication system.
I have used the system to transceive messages between computer and Hover-
Bots during experiments and to debug HoverBots.
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3.6 Demonstration

In this section, I demonstrate robust movement, recovery from rotation, for-

mation, random movement, and collisions with HoverBots version 1.

3.6.1 Movement

I tested HoverBot version 1 by conducting eleven experiments that lasted a
total of 3 hours and more than 10,000 steps. In these experiments, HoverBot
circled on an arbitrary trajectory until it was nearly discharged. I used a set
of AprilTags to track HoverBot over time and subsequently evaluated its dis-
tance traveled, velocity, and number of missteps (errors). HoverBot performed
10,000 steps and moved with an average speed of . = 0.64%* and a standard
deviation of # = 0.015%". I did not observe any missteps or accidental ro-
tations during these three hours. I define a misstep as an unsuccessful series
of energized coils that results in the robot staying on its previous position. I
define an accidental rotation as an inadvertent robot rotation by 45° due to
local table imperfections (e.g. air flow fluctuations) or collisions with other
robots or static objects. The following qrcode provides a video recording of
this experiment.

HoverBot locomotion experiment
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3.6.2 Recovery from Rotation

Although I have not experienced any accidental rotation incidents during three
hours of testing, I developed an actuation strategy that allows HoverBot to re-
cover from a locked position. As I discuss in Section 4.2, the Hall-effect sensor
measures a local magnetic minimum if a HoverBot is locked due to accidental
rotation. When a HoverBot recognizes this state, it can execute a recovery
actuation scheme. The following qrcode shows HoverBot recovering from ro-
tation.

Figure 3.42: Recovery from locked position. A) HoverBot is locked in a 45 de-
gree angled position. Four of its five coils are aligned with permanent magnets.
B) HoverBot rapidly pulsed its center coil and regained center coil alignment
with a permanent magnet. C) HoverBot additionally actuated a side coil and
regained a slightly shifted idle position. At this stage, HoverBot is reenabled
to move.
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3.6.3 Formation, Random Movement, and Collision

Figure 3.43 shows four demonstrations with HoverBots version 1: A) moving
in formation; B) moving randomly, colliding, and recovering from rotation; C)
colliding; and D) colliding while one robot is in sleep mode acting as a passive
agent. The following qrcode contains a link to the demonstrations.

[=]

Formation, movement, and collision

Figure 3.43: Demonstrations of the locomotion capabilities of multiple Hov-
erBots version 1. A) Two HoverBots circle in formation until they are unsyn-
chronized. B) Two HoverBots move randomly, collide, and recover. (C) Two
HoverBots collide frontally with one another. (D) One HoverBot collides with
a passive HoverBot. Red and blue trajectories depict HoverBot’s movements
over time.



Chapter 4

Multi-Functional Sensing
Through Time Series
Classification

In Chapter 2, I discuss the multi-functional sensing capabilities of previous
swarm robotic systems. The vast majority of them are capable of multi func-
tional sensing with > 2 measurands. The work in this chapter empirically
shows how HoverBot’s single Hall-effect sensor can be augmented for the de-
tection of three measurands: collision, rotation, and successful movement by
modifying and applying signal processing techniques to magnetic field read-
ings. I specify in Section 4.9 under which circumstances my techniques might
be applied to other sensors, and I give a brief insight into the research oppor-
tunities that potentially arise from this approach more generally. This chapter
is based on my published journal paper [7], which I put in Appendix F. The
following grcode contains a link to a video that summarises my work in this
chapter.

Multi-functional sensing with HoverBots

100
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4.1 HoverBot’s Instrument Model

Figure 4.1 shows HoverBot’s instrument model. The measurands successful
movement, collision and rotation can be related to the physical measurement
variable magnetic flux density. HoverBot uses a Hall-effect sensor to convert
the magnetic flux densities into voltages which are subsequently converted via
an analogue digital converter to digital measurements. The microcontroller
processes the samples and checks them against a previously trained classi-
fier. My classifier combines dynamic time warping and barycenter averaging
to build time-variant representations of the measurands.

microcontroller

magnetic

-collision flux density | Hall- | voltage Analog
rotation  \————> | effect [ 5> Digital measuremenat
-movement Converter M

sensor

Figure 4.1: HoverBot detects collision, rotation and movement measurands by
analysing magnetic flux densities. A Hall-effect sensor converts the magnetic
field into a voltage which is then converted via an ADC to a digital signal. The
classifier associates the measurements to one of the three measurands.
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4.2 Magnetic Field Measurements

I simulated the magnetic field of the magnetic grid with FEMM, a simulator
for solving low frequency electromagnetic problems on two-dimensional pla-
nar and axisymmetric domains [87]. Figure 4.3b shows the simulation results;
the grey rectangles indicate magnets and the dashed lines serve as reference
to the measurements in Figure 4.3c. I measured the magnetic field of the mag-
netic grid for verification using a HoverBot and its Hall-effect sensor. The sim-
ulated and measured magnetic fields broadly correlate with one another. The
first amplitude in Figure 4.3c is slightly shifted due to fabrication tolerances.
The pocket holes of the permanent magnets are slightly larger in diameter
than the magnets themselves leading to imperfect magnet alignments.
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Figure 4.2: This figure shows examples of magnetic field measurements over
time that a HoverBot measures during A) successful movement, B) collision,
and C) 45-degree rotation. Each time series is distinctly different from the
other.
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HoverBot measures magnetic field values between —20 to +60mT as shown
Figure 4.3c. However, the actual measurements during movement look some-
what different since they are not only position-dependent as in Figure 4.3c
but also time-dependent. Figure 4.2 shows a set of time-dependent magnetic
field measurements. Figure 4.2a indicates the magnetic field measurements
of a HoverBot during a successful movement. When a HoverBot collides with
a static object, its magnetic field measurements look distinctly different com-
pared to its successful movement measurements as shown in 4.2b. Figure 4.2c
indicates the magnetic field measurements that occur in a 45-degree rotated
incident. The magnetic field profiles for successful movement and collision in
Figures 4.2a and 4.2b possess distinct magnetic field changes over time. The
magnetic field profile for rotation in Figure 4.2c differs from the other profiles
since the magnetic field does not change anymore once the robot rotated and
locked into position. Therefore, detecting rotation is a simple case of measur-
ing a constant negative magnetic field over time. Since detecting rotation is
trivial and does not add value to this work, I explicitly decide to focus on the
remaining more challenging profiles.

One of HoverBot’s advantages is its precise locomotion in Manhattan Ge-
ometry. Missteps or rotations are rare events. During data acquisition, I only
observed successful movements and collisions. The robot randomly moved
within the arena and occasionally collided with arena boarders. My dataset
consists of 259 samples, whereas 203 samples are from successful movements
and 56 samples are from collisions. Each sample is a collection of timestamps,
magnetic field measurements, x-position, y-position and orientation of Hov-
erBot. HoverBot transmitted its magnetic field measurements via infrared. I
acquired the data with the experimental setup that I describe in Sections 3.4
and 3.5.
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Figure 4.3: This figure compares the finite element method (simulation) of
the magnetic field of five permanent magnets with actual measurements that I
took with a HoverBot. A) HoverBot moved along five magnets. B) I simulated
the magnetic field that HoverBot experienced during this movement. The per-
manent magnets are embedded approximately 1 millimetre beneath the top
surface of the magnet-levitation table. C) Magnetic field measurements from
HoverBot’s Hall-effect sensor during movement. HoverBot approximately hov-
ered 200um above the surface during these measurements. Measurements and
computer simulation broadly correlate.
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4.3 Problem Definition

A major challenge in discriminating between successful movement and col-
lision profiles is their variations in the time and measurement domain. For
example, a HoverBot’s speed may vary between actuations, resulting in mea-
surement signals that are stretched or compressed. Additionally, environmen-
tal factors can cause measurement values to vary over time, such as when
HoverBot’s elevation above the table (and hence, its position in the magnetic
field) varies due to air pressure fluctuations in the magnet-levitation table. To
classify the measurement profiles depicted in Figures 4.2a and 4.2b, I must
account for these variations while operating within the computational con-

straints of HoverBot’s microcontroller.

I describe in the following sections a classification method that learns of-
fline representations of each measurement profile and stores these representa-
tions on the robot. When the HoverBot agent obtains a new series of measure-
ments online, the measurements are compared to the stored class represen-
tations to determine the maximum likelihood classification. My classification
procedure builds on several component techniques from the field of signal
processing. I introduce each of these components in turn in Section 4.4 and
then incorporate them into my method in Sections 4.5 and 4.6. Throughout
Section 4.4, I refer to Figures 4.4 and 4.5 for specific examples.
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4.4 Classifier Training

4.4.1 Dynamic Time Warping (DTW)

Dynamic Time Warping (DTW) [88] is used to align two time sequences of po-
tentially different length and measure the amount of similarity between them.
DTW finds correspondences between points from the two sequences by warp-
ing them in the time domain. Given a distance measure, DTW computes the
set of point correspondences that minimizes the cumulative distance between
the sequences. Figure 4.4 shows an example of DTW for two arbitrary sig-
nals. Consider two input signals z = [z1,...,z)] and y = [y1,...,yn]. Let
d(z;,y;) be a measure of the distance between z; and y;, such as the squared
Euclidean distance d(z;,y;) = (z; — y;)?. First, DTW computes the distance
matrix d (Figure 4.4a) and subsequently the accumulated distance matrix D
(Figure 4.4b). DTW initialises the first row and column of D as follows:

D11 = d(x1,y1) (4.1)
Di1 =Di11+d(zi,y), 1=2,..,.M 4.2)
Dlvj = Dlyjfl + d(xlayj)a .] = 27 aN (43)

The rest of D is then computed as:

D;_1; i=2.., M
Dij=d(zi,y;) +minq Dyj oy j=2,..,N (4.4)
Dj-1,-1

The DTW algorithm uses dynamic programming to build D, where each

element D; ; gives the minimum cumulative distance between subsequences
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[z1,...,z;] and [y1,...,y;]. The final element of D, D,, ,,, represents the min-
imum cumulative distance between the signals under any warping configura-
tion, thus serving as a measure of similarity between the signals. Such an opti-
mal warping configuration is given by the warping path ¢V = [(¢7, ¢Y), ..., (¢F., d% )]
through matrix D (see Figure 4.4c). Each element ¢, = (¢}, ¢} ) contains an
index ¢} of signal = that has been matched to index ¢} of signal y. The warping

path can be computed as:

¢x’ = (M,N) (4.5)

x -1 ¢y
k+1 ' k41
9" =arg Hzlin Dij 45 = b1 Shpr — 1 k=K-1,..,2 (46)

x Y
k+1 1v¢k+1 —1

7Y =(1,1) 4.7)

The length K of warping path ¢™¥ varies depending on the extent to which
the signals are warped, but it will satisfy the inequality max(M,N) < K <
M+ N —1.
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Figure 4.4: This figure exemplarily explains DTW. A) I compute a matrix in
which each entry is the Euclidean distance between datapoints from signals
1 and 2. The colour code for the various distances is shown below. B) I use
the distance matrix from (A) to develop the accumulated distance matrix D.
The two red lines indicate the warping window. The warping path illustrated
via the blue line has to fit within the borders of the warping window. C) The
warping path explicitly states which datapoints of signal 1 align with what
datapoints of signal 2. The warping path is always at least as long as the
longest signal that is warped. In this example, the warping path exceeds both
signals’ length, the warping path is 9 datapoints long.
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4.4.2 Constrained Dynamic Time Warping

The DTW formulation of the previous section is unconstrained i.e. the algo-
rithm considers any possible warping configuration in matrix D. This can lead
to pathological warping configurations wherein a single point from one sig-
nal is matched with many points from the other signal. Unconstrained DTW
is thus sensitive to spurious alignments between signals. For example, un-
constrained DTW might warp the collision time series in Figure 4.2b onto the
successful movement time series in 4.2a even though the signals correspond to
disparate events. Given these limitations of unconstrained DTW, it is common
to limit the extent to which signals can be warped in the time domain. In Con-
strained Dynamic Time Warping (CDTW), we allow correspondences between
points only if those points occur within a fixed time period of one another.
The length of the warping window W is application-dependent and defined
as [n —m| < W. W determines how many elements of matrices d (distance
matrix) and D (accumulated distance matrix) are calculated. I show an exam-
ple of a warping window in Figure 4.4b. CDTW can offer benefits in terms of
time- and space-complexity, both are important for embedded platforms like
the HoverBot. Because the warping path is constrained, only a portion of the
matrix D must be computed and stored [88]. As a result, the time- and space-
complexity are both reduced from O(N x M) to O(N x W), where the length
of the warping window W is much less than M, the length of signal y.
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4.4.3 DTW Barycenter Averaging (DBA)

For a classification task, it is often useful to compute a summary representa-
tion of a class of data. This averaging process is non-trivial when performed
on variable-length signals. Naive approaches based on pairwise alignment
and averaging are sensitive to ordering effects and produce prohibitively long
alignment sequences [89]. I utilise instead DTW Barycenter Averaging (DBA)
to compute the average signal ;; and the standard deviation o of a group of
signals [90]. Figure 4.5 shows an example of DBA for two arbitrary signals.

Consider a group of signals X to be input to the DBA algorithm. DBA

initializes o to be zero and randomly selects a signal z(9) = [:c§°>, ...,x&?)] to
serve as the initial average signal ;1 (Figure 4.5a) as
pr =20 k=1,.., K (4.8)

DBA also initializes sets ¢, = 0,k = 1,..., K that are used in the average
computation. Each set v, contains z € ;. elements for each specific k € K,
whereas z is a placeholder for aligned datapoints (Figure 4.5B). Each signal
z € X\ 2 is aligned with the average signal using CDTW. Each set ¢, is
updated as

U = Y U{zgr : ¢ =k} (4.9)

Please note that my example in Figure 4.5 only shows DBA for two signals.
In Figure 4.5b, set ¢); consists of three aligned datapoints and sets v»_g of two
aligned datapoints. Once this process has been repeated for all signals, the
value of each element of the average signal is updated as the barycenter of all
points that map to the corresponding element of the existing average signal p
(Figure 4.5¢); that is,

Ezewk z

_— 4.10
] (10

Hi =

Likewise, the elements of the standard deviation o (Figure 4.5c¢) are up-
dated as
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Zzew )
= k A1
o) = \/ Wk| (4.11)

The resulting updated average signal retains its original length while incor-
porating information from the entire group of signals. The process of aligning
the group of signals with the average signal and computing an updated aver-
age and standard deviation can be repeated multiple times for better conver-

gence.
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Figure 4.5: A) Similar to Figure 4.4b. This time the signals are initial average
signal u(k) and new signal (i), whereas x(i) will be aligned and averaged
with u(k). B) DBA performs DTW to align both signals. The warping path
indicates which datapoints from z(:) are aligned with what datapoints from
u(k). There is a container for each k; I copy the datapoints that are warped to
a specific k (see (a)) into the corresponding container. C) I compute from the
datapoints of each container the average signal and standard deviation (SD).
To build the average signal and SD of a group of signals, I warp all signals with
the initial average signal. This process fills the various containers with many
more datapoints, however, the technique remains the same.
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4.4.4 Downsampling

My method can be implemented in several variants. Unconstrained with a
complexity of O(N x M), constrained with a complexity of O(N x W) using a
warping window, or even further constrained with a complexity of O(K x W)
through a combination of warping window and downsampling. Consider an
input signal x = [z1,...,2 ] with length N. I reduce the signal’s length from
N to K by dividing the signal x into K parts, each of which contains L = %

measurements. The value of each element a;;g of the downsampled signal = is

given by
1 Lk
Tp=7 doom, k=1,.,K (4.12)
i=L(k—1)

Downsampling has an impact on the classifier’s detection rate. The intu-
ition is, the more you downsample the input signals, the worse the detec-
tion rate becomes. Downsampling potentially averages out important signal
features that otherwise helped the classifier to discriminate between signals.
From an engineering perspective, the more you downsample the input signals,
the less memory is required to store values of the cumulative distance matrix.
Memory reductions are very useful since it lowers the requirements for my
low-cost microcontroller. Hence, there is a tradeoff between classification per-
formance and memory utilization. I am able to achieve high classification
performance with acceptable memory usage as shown in Section 4.7.
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4.5 Offline Learning of Class Representations

Figure 4.6a gives an overview of the components that are involved in the of-
fline learning of class representations. First, I conduct a random-walk Hov-
erBot experiment and record the measurements (x-, y-position, orientation,
magnetic field measurement, timestamp). I separate the data into approx-
imately two second intervals, HoverBot’s coil actuation scheme, to obtain a
dataset consisting of many training examples. I manually label these examples
based on HoverBot’s movement over time. I also downsample each example
(from N > 1000 to K = 20) in accordance with the computational limitations

of HoverBot’s microcontroller.
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Figure 4.6: Overview of signal processing components for A) offline training
of the classifier and B) online classification of new data samples.

Given this set of labelled training examples, I perform k-fold cross-validation
(KV = 10). In each iteration, I divide (partition) the training data into la-
belled classes and perform DBA to obtain a representation of each class. In
the validation step, I compute the Mahalanobis distance between each held-

out example and the representations of each class:

(k= p)* (4.13)

Mw

d(pg, ok, 1) =
=1
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The Mahalanobis distance measures the distance between a point and a
distribution [91]. In other words, how many standard deviations ¢ is a point
x away from the mean value p. I classify each example according to the
minimum-distance class, which corresponds to the maximum-likelihood clas-
sification.

4.6 Online Classification of Hall-Effect Measurements

Figure 4.6b indicates the components that are involved in the online classifi-
cation. The components in Figure 4.6b are a subset of Figure 4.6a. Hover-
Bot tries to move into a direction and records magnetic field measurements.
Depending on the downsampling frequency, the HoverBot stores a number of
average values into its memory (K = 20). The new dataset is used to calculate
the Mahalanobis distance for each class representation (successful movement
and collision). The Mahalanobis distances are compared with one another.
If the distances do not reach a minimum value, the event will be labelled as
unknown. Otherwise the event will be classified according to the lower Ma-
halanobis distance. The parameters of the class representations (u, o were
trained offline, do not change during runtime and therefore are stored on the
microcontroller’s read-only-memory (ROM). The amount of ROM memory in-
volved is dependent on the downsampling frequency.
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4.7 C(Classifier Performance

Figure 4.7 shows the trained class representations for successful movement
and collision. For each datapoint my classification method produces a mean
value and a standard deviation. These values are constant and are stored in
the microcontroller’s flash memory.
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Figure 4.7: Each datapoint has a mean value and SD associated to it. These
constants are stored in the microcontroller’s ROM and used for online classi-
fication. The graphs indicate how much tolerance (SD) is permitted at each
datapoint.

Figure 4.8 indicates the detection rates of my successful movement and
collision classifier. For each number of datapoints (K), I compute a confusion
matrix through k-fold cross-validation as described in Section 4.5. The de-
tection rate for a successful movement is calculated by the True-Positive-Rate
and the detection rate for a collision by the False-Positive-Rate of the confusion
matrix. I show a confusion matrix example for K = 20 in Figure 4.8. While
the detection rate increases with the number of datapoints, it starts stagnating
once it exceeds 20 datapoints per sample. Therefore, I chose K = 20 in my
setup achieving collision and successful movement detection rates of greater
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than 85%. This setup is a fair trade-off between detection rate and computa-
tional effort. The microcontroller has to store 20 x 20 x 2 bytes, assuming a
16-bit unsigned integer for each magnetic field measurement and not apply-
ing a warping window which otherwise decreased the memory requirement to
20 x W x 2 bytes. HoverBot’s microcontroller (Atmel SAMD21E16) comes with
8kB SRAM which comfortably meets the memory requirements of my classifi-

cation method.
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Figure 4.8: This graph shows the effect of downsampling on the classifier’s
detection rate. The detection rate exponentially increases until it starts stag-
nating once it exceeds 20 datapoints per sample. In the bottom right corner of
this figure, I show an example of the confusion matrix for 20 datapoints. Con-
fusion matrix legend: TP: True Positive, FN: False Negative, FP: False Positive,
TN: True Negative, TPR: True Positive Ratio, FPR: False Positive Ratio.
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4.8 Discussion

This work combines two rather unrelated research fields, the fields of sig-
nal processing and swarm robotics. The signal processing techniques were
specifically adapted to operate on low-cost hardware. I introduced a warp-
ing window and a downsampling method to reduce the classifier’s time- and
space-complexity. I discuss the impact of downsampling on time varying sig-
nals in Section 4.8.1. I hope that this work encourages other swarm roboti-
cists to reanalyse the sensing capabilities of their robots. The requirements
and limitations of my approach are discussed in Sections 4.8.2 and 4.9. There
might be an advantage of adding dedicated integrated circuits (IC) or Field
Programmable Gate Arrays (FPGAs) to robot designs to process sensor data
on the side to augment a robot’s sensing capabilities. The advantages and
disadvantages of specialized sensors are discussed in Section 4.8.3.

4.8.1 Downsampling

My downsampling method decreases a signal’s length to a number of averaged
datapoints. HoverBot’s magnetic field profiles for successful movement and
collision are simple. The profiles do not contain high frequency features, hence
downsampling only had a limited impact on our classifier’s detection rate.
Classifiers built upon more complicated time-variant data are expected to be
more heavily influenced by our downsampling method.

4.8.2 Limitations

HoverBot’s discrete movement helped the discovery that signatures can be
used to measure several measurands with a single sensor. If HoverBot’s move-
ment was continuous, I could still chop the measurements into the measure-
ment profiles as shown in Figure 4.2, since any continuous movement can be
regarded as a finite number of discrete movements with an infinitely small
time difference in between them. However, the signatures are constrained to
HoverBot’s movement behaviour. HoverBot moves on a grid in Manhattan ge-
ometry which ensures that it measures a reoccurring magnetic field pattern.
Other movement geometries such as continuous movements in arbitrary direc-
tions would impact the signatures and hence the time sequence classification.
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4.8.3 Multi-Functional Sensing vs Specialised Sensors

The signatures allow the binary detection of successful movements, collisions,
and rotations. These measurands can also be measured with specialised sen-
sors. For example, I could detect collisions through tactile sensors that output
continuous measurements. However, this is not a limitation of the time se-
quence classification but of the signatures. If I can find distinct signatures for
each collision level, the time sequence classification will enable me to discrim-
inate between them. The advantage of specialised sensors, however, is that
they take away the processing behind the time sequence classification and en-
ables continuous monitoring. For example, my approach first obtains a new
data set and subsequently analyses it for collisions; I can only detect colli-
sions once every movement cycle, whereas tactile sensors can detect collisions
at any given time. A movement cycle is defined as a discrete movement from
one permanent magnet to another. This might have an impact on the reactivity
of robots. The disadvantage of specialised sensors is their cost.

4.9 Applicability to Other Systems

This study has demonstrated how time sequence classification can be used to
measure several measurands with a single sensor. My method’s applicability is
dependent on signatures, unique measurement profiles that can be associated
to specific measurands. Although I have not applied time sequence classifi-
cation to other sensors or robots, I argue that it is generally applicable if the
signature:

1. contains time varying measurements,
2. is systematically reoccurring, and

3. is distinctly different to other signatures.
4.9.1 Sensing Modalities
I believe that some sensing modalities are more suitable for time series classi-

fication than others. In general, we can discriminate between proprioceptive
and exteroceptive sensing capabilities. Both terms owe their origins to biology;
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the former one describes the sense of stimuli that are produced and perceived
within an organism; the latter one describes the sense of stimuli that are exter-
nal to an organism. For a better understanding, Table 4.1 contains all sensors
that have been used by swarm robotic systems. I categorised the sensors into
proprio- and exteroceptive sensors.

Proprioceptive Sensors | Exteroceptive Sensors
Wheel encoder Infrared transceiver
Torque sensor Humidity sensor
Accelerometer Tactile sensor

Inclinometer Microphone
Gyroscope Temperature sensor
Voltagemeter Light sensor
Camera
Radio
Antenna
Force sensor
RFID reader
Magnetometer

Table 4.1: Sensors used by previous swarm robotic systems. Sensors are di-
vided into proprioceptive and exteroceptive sensors.

4.9.2 Artificial Signatures

Since exteroceptive sensors provide information about the environment, I can
modify the environment to influence measurements. I call signatures that are
manually created rather than naturally occurring, artificial signatures. This
work here presents artificial signatures. I embedded permanent magnets into
the arena surface to create collision, successful movement, and rotation signa-
tures. Rather than trying to think about the measurands that I wanted to sense
with HoverBot’s Hall-effect sensor, I had to ask myself what its measurements
look like over time at several occasions.

4.9.3 Natural Signatures

Proprioceptive sensors provide information about a robot’s internal state. Pop-
ular examples are actuator, orientation or movement feedback (e.g. wheel
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encoder, IMU, or accelerometer). Proprioceptive sensor readouts are mostly
independent of environments and therefore platform independent. Since en-
vironmental modifications have little or no effect on proprioceptive sensor
readings, I infer that I cannot influence their measurements either. I call sig-
natures that are build from proprioceptive measurements, natural signatures.
Proprioceptive measurements are more difficult to manipulate than exterocep-
tive measurements. Of course, there are exceptions such as detecting collisions
with an accelerometer; there might be environmental modifications that could
lead to different signatures e.g. by embedding springs into obstacles to influ-
ence their mechanical response during collision.

4.9.4 Augmenting Existing Sensors

Artificial signatures, such as the magnetic field profiles that I present in this
thesis, are very specific to the robot system and not easily transferable. How-
ever, one can become creative and make their own environmental modifica-
tions and create signatures to exploit a robot’s existing sensing capabilities.
Finding or creating signatures requires a thorough understanding of the sys-
tem at hand. Please find below a couple of examples.

An accelerometer seems to be an ideal candidate for time sequence classi-
fication. Acceleration continuously changes over time with robot movement.
An accelerometer is a proprioceptive sensor; therefore, signatures occur nat-
urally. Now, I need to take a look at the acceleration measurements during
specific events and investigate whether I can build signatures that fulfil these
three criteria: 1) contain time varying measurements; 2) are systematically
reoccurring; and 3) are distinct to other signatures. Intuitively, the accelera-
tion measurements should look different for collisions and successful move-
ments. The acceleration measurements should also change in magnitude and
frequency for movements on increasingly rough surfaces, potentially allowing
terrain detections. I postulate that the accelerometer does not suffer from low

signal-to-noise ratios.

A time of flight (TOF) ranging sensor determines the distance to objects
by measuring the time it takes a light beam to travel to an object and back.
I can implement a TOF sensor pointing upwards to measure the distance to
objects above the robot. Since TOF sensors are exteroceptive sensors, I have
to think about environmental modifications that help creating signatures. For
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example, I could install a 3D surface above the robot. The surface could have
periodically reoccurring patterns similar to the magnetic fields illustrated in
Figure 4.3 depicting a 'reference map’ at any given time. Any straight move-
ment should result in a periodically reoccurring measurement pattern which
could potentially allow to verify a movement, collision, and distance. While
this setup is more difficult to establish than using the accelerometer, it uses a
completely new dimension, the area above a robot, that could allow a robot to
perform a variety of new tasks. The surfaces can be arbitrarily changed; each
surface being a new robot environment with its own challenges. For example,
a robot swarm could search for objects in the ’sky’ investigating meta-heuristic
search strategies. The interested reader is referred to Senanayake et al.’s liter-
ature review on search strategies for swarm robots [92].

4.10 Research Applications

4.10.1 Collision Dependent Swarm Behaviours

Rotation and successful movement detection are proprioceptive sensing capa-
bilities, hence give insight into the internal state of a robot. Counting success-
ful movements is useful for the robot to keep track of its position (odometry),
and detecting rotations to derive knowledge about its orientation. Detecting
collisions is an exteroceptive sensing skill. It provides the robot with informa-
tion about its surroundings. I give a brief overview over the few swarm robotic
studies that deal with collisions and indicate how they were utilised in Section
2.4.3.

Overall, collision is a promising candidate for research on and the design of
scalable robot behaviours since incidence of collisions usually increases with
increasing group sizes. Scalable refers to the ability of a swarm to perform well
with different group sizes which I discuss in Section 2.1.2. Collisions have only
been rarely studied in the swarm robotics context. Kernbach, Schmickl, and
Mayaa et al.’s work depict excellent starting points for future work on colli-
sions [39][63][61]; the HoverBot system depicts a suitable research platform
since it embraces collisions and is capable of detecting them.
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4.10.2 Collective Perception with Robot Swarms

Other interesting work that might profit from my approach is research on col-
lective perception. Collective perception broadly refers to collectives that ex-
plore an environment and evaluate its features [93]. The work that I present
here has the potential to enhance a robot’s sensing capabilities without modify-
ing its hardware, hence, could add to the list of observable features for collec-
tive perception. Notable literature on collective perception includes Khaluf’s
work on detecting and marking features e.g. of pollution areas [94], Ko-
rnienko et al.’s work on investigating which sensing and processing steps
should be done individually or collectively for collective perception with robot
swarms [46], Schmickl et al.’s work on hop-count and trophallaxis-inspired
strategies (the exchange of fluids between insects for communication) to col-
lectively perceive targets [63], Mermoud et al.’s work on aggregation based
strategies to collectively perceive and destroy specific targets [95], and Tara-
pore et al.’s work on collective perception strategies inspired by the adaptive
immune response to discriminate between dangerous and friendly cells [96].



Chapter 5

Collision Based Mapping Using
HoverBots

Swarm robotic systems tend to avoid collisions (see Section 2.4). HoverBots
are swarm robots that are capable of colliding due to their collision friendly
locomotion strategy: low-friction locomotion (see Section 3.1). They solely
consist of a populated PCB and a battery. PCBs are made of glass-reinforced
epoxy laminate which makes HoverBot robust to physical interactions. I de-
veloped a time series classifier that allows HoverBots to detect collisions with
static objects (see Chapter 4). In this chapter, I combine all building blocks
by demonstrating how a group of four HoverBots collectively explores and
maps an environment by bumping into their surroundings. This work is by no
means a contribution to mapping, but a demonstration that proves that robot
collisions can be used for useful tasks.

123
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5.1 Experimental Setup

Figure 5.1 shows the experimental setup. The magnet-levitation table is en-
veloped by walls. I placed a static obstacle in the centre of the arena. Although
I could have placed many more, smaller and indeed bigger objects, into the
arena, the walls and the centre obstacle generate a symmetric environment.
Robot observations are easy to relate. HoverBots start at their nest sites, that
are the positions that they occupy in Figure 5.1a. Nests are landmarks that
robots use to place their observations in relation. Figure 5.1b shows the fused
occupancy grid map of the entire HoverBot group. The map is initialised with
unknown state values; there is a 50% chance that a cell is occupied or empty
assuming no prior knowledge of the environment.

Figure 5.1: Experimental setup for collision mapping with HoverBots. A) Hov-
erBots reside on their nest sites. There are four walls that constrain the arena.
I placed an object into the centre of the robot arena to generate a symmetric
robot environment. B) Fused observation matrix.



Chapter 5 Collision Based Mapping Using HoverBots 125

5.2 Explore-and-Return-to-Nest-after-N-Steps Collision
Behaviour

Figure 5.2 illustrates the collision behaviour that HoverBots execute to map
their environment. A robot starts at its nest and randomly explores its en-
vironment; I prohibit robots to make reverse movements within step size 1.
For example, HoverBot can move North only if its previous movement was not
South. HoverBots use a time sequence classifier to determine whether they
moved successfully or collided after a step. The classifier helps the robot to
make binary observations and to update its occupancy grid map. I explain the
classifier in Chapter 4. A robot executes N steps, before it inverts the steps
it has taken to return to its nest; the robot keeps track of all its movements
n € N. If a robot reaches its nest, the overhead camera notices and instructs
the infrared transceiver to send a command to the robot. The camera tracks
HoverBots through AprilTags. I explain the camera system in Section 3.4 and
the infrared communication system in Section 3.5. If a robot returns to its nest
and it received confirmation through the overhead infrared-camera system, it
transmits the observations it has made during exploration via infrared to a PC.
Once the observations are transmitted, it empties its memory and continues
exploring. The fused occupancy grid map is the sum of observations from the
four robots over a number of exploration walks. Every explore-and-return-
to-nest adds another observation layer to the overall occupancy grid map. If
a robot does not return successfully to its nest, it first initiates a systematic
nest search. Starting from the believed nest position, it moves in increasing
quadratic circles for k£ € K steps. If the systematic search fails too, the robot
initiates a random walk to return to its nest by chance.
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Figure 5.2: Robot collision behaviour to map an environment. A robot starts
at its nest site. It performs a random walk for N steps before it returns home.
During exploration phase n < N, HoverBots make observations by classify-
ing their movements as successful movements or collisions. Once the robot
returned to its nest, it transmits its observations via infrared to a centralised
unit. If a robot does not make it back to the nest, it first initiates a system-
atic nest search, before it continues with a random nest search. An infrared
transceiver and camera system are monitoring HoverBots. If a robot finds back
to its nest, the system informs the robot.
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5.3 Whatis N?

Figure 5.3 shows the fused observation matrix after each of the four robots
executed several exploration walks, returned to their nests, and transmitted
their observation matrices. The bottom left robot misclassified a cell, it re-
turned an obstacle observation near its nest site although it is an empty space.
If the robot makes another observation that indicates an empty cell where it
previously detected an object, the fused observation matrix will cancel out

these observations and the state of the cell becomes unknown.

B unknown
B nest

B occupied
. empty

Figure 5.3: A) Four HoverBots map their environment by bumping into their
surroundings and detecting collisions. B) The fused occupancy grid map of all
observation matrices accumulated over time from four robots. The bottom left
robot misclassified an empty space for an occupied cell. If the robot revisits
the cell and makes more empty-cell classification, it will cancel its previous
misclassification.

The more steps N a robot moves away from its nest, the more likely it
is that it fails to return to its nest due to missteps. However, the larger N,
the more cells the robot visits during exploration revealing larger parts of the
map. Figure 5.4 shows the final occupancy grid maps of three experiments
for: A) N = 3,B) N = 4, and C) N = 5 steps. The larger N, the more
cells can be reached by a robot. Figure 5.4a shows a mine-sweeper like illus-
tration. The numbers indicate the shortest distance from the nest site (red).
Since robots move randomly, the probability to move in direction d € D with

D = [North, South, East, West] is P(d) = }l. However, the probability to

1_ 1
3 7 12

the robot moved into a direction, I prohibit it to reverse its previous step. I

move North twice is: P = i X hence less than 10%. Remember, once
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mainly introduce this rule to make robots cover space and not only increase
their knowledge about cells in close proximity to their nest. Therefore cells
that are further away are less likely to be visited. Figure 5.4c shows the oc-
cupancy grid map with the most revealed cells. The walls and obstacle in the
centre are identifiable. There are object detections between the top left and
bottom left as well as between the bottom left and bottom right robots. These
obstacle detections are due to robot-to-robot collisions.

Figure 5.4: What is N? The more steps a robot is allowed to leave its nest for
exploration, the more cells it uncovers. A) Robots are allowed to move N = 3
steps, B) N = 4 steps, C) N = 5 steps. The most complete occupancy grid
map is shown in (C). There are some cells that cannot be reached by robots.
Some cells are out of range N.
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5.4 Occupancy Grid Map

Figure 5.5 shows the fused occupancy grid map of four robots over time.
Robots are allowed to move N = 5 steps. The brighter the colour, the more
often a robot made an observation for a certain cell. A robot explores N steps
and moves back N steps to return to its nest. Once it is at its nest, it transmits
its observation matrix to a PC. Therefore, in 20 steps, a robot generates two
observation matrices, and four robots generate a total of 8 observation matri-
ces. Figure 5.5f shows the final occupancy grid map. At this stage four robots
moved each 170 steps; they stopped because their batteries depleted. Each
robot managed to produce 17 observation matrices of its own quadrant. This
map could now be used by other robots to localise themselves within the map.
For example a robot could execute north-east movements until it reaches the
top right corner of the map. From there the robot can reach any other position
based on the map that has been created.

This demonstration is an example of mapping an environment through col-
lisions. I developed this setup to prove a point: although most robots avoid
collisions, collisions can be used for useful taks, here: mapping an environ-
ment. This work is the beginning of a much bigger research theme: collision
robotics. I envision a subfield in robotics that solely focuses on how we can
utilise collisions for useful robotic tasks. This might prove most interesting to
swarm roboticists since collision avoidance is an expensive skill and collisions
occur more often with increasing number of robots.

Collision mapping with HoverBots
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Figure 5.5: Four robots map their environment through collisions. The fused
occupancy grid map is visualised in 20 step iterations. A) O steps, B) 10 steps,
C) 30 steps, D) 50 steps, E) 70 steps, F) 90 steps, G) 110 steps, H) 130 steps,
I) 150 steps, and K) 170 steps.



Chapter 6

Conclusion

6.1 HoverBots Are Easy to Manufacture

In this thesis, I invent and demonstrate a novel swarm robotic system that is
easily manufacturable: the HoverBot system. In Chapter 3, I introduce the
HoverBot system. HoverBots consist of a single PCB and a battery; they use
low-friction locomotion. A magnet-levitation table supplies robots with up-
streaming air and permanent magnets which I embedded into the table’s top
surface. I explain low-friction locomotion in Section 3.1: Robots’ gravitational
acceleration is encountered by an external force. This force can originate
from a variety of technologies ranging from electro-static to buoyant levita-
tion. Robots levitate which relaxes their actuator requirements. Much weaker
forces can be used for robot locomotion, forces that would be insufficient if
gravitational forces had not been encountered by an external force. I describe
the magnet-levitation in Section 3.2. Robots are PCBs that possess electro-
magnetic actuators; they levitate on an air cushion; and interact with their
planar coils with the permanent magnets. I describe HoverBots in Section 3.3.
HoverBot is the easiest mass-manufacturable autonomous swarm robot that
currently exists. Autonomous robots that only consist of a single populated
PCB and a battery are difficult to outperform in terms of design for assembly
(DFA) and design for manufacturing (DFM). Although the system is likely go-
ing to be improved, this thesis depicts the groundwork of the HoverBot system.
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6.2 HoverBot’s Functionality Can Be Enhanced With-
out Hardware Modifications

In Chapter 4, I develop a signal processing technique that enhances HoverBot’s
sensing capabilities without changing its hardware: I start by studying the
capabilities of HoverBot’s magnetic field sensor in Section 4.1. From there, I
describe three different magnetic field profiles that HoverBot measures when it
i) successfully moves; ii) collides with a static object; or iii) accidentally rotates
by 45 degrees. In Section 4.3, I describe the challenges in discriminating
between these magnetic field profiles. In Sections 4.4 to 4.6, I explain how I
use many of such magnetic field profiles as data to train a time series classifier.
Each profile class has its own representation which I upload on HoverBot’s
microcontroller. HoverBot’s classifier takes a new measurement after each
movement and analyses it for each profile class and assigns it to the maximum-
likelihood class. I indicate the classifier’s performance in Section 4.7. I discuss
my signal processing approach in Section 4.8, its applicability to other sensors
and robots in Section 4.9, and its research applications in Section 4.10.

This is an example of how signal processing techniques can be adapted
for operation on low-cost microcontrollers. My work is a creative way of en-
hancing swarm robotic systems. It proves that there is still a lot of space for
functionality enhancements without necessarily making hardware improve-
ments. This technique or derivations of it might be applied to other sensors
and robot systems. In any case, this technique will remain useful for roboticists
who decide to conduct research with the HoverBot system or who implement
active low-friction locomotion in new robots through aerodynamic levitation
and magnetic field interactions.
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6.3 HoverBots are Designed for Research on Robot Col-
lision Behaviours

In Chapter 5, I start by exploring collision dependent swarm behaviours by
taking advantage of HoverBots’ capabilities to embrace and detect collisions:
I let a group of four HoverBots collide with their surroundings to collectively
map their environment. In Section 5.1, I give an overview of the experimental
setup. I explain the mapping algorithm in Section 5.2; each robot is pro-
grammed with the same program with only slight alterations. I assign robots
to nest sites and let them explore their environment for a certain number of
steps before they have to return to share their observations with a centralised
unit. The combination of observations emerges to a global map. In Section
5.3, I explain the impact of the number of robot steps on the overall mapping
task. In Section 5.4, I show the end-product of the mapping task: an occu-
pancy grid map. The occupancy grid map indicates the certainty that cells
are empty or occupied. The more often a robot visits a specific cell, the more
trustworthy are its observations.

This demonstration shows that robot collisions can be utilised for useful
tasks. Collision avoidance does not only increase the cost of a robot due to
specialised components that allow the detection and avoidance of collisions,
but also prevent robots from using collisions to interact with other swarm
robots and their environment.



Chapter 7

Future Work

This thesis builds the foundation of a lot of interesting work. In this chapter
I map out some of my ideas that I came up with throughout my studies and
which I urge others to continue to further this work.
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7.1 Multilayer Planar Coils

In Section 3.3.4, I discuss the design parameters that influence the magnetic
field of HoverBot’s planar coils. While I optimised the planar coils by changing
the trace width and spacing between traces according to the minimum speci-
fications of the PCB foundry, it is also possible to embed planar coils in several
PCB layers. In this case, it is important to get the stacking right. The magnetic
field of each layer must align, hence the current direction has to be the same.
This approach has several advantages such as: a coil with more windings and
lower current induces the same magnetic field than a coil with fewer windings
but larger current. I did not follow this design path since my HoverBot designs
created sufficient magnetic forces for movement and I used the extra layers to
make the robot as compact as possible.

7.2 Changing Magnet-Coil Pattern and Alternating Mag-
net Polarities

The magnetic grid pattern can be changed to other geometries such as to a
radial pattern. A pattern change would have an influence on how the robot
moves. In this case, the interactions between coils and magnets must be re-
evaluated; the coil array geometry of the robot likely changes too. The advan-
tage could be that robots move in more interesting trajectories than Manhattan
geometry potentially allowing diagonal movements too (radial formation). It
is also possible to develop a magnetic grid in which adjacent magnets possess
opposing magnetic fields. In that case, the coil-to-coil distance can match the
magnet-to-magnet distance, and coils can be operated like a stepper motor.

This could lead to smooth robot movement.
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7.3 Substituting Magnets with Electro-Magnetic Devices

The permanent magnets in the magnet-levitation table serve as magnetic an-
chors and energy fields that can be used to detect collisions, rotations, and
successful movements. It is possible to substitute a few or all magnets with
electro-magnetic elements or electro-permanent magnets to be able to make
changes to the magnetic field of the magnet-levitation table. This alterna-
tion would allow interesting experiments in which HoverBots look for specific
magnetic fields. It would also be possible to let robots control electro-magnetic
devices. I explain this idea in more detail in Section 7.5. Permanent magnets
could be also replaced by ferro-magnetic primer. Ferro-magnetic primer is a
type of paint that can be applied to substrates. The interactions between Hov-
erBot coils and primer might be sufficient to achieve locomotion. Magnetic
primer can also be applied to HoverBots. Figure 7.1 shows a HoverBot with a
magnetic primer coating on its bottom surface. The coating interacts with the
permanent magnets and could help stabilise movement (prevent accidental
rotations). It is also possible to paint passive objects such as wood discs with
magnetic primer. Such discs could become interesting objects for HoverBots
to interact with.

Figure 7.1: Ferro-magnetic primer can be used to paint key-elements of the
planar coils. The primer can be useful to enhance interactions between coils
and magnets.
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7.4 Equipping Robots with Miniature Air-Blowers

Murata sells miniaturised microblowers that use ceramics as the driving source.
The device utilises ultrasonic piezoelectric vibration of ceramics to generate
high air pressure. The following qrcode shows an acrylic disc onto which I
mounted a microblower. The microblower is driven by a small circuit that
can easily be incorporated into the existing HoverBot circuitry. The advan-
tage of an internal air source is that we do not need an air-blower anymore to
make HoverBots levitate. Robots would have their own air-source which they
can switch on and off whenever it suits them. The disadvantage is increased
cost and another component that can potentially malfunction impacting robot

mass-manufacture and robot maintenance.

. . . ]
Video: Murata airblower as air-source. 2

7.5 Electro-Magnetic Stigmergy

If we substitute permanent magnets with electro-magnetic elements such as
coils, it is possible to build an electronic circuit that interfaces coils and an
infrared transceiver. If a robot is above a coil, it can command via infrared
to change the current flow through the coil. This setup gives the robot the
opportunity to make changes to its environment which can be picked up by
other robots. In nature this way of passive communication, the communication
through environmental modifications, is called stigmergy [97].
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7.6 Collective Robot Charging

Another option is to cover the entire magnet-levitation table with contact pads
as shown in Figure 7.2. Robots do not touch the pads if the air source is
switched on. An electronics circuit could interface the control of the air-source
with the overhead infrared transceiver. Robots come to a collective agreement
when it is time for charging and switch-off the air source via infrared. Robots
make contact with the pads and charge. The following qrcode shows a proof
of concept video. I put copper traces beneath an acrylic disc and connected
them to a LED. When I switch off the air-source, the disk makes contact with

the contact pads and the LED lights up.

O 40

[ ]
Video: Charging mechanism.

[

®
e

2nd coating (insulation)

__——+— HoverBot

\ positive
charging pad

negative
charging pad

Figure 7.2: Charging mechanism for floating electronics.
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7.7 Closed-Loop Control Using the Hall-Effect Sensor

HoverBot’s control is currently open-loop. I energise the coils by programming
conservative time-current profiles that lead to movement. The next improve-
ment could be a closed-loop controller. Figure 7.3 shows the control diagram
of a closed loop controller for HoverBot. Figure 7.4 shows the magnetic field
profile and indicates the reference variables that could be used for a closed-
loop controller. The controller would try to minimise the error e = w — z,.. I
would start with a standard implementation of a Proportional Integral Deriva-
tive (PID) controller.

HoverBot ...

E Set Point Error PWM . : Magnet X
X O Controller|———| Coils [/——| Levitation

- w e y '

! : Table

: X E

: Hall-effect| :

: sensor :

Figure 7.3: Closed-loop control scheme.

Magnetic Field [mT]

0 20 40 60 80 100
Relative Position [mm]

Figure 7.4: Magnetic field readings that can potentially be used for closed-loop
control.
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7.8 Collision Triggered Search

HoverBot version 2 possesses a proximity sensor that points upwards. This
sensor can be used to measure the distance to any object above the robot. We
can mount a structured layer (terrain) above the magnet-levitation table and
let robots execute collision dependent search tasks. For example, robots could
search for the global minimum distance in the terrain. Every time they collide,
they perform a new distance measurement. Larger robot groups should find
the global minimum faster. Terrains can be arbitrarily designed and exchanged
which makes it a versatile experimental setup.

7.9 Using HoverTag as Sensor Node

The HoverTag is a multi-functional sensing node. Although I designed Hov-
erTag to explore various sensors and their usefulness in future HoverBot projects,
it is a fully functional device that is ready to be used in other projects. The
HoverTag design was just recently used in the ORCA Hub, a British initiative
to automate offshore plants. It has been used for the real time monitoring of
critical offshore related processes. The HoverTag underwent some electrical
modifications and has been renamed to Limpet underlying its new capability

to be attached to nearly any surface.
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Appendix A

How to Manufacture the
HoverBot System

In this appendix, I explain the manufacture of the HoverBot system. I explain
the manufacturing details of the magnet-levitation table in Section A.1, of the
tethered and untethered prototypes in Section A.2, and of HoverBot versions
1 and 2 in Section A.3.
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A.1 The Magnet-Levitation Table

I designed the magnet-levitation table design with Autodesk Inventor. The ta-
ble consists of three different parts — one bottom surface, one top surface, and
four side walls — which are shown in Figure A.1. I exported the Autodesk de-
sign and processed it in VCarve Pro. VCarve Pro is a CNC-routing software that
is used to control CNC-machines such as the Shopbot Buddy. Shopbot Buddy
is a compact CNC-machine that is designed for industrial, commercial, and
residential applications cutting in wood, plastics, and aluminium. I screwed a
sheet of 12.7mm thick MDF wood onto the bleeding board of a Shopbot buddy.
I purchased the MDF sheet in a local hardware store. There are six individual
wood pieces that assemble together to construct the magnet-levitation table.
I drilled air-holes into the top surface of the magnet-levitation table using a
1.6mm drill bit. The following qrcode contains a link to a manufacturing video
that I made while operating the Shopbot.

b
S
Using Shopbot to fabricate magnet-levitation table

[w]i%

Figure A.1: The magnet-levitation table consists of three differently shaped
layers: A) bottom surface; B) top surface; and C) side wall. The top surface
has an array of air-holes and magnet pockets milled into its surface. The side
wall has a fan inlet. All shapes have finger joints to increase the stability of
the magnet-levitation table. Appendix C contains the technical drawings of
the magnet-levitation table.
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I drilled 12mm deep magnet pockets with Shopbot using a 10mm end mill.
I finally used Shopbot to contour the top-, bottom-, and four side-walls out
of the sheet of MDF. I put the technical drawings of the magnet-levitation ta-
ble in Appendix C. The technical drawings contain all manufacturing relevant
dimensions.

Before I assembled the table, I placed the top surface (see Figure A.1b)
on a steel surface. I slid 0.063” wide and 0.394” thick neodymium (N42)
magnets into the magnet pockets. I purchased the magnets from Amazon
UK. I placed all magnets north-pole facing up. I explain this design choice in
Section 3.2.3.4. The magnets are attracted to the steel surface; the interaction
between magnet and steel surface overrules the interactions between adjacent
magnets. Once the magnets were placed into the magnet pockets, I glued them
into place with an Arrow TR400 hot glue gun. Before I glued the magnets, I
verified their orientation by sliding a magnet with opposing polarity along
the embedded magnets. All magnets should be assembled mono-directional
(north-pole facing up).

Once the top surface was completed, I attached the four side walls to the
bottom layer of the magnet-levitation table. I glued the walls into place using
Gorilla Wood Glue which I purchased from a local hardware store. I flipped
the construction upside down, so that the walls were supporting the bottom
layer. I drilled three holes into the bottom layer and applied three T-Nut Leg
Leveler which I purchased from Amazon USA. Leg leveler can be used for
height adjustment. In Section 3.2.4.4, I discuss the importance of a completely
levelled robot arena. I flipped the construction back and applied Gorilla Wood
Glue to the top edges of the four side walls and inserted the top layer (smooth
surface facing upwards); the finger joints helped increase the stability of the
entire table. Once the glue dried, I mounted four San Ace 9HV0412P3K001
fans into the fan outlets using four standard wood screws per fan. I purchased
the fans from Mouser.

Table A.1 contains the bill of materials. The materials for the magnet-
levitation table cost $144 excluding manufacturing costs such as using Shop-
bot for manufacture.
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Component Supplier Cost($)
Medium-density fibreboard wood Hardware store = $20
N42 Disc Neodymium Magnets (14*14) Amazon UK $22
Gorilla wood glue Hardware store $10
Furniture levelers with threaded shank (20pcs) Amazon USA $12
San Ace 9HV0412P3K001 (x4) Mouser $80
Total $144

Table A.1: Bill of materials of the magnet-levitation table.

Figure A.2: Manufacturing collage of the magnet-levitation table. A) A CNC-
machine processes a sheet of MDF. It drills air holes, mills magnet pockets, and
contours all six table parts. B) Magnets are inserted into pockets and glued
into place. C) The four side-walls and the bottom layer are glued first. D) The
top surface follows. E) Four fans are attached; one fan per side-wall.
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Figure A.3: The bottom surface and side walls are assembled and glued to-
gether. A) fan; B) fan inlet; C) side-wall; D) screw from leg leveler; and E)
bottom surface.
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Figure A.4: Top and side view of the magnet-levitation table. A) Fan; B) top
surface; C) HoverBot; D) side-wall; and E) bottom surface.
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A.2 Tethered and Untethered Prototypes

Figure A.5 shows the schematic and board design of the untethered proto-
type. The tethered prototype only consists of the coil layer shown in Figure
A.5b. The PCB material is a FR4-Cu composite with 13%. I used a Protolaser
U3 micro-machining system to manufacture 50um coil traces. I used a Weller
soldering iron to solder the electronics components. The electronics compo-
nents consisted of an ATtiny84 microcontroller, an ADP123 adjustable voltage
regulator, three FDC6401N Dual N-channel MOSFETs, and Turnigy Nano-tech
300mAh lithium polymer batteries. I used 0.224mm insulated copper wire to
connect coils with coil pin headers. I used a lighter to take off the insula-
tion layer from the copper wire endings and used sandpaper to increase their
contact roughness before soldering them to the coils and connecting them to
the coil pin headers. I purchased the copper wire and electronics components
from RS Components and the batteries from Hobby King.
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Figure A.5: Untethered prototype schematic and board design. A) top PCB; B)
bottom PCB; and C) schematic of the top PCB.
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A.3 HoverBot Versions 1 and 2

Figure A.6 shows the Eagle library of HoverBot’s planar coils. I designed Hov-
erBots with Autodesk Eagle. They meet the minimum specifications of Ad-
vanced Circuits, an American PCB manufacturer. Figure A.7 shows the PCB
specifications of Advanced Circuits for barebone, 2-layer, and 4-layer PCBs.
There is a student option that lowers the minimum order quantity to a single
board. The planar coils are 13mm in diameter and are embedded into the bot-
tom layer of the PCB. Each coil possesses 17 turns, a trace width of 150 um,

oz
72"

the permanent magnets that I planned on purchasing. However, I ended up

and a trace thickness of 1 I originally designed 13mm planar coils to match
buying 10mm diameter magnets, and keeping the 13mm coils. I discuss in
Section 3.2.3.2 the relationship between coil diameter and magnet size. Hov-

erBots version 1 and 2 are 43mm in diameter.

A (B

inside outside

P$1 - P$2 e
o N
w

Figure A.6: Eagle library of HoverBot’s planar coil. I designed a planar coil
library for HoverBots. I used this planar coil design for HoverBot versions 1
and 2.

The manufacture of HoverBot versions 1 and 2 is identical. They only dif-
fer in functionality. HoverBot consists of a four layer PCB — three ground
layers and one 3.3V layer — which are shown in Figure A.8. The ground and
voltage layers help route the components. If a component has to be connected
to ground or supply voltage, I insert a via (vertical interconnect access) close
to the component’s pin. Autodesk Eagle automatically connects the compo-
nent pin with the corresponding layer. I put additional ground vias all over
the board to ensure efficient current paths back to ground. The only traces I
could not fit onto the top PCB layer were the traces between JTAG connector
and microcontroller and shutdown signal of the H-bridges and microcontroller
(version 2). I routed those signals on the 3.3V PCB layer. Some components
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$33Each $66Each

2 Layer -1 Day Turn 2 Layer - 5 Day Turn 4 Layer - 5 Day Turn

10" x 16" Max Board Size Max. Board Size: 60 sq. in. Max. Board Size: 30 sq. in.
Min. Order Quantity: 1 Min. Order Quantity: 3 Min. Order Quantity: 4
FR-4 .062" Material FR-4.062" Material FR-4 .062" Material
| oz. Cu. | oz. Cu. | oz. Cu.

Tin Finish Lead-Free Solder Finish”® Lead-Free Solder Finish™
No Mask (bare) Green Mask Green Mask

No Legend White Legend (1 or 2 Sides) White Legend (1 or 2 Sides)
Custom Shape! Custom Shape Custom Shape

Figure A.7: Advanced Circuit pricing options. Advanced Circuit is an American
PCB foundry.

possess uncommon or even unique footprints. In such cases, I studied the
component’s datasheet and manually designed the footprint. The smaller the
component’s footprint, the more difficult it is to solder. The smallest compo-
nents that I used in my designs are 0402 components. 0402 refers to a stan-
dard surface-mount package; components of that package are 0.4mm long and

0.2mm wide.
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Figure A.8: The four PCB layers of HoverBot versions 1 and 2. A) The top
layer is connected to ground and mounts all of HoverBot’s components. B)
The second layer is connected to ground. C) The third layer is connected to
3.3V. D) The fourth layer is connected to ground and incorporates the planar
coil array.
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I ordered all Hover-designs as panelised 4-layer PCBs. A panelised PCB is a
sheet that contains several copies of the same design. You have to manually
cut out the individual boards. I used a bandsaw to cut out the boards and a
dual wheeled bench grinder to take off additional material until the boards
were circular discs. Figure A.9 exemplarily shows a panelised board full of
HoverTags and individual cut-outs. It is usually cheaper to panelise a design
than to order individual boards. Figure A.11 shows the Eagle board design of
HoverBot version 2. Figure A.10 shows the schematics of HoverBot version
2. I put the bill of materials for HoverBot version 2 in Appendix B. HoverBot
version 1 is mostly a subset of HoverBot version 2.

N
. s n
>/
Q2

HoverTaq’ &)
Ver. 1 ‘ l,
mER C ,, '

asc

cwems |

Figure A.9: Panelised PCB design. A) A single PCB design contains several
copies of the same circuit board. B) The boards have to be cut into individ-
ual quadrants. I used a bandsaw to cut them out and a dual wheeled bench
grinder to take off additional material until they became circular discs.

The following qrcode contains a link to a video that shows the manual as-

sembly of HoverBot version 2. It shows the entire process from populating the
PCB to programming it.

Video: Manufacturing HoverBots
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Figure A.10: Circuit

schematic of HoverBot version 2. A) microcontroller;

B) H-bridge drivers; C) voltage regulator; D) reset circuit; E) RGB LED; F)
JTAG programming port; G) proximity/distance sensor pointing upwards; H)
infrared transceiver; and I) Hall-effect sensor.
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Figure A.11: Board design of HoverBot version 2.



Appendix B

Bill of Materials for HoverBot
Version 2

Title: Bill of materials for HoverBot version 2 in quantities of 1s and 10s
Designer: Markus P. Nemitz
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Reference # for function # per board Value Distributer Part number Footprint Cost @1 Total Cost Cost @10 Total Cost
Computation
U5; main MCU 1 1 ATSAMD21E16B-MU Mouser 556-ATSAMD21E16B-MU 48-QFN $ 1.610 $ 1.61 $ 1.610 $ 1.61
C7, C10; bypass capacitors 2 6 0.1uF Digi-key 445-7344-1-ND ,0402 $ 0.110 | § 0.66 | $ 0.078 | $ 0.47
C8, Cl2; bypass capacitors 2 6 10uF Digi-key 490-10693-1-ND ,0402 $ 0.130 $ 0.78 $ 0.094 S 0.56
Cl15; bypass capacitor 1 3 1uF Digi-key 587-1454-1-ND ,0402 $ 0.120 $ 0.36 $ 0.090 $ 0.27
R13; SWCLK, pull-up resistor 1 3 330 ohm, 0.1W Digi-key P330JCT-ND ,0402 S 0.100 S 0.30 S 0.026 S 0.08
R14; SDA, pull-up resistor 1 3 2.2 kohm, 0.1W Digi-key P2.2KJCT-ND ,0402 $ 0.100 $ 0.30 $ 0.030 $ 0.09
R15; SCL, pull-up resistor 1 3 2.2 kohm, 0.1W Digi-key P2.2KJCT-ND ,0402 $ 0.100 $ 0.30 $ 0.030 $ 0.09
Power
Battery 1 1 300mAh LiPo HobbyKing 9210000168-0 34x20x7.5mm $ 3.440 $ 3.44 $ 3.440 $ 3.44
Ul; Voltage Regulator 1 1 3v3 Digi-key 296-39488-1-ND 6-WDFN $ 1.780 $ 1.78 $ 1.602 S 1.60
C3; bypass capacitors 1 3 10n Digi-key 399-3066-1-ND ,0402 $ 0.100 $ 0.30 $ 0.031 $ 0.09
Cl, C4; bypass capacitors 2 6 1uF Digi-key 587-1454-1-ND ,0402 $ 0.120 $ 0.72 $ 0.090 $ 0.54
C5; bypass capacitors 1 3 10uF Digi-key 490-10693-1-ND ,0402 $ 0.130 $ 0.39 $ 0.094 $ 0.28
Communication
U4; IR transceiver 1 1 SERCOM Digi-key 751-1066-1-ND custom $ 4.090 S 4.09 $ 3.6717 $ 3.68
R9, R10; IrDA current-limiting resistors 2 6 47 ohm, 0.125W Digi-key MCT0603-47.0-CFCT-ND ,0603 S 0.270 S 1.62 S 0.229 S 1.37
Cl13; filter capacitor 1 3 4.7uF Digi-key 490-10481-1-ND ,0603 S 0.100 S 0.30 $ 0.013 $ 0.04
Cl4; bypass capacitor 1 3 0.1luF Digi-key 445-7344-1-ND ,0402 $ 0.100 $ 0.30 S 0.013 S 0.04
Sensing
U2; Proximity 1 1 I12C Digi-key 497-16538-1-ND custom $ 5.460 $ 5.46 $ 4.903 $ 4.90
C6; bypass capacitor 1 3 4.7uF Digi-key 1276-1483-1-ND ,0402 S 0.140 S 0.42 $ 0.097 $ 0.29
C9; bypass capacitor 1 3 0.1uF Digi-key 445-7344-1-ND ,0402 $ 0.100 $ 0.30 $ 0.013 $ 0.04
R8, R12; pull-up resistors 2 6 10k Digi-key P10KJCT-ND ,0402 $ 0.100 $ 0.60 S 0.029 S 0.17
U3; Magnetic Sensor 1 1 ADC Digi-key 296-38457-1-ND custom $ 1.250 $ 1.25 $ 0.976 $ 0.98
Cll; bypass capacitor 1 3 0.1uF Digi-key 445-7344-1-ND ,0402 $ 0.110 $ 0.33 $ 0.078 $ 0.23
Cl6; low-pass capacitor 1 3 1.5nF Digi-key 490-3245-1-ND ,0402 $ 0.100 $ 0.30 $ 0.013 $ 0.04
R11l; low-pass resistor 1 3 10k Digi-key P10KJCT-ND ,0402 $ 0.100 $ 0.30 $ 0.029 $ 0.09
Locomotion
U6, U7, U8, U9, Ul0; NMOS Half-bridge 5 5 Half-bridge Digi-key 296-47205-1-ND custom S 1.050 S 5.25 $ 0.939 $ 4.70
c17, C18, €19, €20, C21; bypass capacitors 5 15 0.1uF Digi-key 445-7344-1-ND ,0402 $ 0.110 | $ 1.65 | s 0.078 | $ 1.17
R16, R17, R18, R19, R20; CLRs resitors 5 25 4.7 ohm, 1W Digi-key R16, R17, R18, R19, R20 ,2010 $ 0.750 $ 18.75 $ 0.555 $ 13.88
User I/0
D1; RGB LED 1 1 PWM Digi-key 160-2162-1-ND 0606(1616 M) $ 0.590 $ 0.59 $ 0.424 $ 0.42
Q1l, Q2; NMOS Switching Pair 2 2 Dual NMOS Pair Digi-key SSM6N58NULFCT-ND custom $ 0.560 $ 1.12 $ 0.439 $ 0.88
R1, R2, R6; CLRs resistors 3 9 330 ohm, 0.1W Digi-key P330JCT-ND ,0402 $ 0.100 $ 0.30 $ 0.026 $ 0.08
R3; CLRs resistors 1 3 43 ohm, 0.1w Digi-key 43JCT-ND ,0402 $ 0.100 $ 0.30 $ 0.029 $ 0.09
R4, R5; CLRs resistors 2 6 10 ohm, 0.1wW Digi-key P10.7LCT-ND ,0402 $ 0.100 $ 0.60 $ 0.023 $ 0.14
Connectors
J1l; Molex Connector 1 1 JTAG Digi-key WM7623CT-ND custom $ 1.360 $ 1.36 $ 1.200 $ 1.20
J2; Battery Connector 1 1 Digi-key 455-1749-1-ND custom $ 0.580 $ 0.58 $ 0.547 S 0.55
R7; Reset 1 3 10k Digi-key P10KJCT-ND ,0402 $ 0.100 $ 0.30 $ 0.029 $ 0.09
C2; Reset 1 3 0.1uF Digi-key 445-7344-1-ND ;0402 $ 0.100 $ 0.30 $ 0.013 $ 0.04
Total Total $ 57.31 Total Total $ 44.22
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Technical Drawings of
Magnet-Levitation Table

Title: Technical drawings of the magnet-levitation table
Components: Bottom surface, top surface, and side walls
Designer: Markus P. Nemitz
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HoverBots: Precise Locomotion
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Scaling up robot swarms to collectives of hundreds or even thousands without sacrific-
ing sensing, processing, and locomotion capabilities is a challenging problem. Low-cost
robots are potentially scalable, but the majority of existing systems have limited capa-
bilities, and these limitations substantially constrain the type of experiments that could
be performed by robotics researchers. As an alternative to increasing the quantity of
robots by reducing their functionality, we have developed a new technology that delivers
increased functionality at low-cost. In this study, we present a comprehensive literature
review on the most commonly used locomotion strategies of swarm robotic systems.
We introduce a new type of low-friction locomotion —active low-friction locomotion—and
we show its first implementation in the HoverBot system. The HoverBot system consists
of an air levitation and magnet table, and a HoverBot agent. HoverBot agents are levitat-
ing circuit boards that we have equipped with an array of planar coils and a Hall-effect
sensor. The HoverBot agent uses its coils to pull itself toward magnetic anchors that
are embedded into a levitation table. These robots use active low-friction locomotion;
consist of only surface-mount components; circumvent actuator calibration; are capable
of odometry by using a single Hall-effect sensor; and perform precise movement. We
conducted three hours of experimental evaluation of the HoverBot system in which
we observed the system performing more than 10,000 steps. We also demonstrate
formation movement, random collision, and straight collisions with two robots. This
study demonstrates that active low-friction locomotion is an alternative to wheeled and
slip-stick locomotion in the field of swarm robotics.

Keywords: HoverBot, swarm robots, design for manufacturability, low-friction locomotion, precise locomotion,
robot testbed, physical simulation

INTRODUCTION

Swarm robotics is the study of developing and controlling scalable groups of simple robots. Individual
robots within a swarm only possess limited capabilities. They move in two- or three-dimensional
space, sense their local environment, and communicate with only their nearest neighbors. These local
interactions between hundreds or thousands of robots can potentially give rise to complex behaviors
(Brambilla et al., 2013). Much swarm robotics research is inspired by the observation of emergent
behaviors in nature (Bonabeau et al., 1999). Colonies of termites work together to build complex
structures that are of great importance for survival of the colony as a whole. Schools of fish cluster
together making it difficult for a visually orientated predator to pick and grab an individual before
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it disappears into the school. Flocks of birds fly in formation to
utilize the flapping of the front bird’s wing, which creates uplift
and eases locomotion for the remaining flock. Control in these
three natural systems is entirely distributed among the individu-
als, without having a leader coordinating activities. These natural
systems accomplish complex global tasks through simple local
interactions of large groups of autonomous individuals and are
commonly referred to as examples of swarm intelligence.

Much research in swarm robotics has been conducted via
computer simulations. Brambilla et al. analyzed more than 60
publications that dealt with swarm robotic collective behaviors
in 2013. They found that more than half of these publications
presented results which were obtained through simulations or
models (Brambilla et al., 2013). Although simulators are a valu-
able tool for systematically exploring the algorithmic-behavior of
a swarm, they frequently involve simplifications and reductionist
axioms to enable computational tractability. Such simulated
systems can fail to faithfully reproduce the intricate physical
interactions and variability that exist in real systems, and their
fidelity to the real world is difficult to verify or improve without
feedback from physical experiments (Rubenstein et al., 2014).

Building physical systems, however, is a challenging task.
Swarm robotics researchers frequently face a cost-functionality
optimization problem when it comes to building a scalable robot
swarm. For example, every additional sensor on a robot increases
the power consumption of the system, requires an additional
sensor specific input on the microcontroller, requires additional
space, and increases the overall cost. As a result, research in large-
scale swarms (>1,000) often sacrifices sensing, processing and
locomotion capabilities for the size and quantity of robots, and
these design decisions substantially limit the type of experiments
that researchers can perform. Instead of increasing the quantity
of robots in a swarm by reducing the functionality of each robot,
the robotics community requires new technologies that deliver
increased functionality at low cost.

Motivation

Our work on technologies for swarm robotics is motivated by
three primary objectives, we want to: decrease the cost of fabrica-
tion, ease the process of fabrication, and increase the precision
of locomotion. We believe that these three factors, among many
others, play a crucial role in the development of the next genera-
tion of swarm robotic systems. In addition to the obvious focus
on decreasing cost, we observed that there is a considerable
manufacturing-assembly overhead for existing swarm systems
that use either wheeled or slip-stick locomotion. Every compo-
nent on a robotic system that has to be manually assembled by
the researcher invokes a labor cost. This requirement for manual
labor by skilled-engineers limits the practicality of fabricating
and experimenting with robot collectives at scale.

Improving movement precision enhances localization, whereas
precise localization is a useful technology to achieve coordination
and control of swarm robots (Wu et al., 2014). It is not an easy task
for simple robots to maneuver precisely and to reach a common
goal. Generally, the difficulties are due to hardware constraints
such as small sensor ranges, very limited computational power,
little memory, and imprecise locomotion (Moeslinger et al., 2011).

For example, low-cost locomotion strategies such as slip-stick
locomotion suffer from imprecise movement. Vibration motors
provide noisy locomotion without positional feedback, thus
preventing a single robot from traveling long distances with any
known precision (Rubenstein et al., 2014).

We have developed a locomotion strategy—active low-friction
locomotion—that allows agents to maneuver precisely on a dis-
crete two-dimensional grid. Its first embodiment—the HoverBot
system—is easy to fabricate and to further-customize. The entire
robot consists of a single printed circuit board (PCB), surface-
mount components, and a battery. HoverBots can be ordered in
large-number from a circuit-board manufacturer in panel-format
and arrive fully populated with components—ready to use—
thereby lowering the barrier to entry for researchers wishing to
study complex systems using swarm robots.

Locomotion Strategies of Swarm Robotic

Systems

This study briefly reviews locomotion strategies used by previous
swarm robotic systems, it introduces our new locomotion strat-
egy, and puts it into perspective against the literature. Specifically:

(1) We analyze the locomotion methods of 16 swarm robotic
systems found in the literature and provide a summary in
Table 1. The content of Table 1 is based on the cited work
shown in the first column of each row.

(2) We associate each locomotion strategy (wheeled and slip-
stick locomotion) with a representative system from Table 1.
We compare, in detail, the advantages and disadvantages of
locomotion strategies in Table 2.

(3) We explain and demonstrate our active low-friction locomo-
tion strategy, and we present its first implementation, the
HoverBot system.

Tables 1 and 2 contain specific terminology. While most
terminology for these features is self-evident, we provide here a
summary for those that may be unclear. “Hardware odometry”
is defined as the use of sensors to estimate change in position
over time. This term indicates systems which do not possess a real
form of odometry or which address the lack of hardware odom-
etry by performing collective algorithms such as in Rubenstein
et al. (2012). In this column, N/A refers to the fact that the cited
publication does not explicitly state information about odometry.
“Type of motion” clarifies whether a motion is continuous or
discrete and if discrete with what step size. “Dependencies” refer
to specific environments which the robots require to function
properly. “Surface-mount-technology (SMD)” components are
components which can be soldered directly onto a PCB. “Non-
SMD” components are usually incompatible with pick-and-place
machines and often require manual assembly which generally
increases the labor effort and cost for mass manufacture.

Previous Swarm Robotic Systems

The swarm robotic systems listed in Table 1 use either wheeled
or slip-stick locomotion. Slip-stick locomotion refers to the
alternation between slipping and sticking of an agent to a sub-
strate that results into directed locomotion (Vartholomeos and
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TABLE 1 | Comparison of 16 swarm robotic systems found in the literature.

Reference Robot name Locomotion strategy Propulsion system Hardware odometry
Mondada et al. (1994) Khepera Wheeled DC motors Wheel encoders
Siegwart and Caprari (2003) Alice Wheeled Bidirect. motors Wheel encoders
Mondada et al. (2003) S-bot Treeled DC motors Wheel encoders
Kornienko et al. (2005) Jasmine Treeled DC motors N/A

Seyfried et al. (2005) |-swarm Slip-stick Piezoelectric Polymer No

Mondada et al. (2006) e-puck Wheeled Stepper motors Wheel encoders
Turgut et al. (2007) Kobot Wheeled DC motors N/A

Bonani et al. (2010) MarXbot Treeled Rotational motors Accelerometer, gyroscope
Rubenstein et al. (2012) Kilobot Slip-stick Vibration motors No

McLurkin et al. (2012) R-one Wheeled DC motors Wheel encoders
Riedo et al. (2013) Thymio Il Wheeled DC motors N/A

Farrow et al. (2014) Droplet Slip-stick Vibration motors No

GCtronic (2017) Elisa-3 Wheeled DC motors Wheel encoders
Pickem et al. (2015) GRITSBot Wheeled Stepper motor Stepper motor
Wilson et al. (2016) Pheeno Wheeled DC motors Wheel encoders
Nemitz et al. (2017) (this paper) HoverBot Low-friction Planar coils Hall-effect sensor

The three highlighted rows depict the swarm robotic systems whose locomotion strategy is further analyzed in Table 2.

TABLE 2 | Comparison of wheeled, slip-stick, and low-friction locomotion.

Feature Wheeled (Pickem et al., 2015) Slip-stick (Rubenstein et al., 2012) Active low-friction
Robot velocity (cm/s) 25 1 0.64
Type of motion Continuous Continuous Discrete—equidistant ~20 mm steps?

Battery lifetime 30 min-5 h at 150 mAh
Dependencies No

Hardware odometry Stepper motors
Actuator calibration Not required

Number of non-surface-mount components® >4

Difficulty of mechanical assembly® M@)Q)4)(5)6)

Cost? at 1,000 units ($) 13.34

3-24 h at 160 mAh 25 min-600 h at 300 mAh

Flat surface Levitation table with embedded magnets
No Hall-effect sensor

Required Not required

>5 0

ME)e) ©

3.12 1.96

2Robust (error tolerant) movement on a discrete grid is equivalent to precise movement.

bWheeled: two wheels, two motors, and motor control board. Slip-stick: three legs, two vibration motors, and electronics. Active low-friction: electronics.
°(1) Soldering non-surface-mount components, (2) cutting components, (3) gluing components, (4) screwing components, (5) stacking components, and (6) connecting battery.
dCost for components that are solely associated with locomotion, in order quantities of 1,000.

Papadopoulos, 2006). The vast majority of swarm robotic systems
use wheeled locomotion with DC motors and wheel encoders.
There are a few exceptions which use tracks and wheels (treels)
and accelerometers, gyroscopes, or stepper motors for odometry.
Treels are considered as wheeled locomotion. Three systems use
slip-stick locomotion, whereas two of those three systems use
vibration motors and the remaining system uses piezoelectric
polymers as actuators. The HoverBot System is the first imple-
mentation of our active low-friction locomotion.

Comparison of Locomotion Strategies
Table 2 compares wheeled, slip-stick, and low-friction locomo-
tion by using the GRITSBot, the Kilobot, and the HoverBot as
representative systems. We selected Kilobot as a representative
for slip-stick locomotion because it is the first and only large-scale
robot swarm exceeding a collective size of 1,000 units. We chose
GRITSBot as a representative for wheeled locomotion. Pickem
et al. (2015) have presented a recent system that explores both
cost and functionality.

While wheeled locomotion has advantages in robot veloc-
ity, platform independence, hardware odometry, and actuator

calibration, it has disadvantages in battery lifetime, number of
non-SMD components (minimum two wheels and two motors),
difficulty of mechanical assembly, and cost (including motor
control board). In Pickem et al’s work, non-surface-mount com-
ponents had to be soldered, receiver coil wires needed to be cut
and glued, wheels had to be screwed onto motors, circuit boards
needed to be stacked, and the battery had to be connected.

In comparison, slip-stick locomotion has advantages in battery
lifetime and cost, but disadvantages in robot velocity, the depend-
ency on flat surfaces, hardware odometry, actuator calibration,
and number of non-SMD components (the minimum number
being three legs and two vibration motors). In Rubenstein et al’s
work, their mechanical assembly consisted of soldering non-
surface-mount components, gluing vibration motors to the robot,
and connecting a battery.

Our active low-friction locomotion has advantages in that it
provides hardware odometry, requires no actuator calibration,
has no non-SMD components, simple mechanical assembly, and
is low cost; but it has disadvantages in robot velocity, dependency
on a levitation-magnet table, and battery lifetime. To mechani-
cally assemble our robot, one must only connect a battery.
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Overall, each of the three strategies possesses specific advan-
tages over the others.

The contribution of this study is the introduction of an active
low-friction locomotion mechanism and its first embodiment,
the HoverBot system. In addition to using active low-friction
locomotion, the HoverBots have the following characteristics,
they:

o possess odometry by using a single Hall-effect sensor;

o onlyrequire electronic components that are surface mountable;

o only require connecting a battery to a robot as an assembly
step;

o use low-cost actuators and associated circuitry;

« do not require actuator calibration;

» move precisely on a discrete grid.

LOW-FRICTION LOCOMOTION

To move—on land, in water, or in the air—always requires an
expenditure of energy. Reducing the resistance to motion,
namely, friction, allows a greater range of travel for a given input
of energy (Radhakrishnan, 1998). However, instead of enhanc-
ing locomotion, we enable locomotion by reducing friction.
A good example of our proposed locomotion mechanism can be
observed in nature. Nannosquilla decemspinosa is a small stoma-
topod found in sand substrates on the Pacific coast of Central and
South America. These stomatopods are capable of maneuvering if
supported by a 1-mm layer of water and lose this capability once
their surrounding dries up (Caldwell, 1979).

The HoverBot is conceptually similar to N. decemspinosa and
is only capable of maneuvering if it is supplied with a constant
air flow beneath its contact surface. The airflow reduces the fric-
tion between robot and table allowing relatively weak forces to
be used for locomotion. Specifically, we embedded permanent
magnets into a levitation table. The HoverBot possesses planar
coils which interact with these permanent magnets, resulting in
two-dimensional locomotion. Such forces would be insufficient
if friction had not been reduced. This concept relaxes actuator
boundaries allowing a significant simplification of the robot’s
actuation and control system.

We define active low-friction locomotion as a locomotion type
that enables robots to maneuver autonomously, and we define
passive low-friction locomotion as locomotion type that allows
robots to maneuver heteronomously.

Not included in Table 1, but relevant to our technical
approach, is work from Grof3 et al. (2011), Napp et al. (2011),
Cappelleri et al. (2014), and Pelrine et al. (2017). Grof3 et al.
reported on an experimental setup in which they investigated
aided assembly with floating building blocks using an air table.
Their system used passive low-friction locomotion in which
their building blocks did not possess locomotion capabilities,
but modules would flow passively in the agitated medium. Napp
etal. investigated stochastic interactions between active and pas-
sive robots using passive low-friction locomotion. Passive robots
were foam blocks with complementary shape and embedded
magnets that assembled over time on an air bed. Active robots,
while not capable of autonomous movement, could expend

energy to disassemble the passive robots. Cappelleri et al.
introduced a novel approach to achieving independent control
of multiple robot magnets. In their work, they designed a grid
of planar microcoils. The coils were used to generate magnetic
potentials to control the trajectories of magnets. Pelrine et al’s
work is similar to Cappelleri’s, but differs in that they add onto
their PCBs a thin graphite layer that makes their magnet robots
levitate. Both their work feed into additive micromanufacturing
with swarms. Similarly to Grof$’s and Napp’s work, agents did
not possess locomotive autonomy but were moved by external
stimuli; all four approaches are relevant but distinctly different
to the work we present here.

The Levitation-Magnet Table

Figure 1 illustrates the concept, and our implementation, of the
levitation-magnet table. The table supplies an airflow beneath the
HoverBots’ contact surface creating an air cushion that reduces
friction between the robot and the locomotion substrate. The
differential pressure required to lift a HoverBot can be estimated
according to Leal (2007) by the following equation:

M*g
n*R

AP = (ByJoin — (Puns ) 2 (1)

Equation 1 implies that an increase in the robot’s weight
or a reduction of the robot’s surface area can be encountered
by an increase in differential pressure. In our experiments, we
required approximately 22.5 mm H,O differential pressure to
levitate HoverBots. We measured the differential air pressure
between air chamber and ambient environment by using a
u-tube manometer. We controlled the air blower’s supply
voltage with an adjustable transformer (Variac) which varied
the air blower’s output air-flow-rate, and which in-turn varied
the differential pressure between the inside and outside of the
levitation table.

The levitation-magnet table measures 200 mm X 300 mm and
has an array of permanent magnets embedded into its surface.
The permanent magnets serve a double purpose, they: (1) act
as magnetic anchors that a HoverBot utilizes to maneuver and
(2) give rise to a magnetic field with a discrete regular pattern of
features which a HoverBot with a Hall-effect sensor can utilize
for odometry. All magnets were assembled mono-directionally:
north-pole facing up.

The HoverBot

A HoverBot consists of a single four-layer PCB, shown in Figure 2,
and a detachable 300 mAh lithium polymer battery. The bottom
layer comprises five planar actuation coils. Each HoverBot has a
diameter of 39 mm and weighs 19.4 g with, and 7.4 g without, a
battery. HoverBot possesses a low-power microcontroller, pro-
gramming and debug ports, an infrared transceiver, a Hall-effect
sensor, and a transistor circuit.

Actuation

We embedded the planar coils in a cross-formation into the
bottom layer of the PCB. Each actuation coil has 17 turns and
a trace width of 150 pm. A trace width of 150 pm and one ;Ti
trace thickness allows maximum currents of approximately
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FIGURE 1 | (A) Levitation-magnet table with a HoverBot on top. There are four AprilTags for each of the table corners (one visible in the figure) and one AprilTag
attached to the HoverBot. The AprilTags are used for tracking (Olson, 2011). (B) A photograph showing an air gap between a HoverBot and the table. (C)
Conceptual overview: an air blower increases pressure P2 within the air chamber. The pressure difference between Pamb and P2 causes a HoverBot to levitate,
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FIGURE 2 | A HoverBot. The bottom layer of the HoverBot consists of an
array of five planar actuation coils. Its top layer is populated with Hall-effect
and infrared sensors and a low-power (SAMD21E) microcontroller. The
battery of a HoverBot is detached in this figure.

300 mA based on the Generic Standard on the Printed Board
Design (IPC-2221) charts. We set the maximum current per
coil to 500 mA, which induces a magnetic field of 1.1 mT. Our
design uses a maximum current that is greater than the suggested
standard, because we decided to evaluate the circuitry to its upper
limits. We measured the magnetic field by using an InvenSense
MPU-9250 magnetometer. We placed the magnetometer onto the
core of the center coil.

Each coil is connected in series with a current limiting resistor
and a transistor. If the transistor switches on, a constant voltage
is applied across the coil and resistor. The transistor’s switching
behavior is controlled by a pulse-width-modulated (PWM) signal
from the microcontroller. We control the amount of current
through the coil by changing the duty cycle of the PWM. The
magnetic field of a solenoid can be approximated by Ampere’s
law:

B=p*n=*I, (2)

N
n=—, 3
7 (3)

where B is magnetic flux density, p is permeability; # is turn
density; I is current; N is the number of turns; and L is unit
length.

Fundamentally similar to Eqs 2-3, the magnetic field of a planar
coil is dependent on the coil’s turn density and the current flow.
The number of turns is identical for every HoverBot. However, the
coil, trace, and current limiting resistor resistance could vary due
to manufacturing tolerances and cause a change of current flow
for a given duty cycle. We measured the average series resistance
of 15 actuation circuits of a total of 3 HoverBots with a Fluke 115
multimeter. The SD was 0.1 Ohm, which causes a current change
of 7 mA. Hence, the potential current fluctuations are less than
1.5% and can be neglected. HoverBots do not require any kind of
actuator calibration.

Sensing and Communication

A HoverBot possesses infrared and Hall-effect sensors. The Hall-
effect sensor can be used for odometry and the detection of local
magnetic fields. The infrared transceiver can be used for robot-to-
computer communication. Our current HoverBot version does
not allow robot-to-robot communication due to limitations in its
hardware configuration. It only possesses a single IR transceiver
pointing upwards.

Programming and Debugging

A HoverBot has programming and debug ports (IR transceiver,
JTAG and UART). We programmed the HoverBot via JTAG
using an Atmel SAM-ICE programmer. Therefore, this HoverBot
version requires a wired connection to be programmed. We
debugged HoverBot via infrared using an infrared handheld
device.

Power System

A HoverBot has 3.7 V 300 mAh lithium polymer batteries
attached to it. We calculated the minimum battery life by
accumulating the currents that occur during locomotion.
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The current locomotion strategy requires a constant current
of approximately 720 mA, which allows a minimum battery
life of around 25 min. However, lithium polymer batteries
should never be completely discharged due to their chemistry.
We wrote a battery-watch program to monitor the battery dur-
ing runtime, and this program shuts down all circuitry when
the battery reaches 90% depletion. The maximum battery life
is calculated by considering HoverBot when in sleep mode, in
which it approximately consumes 500 pA. In this low-power
mode, the HoverBot’s battery life time rises to around 600 h or
25 days. In this HoverBot version, the lithium polymer batteries
have to be detached for charging. We charged the batteries by
using a Turnigy Micro-6 LiPoly battery charger.

Locomotion Strategy

The HoverBot levitates on air cushions and maneuvers by sequen-
tially energizing its planar coils to pull itself toward magnetic
anchors. Figure 3 indicates a HoverBot’s open-loop locomotion
strategy. A single step, a movement from one magnetic anchor to
another, is decomposed into three part steps. In step 1, HoverBot
starts from its idle state in which its center coil is aligned with
a magnet, and the other four coils are each overlapping with
adjacent magnets. The HoverBot simultaneously actuates one
side coil with maximum current and the opposite side coil with
medium current. This actuation results in an overall movement
to the right while preventing HoverBot from rotating. Subsequent
steps are conceptually the same, but each step requires a differing
pair of coils to be actuated. Three of these steps are required for
a HoverBot to move from one magnet to another. This actuation
scheme only enables complete magnet-to-magnet movements.
A change of direction during a part step has not been investigated.
The relative positions of the HoverBot coils and the magnets are
crucial for this actuation scheme. We chose magnet-to-magnet
and coil-to-coil pitches based on Eq. 4 to ensure a 50% overlap
between actuator coil and an adjacent magnet at any given step
assuming that coil and magnet diameters match. Therefore,

HoverBot’s minimum step size is the pitch between adjacent
magnets (2 cm pitch).
dmc

Tmee = = =

1
-, 4
d. d. 2 “

where d., is magnet to magnet pitch; d. is coil to coil pitch; dn. is
magnet to coil pitch; and i, is ratio of dmc to d..

A HoverBot moves in a two-dimensional discrete environ-
ment. The programmer cannot deliberately rotate a HoverBot or
move it in any other trajectories than the Manhattan Geometry.

Odometry

Figure 4 is based on the Hall-effect sensor readings from a
HoverBot during movement which were paired with spatial
information from the AprilTags. While a HoverBot moves from
one magnetic anchor to another (2 cm pitch), its Hall-effect sen-
sor measures a continuously changing magnetic flux density as
indicated in Figure 4. The Hall-effect sensor is centered above
the center coil and is capable of measuring magnetic flux densi-
ties from —73 to +73 mT. The maximum readings occur when
the HoverBot’s center coil is aligned with a magnetic anchor.
Although our current actuation scheme operates as an open-loop
control, the magnetic flux density changes over distance depict
distinct features in the two-dimensional space which could be
utilized as feedback for closed-loop control. We have not experi-
enced distorted sensor (Hall-effect, IR) readings due to magnetic
interference.

Manufacture and Cost

The circuitry of a HoverBot only consists of surface-mount com-
ponents as indicated in Table 2. HoverBot is designed explicitly
for manufacturability; it consists of a single PCB and therefore
mass manufacture is a simple case of placing a batch order with
a PCB foundry. HoverBots can be autonomously populated with
pick-and-place machines at the point of manufacture. Assembly
of one robot takes seconds since it only consists of plugging in a
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FIGURE 3 | The illustrated actuation scheme describes a movement to the right. The other directions can be derived from this actuation profile. A HoverBot moves
from one magnetic anchor to another by performing three steps. Starting in idle state (step 1), a HoverBot always actuates two coils at the time for any given step
since we require two points in space to maintain the orientation of a plain. Therefore, this actuation sequence prevents rotation during movement.
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FIGURE 4 | Experimental results showing that the magnetic flux density peaks correspond to the centers of the permanent magnets. The magnets are 2 cm
displaced from one another. A HoverBot in idle state aligns with its Hall-effect sensor above a magnet. A step from one magnet to another causes the Hall-effect
sensor to measure a peak-to-peak magnetic field curve. Specifically, a movement is decomposed into three individual steps in which the Hall-effect sensor

measures a distinct magnetic flux density after each step, as indicated by a black dot.

TABLE 3 | Cost summary for HoverBots in order quantities of 15 units, and for
one levitation-magnet table.

Levitation-magnet table HoverBots at 15U

Category Cost ($) Category Cost ($)
Wood 20 Locomotion 4.10
Air Blower 55 Computation 2.05
Variac 135 Power 4.96
Magnets (140) 25 Sensing 1.09
Communication 4.28
Miscellaneous 3.23
Printed circuit board manufacture 2.66
Total 235 Total 22.37

battery to a HoverBot, also indicated in Table 2. The fabrication
of the levitation-magnet table is described in detail in Section
“Fabrication.”

Table 3 summarizes the costs of the current levitation-magnet
table and HoverBots in order quantities of 15. The levitation—
magnet table costs $235 whereas each HoverBot costs $22.37
in quantities of 15 and $11.88 in quantities of 1,000 s. The most
expensive part of the levitation-magnet table is the variable
transformer at $135. The costs for components that are solely
associated with HoverBot’s actuation system (transistors, shunt
resistors, diodes, and capacitors) are $1.96 in order quantities of
1,000 as indicated in Table 2.

The bill of materials, HoverBot system design files, and code
are available on request.

EVALUATION

To evaluate the HoverBot system we designed a controllable
experimental setup. We used artificial features (fiducials)—
AprilTags (Olson, 2011)—which we placed on top of the HoverBot
and at each corner of the table. AprilTags are robust to occlusions
and lens distortion while being very efficient in achieving detec-
tion rates of 20 Hz in our setting. To measure the accuracy of
the HoverBot, we tracked the centroid and the orientation of the
robot by detecting the corresponding AprilTag. Figure 5 depicts
the main features of the tracking system. This system can run
for hundreds of minutes without human intervention, thereby
automating the data acquisition pipeline. We used a Chameleon
1.3 MP Color (Sony IXC445) camera and a Tamron 13FM28IR
2.8 mm f/1.2 day/night lens.

We tested the HoverBot system and its low-friction locomo-
tion by conducting eleven experiments that lasted a total of 3 h
and more than 10,000 steps. In these experiments, the HoverBot
circled on an arbitrary trajectory until it was nearly discharged.
We used a set of AprilTags to track the HoverBot over time and
subsequently evaluated its distance traveled, velocity, and num-
ber of missteps (errors). With our current actuation sequence,
the HoverBot moves an average of 0.64 cm/s with an SD of
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0.015 cm/s. We did not observe any missteps or accidental rota-
tions during these three hours. A “misstep” is defined as an unsuc-
cessful series of energized coils that results in the robot staying
on its previous position. An “accidental rotation” is defined as an
inadvertent robot rotation by 45° due to local table imperfections
(e.g., air flow fluctuations) or collisions with other robots or static
objects. A video recording of this experiment is provided by the
Supplemental Video—SV1.!

Although the HoverBot moves robustly, we observed uninten-
tional shaking in all four directions during movement. Therefore,
we compared moved distance, which includes the total distance

'http://edin.ac/2wxEE5w.

¥ APRIL Tag
«— Tagid

«— Trajectory g

HoverBot
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FIGURE 5 | Experimental setup to evaluate a HoverBot’s locomotion
performance. We placed one AprilTag in each corner of the levitation-magnet
table. These tags serve as reference points and allow determination of a
HoverBot’s relative position over time. Each AprilTag corresponds to an ID
number. During experiments, we read out each AprilTag’s ID, x-position,
y-position, and rotation. The red line indicates a HoverBot’s trajectory, which
reinforces with each lap.

including unintentional shaking, with effective distance, which
is the actual distance between waypoints. We define € by the fol-
lowing term:

moved distance
€e=—————. (5)

effective distance
We found that € is 2.29 (on average) with an SD of 0.27. An ¢
of 2.29 explicitly states that the HoverBot moves more than two
times the distance it travels. € is directly related to the actuation
scheme. We chose an actuation scheme that is relatively slow,
but very robust by performing zero missteps over three hours of
experiments. € can be further reduced by changing the actuation
scheme and specifically the timing and amount of current that

flows through up to five coils simultaneously.

Recovery from a Locked Rotational

Position

Although we have not experienced any accidental rotation inci-
dents during three hours of testing, we developed an actuation
strategy that allows a HoverBot to recover from a locked position.
As shown by Figure 4, the Hall-effect sensor measures a local
magnetic minimum if a HoverBot is locked due to accidental
rotation. When a HoverBot recognizes this state, it can execute
a recovery actuation scheme. It first actuates only its center coil
to change from the position in Figure 6A to the position in
Figure 6B. Then it actuates, in addition, a side coil to regain the
correct orientation as indicated in Figure 6C. We recorded this
sequence, a video—recording of this experiment is provided by the
Supplemental Video—SV2.2

DEMONSTRATION

In addition to our quantitative evaluation of HoverBots loco-
motion capabilities, we performed four additional demonstra-
tions to give more insights into the nature of the HoverBot

Zhttp://edin.ac/2wcISw].

FIGURE 6 | Recovery in locked position. (A) A HoverBot is locked in a 45°-angled position. Four of its five coils are aligned with permanent magnets. (B) The
HoverBot rapidly pulsed (only) its center coil and regained center coil alignment with a permanent magnet. (C) The HoverBot additionally actuated a side coil and
regained a slightly shifted idle position. At this stage, the HoverBot is reenabled to move.
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system. Figure 7 indicates two HoverBots moving in formation
(A), moving randomly, colliding, and recovering from rotation
(B), colliding (C), and colliding while one robot is in sleep mode,
acting as a passive agent (D).

We observed that two HoverBots that move independently in
formation become unsynchronized over time due to oscillator
imperfections. Physical inter-robot interactions can either result
in robots maintaining their position after collision, which likely
happens in a frontal collision event, or robots loose orientation
and have to recover. The random collision demonstration also
indicates possible orientation loss due to rapid and constant
change in direction. Those incidents, however, are scarce, they
were detected, and were recovered from. In most cases, mov-
ing HoverBots are capable of pushing passive agents, sliding
them to one side, or pushing them in front, in the direction of
travel. However, we recorded one incident in which a moving
agent could not pass a passive agent due to a specific physical
orientation. Video recordings of the experiments which cor-
respond to Figures 7A-D are provided by the Supplemental
Videos—SV3-§V6.?

DISCUSSION
Battery Life and Robot Velocity

HoverBot possesses a relatively short battery lifetime (~25 min)
due to high coil actuation currents that are required to achieve
magnetic fields of approximately 1.1 mT. According to Eqs 2 and

*SV3: Formation: http://edin.ac/2wxt0aN, SV4: Random Collision: http://edin.
ac/2wdsDzt, SV5: Collision (active): http://edin.ac/2wwTTe], SV6: Collision
(passive): http://edin.ac/2wd3h4Y.

FIGURE 7 | Demonstrations of the locomotion capabilities of multiple
HoverBots. (A) Two HoverBots circle in formation until they are
unsynchronized—video SV1. (B) Two HoverBots move randomly, collide, and
recover—video SV2. (C) Two HoverBots collide frontally with one another—
video SV3. (D) One HoverBot collides with a passive HoverBot—video SV4.
Red and blue trajectories depict the HoverBot’s movements over time.

3, the magnetic field is linearly dependent on the actuation cur-
rent, but also on the number of coil windings. An increase of coil
windings as well as the stacking of planar coils (multilayer PCBs)
could significantly decrease the power consumption.

The existing robot velocity can be improved without an increase
of power consumption. The product of current and time for slow
coil actuation does not change for rapid coil actuation. HoverBot’s
velocity is currently slow because we wanted to start off with a
robust actuation scheme. Future work will have to investigate
faster actuation schemes. It is very likely that actuator calibration
will become necessary once we reach HoverBot’s physical speed
limits. The actuation schemes will become more delicate and have
to energize the actuation coils extremely precisely, both in terms
of the amount, duration, and direction of current flows. One solu-
tion to this control problem could be to use machine learning
algorithms. An external camera system could send feedback to
the HoverBot agent and inform the controller whether movement
was successful or not.

Ease of Robot Fabrication

Although HoverBots only consist of surface-mount components,
we believe the importance of this advantage will decrease over
time. The current state of swarm robotics research requires low-
cost, easy-to-fabricate, and easy-to-use swarm robotic systems.
However, once we obtain a better understanding of complex
systems and how emergence occurs, cost and ease of fabrication
will become secondary because the risk-factors involved in
deploying swarms (system failure, loss of control, and safe and
reliable operation) will have decreased. Furthermore, there are
many great examples in industry in which very sophisticated
products have been mass manufactured (computers, cars, air-
planes, etc.). Investing into an expensive swarm of robots will
become worthwhile once we know how to safely operate and
control it.

The Table

The existing ratio of magnet-to-magnet and coil-to-coil distances
was chosen to simplify HoverBot’s actuation circuitry by only
requiring coils to be energized in one direction. In future work,
we can investigate the use of H-bridge drivers to improve locomo-
tion by allowing bidirectional currents to energize the actuator
coils. There may also be a benefit of designing different magnet
patterns, such as those which that vary between polarities as well
as exploit different geometric constellations (e.g., concentric
patterns).

Scaling the System

The current table measures 200 mm X 300 mm, and this size
limits the maximum number of robots on the table to 35, assum-
ing a lattice robot formation without extra space for movement
and a robot diameter of 40 mm. There is no reason why the table
or robot could not be scaled in either direction. The table size
could be significantly increased, to the size of an air hockey table
for example. The differential pressure that causes the robots to
levitate can be easily increased by using a more powerful blower,
or even several at once. An increase in differential pressure would
allow greater payloads to be carried by the robots. The robot size
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could be significantly increased or decreased. There are microma-
chining systems that are capable of fabricating 50 pm wide copper
traces (e.g., LPKF Protolaser U3) allowing much smaller actuator
coil sizes. The 300 mAh battery could be substituted with less
powerful batteries or even replaced with solar panels.

Future Directions
HoverBot version-2 should possess four directional communica-
tions to increase further its utility as swarm algorithmic testbed.

The collision of an active with a passive robot in video SV6
indicate an opportunity for new swarm robotic algorithms in
which passive and active robots are being utilized to achieve
a task. A passive robot might become active if it has not been
pushed around by another robot for a defined period of time.
A passive robot might also specialize in sensing and inform active
robots about its observations. This heterogeneity might lead to
strategies that optimize the power budget of the swarm while
solving the task at hand.

The formation demonstration in video SV3 indicates that the
HoverBotsystem canbe used for evenlarger collective movements.
This behavior is difficult to achieve with wheeled or slip-stick
actuated swarm systems since such systems move in continuous
space and must rotate to change directions. HoverBots locomo-
tion can be compared with that of quadrotors in formation flight
(Kushleyev et al., 2013), maintaining orientation of the local and
global directions.

Almost all of HoverBot’s advantages originate from its mini-
malist design. HoverBots levitate, move precisely on a discrete
grid, and are capable of verifying a step by measuring continu-
ously magnetic flux densities. We will utilize this combination of
discrete motion with continuous local perception to study search
and tracking as well as mapping algorithms. An excellent starting
point is Senanayake review on search and tracking algorithms for
swarm robots (Senanayake et al., 2014).

CONCLUSION

In this study, we introduced a new locomotion strategy, active
low-friction locomotion, and showed its first embodiment: the
HoverBot system. We demonstrated HoverBot’s capabilities by
performing six different experiments ranging from moving in a
predetermined trajectory, to random movement and inter-robot
collisions. Active low-friction locomotion is an alternative to
wheeled- and slip-stick locomotion in the field of swarm robot-
ics. The HoverBot system possesses odometry by using a single
Hall-effect sensor, it only requires components that are surface
mountable, it only requires connecting a battery as assembly
step, it uses low-cost actuators and associated circuitry, does not
require actuator calibration, and moves precisely on a discrete
grid. The HoverBot systems offer a unique combination of dis-
crete precise motion with continuous local perception. Its hard-
ware can be easily extended with additional sensors. Potential
research directions using this embodied-simulation system will
include search and tracking, or mapping with robot swarms.

The HoverBot system serves as a testbed for new hardware and
algorithms.

FABRICATION

Fabrication of Levitation-Magnet Table

We purchased 10 mm wide and 3 mm thick cylindrical N42
magnets from Amazon. We bought 12.7 mm thick medium-
density fiberboard from a local hardware store. We used a
ShopBot Buddy to mill and drill holes. We used a 0.063” drill
bit for the air-holes and a 0.394” end-mill for the magnet
pockets. We placed the top-plate of the air table on an optics
(metal) table and embedded the magnets mono-directionally
(polarity) into the pockets. We used an Arrow TR400 glue
gun to fix the magnets in the pockets. We used a Mcculloch
MCB2205 leaf blower as the air source in combination with a
Circuit Specialists 16VA520T20 Variac for airflow control. The
air blower listed in Table 3 is the Black & Decker BV5600 High
Performance Blower (for price reference) and is equivalent to
the MCB2205. We leveled the levitation-magnet table using a
water scale.

Fabrication of a HoverBot

We purchased all electronics components from Digikey.
The circuit boards were designed with CadSoft Eagle and
manufactured by 4PCB.com. We soldered the components by
using a hot air pencil and an airbath preheating system from
Zephyrtronics.
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Scaling up robot swarms to collectives of hundreds or even thousands without sacrificing
sensing, processing, and locomotion capabilities is a challenging problem. Low-cost robots
are potentially scalable, but the majority of existing systems have limited capabilities, and
these limitations substantially constrain the type of experiments that could be performed
by robotics researchers. Instead of adding functionality by adding more components
and therefore increasing the cost, we demonstrate how low-cost hardware can be used
beyond its standard functionality. We systematically review 15 swarm robotic systems
and analyse their sensing capabilities by applying a general sensor model from the
sensing and measurement community. This work is based on the HoverBot system. A
HoverBot is a levitating circuit board that manoeuvres by pulling itself towards magnetic
anchors that are embedded into the robot arena. We show that HoverBot's magnetic
field readouts from its Hall-effect sensor can be associated to successful movement,
robot rotation and collision measurands. We build a time series classifier based on these
magnetic field readouts. We modify and apply signal processing techniques to enable
the online classification of the time-variant magnetic field measurements on HoverBot’s
low-cost microcontroller. We enabled HoverBot with successful movement, rotation,
and collision sensing capabilities by utilising its single Hall-effect sensor. We discuss
how our classification method could be applied to other sensors to increase a robot’s
functionality while retaining its cost.

Keywords: HoverBot, swarm robotics, multi-functional sensing, dynamic time warping, DTW, barycentre
averaging, DBA

1. INTRODUCTION

1.1. Swarm Robotics

Swarm robotics is the study of developing and controlling large groups of simple robots. One goal of
swarm robotics research is to substitute a few sophisticated robots with many simple robots to gain
robustness, flexibility and to circumvent single-robot-failures from resulting in mission abortions
(Brambilla etal., 2013). Applications range from space-exploration to finding survivors after large-scale
disasters. Much inspiration in this area has been drawn from nature (Bonabeau et al., 1999). Flocks
of birds fly in formation and take turns in positioning to maximise the total travelled distance as a
collective. Schools of fish cluster together to increase the chances of survival against a visually orientated
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predator. Colonies of termites collaborate to build termite mounds
with integrated ventilation mechanisms to protect the colony from
critical temperatures. All these systems accomplish complex tasks
through simple local interactions amongst themselves, collectives
of autonomous agents, and are commonly referred to as examples
of swarm intelligence. Swarm robotics can be seen as a research area
that emerged from the field of swarm intelligence, whereas swarm
intelligence depicts a subfield of artificial intelligence. The first
swarm robotic system was the Khepera robot in 1994 (Mondada
et al., 1994). Since then, many other swarm robotic systems have
been built, most of them are listed in Table 1. However, much
of swarm intelligence research has been conducted via computer
simulations. Brambilla et al. analysed more than 60 publications
that dealt with swarm robotic collective behaviours. They found
that more than half of these publications presented results which
were obtained through simulations or models (Brambilla et al.,
2013). Although simulators are a valuable tool for exploring,
systematically, the algorithmic-behaviour of natural swarms,
they frequently involve simplifications and reductionist axioms
to enable computational tractability. Such simulated systems can
fail to faithfully reproduce the intricate physical interactions and
variability that exist in real systems, and their fidelity to the real
world is difficult to verify or improve without feedback from
physical experiments (Rubenstein et al., 2014).

Over the past two decades, many swarm robotic systems have
been developed. They all differ in certain aspects such as power
consumption, locomotion strategy, or sensing capability. The
sensing capabilities of a robot influence the type of experiments
one can perform. While a camera adds more functionality to a
robot than an ambient light sensor, each sensor comes at a different
cost. We systematically analysed previous swarm robotic systems
and found that some systems possess sensors that have been, or
could be, used for the detection of multiple signals. For example,
an IR transceiver could be used for communication and proximity
sensing amongst others. Developing robots that are low-cost and
functional is a challenging task, therefore, utilising sensors for the
detection of multiple measurands is desirable. We believe that this
concept is very important and deserves further evaluation.

TABLE 1 | Comparison of 13 swarm robotic systems’ sensing capabilities.

Robot System / Number of 2 3 4
Measurands

Khepera (Mondada et al., 1994) IR

Alice (Caprari and Siegwart, 2003) IR

SBot (Mondada et al., 2003) L

Jasmine (Kornienko et al., 2005b) IR

E-puck (Mondada et al., 2009) IR, L AC
MarXbot (Bonani et al., 2010) IR, L

Kilobot (Rubenstein et al., 2012) IR

R-One (MclLurkin et al., 2013) IR

Droplet (Farrow et al., 2014) IR

GRITSBot (Pickem et al., 2015) IR

Pheeno (Wilson et al., 2016) AC

HoverBot (Nemitz et al., 2017) MF

IR: Infrared Light, AC: Acceleration, L: Visible Light, F: Force, EMF: Electromagnetic
Field, MF: Magnetic Field. Other systems that were considered but ended up using
“single-measurand sensors”: Swarm Bot (MclLurkin et al., 2006), Kobot (Turgut et al.,
2007), and Thymio-Il (Riedo et al., 2013).

In the following section, we introduce an instrument model,
a well-established model borrowed from the sensors community
to generally describe a measuring device, to establish a clear
understanding of sensors and how they can become multi-
functional. Then we will give a comprehensive review on the sensing
capabilities of previous swarm robotic systems and categorize
them based on their multi-functionality. Finally, we show an
implementation in which a HoverBot (Nemitz et al., 2017) extracts
multi-functionality from a single Hall-effect sensor. We show that
we can associate time-based magnetic field measurements to robot
rotation, collision, and successful movement; and we show how
to build a corresponding time-based classifier that can be trained
offline before it is transferred to HoverBot for online classification.
We apply our method to the HoverBot platform and discuss its
applications to time-series data.

1.2. Instrument Model

The instrument model shown in Figure 1 is a scientifically accepted
model from the sensor community (Webster, 1999) to generally
describe a measuring device. An instrument is a device that
transforms a physical variable of interest, the measurand, into a
form that is suitable for recording, the measurement, as conceptually
shown in Figure 1A. An example of a basic instrument is a ruler.
In this case the measurand is the length of some object and the
measurement is the number of units (meters, inches, etc.) that
represent the length.

Any measurand (distance, collision, temperature, etc.) is linked
to an observable physical measurement variable X. The observable
physical measurement variable X does not necessarily have to be the
measurand, X can only be related to the measurand. For instance, the
mass of an object is often measured by the process of weighing, where
the measurand is the mass but the physical measurement variable
is the downward force the mass exerts in the Earth’s gravitational
field. Collision detection is another example. A robot can detect the
measurand collision by measuring force or by relating the measurand
to another physical measurement variable such as acceleration. In this
case you can either purchase a single accelerometer or a set of force
sensors (e.g., four force sensors — one sensor on each robot side).
Both implementations allow the detection of collisions, however,
the single accelerometer is likely going to be cheaper than the force
sensors. There are many more of such examples, but there are also
variants in which a single physical measurement variable contains
information about several measurands. An excellent example is
IR light. IR light can be used for the measurement of distance, to
determine bearingand to communicate with other robots as shown by
(Farrow et al., 2014). We call this capability multi-functional sensing.
Communication is usually handled by a transceiver; you transmit
and receive or transceive data by means of a physical channel e.g., by
utilising electromagnetic waves in the IR spectrum. The receiving of
signals requires sensors, such as photodiodes that transduce IR light
into electric signals, hence communication itself can be considered
as a sensing task.

1.3. Sensing Capabilities of Swarm
Robotic Systems

We reviewed the sensing capabilities of 15 swarm robotic systems
found in the literature and we summarize our findings in Table
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FIGURE 1 | Instrument Model (Webster, 1999). (A) The measurand is the to-be-measured value of interest, whereas the physical measurement variable is
associated, either directly or indirectly, to the measurand. The sensor converts the physical measurement variable in a signal variable (often an electric signal), and
feeds it into a processing unit or computer. The value that we actually display is the measurement. (B) Analog to A. We detect collision, rotation and movement
measurands by measuring magnetic flux density. The Hall-effect sensor converts the magnetic field into a voltage which is converted through the microcontroller’s
ADC to a digital signal. We finally apply the measurements to a classifier which associates the measurements to one of the three measurands.

S1 of the supplemental material. Table 1 is a subset of Table S1
containing robot systems capable of multi-functional sensing with
>2 measurands. The content of Table 1 is based on the cited work
shown in the first column of each row. Table 2 takes an even closer
look at the few robot systems capable of multi-functional sensing
with >3 measurands.

The majority of swarm robotic systems (12/15) are capable of
multi-functional sensing with >2 measurands. In the >2 measurand
category, the most commonly used physical measurement variables
are IR light, followed by ambient light. IR light has been mainly
utilised for distance/proximity sensing and local communication,
whereas ambient light has been often utilised for object detection
and long-range distance measurements through a camera.

To the best of our knowledge, there are only two swarm robotic
systems that are capable of, or make use of, multi-functional
sensing with >3 measurands. The e-puck is capable of measuring
four measurands with a single sensor (Mondada etal., 2009). It uses

TABLE 2 | Further comparison of swarm robotic systems with 3 or more
measurands per sensor.

Measurand / Physical IR AC MF
Measurement Variable

Droplet E-puck HoverBot
Local Communication X
Proximity/Distance X
Bearing X
Inclinometer X
Collision X X
Free-fall X
Movement acceleration X
Odometry X
Rotation X

IR: Infrared Light, AC: Acceleration, MF: Magnetic Field

asingle accelerometer to measure inclination, collision, free-fall and
movement acceleration. The Droplet is capable of measuring three
measurands with a set of IR sensors (Farrow et al., 2014). It uses
six symmetrically placed IR sensors to measure distance, bearing
and local communication. Therefore, once a robot possesses an
accelerometer and a group of IR sensors, it is capable of measuring
seven measurands by only using two different types of sensors.

Our work, which we present here, adds another system to
the >3 measurand category. Figure 1B indicates HoverBot’s
instrument model. The measurands successful movement,
collision and rotation can be related to the physical measurement
variable magnetic flux density. HoverBot uses a Hall-effect sensor
to convert the magnetic flux densities into voltages which are
subsequently converted via an analogue digital converter to digital
measurements. The microcontroller processes the samples and
checks them against a previously trained classifier. Our classifier
combines dynamic time warping and barycenter averaging to
build time-variant representations of the measurands. Figure 2
gives an overview of all swarm robotic systems and their sensing
capabilities.

The instrument model comes with its limitations: the measurand
component can be interpreted from different angles. For example,
successful movement and rotation can be generally considered as
being part of a robot’s odometry capability. However, the to-be-
measured value, the measurand, is not odometry but successful
movement and rotation. Since the instrument model is to some
extent subjective, it is of paramount importance to apply this model
consistently. Figure 2 is a collection of carefully categorised sensing
capabilities of swarm robotic systems. A key understanding that
we have derived from studying the instrument model is that, in
swarm robotic systems, often the sensors could be further utilised,
and therefore the systems should be reanalysed.
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FIGURE 2 | Overview of the sensing capabilities of previous swarm robotic
systems. Swarm robots are sequentially listed according to their publication
date. The x-axis indicates how many measurands can be measured per
single sensor. Although most swarm robotic systems utilise their sensors to
detect up to two measurands, there are only three robot systems including
the HoverBot that utilise their sensors to measure 3 or more measurands.

1.4. Applying Multifunctional Sensing

Our work empirically shows how HoverBot’s single Hall-effect
sensor can be augmented for the detection of collision, rotation,
and successful movement. Although we specify in the discussion
under which circumstances our techniques might be applied to
other sensors, we would like to give a brief insight into the research
opportunities that potentially arise from (i) HoverBot’s new sensing
capabilities and (ii) our approach more generally.

1.4.1. Collision Dependent Behaviours

Rotation and successful movement detection are proprioceptive
sensing capabilities, hence give insight into the internal state of a
robot. Counting successful movements is useful for the robot to
keep track of its position (odometry), and detecting rotations to
derive knowledge about its orientation. Detecting collisions is an
exteroceptive sensing skill. It provides the robot with information
about its surroundings. We give a brief overview over the few
swarm robotic studies that deal with collisions and indicate how
they were utilised. Kernbach et al. and Schmickl et al. worked on the
re-embodiment of biological aggregation behaviours of honeybees.
They show how to take advantage of collisions to develop scalable
robot behaviours. In their work, swarm robots converge to light
sources without requiring inter-robot communication. Concretely,
they minimize sensing and computation by evaluating robot data
only once per collision; more frequent collisions lead to more data
evaluations (Kernbach et al., 2009; Schmickl et al., 2009). Mayaa
et al. harnessed collisions to help localise a robot within an arena.
The arena was divided into differently sized segments, whereas each
segment was inhabited by differently sized robot groups. Robots
used collision detection as information source to determine their
locations (Mayya et al., 2017).

Overall, collision is a promising candidate for research on and
the design of scalable robot behaviours since collisions incidences
usually increase with increasing group sizes. Scalable refers to the
ability of a swarm to perform well with different group sizes; the
introduction or removal of individuals does not result in drastic

change in the performance of a swarm (Brambilla et al., 2013).
Collisions have only been sparely studied in the swarm robotics
context. Kernbach, Schmickl and Mayaa et al’s work depict excellent
starting points for future work on collisions; the HoverBot system
depicts a suitable research platform since it embraces collisions and
is capable of detecting them.

1.4.2. Collective Perception

Other interesting work that might profit from our approach is
research on collective perception. Collective perception broadly
refers to collectives that explore an environment and evaluate
its features (Valentini et al., 2016). The work presented here has
the potential to enhance a robot’s sensing capabilities without
modifying its hardware, hence, could add to the list of observable
features for collective perception. Notable literature on collective
perception includes Khaluf’s work on detecting and marking
features e.g., of pollution areas (Khaluf, 2017), Kornienko et al’s
work on investigating which sensing and processing steps should
be done individually or collectively for collective perception with
robot swarms (Kornienko et al., 2005a), Schmickl et al’s work
on hop-count and Trophallaxis-inspired strategies to collectively
perceive targets (Schmickl et al., 2007), Mermoud et al’s work on
aggregation-based strategies to collectively perceive and destroy
specific targets (Mermoud et al., 2010), and Tarapore et al’s work
on collective perception strategies inspired by the adaptive immune
response to discriminate between dangerous and friendly cells
(Tarapore et al., 2013).

2. THE HOVERBOT SYSTEM

2.1. Review

We reported in (Nemitz et al., 2017) on the HoverBot system. The
HoverBot system is a swarm robotic system and the first of its
kind that uses active low-friction locomotion. Active low-friction
locomotion supplies robots with a constant air flow beneath their
surfaces. The airflow causes a reduction of friction between robot
and arena surface allowing relatively weak forces to be used for
locomotion. In addition, we embedded permanent magnets into
the arena as indicated in Figure 3A. The HoverBot is a levitating
circuit board that possesses planar coils that interact with the arena
magnets, resulting in two-dimensional locomotion. Such forces
would be insufficient if friction had not been reduced. From the
outset, the HoverBot system was designed for manufacturability:
HoverBots only require electronics components that are surface
mountable, only require connecting a battery to a robot as an
assembly step, use low-cost actuators and associated circuitry, do
not require actuator calibration and move precisely on a discrete
grid. For more details, please refer to our publication (Nemitz et al.,
2017).

The work presented here focuses on HoverBot’s sensing
capabilities. The HoverBot is equipped with IR and Hall-effect
sensors as shown in Figure 3A. The IR sensor points upwards
and therefore only allows communication to an overhead IR
handheld that is connected to a PC rather than to other robots.
The Hall-effect sensor is positioned in the centre of the HoverBot
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Microcontroller

air-cushions beneath HoverBots which makes the robots levitate.

FIGURE 3 | The HoverBot system. (A) The HoverBot is displayed in detail in the top left corner. It consists of a low-cost microcontroller, an IR transceiver and a
Hall-effect sensor. Permanent magnets are embedded into the platform and air holes are drilled through the surface as exemplary indicated through red circles. We
placed AprilTags on a HoverBot as well as in three of the four corners of the magnet-levitation table. This setup allows us to keep track of HoverBot’s position during
experiments. (B) The bottom side of the HoverBot is displayed in the top right corner. A HoverBot possesses five planar coils that it uses to manoeuvre two-
dimensionally on the magnet-levitation table. We installed four fans, one on each side of the levitation-magnet table. The fans force air into the magnet-levitation
table creating a pressure differential between the inside and outside of the table. Air streams through the porous surface of the magnet-levitation table creating

agent and measures the ambient magnetic flux density. Simplified,
a Hall-effect sensor is a transducer that converts a magnetic field
into a voltage difference, whereas magnetic fields, also called
magnetic flux densities, are measured in Tesla [N/m?] or Gauss
[1T = 10,000G].

2.2. The Magnetic Field

HoverBots energize their coils to pull themselves towards magnets.
We simulated and subsequently took measurements from the
magnetic field. Figure 4B depicts the simulated magnetic field
acquired with FEMM, a simulator for solving low frequency
electromagnetic problems on two-dimensional planar and
axisymmetric domains (Meeker, 2010). The grey rectangles in
Figure 4B indicate magnets and the dashed lines serve as reference
to the measurements in Figure 4C.

We obtained the magnetic field in Figure 4C with a HoverBot.
The simulated and measured magnetic fields broadly correlate with
one another. The first amplitude in Figure 4C is slightly shifted
due to fabrication tolerances. The pocket holes of the permanent
magnets are slightly larger in diameter than the magnets themselves
leading to imperfect magnet alignments. For more details on the
manufacture of the HoverBot system please see our previous paper
(Nemitz et al., 2017).

2.3. Magnetic Field Profiles

During operation, a HoverBot agent measures magnetic field
values in the range of approximately —20 to +60 mT as shown
Figure 4C. However, the actual measurements during movement
look somewhat different since they are not only position-dependent
as in Figure 4C but also time-dependent. Figure 5 shows a set
of time-dependent magnetic field measurements. Figure 5A

indicates the magnetic field measurements of a HoverBot during
a successful movement from one permanent magnet to another.
When a HoverBot agent collides with an object, its magnetic field
measurements look distinctly different compared to its successful
movement measurements as shown in Figure 5B. We reported in
(Nemitz et al., 2017) that HoverBot could potentially lose their
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FIGURE 4 | The Magnetic Field. (A) HoverBot moves on its magnet-
levitation table. (B) We simulated HoverBot’s magnetic field measurements via
finite element method. The permanent magnets are embedded into the
magnet-levitation table and are manufactured to be ~1-2 mm beneath the
surface. (C) We took magnetic field measurements from a HoverBot during
movement.
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FIGURE 5 | Magnetic Field Profiles. This figure shows examples of
magnetic field measurements over time that a HoverBot measures during (A)
a successful movement (B) a collision and (C) a 45-degree rotation. Each
time series is distinctly different from the other.

orientation, rotate 45 degrees, and lock into position. Figure 5C
indicates the magnetic field measurements that occur in this
incident.

The magnetic field profiles for successful movement and
collision in Figure 5A,B possess distinct magnetic field changes
over time. The magnetic field profile for rotation in Figure 5C
differs from the other profiles since the magnetic field does not
change anymore once the robot rotated and locked into position.
Therefore, detecting rotation is a simple case of measuring a
constant negative magnetic field over time. Since detecting rotation
is trivial and does not add value to this work, we explicitly decided
to focus on the remaining more challenging profiles. The remaining
work focuses on the classification of time series data for successful
movements and collisions.

2.4. Data Acquisition

One of HoverBot's advantages is its precise locomotion in Manhattan
Geometry (Nemitzetal.,2017). Missteps or rotations are rare events.
During data acquisition, we only observed successful movements
and collisions. The robot randomly moved within the arena and
occasionally collided with arena boarders. Our dataset consists of
259 samples, whereas 203 samples are from successful movements
and 56 samples are from collisions. Each sample is a collection of
timestamps, magnetic field measurements, x-position, y-position
and orientation of the HoverBot. We acquired our data with the
experimental setup in (Nemitz et al., 2017). We placed an artificial
fiducial, an AprilTag (Olson, 2011), onto the HoverBot. AprilTags
are simplified 2D barcodes that are robust to occlusions and lens
distortion allowing high detection rates with camera systems -
20 Hz in our setup. To measure the trajectory of a HoverBot, we
tracked the centroid and the orientation of the robot’s AprilTag.
We used a Chameleon 1.3 MP Color (Sony IXC445) camera and a
Tamron 13FM28IR 2.8 mm /1.2 day/night lens. We also installed
an IR transceiver above the arena and connected it to a centralised
PC to record HoverBot’s magnetic field measurements; HoverBot

transmitted during runtime its magnetic field measurements
online to the overhead IR transceiver. The camera system and
the IR transceiver were embedded into LCM (Huang et al., 2010)
providing us with a robust data acquisition platform for our
experiments.

3. TIME SEQUENCE CLASSIFICATION

A major challenge in discriminating between successful
movement and collision profiles is their variations in the time
and measurement domain. For example, a HoverBot’s speed may
vary between actuations, resulting in measurement signals that
are stretched or compressed. Additionally, environmental factors
can cause measurement values to vary over time, such as when
HoverBot’s elevation above the table (and hence, its position in
the magnetic field) varies due to air pressure fluctuations in the
magnet-levitation table. To classify the measurement profiles
depicted in Figure 5A,B, we must account for these variations
while operating within the computational constraints of HoverBot’s
microcontroller.

We describe in the following sections a classification method
that learns offline representations of each measurement profile and
stores these representations on the robot. When the HoverBot agent
obtains a new series of measurements online, the measurements
are compared to the stored class representations to determine the
maximum likelihood classification. Our classification procedure
builds on several component techniques from the field of signal
processing. We introduce each of these components in turn in
Section 3.1 and then incorporate them into our method in Sections
3.2 and 3.3. Throughout Section 3.1 we refer to Figures 6 and 7
for specific examples.

3.1. Classification Preliminaries
3.1.1. Dynamic Time Warping (DTW)
Dynamic Time Warping (DTW) (Chiba and Sakoe, 1978) is
used to align two time sequences of potentially different length
and measure the amount of similarity between them. DTW
finds correspondences between points from the two sequences
by warping them in the time domain. Given a distance measure,
DTW computes the set of point correspondences that minimizes
the cumulative distance between the sequences. Figure 6 shows
an example of DTW for two arbitrary signals.

Consider two input signals x=[xj,---,xy| and
Y=y oyn} Let d (x,-,yj) be a measure of the
distance between x; and yj, such as the squared Euclidean

distanced (x;, yj) = (x; — yj) 2 First, DTW computes the distance
matrix d (Figure 6A) and subsequently the accumulated distance
matrix D (Figure 6B). DTW initialises the first row and column
of D as follows:

Dy =d(x1,01)

Di,l :Di—1,1+ d(xi,yl>’ i=2,--- .M
Dyj=Dyjy+d(x1,5), j=2,N
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FIGURE 6 | Dynamic Time Warping (DTW). This figure exemplarily explains DTW. (A) We compute a matrix in which each entry is the Euclidean distance between
datapoints from signals 1 and 2. The colour code for the various distances is shown below. (B) We use the distance matrix from (A) to develop the accumulated
distance matrix D. The two red lines indicate the warping window. The warping path illustrated as blue line has to fit within the borders of the warping window. (C)
The warping path explicitly states which datapoints of signal 1 align with what datapoints of signal 2. The warping path is always at least as long as the longest
signal that is warped. In this example, the warping path exceeds both signals’ length, the warping path is 9 datapoints long.
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FIGURE 7 | DTW Barycentre Averaging (DBA). (A) Similar to Figure 6B. This time the signals are initial average signal u(k) and new signal x(i), whereas x(i) will be
aligned and averaged with u(k). (B) DBA performs DTW to align both signals. The warping path indicates which datapoints from x(i) are aligned with what datapoints
from u(k). There is a container for each k; we copy the datapoints that are warped to a specific k (see Figure 7A) into the corresponding container. (C) We compute
from the datapoints of each container the average signal and SD. To build the average signal and SD of a group of signals, warp all signals with the initial average
signal. This process fills the various containers with many more datapoints, however, the technique remains the same.
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The rest of D is then computed as:

Diz1j i=2..... M
DiJ:d(xi,yj)+m1n Djj 1 =2 N
Di_1,j—1

The DT'W algorithm uses dynamic programming to build D, where
each element

D;; gives the minimum cumulative distance between
subsequences [x1,~~~ ,x,-} and [yl,--- , yj]. The final element
of D, Dmy, represents the minimum cumulative distance
between the signals under any warping configuration, thus
serving as a measure of similarity between the signals. Such an
optimal warping configuration is given by the warping path

™ = [((ﬁ’f, qﬁ{) vt (d)xK, qb);()} through matrix D (Figure 6C).

Each element ¢;§’y = (

has been matched to index ¢{ of signal y. The warping path can
be computed as:

d)’,g, ¢yk) contains an index qﬁ’]g of signal x that

x,
¢Ky = (M’N)
X
o kel 1,¢)’k+1
% = argir?m Dij bj = & Gy — 1
3 X
k+1 1’%&1 -1

607" = (1.1)

Jk=K—1,---,2

The length K of warping path ¢™ varies depending on the
extent to which the signals are warped, but it will satisfy the
inequality max (M, N) <K<M+N-1

3.1.2. Constrained Dynamic Time Warping (CDTW)

The DTW formulation of the previous section is unconstrained
i.e. the algorithm considers any possible warping configuration
in matrix D. This can lead to pathological warping configurations
wherein a single point from one signal is matched with many
points from the other signal. Unconstrained DTW is thus
sensitive to spurious alignments between signals. For example,
unconstrained DTW might warp the collision time series
in Figure 5B onto the successful movement time series in
Figure 5A even though the signals correspond to disparate
events. Given these limitations of unconstrained DTW, it is
common to limit the extent to which signals can be warped
in the time domain. In Constrained Dynamic Time Warping
(CDTW), we allow correspondences between points only if
those points occur within a fixed time period of one another.
The length of the warping window W is application-dependent
and defined as|n — m| < W. W determines how many elements
of matrices d (distance matrix) and D (accumulated distance
matrix) are calculated. We show an example of a warping window
in Figure 6b. CDTW can offer benefits in terms of time- and
space-complexity, both are important for embedded platforms
like the HoverBot. Because the warping path is constrained, only
a portion of the matrix D must be computed and stored (Chiba
and Sakoe, 1978). As a result, the time- and space-complexity are

both reduced fromO (N - M)to O (N - W), where the length of the
warping window W is much less than M, the length of signal y.

3.1.3. DTW Barycenter Averaging (DBA)
For a classification task, it is often useful to compute a summary
representation of a class of data. This averaging process is
non-trivial when performed on variable-length signals. Naive
approaches based on pairwise alignment and averaging are
sensitive to ordering effects and produce prohibitively long
alignment sequences (Petitjean et al., 2011). We instead utilize
DTW Barycenter Averaging (DBA) to compute the average signal
pand the standard deviation o of a group of signals (Morel et al.,
2018). Figure 7 shows an example of DBA for two arbitrary signals.
Consider a group of signals X to be input to the DBA
algorithm. DBA initializes o to be zero and randomly selects a

signal x() = [xfo) > s x1(<0 ) } to serve as the initial average signal

p (Figure 7A) as
Mk:x]EO)) k: 1)"' )K

DBA also initializes sets ¢, = &,k =1,--- , K that are used in the
average computation. Each set 1 contains z € 1, elements for each
specific k € K, whereas z is a placeholder for aligned datapoints

(Figure 7B). Each signal x € X0 s aligned with the average
signal using CDTW. Each set ¢ is updated as

1/1k=1/)ku{x¢;c: ¢§L=k}

Please note that our example in Figure 7 only shows DBA for two
signals. In Figure 7B, set ) consists of three aligned datapoints
and sets 1), _g of two aligned datapoints. Once this process has
been repeated for all signals, the value of each element of the
average signal is updated as the barycenter of all points that
map to the corresponding element of the existing average signal
p (Figure 7C); that is,

1 = Zzewkz
T

Likewise, the elements of the standard deviation o (Figure 7C)
are updated as

Yzey, (2- i)
|k

O'k:

The resulting updated average signal retains its original length while
incorporating information from the entire group of signals. The
process of aligning the group of signals with the average signal and
computing an updated average and SD can be repeated multiple
times for better convergence.
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3.1.4. Downsampling

Our method can be implemented in several variants.
Unconstrained with a complexity of O (N - M), constrained with
acomplexity of O (N - W)using a warping window, or even further
constrained with a complexity of O (K - W) through a combination
of warping window and downsampling. Consider an input signal
x = [x1,...,xy] with length N. We reduce the signal’s length
from N to K by dividing the signal x into K parts, each of which

I
contains L = % measurements. The value of each element X of

the downsampled signal X is given by

T
=1 X

i=L(k—1)

Xi k=1,...,K

Downsampling has an impact on the classifier’s detection rate.
The intuition is, the more you downsample the input signals, the
worse the detection rate becomes. Downsampling potentially
averages out important signal features that otherwise helped the
classifier to discriminate between signals. From an engineering
perspective, the more you downsample the input signals, the less
memory is required to store values of the cumulative distance
matrix. Memory reductions are very useful since it lowers the
requirements for our low-cost microcontroller. Hence, there
is a tradeoft between classification performance and memory
utilization. We are able to achieve high classification performance
with acceptable memory usage as shown in the Result section.

3.2. Offline Learning of Class
Representations

Figure 8A gives an overview of the components that are
involved in the offline learning of class representations. First,
we conduct a random-walk HoverBot experiment and record
the measurements (x-, y-position, orientation, magnetic field
measurement, timestamp). We separate the data into approximately
two second intervals, HoverBot’s coil actuation scheme, to obtain
a dataset consisting of many training examples. We manually
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FIGURE 8 | Overview of signal processing components for (A) offline
training of the classifier and (B) online classification of new data samples.

label these examples based on HoverBot’'s movement over time.
We also downsample (K = 20) each example to accord with the
computational limitations of HoverBot’s microcontroller.

Given this set of labelled training examples, we perform k-fold
cross-validation (KV = 10). In each iteration, we divide (partition)
the training data into labelled classes and perform DBA to obtain
a representation of each class. In the validation step, we compute
the Mahalanobis distance between each held-out example and the
representations of each class:

I% Ry
d (1 oo x) = 1/ (= )"
k=1 Tk
The Mahalanobis distance measures the distance between a point
and a distribution (De Maesschalck et al., 2000). In other words,
how many standard deviations o is a point x away from the mean
value ;1. We classify each example according to the minimum-
distance class, which corresponds to the maximum-likelihood
classification.

3.3. Online Classification of Hall-Effect
Measurements

Figure 8B indicates the components that are involved in the
online classification. The components in Figure 8B are a subset
of Figure 8A. HoverBot tries to move into a direction and records
magnetic field measurements. Depending on the downsampling
frequency, the HoverBot stores a number of average values into
its memory (K = 20). The new dataset is used to calculate the
Mahalanobis distance for each class representation (successful
movement and collision). The Mahalanobis distances are
compared with one another. If the distances do not reach
a minimum value, the event will be labelled as unknown.
Otherwise the event will be classified according to the lower
Mahalanobis distance. The parameters of the class representations
(415> o) were trained offline, do not change during runtime and
therefore are stored on the microcontroller’s read-only-memory
(ROM). The amount of ROM memory involved is dependent on
the downsampling frequency.

4. RESULTS

Figure 9 shows the trained class representations for successful
movement and collision. For each datapoint our classification
method produces a mean value and a SD. These values are constant
and are stored in the microcontroller’s flash memory.

Figure 10 indicates the detection rates of our successful
movement and collision classifier. For each number of datapoints
(K) we compute a confusion matrix through k-fold cross-validation
as described in the Offline Learning of Class Representations Section.
The detection rate for a successful movement is calculated by the
True-Positive-Rate and the detection rate for a collision by the
False-Positive-Rate of the confusion matrix. We give a confusion
matrix example for K = 20 in Figure 10. While the detection rate
increases with the number of datapoints, it starts stagnating once
it exceeds 20 datapoints per sample. Therefore, we chose K = 20 in
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our setup achieving collision and successful movement detection
rates of greater 85%. This setup is a fair trade-off between detection
rate and computational effort. Our microcontroller has to store
20-20-2 Bytes, assuming a 16-bit unsigned integer for each magnetic
field measurement and not applying a warping window which
otherwise decreased the memory requirement to 20-W-2 Bytes.
HoverBots microcontroller (Atmel SAMD21E16) comes with 8
kB SRAM which comfortably meets the memory requirements of
our classification method.
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FIGURE 10 | Downsampling. This graph shows the effect of downsampling
on the classifier’s detection rate. The detection rate exponentially increases
until it starts stagnating once it exceeds 20 datapoints per sample. In the
bottom right corner of this figure, we show an example of the confusion
matrix for 20 datapoints. Confusion matrix legend: TP: True Positive,

FN: False Negative, FP: False Positive, TN: True Negative, TPR: True Positive
Ratio, FPR:False Positive Ratio.

5. DISCUSSION

This work combines two rather unrelated research fields, the fields of
signal processing and swarm robotics. The signal processing techniques
were specificallyadapted to operate onlow-costhardware. We introduced
awarping window and adownsampling method to reduce the classifier’s
time- and space-complexity. We discuss the impact of downsampling on
time varying signals in Section 5.1. We hope that our work encourages
other swarm roboticists to reanalyse the sensing capabilities of their
robots. The requirements and limitations of our approach are discussed
in Sections 5.2 and 5.3. There might be an advantage of adding dedicated
general purpose integrated circuits (IC) or Field Programmable Gate
Arrays (FPGAs) to robot designs to process sensor data on the side to
augmenta robot’s sensing capabilities. The advantages and disadvantages
of specialized sensory is discussed in Section 5.4.

5.1. Downsampling

Our downsampling method decreases a signal’s length to a number
of averaged datapoints. HoverBot’s magnetic field profiles for
successful movement and collision are simple. The profiles do not
contain high frequency features, hence downsampling only had a
limited impact on our classifier’s detection rate. Classifiers built
upon more complicated time-variant data are expected to be more
heavily influenced by our downsampling method.

5.2. Applicability to Other Systems
This study has demonstrated how time sequence classification can be
used to measure several measurands with a single sensor. Our method’s
applicability is dependent on signatures, unique measurement profiles
that can be associated to specific measurands. Although we have not
applied time sequence classification to other sensors or robots, we
argue that it is generally applicable if the signature (i) contains time
varying measurements (ii) is systematically reoccurring and (iii) is
distinctly different to other signatures.

Please find an analysis of suitable sensors, a generalised concept
about signatures, and hypothetical examples of our approach in
the Appendix.

5.3. Limitations

HoverBot’s discrete movement helped the discovery that signatures
can be used to measure several measurands with a single sensor.
If HoverBot’s movement was continuous, we could still chop
the measurements into the measurement profiles shown in
Figure 5, since any continuous movement can be regarded as
a finite number of discrete movements with an infinitely small
time difference in between them. However, our signatures are
constrained to HoverBot's movement behaviour. HoverBot
moves on a grid in Manhattan geometry which ensures that it
measures a reoccurring magnetic field pattern. Other movement
geometries such as continuous movements in arbitrary directions
would impact our signatures and hence the time sequence
classification.

5.4. Multifunctional Sensing vs Specialised
Sensory

Our signatures allow the binary detection of successful
movements, collisions, and rotations. These measurands can
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also be measured with specialised sensors. For example, you
could detect collisions through tactile sensors that output
continuous measurements. However, this is not a limitation
of the time sequence classification but of our signatures. If
you can find distinct signatures for each collision level, the
time sequence classification will enable you to discriminate
between them. The advantage of specialised sensory however
is that it takes away the processing behind the time sequence
classification and enables continuous monitoring. For example,
our approach first obtains a new data set and subsequently
analyses it for collisions; we can only detect collisions once every
movement cycle, whereas tactile sensors could detect collisions
at any given time. A movement cycle is defined as a discrete
movement from one permanent magnet to another. This might
have an impact on the reactivity of robots. The disadvantage of
specialised sensory is its component cost and corresponding
electronics.

6. CONCLUSION

In this study, we analysed 15 swarm robotic systems for their
sensing capabilities using the instrument model from the
sensing and measurement community. We exemplarily show
how the measurements from HoverBots single Hall-effect
sensor can be associated to successful movement, rotation and
collision events. We constrain dynamic time warping (DTW)
and DTW Barycenter Averaging (DBA) to perform time-
series classification on a low-cost microcontroller. These signal
processing techniques are generally applicable to time-variant
data, however, must be applied to time varying, distinct, and
systematically reoccurring measurements to augment a robot’s
sensing capabilities. We train a classifier offline, transfer its
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Table S1 Caption: Comparison of 15 swarm robotic systems’ sensing capabilities

Year Robot Name Measurand Physical Sensor
Measurement
Variable
(Mondada, Khepera Proximity/Distance Infrared Light IR Sensor
Franzi, and . . .
Tenne 1994) Ambient IR Light Intensity
Odometry Magnetic Wheel Encoder
Field
(Caprari and Alice Proximity/Distance Infrared Light IR Sensor
Siegwart L
2003) Local Communication
(Mondada et S-bot Proximity/Distance Infrared Light IR Sensor
al. 2003) Humidity Humidity Humidity Sensor
Strain Force Tactile Sensor
Torque Force Torque Sensor
Local Communication Sound Microphones
Temperature Temperature | Temperature Sensor
Ambient Light Intensity Visible Light Light Sensor
Robot Detection Visible Light Camera
Color Detection
Movement Acceleration Acceleration Accelerometer
Tilt Acceleration Inclinometer
Odometry Magnetic Wheel Encoder
Field
Global Communication E. Magnetic Radio
Field
(Kornienko, Jasmine Proximity/Distance Infrared Light IR Sensor
Kornienko, .
. Local Communication
and Levi
2005)
(McLurkin SwarmBot Global Communication E. Magnetic Radio
et al. 2006) Field
Collision Force Bump skirt
Ambient Light Intensity Visible Light Light Sensor
Vision Visible Light Camera
Local Communication Infrared Light IR sensor
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(Turgut et Kobot Global Communication E. Magnetic Antenna (XBee)
al. 2007) Local Communication Field
Proximity Infrared Light IR Sensor
(Mondada et E-puck Proximity Infrared Light IR Sensor
al. 2009) Ambient IR Light Intensity
Inclination Acceleration Accelerometer
Collision Detection
Free-Fall Detection
Movement Acceleration
Vision Visible light Camera
Long Range Distance
Localisation Sound Microphones
(Bonani et MarXbot Proximity/ Distance Infrared Light IR sensor
al. 2010) .
Bearing
Odometry Acceleration Accelerometer +
Gyroscope
Strain Force Force sensor
Vision Visible Light 2xCameras
Distance
Global Communication E. Magnetic Bluetooth, WiFi
Field
RFID Tag Information E. Magnetic RFID Reader
Field
(Rubenstein, Kilobot Local Communication Infrared Light IR Sensor
Abhler, and .
Distance
Nagpal
2012) Ambient Light Visible Light Light Sensor
(McLurkin R-one Local Communication Infrared Light IR Sensor
etal. 2013) Localisation
Odometry Acceleration Accelerometer +
Gyroscope
Robot Position Visible Light Camera
Ambient Light Visible Light Light Sensor
Odometry Visible Light Wheel Encoder
Global Communication E. Magnetic Radio
field
Thymio 1T Proximity Infrared Light IR Sensor
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(Riedo et al. Global Communication Infrared Light | IR Receiver (remote
2013) control)
Acceleration Acceleration Accelerometer
Touch Force Capacitive Touch
Sensor
Temperature Temperature Temperature Sensor
Sound Sound Microphone
(Farrow et Droplet Distance Infrared Light IR Sensor
al. 2014) .
Bearing
Local Communication
(Pickem, GRITSBot Distance Infrared Light IR Sensor
Lee, and Bearin
Egerstedt £
2015) Odometry Acceleration Accelerometer +
Gyroscope
Battery Level Voltage Battery Voltage
Sensor
(Wilson et Pheeno Odometry Magnetic Wheel Encoder
al. 2016) Field
Heading Magnetic Magnetometer
Field
Movement Acceleration Acceleration Accelerometer
Odometry
Proximity Infrared Light IR Sensor
Object Identification Visible Light Camera
Global Communication E. Magnetic WiFi
Field
(Nemitz et HoverBot Global Communication Infrared Light IR sensor
al. 2017) Odometry Magnetic Hall-effect Sensor
Collision Detection Field
Rotation Detection
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HoverBots: Embracing and Detecting Collisions
Using Robots Designed for Manufacturability

Markus P. Nemitz!', Edwin Olson?, and Adam A. Stokes?

Abstract— Collisions play a crucial role in nature. While
some natural systems utilise collisions to achieve collective
behaviours such as cell migration, most robot systems avoid
them. There have been a few studies on collisions with swarm
robots. Robot behaviours were collision dependent, however,
physical collisions were still avoided. Robots detected close
field objects with proximity sensors and accounted them for
collisions. However, true collisions cause physical interactions
amongst robots and their immediate environment; collision
chains might even displace many robots at the time and
possibly change the outcome of an experiment; approximating
collisions neglects their physical impact on the real world. In
this work, we introduce the HoverBot system. HoverBots are
floating circuit boards capable of autonomous movement by
energising their planar coils to interact with permanent magnets
that are embedded into the arena surface. HoverBots embrace
physical interactions with other robots or objects. We show how
HoverBots utilise magnetic field readings from a Hall-effect
sensor to detect collisions and briefly discuss how collisions
could be used to map environments.

I. INTRODUCTION

A. Collisions in Biological Systems

There are several examples in nature, where collisions
occur amongst biological agents. For example, ants phys-
ically interact with one another while building streets or
proceeding to raids, fish mildly collide during rapid school-
ing manoeuvres [1], and people collide while navigating
through crowds [2]. Some studies indicate a major influence
of collisions on collective behaviours. For example, research
on cell migration suggests that cell migration itself is an
emergent behaviour, whereas it is evoked by inelastic col-
lisions between neighbouring cells [3]. Collective migration
of eukaryotic cells plays a fundamental role in tissue growth,
wound healing and immune response. A study on granular
media makes comparisons to biologically inspired interacting
agents and shows that simple inelastic collisions between
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Fig. 1.
movements over time. (A) Two HoverBots circle in formation until they are
unsynchronized; (B) two HoverBots move randomly and collide; (C) two
HoverBots collide frontally with one another; (D) one HoverBot collides
with a passive HoverBot.

Demonstration. Red and blue trajectories depict HoverBot’s

self-propelled agents can provide a wide range of self-
organised collective behaviours [4].

B. Collisions in Swarm Robotics

While collisions naturally occur in nature, most robot
systems avoid collisions to keep the robot and its immediate
environment safe; collision avoidance becomes an integral
part of the robot design; resources are spend on sensors and
low-level control schemes. Since swarm robotics is heavily
inspired by natural systems, and natural systems do not
necessarily avoid collisions, we belief there is an increasingly
growing narrative for research on collision-based swarm
robotic behaviours. We will briefly cover the swarm robotic
studies that focused on collisions. Kernbach et al. and
Schmickl et al. worked on the re-embodiment of biological
aggregation behaviours of honeybees. They show how to take
advantage of collisions to develop scalable robot behaviours.
In their work, swarm robots converge to light sources without
requiring inter-robot communication. Concretely, they mini-
mize sensing and computation by evaluating robot data only
once per collision; more frequent collisions lead to more
data evaluations [5][6]. Mayaa et al. harnessed collisions to
help localise a robot within an arena. The arena was divided
into differently sized segments, whereas each segment was
inhabited by differently sized robot groups. Robots used



Fig. 2. The HoverBot system. A) The HoverBot is displayed in detail in the top left corner. It consists of a low-cost microcontroller, an infrared transceiver
and a Hall-effect sensor. Permanent magnets are embedded into the platform and air holes are drilled through the surface as exemplary indicated through
red circles. We placed AprilTags on a HoverBot as well as in three of the four corners of the magnet-levitation table. This setup allows us to keep track of
HoverBot’s position during experiments. B) The bottom side of the HoverBot is displayed in the top right corner. A HoverBot possesses five planar coils
that it uses to manoeuvre two-dimensionally on the magnet-levitation table. We installed four fans, one on each side, to supply HoverBots with a constant

airflow beneath their contact surface.
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Fig. 3. Conceptual system overview. An air blower forces air into

the magnet-levitation table creating a pressure differential between the
inside and outside of the table. Air streams through the porous surface of
the magnet-levitation table creating air-cushions beneath HoverBots which
makes the robots levitate. HoverBots energise their planar coils and interact
with the embedded magnets to move two-dimensionally.

collision detection as information source to determine their
locations [7].

C. Approximating Collisions

In these studies, robot behaviours were collision depen-
dent, however, physical collisions were still avoided. Robots
detected close field objects with proximity sensors and
accounted them for collisions. However, true collisions cause
physical interactions amongst robots and their immediate
environment; collision chains might even displace many
robots at the time and possibly change the outcome of an
experiment; approximating collisions neglects their physical
impact on the real world.

D. Physical Collisions

The impact of a collision is dependent on the momentum
of the robot P =m x V, whereas fast velocities V or heavy

masses m increase momentum. We consider scenarios in
which robots move or rest. If two robots move and collide the
total momentum is dependent on the velocity vectors of the
robots. If one robot collides with a resting robot, the moving
robot has to overcome the static friction of the resting robot
to make it move.

Collisions are influenced by robot locomotion. In descend-
ing order starting with the most commonly used locomotion
strategy, we look into the various strategies and discuss how
they might influence collisions : i) wheeled locomotion ii)
slip-stick locomotion iii) active low-friction locomotion [8].
Wheeled robots are faster and heavier than robots that use
slip-stick or active low-friction locomotion, therefore their
momentum is greater. However, wheeled robots are also more
difficult to move due to their mass and corresponding static
friction. Robots that use slip-stick locomotion are light and
their velocities low causing small momentum which might be
not sufficient to overcome the static friction of resting robots
of their kind. Robots that use active low-friction locomotion
are also light and their velocities (currently) low, however,
they are visually frictionless. In this scenario, a collision
between resting and moving robots results in movement as
illustrated in Figure 1D. In the following section we review
active low-friction locomotion and its first implementation,
the HoverBot system.

II. THE HOVERBOT SYSTEM
A. Active Low-friction Locomotion

To move - on land, in water, or in the air - always
requires an expenditure of energy. Reducing the resistance to
motion, namely, friction, allows a greater range of travel for
a given input of energy [9]. However, instead of enhancing
locomotion, we enable locomotion by reducing friction.

HoverBot is a simple robot that is only capable of ma-
noeuvring if it is supplied with a constant air flow beneath
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measurements (signatures) measured by a HoverBot during movement and
show A) successful movement and B) collision. The time series are distinct,
they vary in time and magnitude.

its contact surface. HoverBot’s working principle is shown
in Figure 3. The air flow reduces the friction between robot
and table allowing relatively weak forces to be used for
locomotion. Specifically, we embedded permanent magnets
into a levitation table. HoverBot possesses planar coils which
interact with these permanent magnets, resulting in two-
dimensional locomotion. Such forces would be insufficient if
friction had not been reduced. This concept relaxes actuator
boundaries allowing a significant simplification of the robot’s
actuation and control system. This locomotion strategy is
called active low-friction locomotion and is further discussed
in our publication [8].

B. The Magnet Levitation Table

The table supplies an air flow beneath HoverBot’s contact
surface creating an air cushion that reduces friction between
robot and locomotion substrate. The differential pressure
that is required to lift a HoverBot can be estimated by the
following equation [10]:

Mxg
T xR

Equation 1 implies that an increase in robot weight M or
a reduction of its surface area 7 x R? can be encountered by
an increase in differential pressure AP.

The permanent magnets that are embedded into the top
surface serve a double purpose, they: (1) act as magnetic
anchors that a HoverBot utilizes to maneuver and (2) give
rise to a magnetic field with a discrete regular pattern
of features which HoverBot is capable of sensing with
its Hall-effect sensor. All magnets were assembled mono-
directionally: north-pole facing up.

AP:(PZ_Pamb)Z (1)

C. The HoverBot

HoverBot consists of a single four-layer Printed Circuit
Board (PCB), shown in Figure 2, and a detachable 300
mAh lithium polymer battery. The bottom layer comprises
five planar actuation coils. Each HoverBot has a diameter
of 39 mm and weighs 19.4 g with, and 7.4 g without,
a battery. HoverBot possesses a low-power microcontroller
(Atmel’s SAMD2IE series), programming and debug ports,
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Fig. 5. Classifier Parameters. Each datapoint consists of a mean value and
standard deviation. These values are stored in the microcontroller’s memory
and used for online classification.

an infrared transceiver, a Hall-effect sensor, and a transistor
circuit.

From the outset, the HoverBot system was designed for
manufacturability: HoverBots only require electronics com-
ponents that are surface mountable, only require connecting a
battery to a robot as an assembly step, use low-cost actuators
and associated circuitry, do not require actuator calibration
and move precisely on a discrete grid. For more details,
please refer to our publication [8].

III. DETECTING COLLISIONS WITH HOVERBOTS

HoverBots mainly consist of glass-reinforced epoxy lam-
inate (FR4) which makes them very robust and difficult to
break. HoverBots effortlessly collide with objects or other
robots. Sometimes a collision impacts the trajectory of a
HoverBot. Figure 1 illustrates a series of demonstrations in
which robots collided with one another. While HoverBots
embrace collisions, they are also capable of detecting them.
HoverBots possess a single Hall-effect sensor and they utilise
the magnetic field readings that occur during their movement
to detect collisions.

A. Event Dependent Magnetic Field Measurements

HoverBots hover on air cushions and pull themselves to-
wards magnetic anchors that are embedded into the arena sur-
face. When HoverBots move, they measure time-dependent
magnetic fields. Amongst other, it is possible to associate
successful movements and collisions with distinct magnetic
field measurements (signatures). Figure 4 shows examples
of collision and successful movement signatures; they differ
both in time and magnitude.

B. Time Sequence Classification

We group signatures into classes (here: collisions and
successful movements) and then use signal processing tech-
niques to learn offline representations for each class. Of-
fline representations are essentially averaged versions of
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example of a confusion matrix for 20 datapoints. Legend: TP=True Posi-
tive, FN=False Negative, FP=False Positive, TN=True Negative, TPR=True
Positive Ratio, FPR=False Positive Ratio.

signatures. While this averaging process is non-trivial when
performed on variable-length signatures and might deserve
an entire discussion by itself, this work presented here
intends to give an overview of the HoverBot system, its
capabilities and how it could serve the narrative of collision
dependent robot behaviours. Therefore, we do not discuss
the technicalities of the averaging process but refer to the
key literature of our approach including our manuscript that
is currently under review for publication [11][12][13].

Figure 5 shows the offline representations of the collision
and successful movement classes having averaged a total
of 259 signatures. The representations consist of a number
of (mean u - standard deviation ©) tuples, whereas the
number of tuples is dependent on the number of datapoints
per signature. HoverBot is capable of measuring dozens
of magnetic field measurements per second, however, the
magnetic field itself does not change that quickly. Once Hov-
erBot measures a new magnetic field time series, it computes
the Mahalanobis distances between the new measurements
x; and the representations p; oy for 1) collision and 2)
successful movement, whereas fewer data-points k € K lead
to less computation.

d(Ug, Ok, xy) = @)

The Mahalanobis distance basically measures how many
standard deviations o is a point x away from the mean
value u [14]. We classify new measurements according
to the minimum-distance class, which corresponds to the
maximum-likelihood.

C. Detection Rate

The success rate of our classification is dependent on the
number of data points per signature. While the detection rate

occupancy collision grid map
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il

““robot

Fig. 7. A robot moves randomly in the environment; the bottom row
shows its position, the top row its observations. A collision is accounted for
by adding 1, a successful movement by subtracting 1 from its observation
matrix. Positive accumulations are illustrated in gray-scale (collisions), neg-
ative accumulations in green-scale (successful movements). Over iterations,
the arena object can be identified in the robot’s observations. The robot uses
a dynamically growing memory array to keep track of its observations; it
is able to map environments without prior knowledge of their size.

increases with the number of datapoints, the detection rate
starts stagnating once it exceeds 20 datapoints per signature.
Figure 6 shows the detection rate as function of the number
of datapoints per signature sample and gives a confusion
matrix example for 20 datapoints. The successful movement
detection rate is the true-positive and the collision detection
rate the false-positive-rate of the confusion matrix. If signa-
tures only contain a few datapoints, the corresponding class
representations only contain a few datapoints too; the class
representations lose their distinctiveness and the detection
rate decreases.

HoverBots are capable of detecting physical collisions
without requiring tactile sensors by analysing magnetic field
measurements.

IV. COLLISION MAPPING

While Kernbach and Schmickl et al’s work is on collision-
triggered search and Mayaa et al’s work on collision-based
localisation, we would like to hint briefly at the opportunity
of using collisions for mapping environments.

A collision can indicate a dynamic (e.g. robot) or static
(e.g. wall) obstacle. Robots can record collisions to build
maps of their environment. The most trivial case might be a
standard version of occupancy grid mapping in which robots
know their pose, keep record of empty and occupied grid
cells by detecting collisions, and store their observations in
memory. For a better understanding, we performed a very
basic simulation of a single robot that randomly collides
with objects and builds a collision map which is illustrated
in Figure 7. The simulated agent detects collisions with
uncertainty; over time, the actual environment appears, the
robot revisits cells and statistically detects more collisions
correctly than wrong.

The combination of i) detecting collisions to infer infor-
mation from the environment and ii) utilising the physical
impact of collisions to push agents towards new solution
spaces seems very useful for the development of new robot
behaviours and the study of emergence. Active low-friction
locomotion may play a unique role in collision research since



it facilitates a collision-friendly environment by eliminating
frictional resistance.
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Model Description

Each can be described through a set of sensing modalities. For
example, a survivor of a natural disaster could be detected by utilising
temperature, sound and visual sensors.
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A Step Towards Real World Applications ®

swarm behaviours and then the
(>1000) remains an approach. The cost and effort to
conduct such experiments is currently exorbitant.

Computer
Simulation
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Application
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# robots

However, computer simulations must be validated since their fidelity to the
real world is difficult to verify or improve without feedback from physical
experiments. An is a intermediate step
between computer simulation and real world application.
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Simulation
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Preliminary Results

Computer Simulation

HoverBot

Embodied Simulation

Target Modality: Magnetic field
Communication: Infrared light
Algorithm: Random search
Number of robots: 5

Table size: 500 x 500 mm

Results: The computer’s time-to-
process the simulation increased
quadratically with an increase of
robots. An increase from 20 to 60
robots did not considerably expedite
the time-to-find-target.
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Collisions are natural, robots tend to avoid them

i| Embracing collisions is natural: the vast majority
4 of physical, biological, and chemical agents collide.
CoIIisions happen frequently in nature, at different
places, and under various circumstances.

{ Robots avoid collisions: on the contrary, the vast
majority of (swarm) robotic systems avoid collisions.
Roboticists spend significant resources (sensors,
max. priority processing, etc.) on control schemes

Granular media i
to prevent collisions.

7/ CT S i ganery HoverBots operate on a magnet-levitation table. The magnet-levitation table
. Fr4 Layer , Coils A a a A q -
Hoveraorm_p,anawoppercm' mymeweymemy  supplies HoverBots with: i) a constant air-flow beneath their surfaces; and ii)
¥ permanent magnets which serve as magnetic anchors. HoverBots move by
taking advantage of their low-friction environment and by actuating their planar

Magnet Aot coils to interact with the magnetic anchors.

e p— e

Top View

UART

e AN IR TRX.
MDF wood Microcontroller

Air-Blower
Active low-friction locomotion is a new HoverBot is the first implementation that uses
locomotion strategy for swarm robots. We active low-friction locomotion. HoverBots
developed active low-friction locomotion to: i) possess a Hall-effect sensor, an infrared
enable robots to embrace collisions; and ii) to transceiver, and a low-cost microcontroller.
eliminate robot manufacture. Robots that use HoverBot's actuation system consists of an
active low-friction locomotion require electro- array of planar coils and a transistor circuit.
magnetic actuators and a specialised arena. HoverBots consist of a single PCB and a

battery. They can be ordered as populated
PCBs — no manual manufacture required.

@ Nemitz et al. "HoverBots: Precise Locomotion Using Robots That Are Designed for Manufacturability." Frontiers in Robotics and Al 4 (2017)

Permanent magnets are embedded into the magnet-
levitation table. They evoke a position dependent
magnetic field. Susocashul
movement

We discovered that HoverBot's magnetic field

measurements can be associated to events. For bz o4 08 et e 20
example, the magnetic field reading of a successful

movement looks distinctly different than the magnetic

field reading of a collision.

collision |
We can use a time series classifier to discriminate |
between the various magnetic field curves (signatures) 2 e *;me[s‘lz
i.e. events.

While this method has only been applied to HoverBot's magnetic field measurements, any signature (sensor modality
independent) can be detected through a time series classifier if the signature fulfills the classification criteria. Classification
criteria: signatures must be: time variant; ii) systematically reoccurring; and iii) distinct to other signatures of the classifier.

@ Nemitz et al. "Multi-Functional Sensing for Swarm Robots Using Time Sequence Classification: HoverBot, an Example." Frontiers in Robotics and Al 5 (2018)

Utilising robot collisions to map environments

Collisions can be utilised as information sources. We trained our classifier to detect occupancy collision grid map
static objects; inter-robot collisions were explicitly excluded from the training set. LB
However, the classifier can be trained with any signatures as long as the signature | I ]

fuffills the classification criteria. F . I r ! o
Our current research focuses on occupancy collision =  mm L
grid mapping. Occupancy grid mapping is a very basic ) o

mapping technique. Robots create maps of their 3 robot arena

environment from sensor measurements (here: ; | 1| #eollisions:0 ;#5 | #20 : #40 #100

collisions). Our collision detection is probabilistic; the R ¢ "object- s - s - s - s -

more often robots collide with static obstacles, the 8 : ‘ ‘ ‘ ‘

more we learn about the environment; the number-of- £ it ° ’ ° ’

collisions-workload can be shared amongst robots to
fasten the task.
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