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Preface

The first seed to this book was planted in Costa Rica when I was there with
my family in 2014. During that trip, I got somewhat obsessed with sloths. I
could not understand how these slow and potentially quite tasty animals could
exist. How come they weren’t immediately eaten by eagles or jaguars? What
was the point with such slowness? I started reading about sloths and learned
about why a slow, low-energy lifestyle is sometimes advantageous. As a re-
sult, I got very fascinated with the idea of also embracing slowness as a design
paradigm in robotics. Luckily for me, the Georgia Institute of Technology was
at that time home to one of the most creative roboticists I know—Prof. Ron
Arkin—and he shared my views that this was something worth exploring. We
started investigating the role of heterogeneity, broadly interpreted, in multi-
robot teams, where slowness (as well as being fast) constitutes one dimension
along which heterogeneity can be understood.

Together with Prof. Vijay Kumar at the University of Pennsylvania, Ron
and I secured the funding necessary to start investigating the role of het-
erogeneity in general, and slowness in particular, through Marc Steinberg’s
Science of Autonomy program at the US Office for Naval Research. Marc is
an exciting program manager to work with since he is highly supportive of his
investigators taking intellectual risks and going off in sometimes surprising
directions. As such, he gave us free hands to explore what we, by now, had
started referring to as “robot ecology.”

Xiii
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As my foray into the world of really slow robots continued, I realized
that T had much to learn about slow animals. And, in particular, I had to
strengthen my bond with sloths. But I needed professional help. After a bit
of online searching, I discovered the ecologist Prof. Jon Pauli at the Univer-
sity of Wisconsin—-Madison, and I decided to send him an email. Sending this
email may have been one of the smartest things I've done professionally. As
it played such a pivotal role for the developments in this book, it is included
verbatim, together with Jon’s response.

From: Egerstedt, Magnus

Subject: SlothBots?

Sent: Thursday, February 18, 2016 5:20 PM

To: Pauli, Jonathan

Hello Jonathan; I'm a roboticist at Georgia Tech and I have recently become very
interested in slowness as a design paradigm - slooooooow robots that “live” for
extended periods of time out in the field/farm/forrest. As part of this, I recently got
a grant to build SlothBots, i.e., robots that are behaviorally inspired by sloths. I
have some funding to connect with biology “consultants” and after a bit of internet
searching, it seems like what you do fits perfectly! So, would you be interested
in collaborating a bit on my SlothBot project? Maybe come down to Atlanta and
give a talk and help us design the slowest robots ever?

Best! / Magnus

From: Pauli, Jonathan

Subject: Re: SlothBots?

Sent: February 21, 2016 at 2:32 PM

To: Egerstedt, Magnus

Hi Magnus,

Apologies for the delayed response—last week ended up being unexpectedly
hectic. I have to admit that your invitation is possibly the most interesting, and
probably coolest, one I’ve gotten in my career so far. I'd be really interested
in visiting with you and your group at Georgia Tech, giving a seminar on our
ecological studies of sloths, and chatting about your SlothBot. For full disclo-
sure, though, I am not an anatomist or kinesiologist so its unlikely I'll have
academic insights into things like movement mechanics. But, we have been study-
ing sloths in the field (observation, tracking movements, collecting samples for
genetic and isotopic analyses as well as studying their demography and determin-
ing interspecific interactions). So, if an evolutionary ecologist of sloths works for
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you, then I'd be very much game for a visit and to explore this opportunity to
collaborate.

All the best,
Jon

Jon and I started collaborating, and as I learned more about ecology and
how ecologists think about their beautiful field of study, I started pondering
what a formal framework for robot ecology would look like. In what way
is the design for robots that are to be deployed over truly long time-scales in
natural environments different from the design for robots that perform specific
tasks in curated environments, such as in my own academic lab? This is where
the second seed to the book comes into play.

In 2016, Prof. Aaron Ames joined Georgia Tech. As our research
interests—the intersection between control theory and robotics—were very
similar, we decided to hold joint lab meetings to encourage our students to
spend time learning from each other. What Aaron and his collaborators had
been developing were so-called control barrier functions for encoding con-
straints. And it did not take long until many of my students talked about
control barrier functions in our weekly meetings. As such, Aaron’s influ-
ence on my lab was immediate and profound. In particular, one of my former
students brought barrier functions to robot swarms as a mechanism for avoid-
ing collisions. The idea was that rather than explicitly specifying what the
robots should be doing, the barrier constraints would kick in when colli-
sions were imminent and gently guide the robot swarm away from unsafe
configurations.

This powerful idea that constraints rather than goal-driven behaviors can
give rise to useful, elegant, and complex robotic systems plays a central role
in robot ecology. From Jon I had learned that richness of animal behavior can
oftentimes be described through the effects of environmental constraints, such
as the prevalence (or lack thereof) of food, water, predators, mates, and so on.
And from Aaron I learned how to formally think about constraints in a control-
theoretic setting. What was missing was the proper way of contextualizing
these two ideas in a coherent way, which brings me to the third and final seed
to the book.

One afternoon, about a decade ago, I was walking around my lab at Geor-
gia Tech, feeling rather pleased with myself. The lab had become one of the
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global hubs for swarm robotics research, and we had built up a significant
infrastructure to support the research that allowed us to go from idea to
full-blown robotic implementation and experimentation without too much of
a hassle. But, as I started counting the dollar values associated with all the
stuff in the lab, I became increasingly alarmed. It takes a massive amount
of resources—equipment, people, space, money—to run a world-class swarm
robotics lab. As a result, a number of really great researchers are locked out
from participating and are forced to rely solely on simulated robots. I took it
upon myself to rectify this inequity problem and in 2015, Dr. Pramod Khar-
gonekar visited the lab. Pramod was at that time serving as the Assistant
Director for Engineering at the National Science Foundation (NSF), and I
told him that I wanted to build cheap swarm robots for researchers all across
the world. He liked my ambition but told me to think bigger. This was the jolt
I needed to create the Robotarium.

Funded through NSF’s Major Research Instrumentation program, with
the enthusiastic support of Dr. Kishan Baheti at NSF, the Robotarium is a
remotely accessible swarm robotics lab where researchers, students, and ed-
ucators from all over the world can upload code, run robotics experiments,
and get the scientific data back. After going live in August 2017, many thou-
sands of experiments have been executed on the Robotarium by users from
all continents except Antartica. And, most importantly for the robot ecology
narrative, the Robotarium has been in continuous operation for many months
at a time without the need for any human intervention; it is an absolute joy to
see the robots all of a sudden leave their charging stations late at night to go
and execute some experiment that is being orchestrated from the other side of
the world.

Over Thanksgiving 2019 I came to the realization that not only did these
three seeds (slow robots, constraint-based design, long-duration autonomy in
the Robotarium) combine together into one coherent story centered on the
idea of robot ecology, I also needed to turn the story into a book. Hence the
words on this page.

Fast-forward a year, and the final product is organized into three parts,
each with its own distinct flavor. Part I is focused on the broad theme of
what it means for a robot to be present in a natural environment over truly
long time-scales. In particular, the tight coupling between robot and its en-
vironment (or, more suggestively, between organism and its habitat) takes us
down an ecological path where robot “survival” takes precedence over all
other design considerations. Starting off with the inspirational story of the
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two Mars rovers, Spirit and Opportunity, Part 1 covers previous approaches
to associate robots and robot behaviors with their deployment environments.
It also makes the initial connections to key ecological principles as well as
establishes the necessary foundations for how to design useful, scalable, and
distributed multi-robot behaviors.

The first part of the book is not overly technical and leaves many questions
unanswered. In contrast, Part II is where the formal machinery is introduced
that is needed to answer these questions. It shows how control barrier func-
tions constitute the right mathematical objects for reasoning about dynamical
constraints which, in turn, leads to a general theory of robot survivability.
Such a theory relies on the ability to render “safe sets” forward invariant,
meaning if the robot starts safe, it stays safe forever (in theory). To ar-
rive at full-blown robot survivability, this construction must be augmented
to allow for the production of complex safe sets through Boolean logic,
as well as provide support for task persistification. This latter topic is par-
ticularly pertinent as it enables robots to be out on deployment over long
time-scales—significantly longer than what can be accomplished on a single
battery charge.

To put the robot ecology framework on a solid footing, Part II is by ne-
cessity somewhat technically involved and requires prior exposure to control
theory and dynamical systems to be fully appreciated. Although the book is
intended to be approached in a linear fashion, it is perfectly fine to jump di-
rectly from Part I to Part III if one were to be so inclined. The third and last
part of the book takes the technical developments from Part IT and unleashes
them on the questions raised in Part I. This is finally where a precise theory of
Robot Ecology is formulated, and the resulting framework is instantiated on
two use-cases.

The SlothBot, which is an energy-efficient, wire-traversing, solar-
powered, environment-monitoring robot, is designed to be deployed over long
periods of time in the tree canopies for the purpose of taking measurements
of relevance to the production of microclimate and ecological niche models.
As such, it represents a canonical example of the task persistification idea in
that its mission cannot be completed on a single battery charge. Similarly, the
autonomy-on-demand concept, where robots are present in an environment for
long periods of time, tasked with doing mostly nothing at all beyond waiting
to be recruited to participate in a wide spectrum of missions, is instantiated on
the Robotarium. Conceived as a remotely accessible, swarm robotics testbed,
the Robotarium has been in (more or less) continuous operation for years,
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and has participated in thousands of user-submitted experiments. As such, it
manifests a number of the central tenets of robot ecology.

A book like this does not appear in a vacuum. Instead, it is the culmination
of years of research originating from a number of fruitful and fun collabora-
tions. I have already mentioned the important roles that Ron Arkin, Vijay
Kumar, Marc Steinberg, Jon Pauli, Aaron Ames, Pramod Khargonekar, and
Kishan Baheti all played in the robot ecology story. I have moreover had the
fortune to be inspired, amused, and technically challenged and educated by
many other collaborators who have all influenced the direction of this book.

Dr. Emily Coffey, Vice President for Research at the Atlanta Botanical
Garden, has taught me a lot about conservation biology, and she has been my
co-conspirator when it comes to actually deploying the SlothBot. The Rob-
otarium would not have existed without colleagues at the Georgia Institute
of Technology, and Profs. Eric Feron and Raheem Beyah contributed sig-
nificantly to the initial concept. Additionally, this book contains a number
of technical results that were collaboratively discovered. Colleagues whose
intellectual fingerprints can be found all over the book include Profs. Sam
Coogan (Georgia Tech), Jorge Cortés (University of California, San Diego),
Masayuki Fujita (Tokyo Institute of Technology), Calin Belta (Boston Uni-
versity), Daniela Rus (MIT), Evangelos Theodorou (Georgia Tech), Girish
Nair (University of Melbourne), Anirban Mazumdar (Georgia Tech), and Seth
Hutchinson (Georgia Tech). Even though Seth is listed last, he is the person
I have spent the most time bouncing ideas off of, and I cannot overstate his
influence on this book (even though he would probably deny that).

I must also give loud shout-outs to Drs. Chris Kroninger and Brian Sadler
at the US Army Research Lab who helped focus the autonomy-on-demand
concept significantly, and to Susannah Shoemaker—the Mathematics and En-
gineering Editor at Princeton University Press. When I approached Susannah
with the idea of writing this book, she was highly enthusiastic, and there was
never any doubt that she would make sure that the book found the right home.
It is a lot of fun working with someone who shares your excitement about a
project, and she helped me take this from a vague concept to a fully realized
book by employing a carefully balanced mix of support and gentle nagging
(“Is the book done yet?”).

Throughout my career, I have been fortunate to work with a number of
talented, passionate, and creative students and postdocs. It is a privilege to
be allowed to play a small part in their intellectual journeys and, without a
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doubt, they are the real forces behind much of what is contained on these
pages. The following people were instrumental to the development of the
robot ecology framework: Daniel Pickem, Sean Wilson, and Paul Glotfelter
took the Robotarium from a vague concept to a fully realized, remotely ac-
cessible swarm robotics testbed; Gennaro Notomista and Yousef Emam made
the SlothBot into the leisurely-yet-compelling robot it is today; and Li Wang
single-handedly made my lab embrace control barrier functions. Additionally,
Maria Santos, Ian Buckley, J. P. de la Croix, Yancy Diaz-Mercado, Sung Lee,
Pietro Pierpaoli, Siddharth Mayya, Sebastian Ruf, Eric Squires, Mohit Srini-
vasan, Mark Mote, Anqi Li, Christopher Banks, and Soobum Kim have all
contributed to the contents in this book, and hopefully they will find that I
have done justice to their elegant discoveries.

I want to end by saying that this book would not exist if it weren’t for
my fantastic family. The bulk of the writing took place during the COVID-19
outbreak in 2020 as Georgia Tech suspended on-campus activities and we
all sheltered at home. When other people took advantage of this new, reclu-
sive lifestyle by baking sourdough bread, making furniture, or learning an
instrument, I deprived my family of the prospect of tasty baked goods or a
new dining room set. Instead, they got a book about robot sloths. My wife,
Danielle, and my daughters, Annika and Olivia, were with me every slow-
paced step of the way. Their support, encouragement, and overall enthusiasm
for the project are truly what fueled the book. For that I am extremely grateful.
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1 Introduction

Robots are increasingly leaving the confines of their highly structured and
carefully curated environments within cages on manufacturing floors, aca-
demic laboratories, and purposefully arranged warehouses. This robot relo-
cation is taking the robots to new places, where they are expected to operate
across long temporal and spatial scales. For example, in precision agriculture,
it is envisioned that robots will be persistently embedded in fields, tending to
individual plants by monitoring and meeting their fertilizer, pesticide, or wa-
ter needs [38, 381]. These agricultural robots will be present in the pastures
throughout the full growing cycle, i.e., over an entire season [23]. Simi-
larly, a number of environmental monitoring scenarios have been considered,
where robotic sensor nodes are monitoring aspects of a natural environment
[124, 392]. Examples include searching for the possibly extinct Ivory-billed
Woodpecker in the forests of Louisiana [386], employing underwater robots
for tracking marine pollution or the spread of invasive species [189, 407], or
for monitoring the effects of climate change on the polar ice caps [388].

1.1 Long-Duration Autonomy

The deployment of robots over truly long time-scales in unstructured envi-
ronments poses problems that are fundamentally different from those faced
by robots deployed in factories or other controlled settings, where operating

3
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4 Chapter 1. Introduction

Figure 1.1: Artist’s portrayal of a NASA Mars Exploration Rover [196].

conditions exhibit only limited variability, power is readily available, and
regularly scheduled maintenance routines ensure that minor technical prob-
lems do not accumulate to produce catastrophic failures. But, in long-duration
autonomy, robots face a whole new set of challenges [71, 392], and this
introductory chapter highlights some of the main themes and opportunities
associated with these challenges, as well as makes the initial connection to
ecology, i.e., to the tight coupling between animal (robot) and its habitat
(environment).

1.1.1 Lessons from Mars

When two Mars Exploration Rovers (MERs), MER-A and MER-B, landed on
Mars in January 2004, they were tasked with completing individual missions
spanning 90 Martian solar days, which corresponds to roughly 92.5 days on
Earth [390]. Better known by their other names, Spirit and Opportunity, these
rovers, as shown in Figure 1.1, managed to outlast their expected life spans by
a significant margin and participate in five missions over 6 years and 2 months
(Spirit) and a staggering 15 years and 1 month (Opportunity) [292].

Key to the longevity of these rovers was, of course, a great amount of
highly ruggedized hardware and electronics, coupled with carefully designed,
stress-tested, and clever engineering solutions. Additionally, the rovers had
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access to a virtually endless source of solar energy, and their solar arrays
could generate as much as 140W per Martian day. Despite the abundance of
energy, it was the power system that was expected to be the limiting factor in
terms of the duration of the mission, as rechargeable batteries degrade over
time and, as such, are no longer able to recharge to full capacity. But the real
danger to the power system was the frequent Martian dust storms that not
only would block the sunlight, but also accumulate dust on the solar panels,
rendering them increasingly ineffective [296].

So why were Spirit and Opportunity able to perform their tasks signifi-
cantly longer than expected? The answer was both simple and surprising. The
same winds that sometimes caused dust storms on Mars would other times
clean the solar panels by sweeping away dust [146]. These co-called “clean-
ing events” seem to have happened much more frequently than what NASA
originally expected. As a result, the solar arrays were kept largely dust-free,
and the life spans of the rovers were significantly extended—from less than a
year to 15 years, in the case of Opportunity.

An immediate lesson one can draw from this interplanetary dust removal
anecdote is that interactions between MERs and the environment proved to be
beneficial to the rovers. But, at the same time, it was ultimately environmental
factors that did the rovers in. Spirit got stuck in some particularly soft and
sticky Martian soil during the summer of 2009. Despite efforts to free the
rover, it was forced to reinvent itself as a stationary “science platform”—
a task it performed for almost a year until contact was lost in 2010 [421].
Opportunity, on the other hand, did indeed get caught in a massive dust storm
during the summer of 2018 that covered the solar panels so completely that it
never recovered [421].

By necessity, the rovers were completely reliant on in situ solar energy,
which, in turn, carried implications for how the robots functioned. One of
the more striking manifestations of this dependence on sporadically present
sunshine was how slowly the two MERs moved. Opportunity, which was the
more peripatetic and well-traveled of the two rovers, had completed a full
marathon on Mars by March 23, 2015, which translates to a rather leisurely
finishing time of around 11 years and 2 months. The reason for this slow
and steady pace can be traced back to considerations about energy conser-
vation in conjunction with the need to stay away from trouble at all costs,
as it was impossible to rescue a MER after a catastrophic event. As a re-
sult, the planning algorithms used for the rovers were highly conservative in
terms of uncertainty management [74, 75, 257, 258]. Another way of phrasing
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this, using terminology borrowed from ecology, is that survival took precedent
over most other considerations, including any notions of performance-based
optimality.

The context in which this book is to be understood is that of long-duration
autonomy, and the tale of the two impressive Mars rovers, Spirit and Opportu-
nity, clearly highlights the two important themes of environmental interactions
and survivability.

e Interactions between robot and the environment in which it is de-
ployed play a key role in understanding design for long-duration
autonomy; and

e Survivability, i.e., the explicit focus on avoiding getting caught in
situations from which the robot cannot recover, takes precedent over
all other design considerations.

It should be pointed out that although the MERs were absolute robotic
marvels, and significantly advanced our understanding of robotics and au-
tonomy, their operations were not what one would strictly call fully “au-
tonomous.” Instead, the rovers employed what NASA dubbed “directed
autonomy,” where commands were transmitted once per day to the rovers. The
commands were encoded as event-driven sequences of motion commands that
the rovers parsed using on-board stereo-vision and path-planning algorithms
[50]. Despite this technicality, Spirit and Opportunity provide highly inspira-
tional examples of robots that succeeded at carrying out a series of complex,
long-duration missions over truly long time-scales.

1.1.2 Operations Beyond a Single Battery Charge

With the NASA Mars rovers as starting point, and using the key takeaways
from their story, we have a handful of promising themes for characterizing
and understanding long-duration autonomy. Perhaps the most important (and
obvious) observation is that the robots have to be deployed over long periods
of time for it to be considered “long-duration.” One does not, however, need
interplanetary travel to encounter situations where robots may be required to
be deployed over long time-scales. In fact, our homes are increasingly being
populated by household robots that are more or less in continuous operation,
using dedicated charging or waste deposit stations. Environmental robots are
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being deployed in terrestrial or aquatic ecosystems to monitor factors such as
plant growth, pollutants, wildfires, or climate trends, which may require the
robots to be deployed for entire seasons. Warehouse robots are expected to
perform fetch-and-carry operations; industrial robots are tasked with paint-
ing or welding; and mobile guide robots provide information to travelers in
airports, art aficionados in museums, or patients in hospitals—all without
taking breaks for maintenance or in other ways disrupting operations, e.g.,
[38, 187, 201, 381].

One way of defining long-duration autonomy is deployment beyond a sin-
gle battery charge (or tank of gas), and where the recharging (or refueling)
is part of the robot’s portfolio of responsibilities.! Note that we phrased this
in terms of “deployment” rather than in terms of a long-duration “mission.”
The reason for this is that we need to allow for situations where the mission
may change, or where new missions may be requested. Spirit and Opportunity
were sent to Mars to perform a focused science mission, but as they outlasted
their expected life spans, they ended up performing in five different missions
with completely different science objectives [292]. Perhaps even more strik-
ing and interesting is the situation where the robots may be deployed without
any particular mission in mind at all. They are just asked to be present in an
environment, waiting to be recruited to do whatever tasks need doing, follow-
ing an autonomy-on-demand model, as opposed to a mission-centric view of
what the deployment is supposed to be about [128, 304].

Regardless of whether the deployment involves a single, protracted mis-
sion, a sequence of multiple missions, or no clear mission at all,2 two
conditions must be satisfied for it to be considered a long-duration deploy-
ment, namely the deployment must last longer than a single battery charge,
and the robot must be able to recharge itself.

e Beyond a Single Battery Charge: The scope of the deployment must
be such that it is impossible for the robot(s) to successfully satisfy the
requirements on a single battery charge; and

IWe will use “battery” as shorthand for all sorts of different types of energy sources
unless the context requires that the particulars be explicitly called out.

20ne can of course argue—perhaps even successfully so—that having no mission at
all is actually a mission in itself. As we will focus on “deployment” rather than “mission”
as the defining characteristic of long-duration autonomy, this conundrum does not really
matter for the developments in this book.
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e Autonomous Recharging: No human intervention can be required in
order for the energy sources to be replenished. Instead, the robot(s)
must achieve this autonomously.

It is worth pointing out that the first condition, which states that a single
battery charge is not sufficient, does not imply that clever power-management
is not desired or needed.> On the contrary, power-management is certainly
playing an exceedingly important role in the successful deployment of robots
over long time-scales.

Once the robots are out in an environment for long periods of time, it
is quite natural to draw inspiration from other “systems” that are present in
environments over long time periods and need to “recharge,” namely animals.
This connection between animals and their habitats (ecology) and robots and
their environments (henceforth known as “robot ecology”) is indeed one of
the central themes of this book. To this end, a number of biological organisms
and habitats will be injected into the narrative in order to highlight and stress
particularly salient ecological principles.

1.1.3 On the Value of Slowness

As already hinted at, the impetus behind the NASA Mars rovers’ leisurely
pace can be traced back to two primary reasons, namely the need to take it
slow so as not to jeopardize the robots due to sudden or uncontrolled move-
ments, and the need to conserve energy. As the saying goes, “slow and steady
wins the race.” Even though it is rare to actually see a tortoise and a hare line
up and compete—if they did, the hare would most certainly win—the saying
would indicate that the hare also runs a much higher risk of having something
unforeseen happen to it due to its hasty outlook. Approaching new situations
in hazardous, or even hostile, environments in a careful and deliberate man-
ner is of particular importance when robots are supposed to be deployed over
long time-scales, without human intervention. For instance, one of the pri-
mary reasons why underwater robotics is so tricky is that it is very hard and
costly to recover malfunctioning or lost robots, e.g., [320, 367, 435]. Another
manifestation of this idea can be found in the area of safe learning, which is

3Energy (joules) is what is available to the animal/robot, while power (joules per sec-
ond, or watts) is the rate at which the energy is being delivered as work. So, “energy” will
refer to the total charge of the battery, while “power” to the rate at which the battery is
being drained.

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

1.1 Long-Duration Autonomy %

predicated on the observation that a careless exploration of all state-action
pairs can easily lead to the robot finding itself in disagreeable, and even
harmful, configurations [, 28, 45, 426].

Arguably, the primary reason for being slow—among animals as well as
robots—is not to be cautious, but to conserve energy. As such, if the available
energy is limited, which it usually is in nature, embracing a slow lifestyle can
stretch the crucial energy resources further. For instance, arboreal folivores
inhabit the ecological niche of spending their lives in the trees (arboreal),
while sustaining themselves solely on leaves (folivore) [428]. This is a chal-
lenging strategy since in order to dwell productively among the trees, animals
typically must be small and nimble so as not to simply fall down due to
miscalculated leaps or broken branches. Now, contrast this arboreal size con-
straint with leaf-eating. Leaves are complicated foods in that they can be
both toxic and structurally protected. In fact, as plants cannot move around
in order to avoid their predators, they must come up with other means of
defending themselves, like with thorns or spikes, or by chemical means [207].
Additionally, the cellulose fibers in the plant cell-walls that provide structural
scaffolding to the leaves also make them hard to digest. As a result, animals
who consume nothing but leaves must have a sufficiently long digestive tract,
i.e., have a big enough gut, to break down these complicated foods [428]. The
arboreal folivore is thus faced with the opposing requirements of being big
enough to break down the food, yet small enough to live among the treetops.

What is the solution to this size dilemma faced by the arboreal folivores?
Animals that occupy this ecological niche, such as koalas, two-toed and three-
toed sloths, and some lemurs, all have roughly the same size, and they spend
the vast majority of their time just sitting there among the treetops, doing
nothing other than digesting their food. And when they do move, it is typically
happening at an exceedingly slow pace. In other words, slowness has become
a response to a severely energy-constrained existence. We will, throughout
this book, return to these low-energy lifestyle animals as wellsprings of inspi-
ration. In particular, the three-toed sloth will serve as a particularly suggestive
source, culminating in Chapter 8 with the design of the SlothBot, a preview
of which is shown in Figure 1.2.

For now, the takeaway from this initial discussion about power-
management and slowness is simply that when operating in an environment
where unlimited power is not available, and where the deployment specifica-
tions require the robot to function beyond a single battery charge, being slow

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

10 Chapter 1. Introduction

Figure 1.2: The SlothBot—a slow and energy-aware robot developed to per-
form environmental monitoring tasks—traverses a cable suspended between
trees on Georgia Institute of Technology’s campus.

is part of the toolbox. In fact, slowness is one of the design principles that
separates long-duration autonomy from its short-duration counterpart.

1.2 Survivability

The shortest path between two points through a space populated by obstacles
is obtained by moving as closely to the obstacles as possible [225, 237], as
shown in Figure 1.3. Similarly, the fastest way for a car to come to a complete
stop at a stop sign is maximal acceleration until the very last moment, and
then the driver should slam on the brakes right at the stop sign [230].
Although optimal (minimum distance and minimum time, respectively),
both of these strategies are problematic. What if the range-sensors used for
detecting obstacles were not properly calibrated? In that case, the robot would
hit rather than skirt the obstacles. Or, what if the model of the brake’s effect
on the car’s motion was slightly wrong? In that case, the car might end up
coming to a complete stop halfway through the intersection rather than at
the stop sign, with potentially lethal consequences. As shown in [120, 208],
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Figure 1.3: The shortest path through an environment typically runs as close as
possible to obstacles (the polygons in the figure), thus rendering it non-robust
to measurement errors [225, 236].

optimality and fragility are closely related concepts, meaning that optimal
solutions are typically non-robust (or fragile) with respect to various types of
disturbances, such as measurement or modeling errors. And, in long-duration
settings, this lack of robustness can be catastrophic.

1.2.1 Costs and Constraints

Consider the problem of trying to make a solar-powered robot go to a partic-
ularly sunny spot to recharge the batteries. There are two different ways of
achieving this objective. First, one can define a performance cost that eval-
uates how well the robot is progressing towards the goal location, e.g., by
letting the cost be given by the distance to the goal. We denote this cost by
©Gcharge> and the controller should be chosen such that €parge is minimized,
either by incrementally moving against the gradient of the cost [251], or by
finding the overall best strategy that minimizes the cost, e.g., by employing
some path-planning method [225].

The second approach would instead be to define a constraint, abstractly
encoded as x € ¥ 440, Where x is the state of the robot, and where the con-
straint could say something like “the robot should always be able to make it
back to the charging station given the current energy levels.” The robot would
then be allowed to move freely as long as it did not violate the constraint.

Additionally, the purpose of deploying this robot is likely more than sim-
ply making it go and recharge. Instead, the robot is probably expected to
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perform some primary task, such as detecting interesting events, protecting
an area from intruders, or collecting Martian dust, and we let G5 be the
cost that encodes how well (or poorly) this primary task is being performed.
The question then arises: How should one balance these two different and
potentially opposing requirements of recharging batteries and performing the
primary task? The answer to this question depends on the context in which
the overall mission is to be understood.

Consider, for example, the peculiar lifestyle exhibited by mayflies. Once
they are past their nymph stage, they have an extremely short life span—as
short as a few minutes for the female Dolania americana—and their single
focus as adults is reproduction [186, 223]. This strategy leaves them with
no need to feed and, as a result, they do not even have fully functioning
mouthparts. Classifying this as long-duration autonomy would be a stretch.
Similarly, if the robot, just like the mayflies, is supposed to execute the pri-
mary task and then be done, and the primary task can be completed with a
single battery charge, then one should just ignore the charging requirement
and solely minimize %,s. One could call this approach the “short-duration
autonomy” approach, and it is how robotics algorithms are typically ap-
proached. But, as already discussed, a key attribute of long-duration autonomy
is that the robot should avoid catastrophic failures at nearly all costs since,
once it has failed, there is no recovery. And, getting stuck somewhere in a dark
corner of the deployment domain with completely depleted batteries certainly
counts as a mission-ending failure. Borrowing, once again, from ecology, this
translates to ensuring the survival of the robots.

With the notion of survival added to the mix, one approach could be to
impose scheduled behaviors, e.g., periodic visits to the charging stations, dur-
ing the execution of the primary task. The robot would thus switch between
minimizing e and Geparge in response to a power-management scheme,
e.g., [204, 374, 395]. But adhering to such fixed policies during execution
without regard to implications on achieving task goals is not ideal as the robot
would either solve the task it is supposed to solve, or recharge. But why not
do both?

An attempt at doing both would be to encode survivability as a per-
formance objective and somehow combine it with the other performance
goals. This could, for example, be done via scalarization, where the overall
performance cost would be given by a combination of the two costs, 0 Grask +
(1 — 0)Ccharge, for some o € [0, 1]. Alternatively, a so-called multi-objective
optimization approach could be used. In the former case, the primacy of sur-
vivability is not ensured unless o =0, raising the possibility of catastrophic
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failures in the opportunistic pursuit of short-term gain. In the latter case, none
of the available equilibrium or optimality concepts (e.g., Nash or Stackelberg
equilibria, or Pareto optimality) ensure survival, instead balancing, in one way
or another, the degree of survivability against other task performance criteria.
In short, these types of approaches fail to adequately recognize (or exploit)
the fact that surviving is a prerequisite to thriving in long-duration autonomy
applications.

As will be seen in subsequent chapters, it is indeed possible to focus on the
primary objective, yet ensure the survival of the robot. Constrained optimiza-
tion provides the appropriate semantics for describing such an outcome. In
other words, recognize the primary optimization or optimal control problem,
but add in constraints that ensure survival by letting the robot solve,

minimize Gqsk

(1.1)

subject to x € Yyurvive

where ¥,nvive could be equal to %4y, oOr it could be a more general con-
straint that contains a number of other survival considerations as well, such as
avoiding collisions or staying connected to other robots [128]. This seems like
a highly promising way of abstractly capturing what long-duration autonomy
could be about.

1.2.2 Robots that Do (Almost) Nothing

A particularly pertinent choice of performance cost, 64, in the previous sec-
tion is to measure how much energy the robot is expending. In the absence of
additional constraints, the optimal strategy would thus be to simply let the
robot do nothing, i.e., to let the actuators exert no forces or torques on the sys-
tem, which takes us close to the strategy employed by the arboreal folivores
during long stretches of their existence. In fact, the conservation of energy
is central to virtually all living organisms and, according to [357], the “pur-
poseful expenditure of energy” is one key characteristic of what it means to
be alive. As such, an initial, biologically motivated (yet mathematically vague
and, for now, potentially ill-posed) attempt at formulating a design principle
for robot ecology would be to modify the constrained optimization problem
in Equation 1.1 to the following optimization problem,

do as little as possible

1.2
subject to x € Yurvive- (1.2)
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One way of interpreting this formulation is as extreme, existential nihilism—
the meaning of life is to expend as little energy as possible, while barely
subsisting. Although a bit depressing, it is entirely consistent with basic
ecological principles, where an animal’s behavior is understood in large part
through an energy-balance calculus [357].

Imagine now that a team of robots has been deployed in an environment,
and are prepared to perform whatever tasks might be asked of them. One
could call this setup autonomy-on-demand, and between tasks, the robots
should merely be present in the environment, not running out of energy,
and mostly do nothing. In such a scenario, the sloth is a good role model,
and conducting oneself according to the constrained optimization problem in
Equation 1.2 seems like a reasonable strategy. Once the robots are recruited
to perform some task, the corresponding performance cost, 64k, can be in-
troduced, and the robot switches from the problem in Equation 1.2 to that in
Equation 1.1.

But, beyond doing nothing, what the autonomy-on-demand framework
suggests is the possibility of having robots with free time. The question then
becomes, what should these robots spend their time doing? There are indeed
opportunities afforded by being a robot of leisure. It could, for example, im-
prove its skills by learning and exploring better control policies. It could also
learn completely new skills. This is a bit more delicate as the robot is literally
tasked with doing nothing, and most of the machine learning apparatus re-
quires some sort of goal or reward against which the suitability of the control
actions can be evaluated. In the absence of such goals, one instead needs to
move towards a more “curiosity-driven” learning paradigm [217, 393, 416],
where the robot explores state-action pairs without a predefined, clear goal, or
where mismatches between actual and modeled effects are being pursued for
the purpose of getting more accurate models of the robot’s capabilities. But,
perhaps most importantly, interactions between environment and robot can be
better understood.

The interactions between robot and its habitat is imperative to the robot
ecology framework in that this coupling must be understood and leveraged in
order for the robot to successfully dwell in an environment over sustained pe-
riods of time. This is the topic of the next section, and an example is shown in
Figure 1.4, where a robot, using computer vision, must learn to discriminate
between objects according to their texture and color profiles. For instance,
the robot should learn to tell tall grass from boulders, as its ability to tra-
verse these “objects” is completely different. And, the only way to gauge the
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Figure 1.4: Based on an object’s texture and color properties, a robot must
learn which objects in the environment can be traversed and which cannot.

“traversability” of a particular type of object is to interact with it, e.g., to try
to drive through it without getting stuck [396].

1.3 Coupling Between Environment and Robot

As already discussed, survivability, i.e., the ability to avoid situations where
survival can no longer be ensured, can be naturally encoded as a constraint
rather than as a performance objective. This way of formulating survivabil-
ity is also consistent with ecological principles, where richness of behavior
is a direct function of environmental constraints [308, 357, 385], including
the abundance and distribution of resources, favorable microclimates, and the
prevalence of suitable mates or predators. Indeed, when ecologists study the
distribution of species and the composition of populations and communi-
ties, the environmental reality and the associated ecological constraints are
as important, if not more so, than any “goal-driven” behaviors [357, 385].
Based on this observation that constraints are fundamentally important to
animal behavior, one can thus ask if the constraint-based vantage point trans-
lates to effective control design principles for engineered systems as well. As
such, we will approach the design problem as one where the robots’ behav-
iors are mostly constraint-driven, such as avoiding collisions with obstacles
or other robots, or never completely depleting the batteries, as opposed to
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goal-driven. In fact, these types of constraints can be derived (albeit subject to
a slight robotic reinterpretation) from basic ecological principles. As ecology
is aimed at understanding the interaction of organisms with their environments
and with other organisms, this is a particularly fruitful metaphor also for
robots leaving the highly curated laboratory or factory settings, and entering
dynamic, unstructured, natural environments across long temporal and spatial
scales.

1.3.1 Ecosystems

As was discovered by the Mars rover team, the connection between robot
and environment was even more important for the longevity of the robots than
what was originally thought. Not only was the environment a source of energy,
it was an existential threat through dust build-up and soft and sticky sand. But
it also provided unexpected help when the Martian winds would swipe the
solar panels clean, thereby overcoming other, more adverse environmental
factors. What this anecdote tells us is that the robot and the environment it in-
habits should be thought of as a single system, which brings us within striking
distance of the idea of an ecosystem.

In the 1930s, a vibrant discussion took place among ecologists about the
proper way of thinking about these interconnections, and the term ‘“ecosys-
tem” was coined by the British ecologist A. G. Tansley in 1935. He writes
[402]: “The more fundamental conception is, as it seems to me, the whole
system (in the sense of physics), including not only the organism-complex,
but also the whole complex of physical factors forming what we call the
environment of the biome—the habitat factors in the widest sense. Though
the organisms may claim our primary interest, when we are trying to think
fundamentally we cannot separate them from their special environment, with
which they form one physical system.” This way of thinking about organism
(animal/robot) and environment as part of the same system—not in a loose,
metaphorical sense but in a tight, physical sense—will prove to be a fruitful
way of approaching long-duration deployments. In fact, as animals and plants
live (literally) in a physical environment, their form and function must obey
the rules of the physical world [385].

An illustrative example of how form is determined by the physical en-
vironment is the size of the pores in avian eggshells. As gas is constantly
passing through the eggshell throughout the incubation period to deliver oxy-
gen and nutrients, the movement of the gas follows a diffusion process, which

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

1.3 Coupling Between Environment and Robot 17

means that environmental factors such as altitude, temperature, and humidity
all matter to the type of egg (size of pores) the bird lays [357]. Similarly, rates
of processes (r) and animal dimensions (d) typically satisfy an “allometric”
relationship, r = ad®, with b being the allometric constant [86]. For instance,
heart rate versus body mass has an allometric constant of b~ —0.2 among
mammals, while the metabolic rate vs. body mass has b=~0.7 [86, 357].
In other words, chipmunks have a higher heart rate but a lower metabolic
rate than elephants. And these environmentally informed form factors have
implications for the animals’ functions.

On the functional side, animals constantly move among so-called envi-
ronment patches as the environment changes, over days, months, and even
years [357, 385]. And, for the purpose of this book, functional considerations
will play a more prominent role than form considerations. That is not to say
that form does not matter—it does. Only that the focus of this book is on the
control design considerations when deploying robots over long time-scales,
i.e., hardware will play second fiddle to software.

There are a number of situations where this idea of functional coupling
between robot and environment is not only useful, but crucial when deploy-
ing robots over long time-scales. The most apparent and covered situation
is the recharging of batteries using energy from the sun, meaning that the
robot must, every so often, find itself in a place with ample sunlight. In
other words, cave-dwelling robots must either surface every now and then
to bask in the sun, or they must rely on some other source of energy. How-
ever, energy harvesting does not provide the only beneficial coupling between
robot and environment. When aerial gliders or marine robots move through
their domains, updrafts and ocean currents, respectively, provide opportunistic
sources of low-cost mobility [6, 147, 373]. And passive walkers, e.g., [432],
only really function in worlds consisting solely of gentle downhill slopes—in
all directions.

1.3.2 Natural and Engineered Environments

So far, the discussion has been focused on natural environments. But, the im-
portance of harnessing the coupling between robot and its habitat is certainly
not diminished in engineered environments. Robots roaming around in ware-
houses or homes must not only be able to locate outlets, they must be equipped
with the proper hardware (e.g., plugs) to allow them to take advantage of the
available energy sources.
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From a mobility perspective, environment and hardware design go
hand-in-hand, and one reason why humanoid robots are deemed particularly
useful as companion robots in our homes is that our domestic environments
are already built for bipedal humanoids that are four- to six-feet tall, with
staircases that reward legged locomotion and doorknobs that are strategically
placed at certain heights. In other words, our homes are already superbly well-
suited for humanoid robots [156]. One does not, however, have to look to
the world of autonomous robots to see this phenomenon. For more famil-
iar and mundane vehicles, a carefully engineered environment is oftentimes
called for. Trains are extraordinarily well-positioned to take advantage of train
tracks, airplanes of airport runways, and cars of highways. We even some-
times modify animals to make them fit our engineered environments, such as
putting shoes on horses or electric collars on dogs.

As we will see in a later chapter, this idea of making slight modifications
to the environment for the explicit purpose of rendering the robots’ existences
more productive and safe will prove beneficial when deploying robots up in
the treetops in persistent environmental monitoring applications. Climbing,
as practiced by arboreal animals, is problematic from a safety point of view
in that a robot that falls out of a tree will probably not be able to continue
on with its mission. But, by stringing cables in the treetops, we can ensure
that the robots can dwell successfully in the tree canopies and remain safely
suspended, even when actuators fail or energy levels drop precipitously.

Regardless of whether the robots are to be deployed in jungles, on train-
tracks, or in kitchens, when the deployments transpire over long temporal
scales, unexpected things are inevitable [71]. The world is fundamentally a
messy place, and any attempt at enumerating all the possible things a robot
might encounter, in all but the most sterile environments, is doomed to fail.
As such, the strategies employed in long-duration settings must support adap-
tation to new situations. And they must achieve this while ensuring the robot’s
safety at all times and at (almost) all costs.

1.4 Summarizing and Looking Ahead

What this introductory chapter has done is paint a mood picture and describe
some of the challenges associated with long-duration autonomy. It also identi-
fied a collection of guiding principles that permeate the book and that illustrate
why long-duration autonomy, as compared to its short-duration counterpart,
is different from a control design vantage point.
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These principles combine together under the umbrella of Robot Ecology
as follows:

e The tight coupling between robot and environment is not only impor-
tant, it is absolutely crucial if the robots are to exhibit longevity;

e Survival is a prerequisite to thriving, i.e., rather than minimizing
performance-based costs, the control design should focus on ensuring
that various safety constraints are satisfied;

e Key among safety constraints is power-management since, if the
robot finds itself with depleted batteries without any ability to
recharge, it is game over;

e When the deployment takes place over truly long time periods, being
fast is oftentimes both energetically wasteful and dangerous, and the
robots should embrace a slow lifestyle; and

e Any attempt at enumerating everything the robot may encounter is
doomed to fail, and the ability to adapt to changing environmental
conditions and missions is a core attribute in long-duration autonomy.

The remainder of this book will take these casual observations and make
them more precise and mathematically well-defined. Part II of the book will
serve this purpose by establishing control barrier functions (CBFs) as the
proper framework for talking about robot survival using the constrained opti-
mization semantics. Once CBFs have been adequately introduced, they will be
drawn on to support persistified robot tasks, i.e., to modify nominal controllers
in order to extend the robots’ life spans indefinitely. The developed tools and
techniques will then be employed in Part III for long-duration deployments in
a number of different settings, with a particular focus on environmental mon-
itoring and conservation tasks. However, before these tools can be unleashed,
a more thorough discussion is needed of what robot survival actually entails,
and of how ecological principles can be put to use towards the overarching
theme of establishing a theory of robot ecology.
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Once the shift is made from a goal-driven, performance-centric design outlook
to one where survivability rules supreme, one needs to untangle what this
actually means technically. As already discussed, constraints constitute prime
candidates for encoding survival under the banner of robot ecology. However,
there are a number of other potential ways in which this can be (and has
been) approached. This chapter sets the stage for subsequent developments
by connecting to contrasting ideas for ensuring robot safety, such as using
dedicated, prioritized safety “behaviors.”

It is worth noting that survival, and its close cousin safety, only become
meaningful constructs when they are contextualized, since insisting on robots
not crashing into obstacles is rather pointless (and trivial) in a world without
obstacles. In fact, the already introduced, tight coupling between robot and
its habitat (deployment environment) asserts itself once again as critical when
developing a theory of long-duration autonomy. Of course, the idea that robot
design should be understood and control strategies constructed through the
lens of robot-environment interactions is not new. In the monograph Behavior-
Based Robotics [25], Ron Arkin states that

Robotic behaviors should match their environment well, that is, fit a
particular ecological niche.

20
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This certainly sounds like a statement very much in line with the robot ecol-
ogy theme. Although the mathematical formalism pursued in this book will be
quite different from previous attempts at characterizing these environmental
couplings, we, in this chapter, investigate what it means for a robot to sur-
vive over long time-scales by situating the long-duration autonomy concept
relative to other robot architectures.

2.1 Behavior-Based Robotics

As already observed in the introductory chapter, one attempt at ensuring that
a robot is safe is to switch between different controllers, thereby making sure
that safety controllers are given ultimate authority over the robot if need be.
Although a different vantage point was presented using the semantics of con-
strained optimization, prioritization seems like a perfectly reasonable attempt
at approaching the safety issue.

Following the definition in [25], a behavior is a “stimulus/response pair
for a given environmental setting.” And, if the environment is such that the
robot is driving rapidly towards an obstacle, the response from the obstacle-
avoidance behavior should be to slam on the brakes or steer away from the
obstacle, or both at the same time. If the so-called arbitration mechanism, i.e.,
the mechanism whereby control authority is given to different behaviors, is
such that the collision-avoidance behavior is solely in control, the obstacle
is guaranteed to be avoided (provided that the avoidance behavior is properly
designed), and the robot gets to live to fight another day. This is an example of
a behavior-based control architecture, e.g., [20, 22, 25, 62], where different
behaviors (or control strategies) are tailored to achieve different objectives,
and some prioritization scheme is employed to select the active behavior(s)
among the set of all available behaviors. This simple yet powerful idea is
illustrated in Figure 2.1.

For such a priority-based strategy to be successful, e.g., for it to be able
to ensure that the robot is indeed always safe in the sense that it not only
tries to do the right thing, but it also reacts quickly enough to the sensory
inputs, the response must be fast enough given the current state of the robot
and the environment. This idea of closely coupling the robot’s response to
direct environmental “stimuli” has a rich history, and one can produce remark-
ably intricate and sophisticated robotic responses using simple rules. W. Grey
Walter proposed such a design already in the mid-1950s, named Machina
speculatrix [422], that was later realized in hardware under the moniker
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Figure 2.1: An arbitration mechanism selects from a set of possible behaviors
as a way of establishing robot safety in the face of unknown and dynamic
environmental conditions.

“Grey Walter’s Tortoise” [188]. What this robot did was follow a series of
prioritized behaviors, including seeking out light sources, moving towards
said light sources, and avoiding obstacles. Here, avoiding obstacles would be
given higher priority than moving towards light sources, which, in turn, took
precedence over the light-seeking behavior. The result from this experiment
was quite suggestive, and the robot would move around in what seemed like a
highly purposeful exploration of its environment, searching for light sources. !

Although no formal guarantees were given for the overall performance of
Walter’s system, it sure did point towards the idea of systems that would per-
form some primary task (like exploration) and every now and then would go
and recharge the batteries based on the discovered resources (light). In fact,
one could argue that the developments in Chapter 5 of this book, focusing on
how to render primary robotic tasks persistent, is taking the Machina specu-
latrix idea and putting it on firm, mathematical footing. In that chapter, robots
are tasked with exploring an environment for the purpose of detecting events
and environmental phenomena of interest, all the while ensuring that the bat-
tery levels never get depleted by, every now and then, taking detours to sunny
spots to recharge the solar-powered batteries.

2.1.1 Behaviors in Robots and Animals

At the center of behavior-based robotics is, of course, the notion of a “be-
havior.” Unpacking the suggestion that a behavior is a response to a given

! Another early instantiation of this idea, where a number of so-called inhibitory and
excitatory behaviors were used to generate a rich class of robot motions, is given in [59].
These rules created a varied and compelling set of so-called Breitenberg’s Vehicles.
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environmental condition, this would abstractly translate to a map, 8: X — U,
where X is the space where not only the state of the robot takes on values, but
also where environmental states are contained, and U is the set of possible
control actions, as interpreted broadly. Typically, the set U is not overly prob-
lematic in that the robot dynamics, i.e., the mathematical characterization of
how the robot moves/evolves, is given by a controlled differential equation,
where the control term u € U is explicitly included. The set X, however, is a
bit more involved.

The robot model will inevitably contain a notion of state, x, which
will commonly live in some vector space, e.g., x € R”, describing things
like the robot’s position, orientation, and translational and rotational veloc-
ities. Yet, we also need to capture environmental conditions as well, since
the interactions between robot and environment is of paramount importance
[40, 114, 167, 224, 346, 405]. Factors such as the locations of obstacles or
other robots, the prevalence of sunlight (which, by the way, is time varying),
or the degree to which a particular terrain is navigable, all play their parts
when describing the way the robot can interact with the world. For now, we
will punt until Chapters 4 and 5 to address the technical composition of X,
and will simply assume that we understand, at least at a high-level, what is
meant by the joint environment-robot state space, X.

One of the recurring themes in behavior-based robotics is that the robot
should act on the highest priority behavior applicable in a given situation
for the purpose of the safety and survival of the robot, which is ultimately
why behavior-based robotics is a topic of significant relevance to robot sur-
vival. But, there are naturally other possible behaviors worth pursuing beyond
safety behaviors. In [24, 25], a number of such behaviors is given, organized
around the way in which they can be leveraged to interact productively with
the environment.

Behavior Classification | Example Behaviors

Exploration Wandering, covering an area, searching

Goal Seeking Seeking an object or area

Safety Avoiding collisions, protecting a boundary

Navigation Following a road or a stripe

Cooperation Foraging, flocking, forming a shape,
approaching the same location
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Figure 2.2: As the robot gets closer to the obstacle, the magnitude of the

obstacle-avoidance behavior vector increases, thereby indicating that this
behavior has a higher priority.

Some of these behaviors constitute positive “tropisms” in that they attract
the robot towards a particular object/region/direction, such as when “seeking
an object” or “following a road,” while others are negative tropisms, such
as when “avoiding collisions.” The way these attractions and aversions (also
known as excitatory and inhibitory influences) are encoded is not a priori
given, and a number of different such representations have been proposed.

To provide an example of how behaviors can be expressed, consider a pla-
nar, kinematic robot, whose state is given by its position and orientation. Us-
ing the “motor schema” formalism put forth in [21], one can let a behavior be
given by a two-dimensional vector, whose direction is dictating the direction
in which the behavior guides the robot to move, and its magnitude is weighted
by the priority of the behavior. The way one would approach robot survival in
this context is by increasing the magnitude of a given behavior as it becomes
more critical, e.g., avoiding obstacles should matter more when closer to ob-
stacles than when farther away. Once an obstacle is close enough, it should be
the only thing that really matters to the robot, as illustrated in Figure 2.2.%

As reaction times (relative to the time-scales of the environment) and the
resulting “urgency” of the behaviors are of the essence when trying to en-
sure robot survival, the distinction is sometimes made between “reactive” and
“deliberative” behaviors, where the reactive behaviors are more immediate,
e.g., purely algebraic mappings from perception to action, without the use

2Even if one has committed to encoding behaviors as vectors whose magnitudes corre-
spond to their priorities, it is not evident how the behaviors should be combined. One could
add them together using vector superposition, where the behaviors with higher priorities
matter more than others. But one could also envision a winner-takes-all kind of arrange-
ment. This behavior “combination” is referred to as an arbitration mechanism, and it is the
topic of a subsequent section.
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of intermediary world-representations, such as maps or object classifiers,
in order to produce “timely robotic responses in dynamic and unstructured
worlds,” to borrow a quote from [25]. This tight coupling obviously provides
a nod towards survivability as it places the immediate nature of the action
front and center. This is also the case in nature, where reflexes and even
dedicated, special purpose neural systems have been observed to produce im-
mediate responses to stimuli, like cockroach locomotion, visuomotor control
and coordination in flies, and even scratch reflexes in turtles, e.g., [20, 21, 22].

And, speaking of which, the animal kingdom provides a wealth of op-
portunities when it comes to behaviors. Robotics has, repeatedly, gone back
to this well for the purpose of both bio-inspiration and bio-mimicry,* e.g.,
[16, 70, 115, 190]. Ethology is the study of animal behaviors under natural
conditions. In that discipline, it is stressed that behavioral studies must primar-
ily take place in the wold, as an animal’s response can only be meaningfully
interpreted in its natural setting [248], which certainly resonates with the eco-
logical idea of a complete system, where the animal (and its behaviors) is but
one constituent part of the ecosystem in which it resides. As such, this seems
like a promising place to originate a theory of survivability for long-duration
deployments.

Survival is not fully a matter of always being fast, as shown with painstak-
ingly slow-paced clarity by the Mars rovers. In fact, it comes down to timely
responses to external stimuli, where some have to be fast, like moving away
from an immediate danger, while others should be slow, like migrating to a
more amiable territory. As such, one ethological way of classifying animal be-
haviors is based on their time-response profiles, as is done in [41, 270], with
the classes being (from fast to slow):

e Reflexes: Rapid, involuntary responses triggered by environmental
stimuli;

e Taxes: Responses that direct the animal toward or away from stimuli;
and

e Fixed-Action Patterns: Responses that persist for longer than the
stimuli themselves.

3The difference between bio-inspiration and bio-mimicry is that the former concerns
itself with finding solutions to problems that are inspired (sometimes rather loosely) on
arrangements encountered in the natural world. The latter, on the other hand, has the
goal of precisely replicating biological designs. Bio-inspired researchers ultimately do not
necessarily care if they get the biology right. Bio-mimicry researchers most certainly do.
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A hierarchical structure that has a similar organization around how “ur-
gent” an animal’s behavior might be, from a survival vantage point, is
provided in [248], with urgency being organized from fastest to slowest,

Fast: Chasing, fighting, displaying
Medium-Fast: Parenting, courting, nesting
Medium-Slow: Guarding territory

Slow: Migrating

This way of thinking about animal behaviors in terms of their sense of
urgency and time response profiles naturally foreshadows a formal notion of
survivability, as will be seen in subsequent chapters, where a constraint-based
formalism allows for different survival concerns to evolve according to their
own, natural time constants, as encoded through the system dynamics. The
main conclusion to draw from this discussion about behavior-based robotics
is that the organization of robot actions as more or less immediate responses
to sensory stimuli allows for a design where more pressing safety and survival
concerns are given precedence over less urgent activities. Fighting off preda-
tors takes precedence over migration (animals), or not driving into things
takes precedence over finding lost objects in the environment (robots).

2.1.2 Arbitration Mechanisms

Given a robotic system that has been designed around a number of behav-
iors, dedicated to performing targeted tasks or mapping external stimuli to
motor control actions, the next order of business is to decide which behavior
to use in which situation. And, viewed from afar, a basic organizing principle
in behavior-based robotics is to always pay sufficient attention to, and subse-
quently act on, the highest priority behavior in a given situation [25, 62]. But
there are a number of different ways in which this organizing principle can be
interpreted, e.g., [20, 22, 59, 62, 64, 129].

What must be decided is thus, when a robot is equipped with a collection
of relevant behaviors, how should it choose which behavior (or which set
of behaviors) to execute given the particular environmental circumstance it
finds itself in? Additionally, if more than one behavior is allowed to be active
and influence the motion of the robot at any given time, the combination of
these behaviors must be properly framed. Returning to the situation of a planar
robot, with position x € R?, and adhering to the program of letting behaviors
be encoded by a vector §; (x, x.) € RQ, where i is the index of the behavior and
X, 18 the environmental state—as perceived by the robot—the motor schema
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interpretation associates the priority of Behavior i with the magnitude, i.e.,
priority(8i) = || Bi |-

If Behavior i is the only relevant/active behavior in a given environ-
mental circumstance, and if we let 8 encode the output from the arbitration
mechanism, we would have the trivial output 8 = §;, in this particular case.
Correspondingly, one should move the robot in the direction dictated by the
behavior, e.g.,

181 @D
Here, B/||B|l is a unit vector pointing in the direction of 8 (the direction
the behavior is telling the robot to move in), and « is a positive gain—pos-
sibly state-dependent—that corresponds to the speed at which the robot is
prescribed to move.*

But what should happen when more than one behavior is claiming to be
relevant in a particular situation? One choice of arbitration mechanism could
be to use a winner-takes-all strategy, whereby the highest priority behavior
completely dictates what the robot should do (as was the case for Grey Wal-
ter’s tortoise [422]). If we continue the convention of letting 8 be the output
of the arbitration mechanism, and let .« be the set of active behaviors, the
winner-takes-all approach is given by

B = Bi», with i* =argmax; ., {priority(5;)}. (2.2)

This strategy is shown in Figure 2.3 (Top), where &/ ={1, 2,3}, and
where priority(8;) > priority(81) and priority(8;) > priority(S3). As a result,
B=p.

Using the terminology from the previous chapter, the winner-takes-all
strategy corresponds to hard switches among behaviors. Although appeal-
ing in that survival might be ensured by letting the most pressing concerns
be addressed completely, this way of switching among behaviors is not
unproblematic from a robot ecology vantage point. For instance, how do we
know that the prioritization is done correctly? What if a robot is both about
to run out of battery charge and slam into an obstacle? Should it go towards
the charging station or avoid the obstacle? Which one has a higher priority?

4This controller is just one of many different possible controllers that move the robot
in the direction dictated by S. It is to be thought of as nothing more than an illustrative
example rather than a definitive statement about robot control.
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Figure 2.3: Arbitration mechanisms. Top: The behavior with the highest
priority (largest magnitude) is selected based on a winner-takes-all strategy.
Middle: A blended strategy is employed, where the behaviors are combined
using vector superposition. Bottom: Each behavior provides a vote over the
possible robot headings and the final behavior is steering the robot in the di-
rection that receives the highest, combined vote, abstractly denoted by the @&
operator in the figure.
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If the obstacle is avoided without consideration for the location of the charging
station, the robot may remain dent-free yet end up stranded with completely
depleted batteries without any means for recharging. Ever. Or, if it prioritizes
going to the charging station, it may break by running into the obstacle. The
solution, of course, would be to somehow do both at the same time.

In the original motor schema formulation [20], behaviors were combined,
or “blended,” based on their priorities using a direct superposition of the
behaviors,

B=Y B (2.3)

ied

Here, the priorities are implicitly taken into account as more urgent behav-
iors have a larger magnitude and, as a result, contribute more to the vector
summation than smaller-magnitude vectors. Although the resulting vector, 5,
may have a significantly larger magnitude than the constituent behaviors, this
is not a problem as the normalization in Equation 2.1 ensures that only the
direction of B matters. The effect of using vector summation as the arbi-
tration mechanism is shown in Figure 2.3 (Middle), where Behavior 2 still
matters more than the other behaviors by virtue of its higher priority. From
a survival vantage point, this way of doing things seems reasonable—at least
most of the time. However, it is also clear that there are situations where a
winner-takes-all strategy is the only feasible way to go. If the robot is about
to experience a catastrophic failure unless a single, critical act is performed,
blending behaviors does not seem prudent.

So what is an arbiter to do if the winner-takes-all strategy is too focused on
achieving single tasks at the expense of the overall mission, while a blended
strategy can miss the mark in terms of ensuring robot survival? A slight twist
on the theme of vector summation that allows for quite a bit of generality was
provided by Julio Rosenblatt’s DAMN (Distributed Architecture for Mobile
Navigation) framework [361]. The idea is to let the different behaviors vote
over the set of possible actions. In the case of the planar robot, where the
behaviors provide desired headings for the robot to steer towards, the votes
could for instance be a function §; : [—m, ] — [0, 1], where the behavior is
no longer a vector but a function that associates a vote between 0 and 1 to
each possible heading in which the robot could move in. By adding all the
behaviors together, as is done in Figure 2.3 (Bottom), one would get a new
function defined over the domain [—z, 7], and the direction of travel would
simply be the heading that receives the highest overall vote.
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Figure 2.4: Three different arbitration mechanisms. Left: The robot is blend-
ing the effects of a go-to-goal and an obstacle-avoidance behavior. Middle:
By switching between the two behaviors, a winner-takes-all strategy is em-
ployed. Right: A constraint-based strategy is used to make sure that the robot
navigates towards the goal while staying away from the obstacle.

Variations to this theme have been envisioned, where, for example, nega-
tive votes are allowed. Or where vetoes (do not, under any circumstance, move
in a vetoed direction), or even impulse votes (move in a particular direction
no matter what the other behaviors might be saying) can be used to enforce
certain behaviors [65, 334, 434]. From a survival point of view these more
general interpretations of the voting rules take us closer to something that re-
sembles constraint-based control design in the sense that hard constraints can
be enforced, e.g., through vetoes, so that the robot moves as close as possible
to some desired heading (as specified by some performance-based behavior),
while staying away from unsafe regions (as specified by the safety behaviors)
no matter what.

In Figure 2.4, these three different forms of arbitration mechanisms are
implemented on a mobile robot, based on [129]. In the left figure, a blended
(vector superposition) strategy is used to produce a smooth but not necessarily
safe robot motion by combining a go-to-goal behavior with an obstacle-
avoidance behavior. In contrast, the middle figure depicts what happens when
a winner-takes-all strategy is utilized to have the robot switch between two
behaviors. As can be expected, the result is somewhat abrupt and the robot
ends up switching quite a few times between the two behaviors. The right
figure shows what happens when the go-to-goal behavior votes for desired
directions of travel but the obstacle-avoidance behavior acts as a constraint
by vetoing certain directions of travel that would otherwise lead to a col-
lision. From a long-duration autonomy and robot ecology perspective, this
third option seems most promising in that the result is both guaranteed to
be safe, while progressing the robot towards the completion of a task, such
as reaching a goal location. In fact, this approach will be reinterpreted in a
control-theoretic setting in Chapter 4 as a way of achieving provably safe yet
performance-centric robot motions.
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2.2 Multi-Robot Behaviors

So far, safety has primarily been understood and discussed in terms of not
colliding with obstacles. But, if more than one robot is participating in
the long-duration mission, not colliding with fellow robots matters as well.
And it is important to note that other robots are not just moving obstacles.
They can be collaborative and friendly, indifferent, or even malicious, e.g.,
[142, 276]. To this end, the realm of multi-agent robotics and multi-robot be-
haviors requires its own, dedicated treatment, separate from its single-agent
counterpart.

2.2.1 Flocking and Swarming

The connection between animal behaviors and robotics is rather immediate
and pronounced when large groups or teams of individuals are being consid-
ered. The elegant and mesmerizing coordinated motions of swarming insects,
flocking birds, or schooling fish have repeatedly served as sources of inspi-
ration for multi-robot behaviors, e.g., [40, 70, 115, 142, 190]. In fact, many
coordinated motion models, such as Craig Reynolds’ celebrated Boids® model
[356], started out as a scheme for generating artificial, collective animal be-
haviors, e.g., for the purpose of computer animation.® Due to its prominence
in the literature as one of the originators of algorithmic multi-agent behav-
iors, we here, briefly, discuss the Boids model. At its core, Reynolds’ model
is based on three different multi-agent (or better yet, multi-robot) behaviors,
as illustrated in Figure 2.5, namely separation, cohesion, and alignment.

e Separation: Move away from nearby agents in order to avoid
collisions and crowding agents too closely together.

e Cohesion: Move towards the center of mass of neighboring agents in
order to keep the team together.

e Alignment: Have the agents steer in the direction of the average
heading of nearby agents in order to keep the team moving in roughly
the same direction.

SSupposedly, “boid” is how one would pronounce “bird,” using a particular New Yorker
sub-dialect.

The Boids model made its feature film debut in 1992 in Tim Burton’s Batman Returns,
where penguin armies marched through Gotham City according to the rules of the Boids
model [32].
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Figure 2.5: Reynolds’ Boids: Left: Separation. The robot moves away from its
neighbors. Middle: Cohesion. The robot moves towards its neighbors. Right:
Alignment. The robot orients its heading towards the average heading of its
neighbors.

Of these three rules, the first one (separation) is directly concerned with safety
and survival, while the remaining two (cohesion and alignment) are more fo-
cused on making the team do something useful beyond just not slamming into
each other.

The Boids model’s three constituent behavioral building blocks have been
augmented, modified, and generalized for a number of different application
purposes. In multi-agent robotics, these generalizations (and their biological
sources of inspiration) include applications such as foraging (zebras [243]),
coverage control (termites [37]), collaborative transport and manipulation
of objects (ants [46]), formation control and assembly (birds [324] and fish
[97, 399]), and perimeter defense (wolves [256], dolphins [177], and lions
[99, 175]—see Figure 2.6).

These types of biologically inspired, coordinated motion patterns are un-
doubtedly aesthetically pleasing, but they serve other purposes as well in
terms application needs. They are also potentially advantageous from a sur-
vival vantage point, and ethological studies of animal societies have shown
that a collaborative approach offers clear advantages when it comes to achiev-
ing a wide range of communal tasks, e.g., [57, 70, 73, 406]. In [406], an
extensive catalog of useful, social activities among animals is given, including
the following subset:

e Sympathetic induction (i.e., doing the same thing as other individuals,
such as yawning);

e Reciprocal behaviors (e.g., feeding young animals through induced
regurgitation);
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Figure 2.6: Three robotic lions are chasing down a gazelle (Center) using a
coordinated pursuit-evasion strategy [99].

Family and group life behaviors;

Mating behaviors;

Persuasion and appeasement;

Peck orders;

Antagonistic behaviors (conflict) and fighting behaviors;
Mutual hostility (spreading the society over a region); and
Flocking and herding.

Some of these types of social activities have found their way into the
multi-agent robotics domain, e.g., [70], where robots are to coordinate their
activities based on locally available information, e.g., based on sensor read-
ings. In the following section, we describe how coordinated control strategies
can be constructed more generally, and then tie them back to some of the
biologically grounded examples and scenarios.

2.2.2 Coordinated Control

Broadly speaking, a distributed multi-robot behavior has to satisfy four dif-
ferent requirements for it to be feasible [93, 253], namely it must be (i) local
in the sense that individual robots can only act on the available information,
e.g., through sensing or active communications—this is sometimes referred
to as the behavior being “distributed”; (ii) scalable in that the algorithms
executed by the individual robots cannot depend on the size of the entire
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team—sometimes referred to as “decentralized”; (iii) safe—as robots are
physical agents, deployed in the real world, they must be safe both relative to
collisions with each other and relative to the environment; and (iv) emergent
in the sense that global properties should emerge from the local interaction
rules—preferably in a provable manner, e.g., [68, 253, 276].

A number of multi-robot behaviors—biologically inspired or otherwise—
that satisfy these four requirements have been developed for such purposes
as achieving and maintaining formations [197, 311, 318, 438], covering ar-
eas [94, 95, 271], securing and tracking boundary curves [277, 397, 440],
or mimicking biological, social behaviors, such as flocking and swarming
[97, 98, 170, 356]. We here describe how such behaviors can be constructed
in a systematic manner.

To make matters concrete and to illustrate how multi-robot behaviors can
be produced that satisfy the requirements, consider a collection of N robots,
with positions x; e R”, i =1, ..., N, with p =2 in the case of planar robots,
and p = 3 for aerial robots. These robots could, for instance, be equipped with
omni-directional range sensors, which enable them to measure the positions
of nearby robots relative to their own positions, i.e., Robot i can measure the
value x; — x; if Robot j is within range of Robot i’s sensors.

The flow of information, through sensor measurements or over communi-
cation channels, can be encoded abstractly as a neighborhood relation among
robots. Formally speaking, we say that Robot j belongs to Robot i’s “neigh-
borhood,” j € Nj;, if information—in some form or another—is flowing from
Robot j to Robot i. And, to ensure that the behaviors are indeed local, the
robots must act solely based on the available information in such a way that
appropriate global objectives are achieved.

Returning to Reynolds’ cohesion concept as a starting point, we can define
a measure of how far the robots are from each other, i.e.,

N
1 1 9
Seohesion(X) = 5 Z Z §||xi —Xj -, 2.4
i=1 ]EN,'
where we use x € RPN to denote the joint state x = [xlT, .. .,x]{,]T. This

performance measure, &zohesion» 1S Zero when the robots are all at the same lo-
cation, i.e., they have achieved total cohesion, or “rendezvous” [17, 96, 239].
Rendezvous constitutes an extreme form of cohesion—all the robots end up
in exactly the same location—but it serves as a fruitful starting point for the
discussion about how to generate more useful multi-robot behaviors.
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Figure 2.7: A team of robots are solving the rendezvous problem by executing
the consensus protocol in Equation 2.6. As prescribed, they end up converging
to the same location.

One way of achieving rendezvous, i.e., to make &zppesion =0, could be to
make use of a gradient descent flow, i.e., to let the robots move in the direction
of the negative gradient of the cohesion measure. To this end, assuming that
the neighborhood relationship is symmetric, the gradient of &onesion, With
respect to the individual robot positions, is given by

0 E¢ohesion(X) j
%:,%;(xi—w)’ i=L... N, .

giving the negative gradient flow,

ii=—) (xi—x;), i=1,...,N. (2.6)

JEN;

This motion model is oftentimes referred to as the consensus equation’ [47,
140, 316, 355], and its effect on a robot team is shown in Figure 2.7.

Numerous variations on the consensus equation have been proposed and
applied across a wide spectrum of scenarios. For example, let p=2, i.e.,
the robots are planar, and assume that they are arranged in a “directed cy-
cle topology” such that each robot’s neighborhood set is given by the single
individual directly ahead of the robot in the cycle. Then, instead of letting the
robots “aim” towards their neighbors (following the cohesion recipe), they
can instead move with a slight offset, as

Xi=R(=y)(Xit1—xi), i=1,...,N—1,

2.7
iy = R(—9)(x1 — xy), @D

TThe reason for the “consensus” monicker is that, by moving around, the robots are
agreeing (or reaching consensus) on where to meet.
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Figure 2.8: Six robots are executing the cyclic pursuit behavior in Equation
2.7, with ¢ = /6, which leads them to asymptotically converge to a circle
formation.

where R(—) is the rotation matrix of angle —1ir. If the offset angle is
Y =m /N, a perfect circular motion is achieved—so-called cyclic pursuit—
while, if ¢ < /N, the robots will spiral inwards towards a common location
(achieving rendezvous in a somewhat roundabout way), and if ¢ > /N,
they will spiral outwards, away from each other [261]. This is showcased in
Figure 2.8.

Similarly, if instead of reaching agreements over the positions, the robots
agree on what direction they should move in, i.e., the consensus equation

operates on the robot headings instead of their positions,®

di=—> (@i—¢). i=1....N, (2.8)

JEN;

where ¢; is the heading of Robot i, then a so-called flocking behavior emerges
[194, 318, 401], as illustrated in Figure 2.9 (Left). Or, using the terminol-
ogy established by Reynolds, the robots achieve “alignment” by coming to an
agreement over their headings.

From the vantage point of survivability, the consensus equation is a miser-
able algorithm. It is literally causing the robots to crash into each other, and
the end result is an N-robot pileup. To remedy this and turn the consensus

8This equation must be interpreted modulo 27 as the angles otherwise may do what
angles do and wind up with large numbers way beyond 27z, with wildly rotating robots as
the result.
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Figure 2.9: Variations on the consensus equation. Left: flocking. Right: for-
mation control. In these figures, the robots start at the lighter locations and
arrive at the darker locations. In the formation control scenario, no particu-
lar geometric shape is prescribed. Rather, the robots move so as to achieve
desired inter-robot distances.

equation into a more useful multi-robot behavior, it needs to be augmented to
ensure that the robots do not get too close to each other.

2.2.3 Formation Control

We have now seen examples of cohesion and alignment behaviors, using
the terminology borrowed from Craig Reynolds. But what about separation?
This is arguably the most important multi-robot behavior for the purpose
of safety and, by close association, survival. In fact, as a direct gener-
alization to the cohesion performance measure in Equation 2.4, consider
instead the symmetric, pairwise performance cost between Robots i and j,
&ij(llxi —x;l) = &ji (llxj — x; ), where we again assume that the information
exchange network is symmetric, i.e., j € N; & i € N;.
Gathering up all the terms, the global performance cost is given by

1 N
E@ =352 &illlxi —x;).

i=1 jeN;

2.9)

The Chain Rule tells us that
061 (lxi —x;ID 8 (llxi —x;j1) (i —x;)
0xi allxi — x|

”“‘C. X ”
1 /

(2.10)
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i.e., the partial derivative is a scalar function, w;;, of the inter-robot distance
times the relative displacement, x; — x ;. As such, the gradient descent rule not
only satisfies the local property required of multi-robot behaviors, it is given
by a “weighted consensus protocol,”

08
Gi=—o— == wi(lx —x; ) —xj). 2.11)

ax; .
JEN;

The reason why this construction is systematic and theoretically justified
is, if we restrict & to positive semi-definite functions that are O only at the
desired, global configurations, we note that

2

2.12)

d& 28T XLasT IE
—_— — —_—X = — R
dt ox ax; 0x

In other words, & is a Lyapunov function and one can resort to LaSalle’s
Invariance Principle, e.g., [209], to ensure that the desired configuration is an
(at least locally) asymptotically stable equilibrium point.’

A number of examples of this construction have been discussed in the
literature. First, as already encountered, the standard consensus equation can
be derived from

1 2
éaij(llxi—lel)=5||xi—xj|| = w;;=1. (2.13)

If the error is just the norm, as opposed to the square of the norm, then

1

_ (2.14)
llx; — x;ll

&illxi = x; 1D = llxi = xjll = wi; =
which is a form that has been used in [97] to describe coordinated behav-
iors among schooling fish. The interpretation here is that, as fish pay more

attention to nearby fish, the square norm in Equation 2.13 counteracts this by
penalizing deviations from faraway fish in an overly aggressive manner.

9This is true only as long as the neighborhood sets do not change. If they do, e.g., if
the robots move in and out of each others’ neighborhoods, then & will experience dis-
continuities, and either a hybrid version of LaSalle’s Invariance Principle must be used,
or arguments must be employed that establish that sooner or later, the neighborhood sets
become static—see, e.g., [111, 183, 285].
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If the robots are supposed to arrange themselves at a prescribed inter-robot
distance, &, we obtain a formation control behavior, e.g., [103, 134, 227, 232,
311, 440], as opposed to a rendezvous behavior. An example of this, found in
[276], is given by

i —x;ll =8

1
Sijlllxi —xjlh= E(”xi —xjll = 8)* = w;j = (2.15)

llxc; — ;i

The interpretation here is that the weight is negative if the robots are closer
than § apart, thereby repelling each other, while agents that are farther than §
apart are attracted through the corresponding positive weight, as illustrated in
Figure 2.9 (Right).

One complication associated with multi-robot networks is that, through-
out the maneuvers, the network should typically stay connected for the team
to behave properly [197, 371, 437, 439]. Connectivity can be ensured through
a connectivity maintenance behavior that is constructed to make the weights
sufficiently large as the inter-robot distances approach a critical distance, A,
which is the distance where the robots are no longer able to sense and/or
communicate with each other. In [197], the following choice was shown to
guarantee connectivity maintenance

llx; — x;1I? » 2A — ||x; — x|
S RTIET ij = )
A —lx; — x| (A — |lx; — x;1D?

&ij(llxi — x;j1l) = (2.16)

A combined formation control and connectivity maintenance protocol could
thus be

1 i — i1 =8 )*

s
- 1 [loci —x; 1l
ij = s
(A = lx; —x;1)?

(2.17)

as shown in Figure 2.10. In that figure, the behavior in Equation 2.17 is used
to generate a motion pattern that is both provably safe (no collisions) and
maintains connectivity (no robots get disconnected from the group). These
two ingredients—safety and connectivity—are going to play significant parts
in the broader survivability narrative.

What all of these constructions show is that it is possible to achieve rich
and diverse multi-robot behaviors through a systematic selection of scalar

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCChost -

40 Chapter 2. Survival of the Robots

Figure 2.10: 15 robots are forming a “G” by executing the formation control
strategy in Equation 2.17.

weights in the consensus equation. But, if the objective is not to assemble a
particular shape, but rather to spread the robots out to cover an area, mod-
ifications to this construction are needed. This is particularly pertinent to
environmental monitoring applications, where robots are to be deployed over
a natural domain for the purpose of collecting environmentally relevant data.

2.2.4 Coverage Control

Although coverage control cannot be directly phrased in terms of a negative
gradient flow to a sum of pairwise performance costs as in Equation 2.9, it
can still be approached through a slightly more involved performance mea-
sure. More specifically, the planar coverage control problem concerns itself
with having a collection robots cover an area, Z C R2, in an optimal manner
[68, 95].

To this end, let each robot be in charge of all the points in & that are
closest to that particular robot. This is not an alien concept to ecology, and
in that field, this subset of the domain is known as the agent’s (or animal’s
or animal group’s) region of dominance [308, 357]. By dividing & into a
collection of such regions, we have produced a partition of & into N Voronoi
cells,!? with the robot locations, x;, i =1, ..., N, as “seeds,”

Vix)={peZ|lxi—pl =lx;—pll. Vj#i}. (2.18)

10Note that we use the Euclidean distance to define what it means to be “closest.”
However, the concept of a Voronoi partition is flexible enough to allow for other notions
of distance that can be used to capture robot capabilities, such as limited energy [220],
different sensing ranges or footprints [226], or motion constraints [34, 221].
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If we assume that points closer to Robot i are covered more effectively
by that robot than points farther away, we can associate a strictly increasing
cost, as a function of distance, with the quality (or, rather, lack thereof) of the
measurements experienced by Robot i, located at x;, when measuring point
p € 9. For the purpose of mathematical clarity, we can let this quality mea-
sure be given by the distance squared, ||x; — p||2, which, in turn, allows us to
write down the so-called locational cost associated with the robot positions,

N
(gcoverage(x)=2/y( [|xi —P||2<P(P)dp- (2.19)
i=1"7i®

Here, the function ¢ : 2 — R measures the relative importance of points in the
environment, i.e., if ¢(p) > ¢(g), then point p is more important than point g
for the robot ensemble.

Taking the partial derivative of this locational cost gives

aéacoverage

3 = 2/ (xi — p)e(p)dp. (2.20)
Xi ¥ (x)

Following the program laid out in the previous paragraphs, using a gradient
descent flow as a way of unleashing LaSalle’s Invariance Principle, gives

X =2 /m )(p —x)@(p)dp =2m;(x)(x; — pi(x)), (2.21)

where m; (x) = [, 9(p)dp and p; (x) = [, ., Pe(p)dp/m;(x) are, respec-
tively, the total mass (as defined by ¢) and center of mass of the ith Voronoi
cell.

The expression in Equation 2.21 is a bit untidy. To remedy this, one can
scale the control action by a positive gain, to obtain a scaled descent flow.
Under the particular choice of gain given by 1/2m;(x), the scaled gradient is
given by

1 B@@C()verage
2m;(x) 0X;

=x; — pi(x). (2.22)

The resulting, descent-based control law is a continuous-time version of
“Lloyd’s algorithm” [245], for coverage control,

Xj = pi(x) — xi. (2.23)
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Figure 2.11: By moving against the gradient to the locational cost in Equa-
tion 2.19, the robots solve a coverage problem by converging to a Centroidal
Voronoi Tesselation. (Points in the environment are shaded according to their
importance, as captured by the density function, ¢.)

This update law solves the coverage control problem in that it makes the
robots reach (asymptotically) a so-called Centroidal Voronoi Tessellation
(CVT), whereby x; = p;(x), i =1, ..., N. That this coverage behavior is in-
deed resulting in an optimal coverage configuration is ensured by the fact
that CVTs are locally optimal configurations to the locational cost [95]. An
example of this algorithm in action is given in Figure 2.11.

What we have now seen is a collection of valid multi-robot behaviors—
from rendezvous and formation control to coverage control—that respect the
distributed nature of the robot team, and that can be used to ensure safety
and survivability. We will return to these behaviors throughout the narrative
as generators of useful multi-robot motions. Just as ecosystems are populated
by more than one lonely, single organism, most long-duration deployments
will inevitably involve multiple robots. For this reason, it is important to
understand not just how to make individual robots safe, but how to ensure
safety and survival for the entire team, which is ultimately why it is necessary
to establish the basic language for describing multi-robot behaviors. How-
ever, the matter of full-blown survival of robot teams will have to wait until
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subsequent chapters, under the formal umbrella of constraint-based control
design.

2.3 The Combinatorics of the Real World

Rather than pursuing additional behavioral design questions, we note that no
discussion about robot survival is complete without a nod towards the plethora
of objects and events the robots might encounter (and hopefully survive said
encounters) during their deployments. The bad news is that long-duration au-
tonomy, taken to its extreme, implies that anything that can happen, sooner
or later will indeed happen. For instance, a rule of thumb in the autonomous
vehicle literature is that a fatal accident happens in the United States roughly
every hundred million miles when cars are piloted by human drivers [195].
As such, for autonomous vehicles to live up to their promise of improving
traffic safety, they must exceed that number. But there is a lot of weird stuff
that happens on the roads during a hundred-million-mile journey. Cows and
deer enter the highways, hailstorms and mudslides erupt, and numerous and
miscellaneous toys are tossed out of car windows. In short, it is a strange and
messy reality that the robots are expected to cope with. This is what is meant
by the combinatorics of the real world.

Another way of phrasing this observation is that the number of possible
events that might occur, and objects that a robot might encounter during a
long-duration deployment, is staggeringly large. And, as a result, any attempt
at enumerating all of these possible occurrences and conditions is doomed to
fail. This has implications for the robot design in that it must be sufficiently
adaptive and resilient to manage despite the lack of a complete catalog of what
the world may hold. Because, in long-duration autonomy, if it might happen,
it will happen—sooner or later.

2.3.1 Elephants Don’t Play Chess

Once one embraces the inevitable impossibility of enumerating and model-
ing everything a robot might encounter during a long-duration journey, one
can ask what should be modeled in the first place? Rodney Brooks provided
an answer to this question in the paper “Intelligence Without Representation”
[64], where he stated, “The world is its own best model.” The point is that
robots need not (or even stronger—should not) use elaborate, symbolic mod-
els to represent the environments in which they are embedded. In fact, the title
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of this section, “Elephants Don’t Play Chess,” is borrowed verbatim from the
title of another one of Brooks’ papers [63] that investigates what implica-

tions this simple yet impactful observation about “situatedness”!!

might have
for the design of robot architectures.

Without staying particularly faithful to the discussion in [63], but rather
mapping its ideas onto the realm of long-duration autonomy and robot sur-
vival, one can start by considering what the actual game of chess is all about
in order to understand why it is perhaps not overly popular among elephants.
The chess board itself is comprised of 64 well-defined squares of alternating
colors, corresponding to the distinct locations where the pieces can be. Each
type of piece has a finite set of moves that it is allowed to execute, as a way
of moving from one square to the next. And, the goal of the game is clear and
well-defined—to checkmate the opponent’s king piece. Of course, this curt
description completely misses the mark in terms of describing a beautiful and
maddeningly complex, strategic game. But it calls out a number of salient fea-
tures that may make it a poor starting point for understanding robots deployed
in a dynamic environment over long time-scales. After all, elephants (and per-
haps, by analogy, robots brought up under the robot ecology paradigm) don’t
play chess.

First, what is a “square” out in the real world? When elephants (or peo-
ple or other animals) move around, it is not done by somehow transitioning
between discrete cells in a grid. Instead, the world is a continuous and, as
noted, oftentimes quite messy place. Without simplifying abstractions and
assumptions that allow us to think of the world as discretized and gridded,
the motion of the animal (or robot) must be anchored and understood in this
frame of reference. Second, the notion of a “move,” drawn from a finite set of
allowable ways of transitioning through the environment, is rather unclear. In
the world of Newton, quantities like velocities and accelerations make sense.
But arguably, a motion pattern involving moving two squares in some direc-
tion followed by one square in an orthogonal direction—as would a chess
knight—does not really fit the bill. And, third, the idea that there is some ulti-
mate “goal” that the animal should try to achieve in order to win the game of
life is also problematic. Without getting into a discussion about the Meaning

HBrooks used the term “situatedness” to explicitly call out the fact that the robot be-
havior only makes sense when situated in an environment [64]. This is a clear and direct
parallel to robot ecology.
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of Life, this notion of an overarching goal is certainly not a straightforward
concept.!?

So if elephants don’t play chess, what do they do? Well, they survive (or
at least try to). This is not overly surprising, since, as already pointed out,
survival is a prerequisite to thriving, and the first order of business when de-
signing robots and robot architectures for long-duration autonomy must be
to elucidate this point. In fact, [284] goes so far as to state that “effective
mobility, acute sensing, and survival constitute the prerequisites for intelli-
gence.” These observations were formalized in [64], where Brooks asked what
an engineering methodology for building “Creatures” would entail, and the
following principles were found:

e “A Creature must cope appropriately and in a timely fashion with
changes in its dynamic environment.”

e “A Creature should be robust to its environment; minor changes in the
properties of the world should not lead to total collapse of the Crea-
ture’s behavior; rather one should expect only a gradual change in cap-
abilities of the Creature as the environment changes more and more.”

e “A Creature should be able to maintain multiple goals and, depending
on the circumstances it finds itself in, change which particular goals it is
actively pursuing; thus it can both adapt to surroundings and capitalize
on fortuitous circumstances.”

e “A Creature should do something in the world; it should have some
purpose in being.”

The resulting architectural design, proposed in [64] for realizing this
methodology, was the Subsumption Architecture, whereby different “layers”
(akin to behaviors for the purpose of this discussion) are working on differ-
ent goals in a concurrent and asynchronous fashion. External stimuli are then
used to inhibit or suppress the outputs from the different layers, based on a
priority-based arbitration mechanism, where higher priority behaviors/layers
would take priority over (or subsume) lower priority ones.

Within the survival themes of this chapter and the broader robot ecology
motif, these architectural ideas are quite promising. The recurrent observa-
tion that timely responses to dynamic effects is necessary certainly seems like

127 biologist would probably say that such a goal might be phrased in evolution-
ary terms, e.g., involve statements about maximizing fitness for the purpose of natural
selection.
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a must-have when ensuring robot survival. Similarly, it seems rather reason-
able that the closer the robot gets to a potentially catastrophic situation, the
more consideration should be given to trying to avoid that from happening.
Finally, the need to manage a rich and complex environment without be-
ing able to enumerate and symbolically represent everything the robot might
encounter in its environment also points towards something that is highly de-
sirable in a long-duration architecture. We summarize these three key points
below:

Survival is a prerequisite to thriving in dynamic environments, which
implies that the control mechanisms must satisfy these condition:

1. The robot’s response to its sensor measurements must be sufficiently
fast relative to the time-scale of the environment;

2. The closer one gets to a catastrophic failure, the more urgency and
care must be given to the avoidance of this situation; and

3. Safety and survival cannot rely on explicit enumerations and sym-
bolic models of everything the robot may encounter in the world.

2.3.2 Technology Readiness Levels

An alternative way of managing the combinatorics of the real world is to try to
avoid facing them altogether by carefully organizing and controlling the en-
vironmental conditions the robot might encounter. This approach may work
when the deployment happens over short time horizons (relative to the en-
vironmental time-scales), where the conditions remain largely constant, in
order to cut down on their potential variability. For example, a computer
vision algorithm carefully calibrated and optimized for a particular outdoor
lighting condition is probably fine over a few minutes, but certainly not if
the deployment spans multiple hours or days. Alternatively, the variability
can be kept low artificially, e.g., by maintaining constant lighting conditions
in an indoor environment, such as warehouses or manufacturing facilities,
no matter what time of day, or even year, it is. Neither of these two ap-
proaches are particularly insightful for the purpose of robot survival and
long-duration autonomy since they are simply dodging and, as such, ignoring
one of the salient complications with unknown and significant environmental
variability.

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

2.3 The Combinatorics of the Real World 47

There is, however, a possible middle ground between the daunting re-
quirement to cope with highly varying and unknown conditions and carefully
curating and controlling the environmental deployment conditions. This
middle ground would involve designing the system incrementally in such a
way that only once it is functioning robustly for a given set of restricted and
limited-variability environmental conditions, these conditions are allowed to
become slightly more complex and vary in a controlled fashion. The system
itself will then have to be augmented and made more robust in lockstep with
each such increase in environmental complexity and variability.

A prime example of this methodology is NASA’s Technology Readiness
Levels (TRLs), consisting of nine levels [181], where TRL 1 is basically a
pen-and-paper conceptual design, while TRL 9 is robust deployment on Mars
(or wherever the technology deployment is targeting). More specifically, the
NASA scale [293] is

TRL 1: Basic principles observed and reported

TRL 2: Technology concept and/or application formulated

TRL 3: Analytical and experimental critical function and/or characteris-
tic proof-of concept

TRL 4: Component and/or breadboard validation in laboratory
environment

TRL 5: Component and/or breadboard validation in relevant
environment

TRL 6: System/subsystem model or prototype demonstration in a
relevant environment

TRL 7: System prototype demonstration in a space environment

TRL 8: Actual system completed and “flight qualified” through test and
demonstration

TRL 9: Actual system “flight proven” through successful mission
operations

Of course, NASA, as well as organizations that subsequently adopted
the TRL formalism for estimating a technology’s maturity, did not formulate
the TRLs in terms of survival or incremental increase of the environmental
variability. Instead, the readiness levels describe the maturity across dif-
ferent dimensions, such as program concepts, specifications, demonstrated
capabilities, and technology-operational environment match [110]. Of these,
the most relevant maturity concept to the discussion about robot ecology is
the explicit focus on the technology’s relevance to its intended “operational
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environment” and the idea that although a technology can be highly mature
in one environment, the mismatch might be significant in another. And,
to transition up the TRL-ladder, this technology-environment fit must be
explicitly demonstrated under increasingly demanding specifications.

In the context of survivability and long-duration autonomy, as promoted
here, the NASA TRL scales are not immediately applicable. They do, how-
ever, point out how one can design robot technologies and systems in a
disciplined manner to achieve long-duration autonomy thanks to ruggedi-
zed, redundant, and over-all clever engineering solutions. After all, the book
started by following in NASA’s footsteps with the two remarkable Mars
rovers, Spirit and Opportunity. The approach taken here, however, is to
try to elucidate fundamental design principles for why long-duration au-
tonomy must be approached differently as compared to its short-duration
counterpart.!3 For example, the idea of increased environmental variability,
as expressed in the TRL framework, is highly relevant to robot safety, as we
will see in a subsequent section, where robots learn how to safely engage
with their surroundings by incrementally increasing the size of the safe set
as they gain new competencies. This, in turn, allows the robots to explore
previously unavailable state-action pairs for the purpose of furthering their
capabilities.

2.3.3 Constraints and Laws of Robotics

We have now seen a number of approaches to robot architectural design,
where immediate concerns are prioritized more highly than less urgent tasks
as a way of reacting prudently and timely to dynamic, environmental fac-
tors. But, if we, somewhat pompously, elevate survival to the First Law of
Long-Duration Autonomy, something stronger is probably needed than pri-
oritization strategies based on weighted combinations of robot behaviors, as
was the case with a number of arbitration mechanisms.

To draw additional inspiration and frame the discussion in a more popu-
lar context, consider another First Law, namely Isaac Asimov’s First Law of
Robotics [27],

Al: A robot may not injure a human being or, through inaction, allow a
human being to come to harm.

13We note that it is not entirely without irony that this book is principally a TRL 1
inquiry into what a TRL 9 solution looks like for the problem of long-duration autonomy.

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

2.3 The Combinatorics of the Real World 49

We immediately note that Asimov’s First Law does not say that not harming
humans should be given higher priority than other tasks. It says that robots
should not harm humans at all. Period! One could of course interpret this as
giving complete and total control to the highest priority behavior (do not harm
humans), i.e., to switch control authority among behaviors and only consider
the particular behavior that is currently most urgent or important. But why
not chew gum and walk at the same time? Why not let the robot do multiple
things concurrently? That would certainly make it a more useful robot. Also
here Asimov can provide some literary guidance through his Second Law of
Robotics:

A2: A robot must obey the orders given it by human beings except where
such orders would conflict with the First Law.

The combination of these two “laws” has the semantics of “Do X while en-
suring that Y does not happen” or, phrased slightly differently, “Solve a given
task (obey human orders) as well as possible, subject to the constraint that
something else (harming humans) is ensured never to happen.” While fully
acknowledging that this is derived from the world of science fiction, it is still
instructive to replace “not harming humans” with “survival.” This modifica-
tion takes us to a construction, hinted at already in the introductory chapter,
where survival takes on the form of a constraint.

Staying within the realm of Laws of Robotics, there are a handful of other
laws that point in the same direction, i.e., that the primary consideration for a
robot is phrased in terms of a constraint.'* For example, Mark Tilden proposed
a different set of laws [174], and the first two of Tilden’s Laws of Robotics
state that

T1: A robot must protect its existence at all costs.
T2: A robot must obtain and maintain access to its own power source.

These two laws are even more well-aligned with the survival theme, as the
first of Tilden’s Laws is literally saying that whatever the robot does, it must
do it subject to a survival constraint. And, as an additional forward-looking
nod to the persistification idea in Chapter 5, the robot should never com-
pletely deplete its batteries. And, making sure that the “tank” never becomes
empty is part of the robot’s own set of responsibilities that must be managed
autonomously as an integral part of the control design.

1For a less literary and more scientific approach, the rich literature on robot ethics has
a related and sometimes similar take on these issues, e.g., [240, 241].
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The main punchline with these informal yet illuminating observations is
that the semantics of constrained optimization lends itself naturally to de-
scribe Laws of Robotics as well as what long-duration autonomy is all about,
namely:

minimize: some performance objective

subject to: don’t die

As we will see in the next chapter, this is also an ecologically consistent
way of formulating the design problem. But, before we can explore these
ecological connections, we first outline a few, promising directions that are
immediately opened up by this constraint-based design framework.

Safe Learning

The survival constraint—don’t die—is situated, to borrow the term from [64],
in the sense that it only makes sense relative to how the robot’s capabilities
match a given environment. A puddle is not a deal-breaker to a waterproof
robot, and a pothole is not a big deal to a robot that can jump. For other robots,
these minor inconveniences and obstructions can constitute fatal, existential
threats. What this means is that the connection between environment and robot
(or, robot dynamics, to be more specific) is key to survivability.

But what if the robot does not yet know how to jump (or even if it can
jump at all) over holes, but wants to learn? The traditional approach to ma-
chine learning in general, and reinforcement learning in particular, would be
to have the robot try a bunch of hop-like motions in the vicinity of all kinds
of holes, i.e., it would explore all state-action pairs for the purpose of learn-
ing, and would associate rewards with certain actions in given situations, e.g.,
[10, 202, 288, 398]. But that would be a recipe for disaster in a long-duration
context. Sooner or later the robot would perform a move that would result in
it falling to its doom.

What is needed is a formal notion of safe learning that restricts the learn-
ing process to only safe configurations. Initially, the safe set, as construed
through the survival constraint, needs to be small, as the robot has not yet
learned much about its capabilities and how well they match its environment.
As it gains in competency by learning more about how it can interact (safely)
with the environment, this set can be expanded, encompassing more state-
action pairs, e.g., [5, 28, 45, 426]. This is happening all the while ensuring
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Safe set

Exploration Exploration
t=ty t=ty+ AT

Figure 2.12: Initially, at time #o, the safe set is small as the robot does not know
much about how to move safely through the environment. Over time, this set
expands, allowing for a more adventurous approach to the learning enterprise.

that the learning process remains safe, given the current state of the survival
constraint, as depicted in Figure 2.12.

This program, with clear connections to NASA’s TRL paradigm, was in-
vestigated in [426], where a small quadcopter learned how to fly through a
blade-less fan without getting blown out of the air. By probing the airflow
around the fan in an increasingly daring (yet safe) manner, the quadcopter
learned to fly through the fan, as discussed in technical detail in Chapter 4 and
displayed in Figure 4.12. This is a feat it would not have been able to accom-
plish without restricting the learning process to only explore an expanding,
safe set.

Curiosity-Driven Learning

If the First Law of Long-Duration Autonomy is the satisfaction of a constraint
that says something along the lines of “Don’t die!” then the Second Law could
perhaps be “Do something useful!” as long as the First Law is not violated.
But what should this useful pursuit be? The answer clearly depends on what
the robot has been tasked to do. However, one can certainly envision situa-
tions, in between tasks, when the robot is not tasked to do anything. Those
situations seem like golden opportunities for the robot to learn new things. If
the robot is not tasked with anything in particular—as it is in between jobs—
then the reward-function that typically drives the learning process must come
from somewhere else.

Curiosity seems like a good place to start when looking for a driver of the
learning process. Merriam-Webster [274] defines curiosity as
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Curiosity

1: desire to know
a: inquisitive interest in others’ concerns
b: interest leading to inquiry

Of those two definitions, |b—interest leading to inquiry—seems like the perti-
nent interpretation.'> In the machine learning community, this is typically taken
to mean that the tasks (and, consequently, the rewards) are intrinsic rather than
extrinsic. In other words, the robot itself has to generate the tasks (“interest”)
and then set out to learn how to perform them (“leading to inquiry”).

One route, as pursued in [217, 416], is to let the tasks be more or less
randomly generated. But that approach does not gel particularly well with
the safe learning paradigm, as previously discussed. Another route is thus to
purposefully explore mismatches between modeled and actual capabilities,
as was suggested in [393]. This perspective is more in line with the survival
theme. What one can envision is a learning process that is explicitly targeted
at exploring parts of the safe set that are poorly explored and understood. As a
consequence, one arrives at an approach where curiosity-driven learning and
safe learning come together under a unified framework for what robots with
free time should spend their time doing, beyond merely surviving.

Autonomy-on-Demand

Given the proposition that if there was such a thing as a Second Law of Long-
Duration Autonomy, it would say something like “Do something useful!”
albeit perhaps stated a bit more eloquently.!® What does this actually entail?
We have already seen at least three different interpretations of this second law,
namely (i) to minimize some mysterious performance cost, (if) to learn new
skills, and (iii) to do nothing at all in order to preserve energy. Of these three
possible answers, the latter two are reasonably clear. But what about the first
option? Where, exactly, is this performance measure originating?

Imagine a team of robots, deployed in some natural environment for long
periods of time, where they spend most of their time doing nothing at all.
Every now and then, they interrupt their leisurely existence and start exploring
their surroundings and capabilities, a transition that is triggered by “curiosity”

15The other definition is quite intriguing as well, and the idea of nosy robots that won’t
mind other robots’ affairs is, at least, amusing. It could even be interpreted as having
implications for imitation learning, where robots learn by explicitly having an active and
“inquisitive interest in others’ concerns” [33, 369].

16Recall that this was also one of the principles for Brooks’ Creature design [64].
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rather than by external factors. The exception to these two activities is that,
every so often, the robots move to particularly sunny areas to recharge their
batteries. What the team is really doing is inhabiting an ecosystem, waiting
to be recruited. And in between deployments, they learn new skills. The way
the robots get recruited is through the introduction of a new cost function, i.e.,
they are given new, user-specified instructions about how they should interpret
“Do something useful!”

We dub this set-up “autonomy-on-demand.” It supports taskable and
recruitable robots that are part of a broader ecosystem. The robots can
improve their capabilities over time. And, no matter what, they adhere to
the (somewhat grandiose) First Law of Long-Duration Autonomy, namely
“Don’t die!”

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



3 Ecological Connections

Now that we have seen how “situatedness” [64] matters to robotics from safety
and survival vantage points, it is worth taking a detour into the world of ecol-
ogy, which deals exactly with this topic, i.e., a systematic study of habitats
and the organisms that reside within them [308, 357, 385]. Etymologically,
ecology comes from the Greek word “oikos,” which means “house,” and just
as people (and, increasingly, robots) reside in houses, organisms—which
constitute the fundamental, indivisible units of ecology—reside in natural en-
vironments.! It is almost entirely pointless to remove the organism from its
environment when trying to understand the intricacies and interconnections
driving its behavior.

To clearly call out the difference between organisms in isolation and or-
ganisms coupled to their environments, the distinction is made between the
genotype of an organism, which is the genetic characteristics of the organism,
and the phenotype that results from the genotype interacting with the envi-
ronment. The latter encompasses not only the organism’s behavior, but also
its physical appearance, e.g., [109]. Connecting back to the previous chap-
ter, the “genotype” of the robot could be its hardware configuration and the

I The irony is not lost on us that in order to understand robots in natural environments,
e.g., not in houses, we need to study a field whose name literally is derived from the word
“house.”
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Figure 3.1: The robot from Figure 1.4 is learning, over time, to predict “ter-
rain preferability” by interacting with the environment (literally, by driving
into things). Left: Camera image. Right: Classified cost of preferable ter-
rain, where lighter terrains are classified as more preferable from an ease-
of-navigation vantage point.

software that is initially loaded onto the robot when it embarks on its long-
duration deployment. The “phenotype,” meanwhile, is the resulting set of
behaviors that arises from how the environmental factors are perceived and
acted upon by the robot—both through its sensor suites and perception rou-
tines, but also as outcomes from adaptive strategies, such as the previously
discussed, curiosity-driven learning processes, whereby the robots learn how
to interact with their environments.

We have already seen an example of this phenotype idea, on display in
a robotics setting in Figure 1.4, where a robot learns, over time, to associate
color and texture features, obtained by a monocular camera, with its ability to
traverse the terrain [396]. This mechanism is further illustrated in Figure 3.1.
By adaptively learning the “terrain preferability,” i.e., how well the robot can
navigate and traverse different types of terrains, the behavior of the robot is
quite different after it has resided in the environment for a while (phenotype)
as compared to how it initially operated (genotype).

Individual organisms of the same species within a habitat make up a pop-
ulation, and the highly robotics-relevant notion of survival is one of the two
main factors that determine the size and success of the population. When the
mortality rate goes down, the population size tends to grow. This is a concept
that makes immediate sense in long-duration settings, where survival is a pre-
requisite to thriving. The other primary contributor to a population’s success,
Sfecundity, does not quite make as much direct sense in a robotics context, as
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fecundity is the ability to produce an abundance of offspring. Robotics aside,
what we have arrived at is a central, ecological principle, namely that change
in population size equals births minus deaths.

In this chapter, we will discuss some of the key ecological concepts and
principles needed for the formulation of the robot ecology framework. It is not
to be taken as an all-encompassing treatment of the vast discipline of ecology.
Instead, it should be understood as an opportunistic path through this vibrant,
intellectual field for the purpose of understanding how to think about robot
design, when the robots are to be deployed in environments over truly long
time-scales. The aim, however, is ultimately not to mimic ecology. Rather, it
is to arrive at a set of sound, organizing principles for robot ecology.

3.1 Organisms and Environments

As ecology—and robot ecology too, for that matter—is the study of organisms
in their environments, and because the connection between environment and
organism is critically important to the understanding of behaviors, population
sizes, and adaptation, this chapter starts with a brief discussion about how
to make sense of this connection, all the while pointing forward towards de-
sign principles for long-duration autonomy. Environmental factors that matter
to animals and robots alike include things like weather and climate condi-
tions, e.g., temperature, humidity, and salinity, as well as the availability of
resources, which cover a wide range of factors, such as the prevalence of food
sources and suitable hiding places. Some resources are intrinsic to the envi-
ronment (like hiding places), while others are extrinsic (like the availability

of prey).

3.1.1 Consumers and Resources

Broadly speaking, environments and their inhabitants can be divided into two
categories, namely consumers and resources [308]. It is, of course, possible
for an individual to be both at the same time; zebras are consumers of grass,
but are resources for lions. The success of a consumer in a particular environ-
ment is directly influenced by the availability of its preferred resources. Or,
phrased a different way, the availability (or lack thereof) of resources imposes
constraints on what constitutes viable consumer behaviors as well as on how
many consumers can be supported by the environment.

When trying to establish what constraints the environment imposes
on a population in terms of the size that can be supported, the logistic
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equation conveniently abstracts away the particulars of the environmental
factors through the scalar constants, r (the rate of growth supported by the
environment—known as the “inherent per-capita growth rate”), and K (the
“carrying capacity,” i.e., the number of individuals in the population that can
be supported at equilibrium) [26, 331]. If N is the population size, the logistic
equation states that

. N
N=rN (1—;), (3.1)

whose solution is given by

N() = (3.2)

1 +bert’
where b= (K — N(0))/N(0), as illustrated later in the chapter in Figure 3.6
(Top Left).

The solution to the logistic equation in Equation 3.1 converges asymptot-
ically to the carrying capacity. Although the logistic equation captures some
of the intricate consumer-resource relationships present in an environment,
it does assume that all individuals have equal and unrestricted access to the
available resources, i.e., no “crowding” effects kick in. But, at high densities,
individuals within the same species do get in each others’ ways as they are
attempting to utilize the same resources.”

These types of crowding effects are observed also in robotics, e.g., [268,
269]. In particular, for multi-robot foraging [40, 70, 77, 375] and collection
tasks [39, 264], it has been shown that while adding more robots to the group
at intermediate robot densities increases the total number of objects found and
collected by the team as a whole, this increase in performance is in fact sub-
linear, caused by a gradual decrease in the individual robot performances, e.g.,
[180, 234, 321]. Owing to the (typically linear in the team size) operational
costs associated with deploying large robot teams, one pertinent question thus
becomes: How many robots should be used in order to obtain the desired,
overall productivity, while utilizing as few robots as possible?

One possible clue to the question of how many robots are needed can be
found through the study of social insects. Entomological studies have shown
that many social insect colonies possess the ability to regulate interference

2“High” densities must be interpreted in a relative sense—different organisms have
different densities at which the crowding effects kick in.
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using quite simple and decentralized techniques, e.g., [4, 115, 125, 148]. In
[4], for example, it was shown how a certain type of ant (the Solenopsis in-
victa) can regulate the densities in narrow tunnels and, subsequently, prevent
the formation of flow-stopping clogs. This regulation mechanism is attributed
to the propensity of individual ants to reverse out of over-crowded tunnels,
thus reducing the overall density. In other contexts, it has been shown that
ants use similar inter-ant encounters as the primary sensory mechanism to
regulate their densities and perform functions like task allocation and division
of labor [165]. Inspired by these observations about density regulation among
ants, [267] showed how crowding effects can be leveraged in robotics for the
purpose of effectively performing collection tasks, where the robots leave an
area of interest if the locally detected encounter rates become too high, as
shown in Figure 3.2.

A multitude of similar models have been proposed and developed for de-
scribing population-level dynamics and environmental interactions of varying
degrees of complexity, sophistication, and fidelity. Although these models are
interesting and relevant, our focus will ultimately have to be on robot design
principles, which will inevitably involve designing control programs for indi-
vidual robots. As such, we must shift our attention to individuals rather than
treating populations as a whole.

Making this shift from populations to individuals, we must ask, how does
the consumer-resource relationship manifest itself to an organism inhabiting
a particular environment? When an animal moves through a habitat in search
of food, it encounters prey throughout its quest. And every time it does, a de-
cision must be made whether or not to pursue the prey. Each such decision
corresponds to an investment in terms of time and energy, and the outcome
of the decision is not given. One possible outcome is that the prey is sub-
dued and, subsequently, eaten, which typically makes the energy investment
worthwhile. But another possible outcome is that the hunt is unsuccessful,
and precious assets are expended with nothing to show for it. On top of that,
there is an opportunity cost associated with this choice, regardless of the out-
come. Potential, not-yet-encountered prey are passed up as a consequence of
the decision to pursue this particular snack.

So what is an animal to do? The choice it is facing seems like a highly
complex decision problem, and reasoning under uncertainty is not an easy
task. As observed in [79, 254], if the animal encounters prey rarely, and it is
relatively easy to subdue and consume the prey, then the best strategy is to try
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Figure 3.2: Top: Twelve robots execute the “voluntary retreat” algorithm in
[267], where the robots decide whether or not to participate in a task by
measuring how many local robot-robot encounters they experience. If they
experience too many such encounters, they simply leave the area (denoted
by the ellipse) and are no longer participating in the task. Robots outside the
area get back in by following a probabilistic rule. Bottom: The average robot
population size inside the area is plotted across a number of experiments,
along with the standard deviation (shaded). As can be seen, the population
size approaches the analytically established, optimal value (dotted), using a
simple robot-robot interaction rule, akin to the ant-ant interaction rule in [4].
Source: Fig. 6 in Mayya et al. (2019).
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to eat every prey (and every viable type of prey) that it comes across. If the
opposite is true, i.e., the animal encounters prey quite often and the energy
investment required to catch and eat its food is significant, it should be much
more of a picky eater, and be highly selective about trying to catch its next
meal.

To complicate matters, whatever policy the animal settles on, it cannot
be static, as conditions and environments vary over time. To elucidate this
point, consider the concept of environmental patches. If the organism is the
fundamental unit in ecology as a whole, the patch plays this role in land-
scape ecology [413]. It is defined as a relatively homogeneous area that is
somehow distinct from its surroundings. The patch also evolves dynamically
as a single unit in that fluctuations and changes occur across the patch as a
whole, through what is known as “patch dynamics” [299]. And, animal for-
aging strategies must keep up with the patch dynamics. This is true also for
robots in that strategies that may work well under particular lighting condi-
tions, on flat ground surfaces, or in tight temperature ranges, may fail under
different conditions [392].

As a predator is searching a patch for prey, it may initially encounter food
at a relatively high rate. But, these resources may deplete over time as they
are literally being consumed. This means that at some point, it is worth the
investment for the predator to leave the patch and move on to another one.
But, this decision depends on a number of parameters like the current patch
quality, the expected patch quality of the new patch, the travel time between
patches, and the overall risk associated with the move. So even though “the
grass is always greener on the other side of the fence,” the decision to pursue
this verdure depends on how much greener it is compared to the current grass,
and on how tall the fence is.

Complicating the deliberation process further is the fact that frequently
many different individuals face the same choices and options. As such, the
optimal choice is influenced by the decisions made by other members of the
population. Under the assumptions that (i) animals have perfect knowledge
of each patch’s quality, and (ii) they can move, unimpeded, between patches,
the result of the deliberation process is that each individual in the population
will select and exploit a patch of equal “realized quality,” regardless of the
patches’ intrinsic qualities [330, 345]. As the first assumption is ideal, and
the second describes free movement, the resulting distribution of individuals
across patches is known as the ideal free distribution, which is an attribute of
animal space utilization first recorded in the context of territorial birds [154].
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This idea of equal realized quality resonates quite well with the coverage
control construction in the previous chapter. In particular, when defining the
locational cost in Equation 2.19, one key component was the density func-
tion, ¢ : Z — R, that associates a relative importance to each point in the
environment, ¢, from a monitoring point of view. But, one could just as well
let the robots be consumers, and let the density function be a distribution of
resources over the environment. Under this interpretation, the amount of re-
sources available to Consumer i (formerly known as Robot i) is given by

m; (x) 2/ @(p)dp, (3.3)

Vi (x)

where ¥;(x) is the i th Voronoi cell, i.e., the region comprised of all points in
2 that are closer to Consumer i than to any other consumer.

In Chapter 2, we saw that by moving against the gradient to the locational
cost in Equation 2.19, the robots achieve effective coverage of the environ-
ment in a distributed fashion. This may not necessarily be how real animals
behave (in fact, they probably do not), but it is a convenient mathematical con-
struction that enables well-performing multi-robot teams.> As the individuals
execute the decentralized coverage control algorithm in Equation 2.23, they
end up at a Centroidal Voronoi Tesselation, which, although not necessarily
a configuration where all the cell masses, m;, are exactly the same (which
would translate to the same amount of resources in each cell, i.e., equal real-
ized quality), they are locally optimal in the sense that small variations in robot
positions will not improve the overall value of the locational cost. Moreover,
as established in the hexagonal theorem® [121, 122], when the density func-
tion is uniform across the entire domain, the cells in the Centroidal Voronoi
Tesselation are hexagonal and of equal size, except at the boundary of the
domain, as seen in Figure 3.3 (Right).

3.1.2 Niches and Fitness Sets

Besides making decisions about optimal environmental patches and whether
or not it is worth the effort in terms of energy and time to pursue a particular
prey, what other choices are consumers faced with as they go about their daily

3The idea of connecting multi-robot behaviors to generalizations of an ideal free
distribution is pursued in detail in [330, 345].

4This result is only proven in two dimensions, and it is known as “Gersho’s Conjecture”
in higher dimensions [123].
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Figure 3.3: 25 robots are executing the coverage control algorithm in Equa-
tion 2.23, converging to a Centroidal Voronoi Tessellation, where the mass
from Equation 3.3 in each Voronoi cell is equal across all cells, thus achieving
something akin to what happens in nature, following the ideal free distribu-
tion, i.e., achieving equal realized resource quality. Left: Resource distribution
given by a spatially centered Gaussian density function. Right: Uniformly
distributed resources across the domain.

(or nightly) business? Ultimately, they must balance the allocation of time and
constrained resources to a wide variety of competing functions. For example,
time spent searching for food cannot be used to care for offspring or to watch
out for predators. There are a number of inherent tradeoffs that must be made.
And, at the end of the day, they all come down to considerations about energy
in one form of another.

We, already in the introduction, featured the poignant quote from [357]
that stated that living systems are defined by a “purposeful expenditure of en-
ergy.” The available energy budget can be spent on such high-level pursuits
as migrating, mating, or pursuing prey. In addition to these behavioral and ex-
ternal manifestations of the energy calculus, the maintenance of basic bodily
functions requires an energy investment as well. Many different strategies to
meet this challenge are on display in nature. The question of how to spend pre-
cious energy resources is faced also by robots on long-duration deployments.
Movement, for the purpose of satisfying some mission-centric task, must be un-
dertaken only if there are ways of replenishing the batteries. Internal operations,
such as running computationally intense and costly deep neural networks, or
computing optimized, stabilizing gait trajectories for bipedal, humanoid robots,
come at significant energetic costs as well, e.g., [205, 244, 354].

Homeostasis refers to the ability of an individual to maintain constant
internal conditions, such as body temperature, water content, glucose and
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mineral levels, or blood pH, in the face of varying, external environmental
conditions [145, 353]. Not all animals rely on homeostasis, as it does indeed
require energy expenditures, and those that do are fittingly known as “regu-
lators.” For instance, mammals regulate their core temperatures to a narrow
band through both physiological thermoregulation (internal, chemical means)
and behavioral thermoregulation (also known as “allostasis,” where animals
respond to hot temperatures by seeking shade or reducing their activity lev-
els and respond to cold temperatures by huddling together or increasing their
activity levels).

Behavioral thermoregulation normally takes precedence over physiolog-
ical, as it is typically faster acting and can accommodate a wider range of
temperature swings [145]. Certain animals, such as frogs or turtles, rely much
more heavily on these behavioral strategies, as their ability to generate physio-
logical sources of heat is limited. Other strategies to cope with the temperature
regulation problem is to dramatically alter the metabolic rate under some
circumstances, e.g., through hibernation (a strategy employed by bears and
bats, among others), or to be constitutionally able to tolerate wider ranges of
internal temperatures. Examples of animals that possess this ability include
fish, amphibians, and reptiles, as well as many invertebrate animals. Even
some mammals, such as the naked mole-rat and our inspirational, low-energy
lifestyle species—the sloths—can tolerate a relatively wide range of internal
temperatures [106].

The point with this discussion is that although energy availability is the
ultimate, ecological (as well as robot ecological) constraint, the response to
that constraint is quite varied, and there is not a one-size-fits-all way to meet
this challenge. Although energy may be the most relevant and limiting factor
in the robot ecology paradigm, animals have to cope with, and juggle, a num-
ber of other critical, limiting factors, such as nutrients, light, temperature, and
rainfall. With these considerations in mind, and recognizing that the world is
not constant and uniform, it is quite clear that a single genotype cannot, al-
most by definition, be best suited to all environmental conditions, which leads
to the ecological notion of fitness under variable conditions, and the idea of
an ecological niche [81].

To appreciate the notion of “fitness under variable conditions” in action,
let us take a quick detour through the lives of our old acquaintances, the
sloths. Shade-grown agriculture, employed for example in cacao plantations,
has been proposed as an effective strategy for conserving tropical biodiversity.
In [332], this practice was investigated in the context of its impact on the local
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sloth populations, and it was found that shade-grown cacao enterprises were
able to sustain healthy populations of two-toed sloths (Choloepus hoffimanni),
but not so for the brown-throated, three-toed sloth (Bradypus variegatus). One
can then ask what the differences are between these two species (beyond the
number of toes)? The findings in [332] indicate that the two-toed sloth is able
to survive, and even thrive to a certain degree, in a number of different envi-
ronments, while the three-toed sloth is intimately linked to an existence in a
particular, preferred tree, namely the cecropia tree, also known as the sloth-
tree. In the absence of those trees, the three-toed population was simply not
able to sustain itself at any significant levels. Another way of putting this is
that the two-toed sloth is more of a generalist (relatively speaking), while the
three-toed sloth is a specialist. As a result, the two-toed sloth exhibits greater
fitness under variable conditions, as compared to its three-toed counterpart
[328, 332].

In ecology, the idea of variable fitness is captured through the concept of
the “fitness set” [380], which denotes the habitat patches where a particular
phenotype is best suited over other phenotypes. The greater this set is, the
greater fitness under variable conditions that phenotype exhibits. This notion
is further illustrated in Figure 3.4, as the fitness set concept is important also
in robotics. A robot whose fitness set is given by the particular, highly cu-
rated laboratory conditions in which it was debugged and carefully calibrated,
is highly unlikely to do well once moved to a different environment. One
design principle for robot ecology, that will have to be formalized in subse-
quent chapters, is thus to strive for control strategies that maximize the robots’
fitness sets.

But what makes a particular phenotype well-suited for a given environ-
mental patch? The local abundance of certain species in an area is an indirect
yet illuminating reflection of how the individuals belonging to those species
take advantage of, and utilize, the available resources. Common species con-
sume a bigger share of the resources as compared to more rare species, which
could mean that the individuals belonging to the more common species are
able to utilize a broader variety of resources, i.e., they are generalists, like the
two-toed sloth. Or, they can still be specialists, but the particular resources
they specialize in are abundant; if all you have is a hammer, and the world
around you is filled with nails, then you are well-positioned for success. The
third possible reason for the relative abundance of particular species could
be that those individuals are able to compete more effectively for resources
that are shared among multiple species. We summarize these three different
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Figure 3.4: The “fitness” associated with three different phenotypes, pa,
pB, Pc, 1s plotted against variations in the habitat patch. Phenotype A is
managing to cope reasonably well across all patches, making it a generalist,
while Phenotype C is much more of a specialist, and requires a very particular
environment to be successful. Phenotype B is somewhere in between. The as-
sociated fitness sets are shown on the x-axis, i.e., the environmental conditions
where that particular phenotype is best suited over the other phenotypes. The
fitness set associated with Phenotype A, Fj4, is quite large, while, as expected,
Fc is significantly smaller.

factors that combine together to determine how well a particular species is
able to populate and cover an environmental patch [81, 357]:

1. The availability of resources;

2. The ability to exploit the resources; and

3. Interactions among species that determine their relative successes at
utilizing the resources.

These observations bring us to the notion of an ecological niche, as intro-
duced in [192], where the niche concept was envisioned as a multidimensional
“hypervolume,” with the different dimensions corresponding to environmen-
tal conditions and resources. This construction is supposed to encompass
and express the full relationship between an individual and all aspects of its
environment. The niche hypervolume includes facets such as feeding opportu-
nities, tolerance to physical conditions (e.g., temperature, insolation, acridity,
humidity, salinity, and so on), and avoidance of predation. The ability to avoid
being eaten by a predator, for example, would in turn be encoded through
other sets of environmental factors, such as the availability of so-called escape
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spaces. These, in turn, include parameters such as the color and pattern of the
backgrounds (which is useful for prey that try to blend in with their surround-
ings to avoid detection—known as cryptic prey), the availability of hiding
places and other areas of refuge, and the structure of the ground vegeta-
tion, which is critical for animals that rely on fleeing as a mode of escaping
predation [192, 308, 357].

Without becoming overly technical, for the purpose of the developments
in this book, it is enough to think of the ecological niche as a particularly well-
suited set of environmental conditions for an organism (or robot), when it comes
to surviving successfully and productively. But, as we will see in subsequent
sections, stand-alone, environmental factors are not enough by themselves in
order to delineate organisms and their environments. One also must take into
account the way the organisms interact with other organisms, as this too has
significant impact on their lifestyles. Robots deployed in natural environments,
performing tasks such as monitoring and exploration, are expected to collab-
orate to achieve their missions. As a result, interactions also play a key role in
this setting. And, as already seen in the previous chapter, biology has a lot to
teach us about how to think about collaborative teams of robots.

3.2 Interactions

Key to comprehending animal behaviors, and how the animals spend their
time and energy, is the way they interact with each other, both within the same
species and with members of other species within the same community. This
section summarizes some of the different forms these interactions can take,
while being on the lookout for potential connections to robotics. It starts with
a high-level discussion about populations, followed by a more detailed de-
scription of different forms of interactions, such as competition for resources,
predator-prey and parasite-host relationships, and mutualism.

3.2.1 Fecundity and Survival

Individuals of the same species in a given, prescribed environmental domain
form a population, where variations in the suitability of the habitat lead to
changes in the total population, the distribution of individuals across the do-
main, and even the movement of individuals within the population. The way
these habitat variations impact the population size is through the already
established and rather straightforward relationship: “changes in population
equal births minus deaths.” Or, using different terminology, fecundity, i.e., the
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ability to produce an abundance of offspring, and survival drive the evolution
of the population size. From a robotics point of view, survival is by now such
a familiar theme that it even got its own chapter (Chapter 2). Fecundity, on
the other hand, is not so clear when designing robots and robotic strategies.
However, one can unpack what conditions lead to fecundity and understand
those in terms of successful robotic endeavors, without having to add in the
somewhat cumbersome notion of robotic “offspring.”

An abundance of food (or other sources of energy), and an absence of
enemies lead to increased survival and, as such, to an increasing population.
But, these factors also lead to increased fecundity, since more nutritious food
supports more and healthier babies. Similarly, if time can be spent caring for
newborn offspring rather than worrying about being attacked, the fecundity
increases as well. In contrast, limitations to the production of offspring can be
due to such factors as a shortage of resources, including food sources or places
to nest, or, equally problematic, an inaccessibility of these resources relative
to the animal’s capacity to utilize them [192, 308, 357]. These principles cer-
tainly make sense also for robots that need energy to function, and accessible
areas to operate in, in order to fulfill their missions. As such, if one squints a
bit, the broad factors that increase animal fecundity can also improve robot
effectiveness.

Resources and predators are not the only limiting determinants to popu-
lation growth. As this section focuses on interactions, it should be noted that
population numbers are highly sensitive to, and regulated by, the effects of
density-dependent factors [308, 357]. If there are too many individuals in a
small area, the mortality rates go up, and fecundity is reduced. As such, in-
teractions in terms of collaboration, crowding, territoriality, and competition
must be taken into account—for robots and animals alike. Taken together,
what these observations mean is that the population size is certainly not ar-
bitrary. Rather, it is a well-balanced function of a number of contributing
factors.

The notion that there is a particular number of individuals best suited
for a given environmental condition or task has been investigated also in the
context of robotics, e.g., [68, 276]. For example, one can ask how many trans-
port robots are needed to successfully move an object between locations in a
collaborative manner. Mathematically speaking, this is highly related to the
question of how many pursuers (transporters) are needed to successfully cap-
ture a prey (object to be transported). This connection is made in [99], where
the collective transport problem is linked to the way lions hunt, using the
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Figure 3.5: Top: One “lion” robot is not able to catch the “gazelle” robot.
Bottom: Three lions can indeed capture the gazelle [99].

characteristic “catcher’s mitt” formation [91, 136]. In Figure 3.5, it is illus-
trated how one robotic “lion” is not sufficient to catch a robotic “gazelle,”
while three lions are found to be the smallest number needed to guarantee cap-
ture. If, in addition, the hunters have to share their prey, having more hunters
participate means less food for everyone. As such, the optimal number (three,
in this case) is obtained. Other manifestations of this idea that there is an
optimal number of robots needed for a particular task can be found in differ-
ent contexts and application domains, such as exploration and coverage tasks,
collective transport, and boundary protection, e.g., [142, 175, 180].

3.2.2 Competition

One of the more stark aspects of life in the animal kingdom is that it is de-
fined by a relentless competition for resources. This observation has been an
integral part of ecology already from the very beginning of its existence as a
scientific discipline. Charles Darwin wrote in “The Origin of Species” [105]
that “the prodigious number of plants which in our garden can perfectly well
endure our climate . . . will never become naturalised, for they cannot compete
with our native plants” (emphasis added).

Any time multiple consumers are trying to utilize the same constrained
resource, they, almost by definition, have to compete—what is consumed by
one animal is no longer available to other animals. In ecology, the distinction
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is made between intraspecific (within the same species) and interspecific (be-
tween individuals belonging to different species) competition [357]. These
two types of competition generally have very different effects on the popu-
lations; intraspecific competition has a non-catastrophic, regulatory effect on
the population size through birth and death rates that drive the population
towards an environmentally supported equilibrium, e.g., as per the logis-
tic equation in Equation 3.1. Interspecific competition, on the other hand,
can have similarly regulating effects if the competing species are relatively
well-balanced, but it can also have a catastrophic impact on one of the com-
peting populations and may even, under particularly unfortunate and sinister
conditions, lead to complete extinction.

Regardless of the variety, competition typically occurs as the result of a
small set of drivers [357]:

e Consumptive Competition: Multiple individuals are trying to directly
utilize the same, renewable resource;

e Preemptive Competition: An individual is occupying a space, thereby
excluding others from that space, in order to be better placed to utilize
the available resources;

e Overgrowth Competition: An individual (typically of the plant variety)
grows over another, thereby getting an advantage in terms of access to
light, nutrients, or other resources;

e Chemical Competition: An individual produces toxins that act through
an environment as a way of removing or preventing others from
utilizing the environment productively;

e Territorial Competition: An individual defends space for the purpose
of securing the exclusive use of the resources in that space; and

e Encounter Competition: Individuals engage in transient interactions
with each other, which may result in physical harm or theft of food.

Recalling the logistic population model in Equation 3.1, the generaliza-
tion to two competing populations, while adhering to the same “logistic”
form, is the competitive Lotka-Volterra model,®> where the interactions be-
tween species are explicitly included. If Nj is the size of Population 1, and
N7 of Population 2, the competitive Lotka-Volterra model states that

5The competitive Lotka-Volterra model differs slightly from the standard Lotka-
Volterra model, where a direct predator-prey relationship is captured rather than the indirect
competition of two species through their resource usage [163].
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Nl =rN; (] — _N1+1?112N2>
(3.4)
No=rN, (1 — —N”I‘;;'N') .

Here, «;; encodes the effect that Species j has on Species i. In general, there
is no reason to believe that these interaction coefficients should be symmetric,
since competitions tend to have winners and losers. However, as the model
focuses explicitly on competitive effects, the interactions are assumed to be
harmful, which in turn translates to strictly positive coefficient values. Similarly,
the growth rates and carrying capacities are also not expected to be symmetric,
since each species fits the environmental conditions to a varying degree.

Figure 3.6 illustrates how the competitive Lotka-Volterra model behaves
when two species start out with the same population sizes at N1 = N, =25,
with the carrying capacities K1 =80 and K, =110, i.e., the environment can
support more individuals belonging to Species 2 than to Species 1, and with
the growth rates r1 =0.2 and r, =0.4, i.e., Species 2 grows at an inherent
faster rate than Species 1. The figure covers the following three different,
competitive scenarios:

e Scenario 1 (Top Right): a12 =0.2, ap1 =0.2, i.e., both species have a
similar, negative influence on each other. As a result, the equilibrium
is one where Species 2, which has a higher inherent growth rate and
carrying capacity, ends up with a larger population than Species 1. But,
due to the competition, neither species reaches its carrying capacity.

e Scenario 2 (Bottom Left): a12 =0.2, ap; =0.8. Here, Species 1 is more
harmful to Species 2 than the other way around. The resulting equilib-
rium has Species 1 with a larger population than Species 2, despite the
latter’s higher growth rate and carrying capacity.

e Scenario 3 (Bottom Right): a1 =0.8, a1 =0.2. The result from
Species 2 growing faster, having a higher carrying capacity, and com-
peting more effectively for the resources, is that Species 2 reaches its
carrying capacity, while Species 1 goes extinct.

The two-species model can be generalized to capture competitive interac-
tions among M species in the following, analogous manner,

M

) Yoo N

Ni:riNi<1_#),i:1,,,,,M, (3.5)
i

where the self-interaction coefficients are given by o;; = 1.
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Figure 3.6: A single species’ population, evolving according to the logis-
tic equation in Equation 3.1 (under the parameters describing Species 1), is
shown together with three different scenarios, where the competitive Lotka-
Volterra model (Equation 3.4) predicts qualitatively different outcomes from
the interspecies competition, between two populations, as a function of the

interaction coefficients.

What the three competitive scenarios in Figure 3.6 call out is the well-
established, ecological fact that not only does the inherent environmental
conditions determine how well a particular species is doing, but also the way it
interacts and competes with other species dictates its success (or lack thereof).
In fact, if the interspecific factors, as captured by the «;j-terms, are relatively
large and dominate the intraspecific factors (the r; and K;-terms) then, ac-
cording to the competitive Lotka-Volterra model, this will inevitably lead to
the extinction of at least one of the species [53, 54].

Another way of arriving at the unfortunate situation where one species is
completely eliminated is through the so-called competitive exclusion principle
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[179], also known as Gause’s Law® [339]. This principle states that when two
species are competing for the same constrained resources, both species cannot
coexist. Whenever one of the species has even the slightest advantage, it will
eventually and completely dominate. The result from this superiority is either
extinction of the weaker population or, more commonly, a shift towards a
different ecological nice.

Although there may not be an immediate analogy for the types of com-
petition captured by Lotka-Volterra—intraspecific as well as interspecific—in
long-duration autonomy, what this somewhat cautionary tale of competitive
exclusion tells us is that even for robots deployed in an environment over
long time-scales, the availability of resources does not tell the full story. The
competition for (or, at least, the necessity of sharing) these resources matters
as well. This is something that must be captured and considered by a robot
ecology design paradigm for long-duration autonomy.

3.2.3 Predators and Parasites

Continuing down the path of characterizing how competition, as a particular
interaction modality, imposes constraints on the sustainable population sizes,
we now shift focus to two particularly pertinent forms of population-size reg-
ulation mechanisms, namely predation and parasitism [2, 144]. Consumers
typically fall into two’ distinct camps, depending on their resource consump-
tion strategies, namely predators, which catch other individuals and, bluntly
put, eat them, and parasites that consume a host that keeps living through the
process.® In other words, predators remove their prey from the population,
while parasites do not—at least not directly. A host suffering from a parasite
may have its fecundity reduced or experience an increased probability of dy-
ing from other causes. But, the host is not directly removed from the resource
population through the act of parasitism.

5Gause’s Law is named after the ecologist Georgy Gause, even though variations on the
competitive exclusion principle were formulated already in Darwin’s Theory of Natural
Selection [105, 157].

7A third category is made up of parasitoids, which include species of wasps and flies,
whose larvae consume the living host, eventually leading to the death of the host [419].

8What about herbivores that eat plants? They are neither predator nor parasite, right?
Actually, they can be either. They can be a plant predator in that they consume the whole
plant, e.g., sparrows that eat seeds, thereby killing off the entire embryo of the plant, or
parasites in that they consume living plant tissue but do not kill their victims, such as deer
browsing on shrubs [427].
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Even though itis fascinating and a bit horrifying to imagine predator robots,
the primary, relevant aspect of this connection is the mobility strategies that
consumers and resources (predators and prey, or parasites and hosts) employ
in order to eat/not get eaten. The reason these strategies are relevant is that a
number of robotic tasks involve security and defense-related activities, such
as protecting an area from intruders—thereby having the robots move like
predators—or monitoring an environment, like the ocean floor, without getting
caught by malicious or just clueless actors, such as passing ships—thereby
moving like prey. In fact, prey have a few possible tools at their disposal to
avoid predation, such as hiding, fleeing, or fighting. Predators, in turn, typically
have to be significantly larger than their prey in order to effectively catch and
subdue them. However, a few species, such as wolves, hyenas, lions, and army
ants hunt cooperatively in order to be able to take down larger prey, e.g., [173].

Cooperative hunting manifests itself in different ways, but the basic cal-
culus is that it is more efficient for a group of predators to work together in
order to maximize the expected caloric intake. Depending on what coopera-
tive strategy is used, and the characteristics of the prey, many different types
of geometrically defined, collaborative hunting strategies exist in nature. This
is quite promising since, as seen in Chapter 2, when designing multi-robot
behaviors for teams of robots, geometrically defined costs and shapes often-
times serve as the starting point for the design process. Moreover, geometries
provide natural modalities for human users to interact with robot teams using

99 <

instructions like “form a triangle,” “spread out across an area,” or “stay close
to each other,” e.g., [118]. To this end, we are particularly interested in this
idea of geometrically defined hunting strategies, and in what nature has to say
about the geometry of the predator-prey interaction.

One of the drivers behind the geometry of the hunting strategy is the ques-
tion of who gets to eat. Just because a dolphin has caught a mackerel, the rest
of its pod-mates do not necessarily get to eat. But, if a lion catches a zebra,
the whole pride gets to feast [178]. Clearly, the calculus is different in these
two cases, where the lions should maximize their chances of capturing a prey
across the entire team, while the dolphins may want to maximize the average
(or minimum) amount of fish caught by any individual dolphin. To further
elucidate this point, bottlenose dolphins, Tursiops truncatus, and African li-
ons, Panthera leo, both charge towards an aggregation of prey (a school of
fish or a herd of zebras) by forming a coordinated predator front [136, 343].
They arrange themselves in specific formations—for example, the lion front
is a U-shaped “catcher’s mitt” formation [136]—to create a front that moves
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together in unison towards the collection of prey. In contrast to the catcher’s
mitt, porpoises, i.e., the family of dolphins and whales, employ different and
oftentimes quite elaborate strategies when hunting [259, 343, 372]. Bottlenose
dolphins have been known to forage for fish using well-coordinated for-
mations, with suggestive names like the “wall method” or the “horizontal
carousel.” Under the former, a group of dolphins drive their prey towards a
barrier, and feed off the returning, rebounding fish. Under the latter, the dol-
phins first encircle a group of fish and subsequently tighten this encirclement
to restrict the movement of their prey. At some point throughout this process,
they cease the encirclement and instead charge through the school of fish, one
at a time, or all at once [177, 259, 343, 372].

Given this rich variety of strategies and geometrically defined hunting
procedures, one can thus ask questions with clear and direct relevance to
robotics about what the optimal shapes are for the predator fronts in the con-
text of foraging animals (or multi-robot systems). In [178], this question was
pursued by modeling the shape of the predator front as a curve, and the total
energy intake, i.e. the total amount of prey swept by the front, was maximized
by modifying the shape. One application for this type of inquiry is robotic
cleanup of oil spills, as shown in Figure 3.7 (Top Left), where a group of
robots drive a flexible suction boom towards a spill site, and where these bi-
ologically based considerations can help optimize the shape of the boom to
clean up the oil spill.

The prey motion is modeled as a reaction-diffusion process in [178], with
the predator front charging through the area containing the prey. The diffusive
component corresponds to the unperturbed movement of the prey, while the
reactive part captures how the prey responds to the predators, describing how
the prey animals flee in the presence of the predators. The effect of optimiz-
ing the predator front is shown in Figure 3.7, where the initial prey density
(Top Right) is given by a tall and skinny rectangular shape. The curves dis-
played in the bottom figures are the optimal predator fronts, given increasing
reactive gains in the reaction-diffusion process. As expected, when the prey
is less scared of the predators (Bottom Left) the shape is less elaborate, as
a simple sweep through the prey distribution results in a highly successful
hunt—Iike shooting fish in a barrel. If the prey is more skittish (Bottom Right),
the predators must quickly get to the center of the prey density. Hence the
more pronounced peak in the middle of the predator front.”

90ther geometrically defined, bio-inspired foraging strategies, based on ants and bees
can, for example, be found in [70, 115, 190, 222, 231].
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Figure 3.7: Top Left: Unmanned vehicles are driving a flexible, absorbent
boom towards an oil spill. The shape of the boom can be optimized based on
predator-prey interaction models. Based on the findings in [178], the shape
of such a predator front is optimized as it sweeps through a prey density.
Top Right: Initial prey density. Bottom Left: Optimal predator front when the
prey’s motion is primarily diffusive. Bottom Right: Optimal front when the
prey is trying to evade the predators according to a reaction-diffusion process,
with a high-gain reactive component. Source: Fig. 1(a) and Fig. 4 in Haque
etal., 2014.

The findings in [178] show that the shape of the optimal predator front
depends on how rapidly the prey responds to the predators, i.e., once again
the time-scales of the interactions between individuals, as well as with the en-
vironment dynamics, play a central role in the viability of the behaviors. The
importance of the temporal alignment between behaviors and environment
was in fact one of the cornerstones of robot survival in Chapter 2. As such, it
does not come as a surprise that it crops up also in the context of predator-prey
interactions. To consume prey, the predators first have to catch it.
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It should be noted, though, that not all interactions—robotic or
otherwise—are harmful and confrontational. This section concludes with a
a brief discussion of some of the many other types of robotics-relevant inter-
action modalities encountered in nature, lumped together under the umbrella
term of “social behaviors.”

3.2.4 Social Behaviors

In terms of animals’ fitness, their strategies and behaviors can be more or less
well-suited to particular environments. One way of increasing an animal’s fit-
ness is by teaming up and cooperating with other individuals. The resulting
interactions are certainly less confrontational and harmful than the previ-
ously discussed predator-prey or parasite-host relationships. Instead, they
form the basis for a rich class of social behaviors that animals exhibit as
a way of making their existences more successful in terms of survival and
fecundity [107].

Cooperation, broadly speaking, means that individuals work together to-
wards common and mutual benefits, as opposed to the competitive situation,
where individuals are actively opposing each other in order to realize more
selfish goals. A particular poignant form of cooperation is altruism, where an
individual is even willing to sacrifice its own well-being or potential benefits
in order to promote other individuals. These altruistic behaviors (and, con-

110 behaviors) are related to the “kin selection” process, which

versely, spitefu
encompasses a number of scenarios where an individual acts in order to ben-
efit the reproductive success of relatives [44]. The so-called Hamilton’s Rule

states that an altruistic act is beneficial and should be performed if
rB>C, 3.6)

where r is the “relatedness” between the individual committing the altruistic
act and the beneficiary of the act, B is the benefit to the recipient, and C is the
cost to the “altruist” [44].

Apart from the absolute impossibility of associating units with these quan-
tities (or somehow measuring them), it is an instructive equation in that it does
tell us that an animal is more likely to perform a costly action if the benefi-
ciary of this act is a close relative. And, if we replace “reproductive success”

10 spiteful behavior is usually the opposite of an altruistic behavior in that it is an act
that results in harm, and by extension, loss of fitness, to both the spiteful actor and the
recipient.
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with just “success,” and set r = 1 (all robots are related), or possibly r =1 — €,
for some € > 0 to avoid overly selfless and meek robots, then we have a crisp
and actionable formula for when a robot should help another robot.

But, kin selection is not the only reason why cooperation and social be-
haviors are strategically wise. In fact, in many species, social behaviors
are exhibited not only between mates and progeny, but also among ex-
tended families, and even among large groups of unrelated individuals.!!
This grouping is clearly beneficial, as it helps the animals out-survive and
out-produce other groups. The social tendencies can lead to well-defined ag-
gregation of individuals to form tight groups, e.g., salamanders in “clumped”
distributions, schools of fish, or flocks of birds. In fact, cooperation and
social behaviors within species encompass a number of different facets,
such as cooperative breeding (e.g., among the notoriously promiscuous ca-
puchin monkeys) or foraging (e.g., among wolves) [61]. Cooperation can also
help with defensive strategies. For example, a type of bee—the Tetragonula
carbonaria—organizes itself in a so-called fighting swarm for the purpose of
defending itself against attackers [433].

As an example of how cooperative behaviors can manifest themselves in
elaborate social structures, let us return to the bottlenose dolphins, who lead
highly social existences in pods. Male bottlenose dolphins form two levels of
social groupings, namely first-order and second-order alliances [87, 90, 88,
89, 176]. These alliances are built to increase a male’s chances of mating. The
first-order alliance consists of a pair or triplet of male dolphins, and dolphins
are almost always seen together with their first-order alliance members. More
formally, they share a high “association coefficient” [87], which is an indicator
of how often two individual dolphins are seen together. Males of a first-level
alliance herd female dolphins by swimming in a coordinated manner, and this
way they inherently constrict the movement of the elusive females. However,
a first-order alliance is incapable of stealing a female dolphin already being
herded by another alliance [88]. In such a scenario, the dolphins coordinate
with each other to build higher-level, second-order alliances.

The high-level takeaway from this section is the observation that cooper-
ation can be highly beneficial for the purpose of more effective utilization of
resources. This could be due to a more complete coverage of an area, a tighter

Sometimes cooperative “agreements” are even reached between members of differ-
ent species. Mutualism expounds this process, encompassing interactions among different
species, where each species receives a net benefit from the cooperation [61].
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security perimeter, a more effective hunting endeavor, or a tag-teaming ap-
proach to tasks that require a persistent performance. These are all reasons
that resonate well with the robot ecology paradigm, where cooperation among
robots is not only potentially beneficial, but oftentimes required.

3.3 Ecologically Inspired Constraints

“Even the most slowly reproducing species would cover the earth in a
short time if its population growth were unconstrained” [357].

Alas, this suggestive quote can never be fully put to the test and validated
as no organism ever has found itself in the enviable position of having
access to completely unlimited resources. In fact, as resources are always
limited, compromise and the balancing of constraints are central to all life
forms.

As discussed repeatedly in different contexts already, such resource con-
straints are largely functions of the environment in which the organism
resides. The environmental, ecological constraints serve not only as a brake
on a species’ population growth, but also give rise to organismal traits that are
uniquely adapted to a particular habitat [7, 102]. These traits manifest them-
selves through two primary components of an individual’s fitness, namely its
ability to survive and to reproduce successfully, e.g., [7]. In other words, or-
ganisms must first meet the demands of the environment to survive, and then
successfully reproduce to pass on their genotypic and phenotypic traits—
surviving is a prerequisite to thriving. Survival, in turn, involves navigating
energetic landscapes, meeting nutritional needs, and avoiding predation, while
reproduction involves strategies and behaviors for successfully finding a mate
and producing viable offspring.

The takeaway from this discussion is that survival in nature is a direct
function of the organism’s ability to satisfy ecological constraints. Luckily for
us, one of the key design principles for long-duration autonomy, articulated
already in the two introductory chapters, is that robot survival is also naturally
expressed through constraints rather than costs. What this means is that no
matter what the robot might be up to, it should always satisfy the survival
constraint, expressed vaguely yet illustratively as

minimize %k 3.7)
subject to x € yyrvives .
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where x is the state of the robot, as per Equation 1.1. What we will do, for
the remainder of this chapter, is elaborate on what this constraint might entail,
once one embraces the ecological view of robots and their environments, by
translating the unearthed ecological constraints to a robotics-relevant language.

The translation from ecology to robotics in general, and robot survival in
particular, is not that much of a stretch in that, as seen repeatedly, richness
of behavior in the natural world is largely driven by constraints imposed on
the individual by the limited environmental resources, and by intra- and inter-
specific competition. The notions of “survival” and “constraints” are thus cen-
tral to both fields. In other words, the mutual intelligibility, to borrow a
term from linguistics, between the languages of ecology and long-duration
autonomy is quite high.

3.3.1 Ideal Free Distributions

Foraging provides a rather direct animal-to-robot link in that animals and
robots alike have to acquire the necessary energy in order to survive. Foraging,
in turn, has defining implications for an organism’s space use and selection of
particular habitat types. An organism must forage across a sufficient area to
support its energetic needs. Additionally, if critical resources (e.g., particular
diet items or water sources) are only available at select locations, the organism
is “spatially anchored” [378] and is forced to return to those locations. The
corresponding constraint states that the animal should always have enough
energy to return to the spatially anchored feeding locations.

Another set of behaviors that relate to the use and defense of space has to
do with territoriality. A territory is defined as an exclusive area belonging to
an individual or group of individuals within a particular species [154, 308],
which already sounds eerily similar to the notion of a region of dominance,
as defined by the Voronoi cells associated with individual robots in the cov-
erage control problem from the previous chapter (Equation 2.18). Territorial
behaviors, in turn, impose constraints on the population density, sometimes
with highly confrontational and lethal side-effects. For example, the grain
beetles, Rhizopertha, are known to fight to the death over a single kernel
of wheat [100]. But for most animals, no single “meal” is worth an all-out,
to-the-death battle. Instead, the defense of resources is done by defending
the territory against intruders. Holding territory offers a number of clear ad-
vantages. Those include the exclusive use of resources, reduced predation
and disease owing to greater spacing from neighbors, and predator escape
facilitated by familiarity with an area [378]. Territoriality can also provide
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exclusivity in breeding [357]. (Certain animals, like some species of birds,
only establish and defend territory during mating season.)

Regardless of why an animal is devoted to a particular geographic area,
the ideal free distribution dictates that the animals will be spaced out over
the environmental patch in such a way that they all have access to an equal,
realized set of resources [330]. To that end, let us start with the ideal free
distribution as a way to untangle what territoriality and space usage might
look like in a robot control setting. As before, assume that the domain that the
animals (or robots) inhabit is given by &, and that ¢(p) € R describes the
resource density at location p € 4. The total amount of resources available in
the environment is thus given by

Ry = / w(p)dp. (3.8)
.(ﬁ

Now, if we let T; C Z be the “territory” associated with Individual i
(Animal or Robot i), then the total amount of resources available to that
individual is

Ry, 2/ ¢(p)dp. 3.9)
The constraint associated with an ideal free distribution would accordingly
state that the individual “resource integrals” be equallz, ie.,

R, =Ry, Yi # j. (3.10)

Alternatively, as seen from the logistic equation in Equation 3.1, the
carrying capacity, K, is the population size that can be supported by the
environment at steady state. By normalizing the total amount of available
resources in Equation 3.8 over K, the individual resource constraint could
instead be formulated as

Rg

R,z = Vi, (3.11)

But, just because resources are available in an area, it does not follow that
an individual can utilize all resources equally well—shorter animals may not

120f course, insisting on these quantities being exactly equal is probably too strong.
A bound on the allowable differences would make for a more realistic and achievable
constraint.
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be able to reach as much fruit as taller animals. If we let x; be the state of
Animal/Robot i, then we can let z; (x;, p) € [0, 1] describe how well the re-
source can be utilized by this individual, with z; = 1 meaning perfect resource
utilization, and z; =0 signifying a complete lack of effective access to the
resource in question. Accordingly, the utilization-weighted resource integral
would change to

Ry, 2/. zi(xi, p)o(p)dp, (3.12)

T
with the resource constraint, Rr, > ¢; where, ¢; > 0 is the amount of effec-
tively utilizable resources needed for Individual i to survive.

One can imagine a number of variations on this theme, such as the ad-
dition of multiple species, integrals defined across populations instead of
individuals, and the inclusion of more than one type of resource [330]. This
is analogous to what is done in [364], where robots with heterogeneous and
qualitatively different sensing capabilities are supposed to cover an area, and
where some sensors can detect certain environmental effects but not others.
Additionally, one can relax the insistence on a crisply defined region as-
signed to particular individuals, and instead allow for the regions to bleed into
each other. This is not without precedence in nature. For example, the drag-
onfly (Leucorrhinia rubicunda) switches from strong “site fidelity” (tightly
controlled territories) at low densities, to much more loose and overlapping
feeding areas at high densities [323].

Regardless of which variation on the resource integral one goes with, it
is clear that one key, constituent part in the survival constraint, x € yive, 1S
that x € Gesources, 1.€., the organism must have access to enough resources for
survival to be possible. Or, put another way, surviving equals having enough
resources and possibly satisfying other constraints as well. The set-theoretic
operation corresponding to logical conjunction (“and”) is intersection, i.e., we
can begin to add structure to the survival constraint,

gsurvive = Yresources N gother’ (3.13)

where Y,mer is a set of additional, yet to-be-defined, components of the
survival constraint.

3.3.2 Competitive and Cooperative Interactions

One of the rationales behind pursuing long-duration deployments is that a
persistent presence in an environment provides access to measurements and
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other capabilities that would otherwise not be possible. Examples of such ca-
pabilities include environmental monitoring and surveillance, area protection,
exploration, and search-and-rescue. What all of these application scenarios
have in common is that they are more effectively executed if more than a sin-
gle robot is partaking in the mission. As such, robot-robot interactions matter.
In nature, populations interact primarily through different types of “feeding”
relationships, e.g., [102], with the predator-prey relationship being an exam-
ple of a direct such relationship, while consumers sharing common resources
are indirectly interacting through the resource consumption. But, as seen in
Chapter 2, the geometric characteristics of multi-robot configurations are of-
tentimes what defines the robot interactions. As a consequence, rather than
overfocusing on predation or feeding, we instead approach the topic of robot-
robot interactions from the vantage point of geometric constraints, pertaining
to robot survival. The expectation is, however, that such geometrically de-
fined constraints could be used (at least partially) to express the motivating,
ecological interactions.

Going back to Reynolds’ Boids model in Chapter 2, not getting eaten by a
predator could be mapped onto a separation constraint, i.e., no robots should
get too close to each other for the purpose of avoiding collisions. If x; and x;
are the positions of Individuals (Animals/Robots) i and j, then this constraint
would dictate that

lxi —xjll = Ds, Vi#j, (3.14)

where Dy is a given safety distance.

Not being too close to other individuals does not tell the full story, how-
ever. For the team of robots to be able to function correctly, they need to be
able to share information, and to learn from and coordinate their behaviors
with each other [68, 276]. This is only possible if the underlying network
topology that encodes the information exchange among robots—may it be
sensing- or communications-based—is connected. What this entails is that
there must exist, at the very least, a path through the network between any
two robots in the team [162].

Connectivity is a global, team-level property, rather than a pair-wise prop-
erty, and, as seen in [162, 276], an undirected network is connected if and only
if the so-called algebraic connectivity, A;, of the network is positive, i.e.,

A2 (x) =0, (3.15)
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where x is the composite, joint state of all robots in the team. Without going
into detail about how the algebraic connectivity is computed, or even how
the robot network is defined, for the purpose of this exposition it suffices to
observe that it is in fact a geometric constraint,' just like Equation 3.14. As
such, it fits nicely into the broader narrative around interactions as constraints.

But, unfortunately, just staying connected is typically not enough. Let the
state-dependent interaction graph that encodes the way the robots interact be
given by G (x).!'* Depending on what one wants the robot team to accomplish,
there are additional, network-topological constraints that must be satisfied by
G (x). For example, in order for the robots to execute the cyclic pursuit be-
havior in Equation 2.7, G(x), must contain a spanning cycle, Cy, [261]. The
corresponding interaction constraint thus becomes Cy € G(x).

If, instead, what is attempted by the robots is the assembly of a particu-
lar geometric shape, the success of this endeavor depends in a rather intricate
way on a connection between the robots’ sensing modalities and the network
topology. If the robots are equipped with range sensors, i.e., they can measure
distances to nearby robots, then the graph must be (infinitesimally) rigid [15].
If, instead, they are equipped with monocular cameras and can, as a result,
only measure the relative angles between robots, the graph must be (infinites-
imally) shape similar [67]. Rather than covering this topic in detail, the main
point to be made here is that the interactions, yet again, impose constraints on
the feasible behaviors of the robot team.

Another manifestation of these interaction-based constraints can be found
by returning to the coverage control problem, where coverage behaviors can
be designed as gradient descent flows to locational costs, akin to the recently
introduced resource-integrals. But this construction only works if individuals
can exchange information with those with whom they share a boundary in
the Voronoi tessellation. The graph structure that encodes this relationship is
known as a Delaunay graph, G p, i.e., we need the constraint Gp C G(x) to
hold for the gradient descent flow to achieve proper coverage of the area [68].

All of these multi-robot scenarios and their required, supporting network
topologies impose stronger constraints on the interaction graphs than just con-
nectivity, i.e., in all of those cases, connectivity is a necessary but not sufficient

13This holds as long as the information-exchange network is geometrically defined, e.g.,
robots are adjacent in the network if they are “close enough” to each other, given some
suitable notion of proximity among robots, [275].

14Such multi-robot interaction networks will be covered in detail in Chapters 6 and 7.

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

84 Chapter 3. Ecological Connections

o.? 2 | |d, 8 5
G || 6| 08 ||

Rendezvous Cyclic pursuit Coverage control Formation control

Figure 3.8: Four multi-robot behaviors that require different interaction con-
straints (network topologies) to be satisfied to function properly: Rendezvous
(requires connectivity); Cyclic pursuit (cycle graph); Coverage control
(Delaunay graph); and Formation control (infinitesimally rigid graph).

condition for a graph to be cyclic/rigid/Delaunay, etc.!> These representa-
tive examples of multi-robot scenarios are illustrated in Figure 3.8, and their
associated interaction constraints are summarized below.

Multi-Robot Behavior | Network Constraint

Rendezvous Connectivity [A2(G(x)) > 0]
Cyclic Pursuit Cycle Graph [Cy € G(x)]
Coverage Control Delaunay Graph [Gp € G(x)]

Formation Control Graph Rigidity/Shape-Similarity

Gathering these observations together, we can absorb all of the different
types of interaction constraints into one grand, unified constraint, Gseract
that should contain safety in terms of enforcing sufficient separation between
individuals, connectivity in order to ensure that effective information-sharing
is possible, and possibly additional topology constraints, depending on the
particulars of the task being pursued. In other words, this unified interaction
constraint would take the form

gintemct = ggsepamtion N ggconnecl N gtopology- (3 16)

The sought-after survival constraint can thus be further refined as

gsurvive = Yresources N gim‘emct N gother, (3 17)

151n order to solve the rendezvous problem using the consensus equation in Equation
2.6, connectivity is in fact both necessary and sufficient [276].
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where some additional work is needed to finalize the missing %mer
ingredient.

3.3.3 Thermoregulation and Task Persistification

One aspect of life in the natural world that consumes significant effort and
energy is the maintenance of internal functions; in particular regulation to a
constant, internal temperature. As previously discussed, this activity comes
in two distinct varieties, namely physiological thermoregulation, through in-
ternal means, and behavioral thermoregulation, through external means, such
as seeking shade to keep cool, or huddling together for warmth. Phrased as
a constraint, if .7 is the internal temperature, the thermoregulation constraint
would take the form

T e [yminy gmax]’ (3.18)

where the tightness of the interval is a function of the particular animal’s toler-
ance to internal temperature variations. To complicate matters, .7 is a function
of both the animal’s state (internal and external) as well as an abstract, en-
vironmental state. Chapter 5 will focus extensively on how these quantities
should be modeled and coupled. However, for a robot, the maintenance of a
narrowly defined internal temperature is typically not all that crucial. Instead,
we could take the thermoregulation idea and map it onto another key, internal
quantity that must be kept within reasonable levels for a robot (or animal) to
function effectively, namely its energy cache.

Let E be the energy level of a robot’s battery. Long-duration autonomy
means that this quantity must remain in the interval [ Epin, Emax], Which, in
turn, can be thought of (if one squints a bit) as “robot homeostasis.” To this
end, if Germo i the set that captures the thermoregulation constraint, we can
let Ghomeostasis DE its generalization, as homeostasis refers more broadly to the
ability to maintain constant (or almost constant) internal conditions.

An added bonus with phrasing energy-management as a homeostasis
constraint,

E € [Enin, Emax], 3.19)

is that it points directly to the need to persistify robotic tasks, i.e., to the need
to be able to modify whatever the robots might be doing in such a way that
the energy constraint is always satisfied, no matter what, [302, 304]. In fact, as
this constraint plays such an important role when ensuring robot longevity, it
will be the topic of Chapter 5, where the notion of “task persistification” will
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Figure 3.9: A robot’s battery levels during a persistent, environmental moni-
toring experiment. The persitification strategy ensures that the robot’s energy
level always falls within the prescribed bounds.

be formally investigated as the mechanism by which a robot is guaranteed
to be able to carry out its mission indefinitely—beyond any finite number of
battery charges/tanks of gas.

To foreshadow the discussion in Chapter 5 slightly, Figure 3.9 shows
the battery level associated with a robot that is executing a persistified ver-
sion of an environmental monitoring task. As can be seen, the energy level
does indeed stay within the prescribed bounds as a direct consequence of the
enforcement of the robot homeostasis constraint in Equation 3.19.

Purposefully ignoring the (from a robotics vantage point) slightly com-
plicated issues of mating and the drive to produce offspring, the ecological
connections associated with the consumption of resources, effective utiliza-
tion of space, interactions with other individuals, and maintenance of internal
conditions, come together to paint a reasonably complete picture of what
the ecological survival constraint might look like to a robot. In other words,
the thermoregulation/homeostasis constraint constitutes the final piece in the
set-theoretic survival puzzle. And, what we require of a robot, acting in
accordance with ecological principles, is that it should satisfy the survival
constraint, x € %,vive, Where the survival set is given by

gsurvive = Jresources N ginteract N ghomeostasis- (320)

3.3.4 Towards Robot Ecology

We have now seen a number of attempts at translating ecological principles
and ideas to concepts and constraints that have technical meaning in robotics.
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One can think of these attempts as ecologically inspired robotics. But that is
not the same thing as “robot ecology,” which is what we are ultimately after.
To get to that, we have to somewhat reverse the order of the story. In other
words, we need to relate robot tasks and considerations to ecological con-
straints (rather than the other way around, as was done in this chapter). By
doing so, we will eventually arrive at a theory of robot ecology, i.e., a formal
framework for robots deployed over long time horizons, where the behav-
iors are tightly coupled to the deployment environments. This framework will
have to be firmly grounded in ecological principles, not for ecology’s sake,
but for the sake of harnessing the power of a field that focuses explicitly on
the coupling between organisms and their habitats. To this end, we conclude
this chapter with a few of the discussed, ecologically grounded principles,
highlighting what the reversal of the story might look like.

Design Principles for Robot Ecology

Maximize the Fitness Set
Any solution that is too carefully crafted and calibrated to particu-
lar, narrowly defined environmental conditions is doomed to fail in

a long-duration setting, as the world is dynamic, unpredictable, and
messy.

Ideal Free Distributions
When robots are deployed in an environment for long periods of time,

ready to be recruited and tasked to carry out different missions, they
should be arranged so as to provide effective coverage of the area
in terms of available sensor measurements, situational awareness, and
other capabilities.

Carrying Capacity

Environments impose limits on how many robots they can support in
terms of available energy resources, congestion-free navigation, and
avoidance of crowding effects. Similarly, not all robots should partic-
ipate in all missions, as missions typically require a certain number of
robots to be executed effectively.

Collaborative Interactions

The driving applications behind long-duration autonomy, such as en-
vironmental monitoring and surveillance, area protection, exploration,
and search-and-rescue, require robots to collaborate productively.
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These collaborative interactions impose constraints on the possible
robot behaviors.

Purposeful Expenditure of Energy

Survival is a prerequisite to thriving. Not getting stranded somewhere
with completely depleted batteries and no ability to recharge is there-
fore of paramount importance. This means both that a careful power
management strategy is necessary and that whatever tasks the robots
may be executing are rendered energetically persistent so that they can
be performed indefinitely.
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4 Constraints and Barriers

As discussed in the past chapter, environmental constraints, phrased in eco-
logical terms such as predation, territoriality, foraging, mutualism, and so on,
give rise to a rich and sometimes surprising set of behaviors among animals
[101, 137, 308, 357, 385]. Additionally, when robots are to be deployed over
long time-scales, surviving, i.e, not ending up in a situation from which the
robots cannot recover, takes precedence over acting in an optimal fashion,
as survival is a prerequisite to thriving. In this chapter, we formalize these
observations and, in particular, introduce the technical machinery needed to
properly manifest constraint-based control design. The key construct towards
this end is that of a Control Barrier Function (CBF), and we will build up to-
wards establishing how robot survival can be expressed both compactly and
elegantly through the use of CBFs.

Recall the vague yet suggestive statement from Chapter 1 that con-
tained the essence of constraint-based control design for long-duration
autonomy,

minimize Ggsk
subject to X € Yourvive-

Here, x is the state of the robot, and the survival constraint has to hold at
each instant of time. But, without explicitly calling out the decision variable

91
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over which the minimization takes place, this formulation is hopelessly ill-
fated. As such, one needs to add the control input, u, to the formulation, i.e.,
incorporate the way control decisions affect the state of the robot, which is the
only way the task described through %, can be manipulated. To this end,
if we encode how well (or, really, how poorly) the task is being performed
through the cost €451 (x, 1), that is now a function of both the current state, x,
and the control input, u#, we could let the robot solve the following constrained
optimization problem at each instant of time,

miny, Grask (X, 1)

4.1
subject to x € Yyurvive- “.1)

This formulation certainly looks more well-defined than what was dis-
cussed in Chapter 1. Unfortunately, it is still mathematical nonsense. To see
why this is the case, consider what is actually going on here. The state, x, is
the current state of the robot, i.e., it is what it is, and it is not a free variable
that can be directly manipulated. So, we are asking the robot to minimize a
function of u (and of x) by a clever selection of u, subject to a constraint
that either holds or it does not—no matter what value the decision variable,
u, takes. This is why this unfortunate formulation, albeit quite suggestive, is
nonsense. What is needed is a way to connect u to x. And the way to do so is
through the dynamics of the robot, coupled to the technical notion of forward
invariance.

4.1 Forward Invariance

4.1.1 Collision-Avoidance

To get things started, consider a self-driving car. One conspicuous constraint
that this car needs to satisfy is to avoid collisions, i.e., the position of the
car/robot should not coincide with the locations of any objects in the environ-
ment, including other cars. To this end, assume that the car is driving rapidly
towards a wall. The constraint that the wall and the car should not be in the
same location is not a particularly useful constraint as there comes a point, as
the car is approaching the wall, when a collision is unavoidable even though
it has not yet happened. In other words, nothing the car does from then on
will prevent the collision from happening. The genuine constraint needs to
be to avoid ending up in this situation in the first place, i.e., the car should
never find itself in a situation where a collision cannot be avoided. It is not
enough to simply consider the position of the car. Instead, the full state of the

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

4.1 Forward Invariance Q3

Figure 4.1: Two robots on a string are moving towards each other, eventually
making a collision inevitable.

car (position, orientation, longitudinal and lateral velocities, and so on) needs
to be taken into account, and the dynamics of the vehicle must enter into the
discussion.

To see how this works, consider the rather simplified example of two
“robots” moving on a line (like two beads on a string), illustrated in Fig-
ure 4.1. If they can directly control their velocities, the states of the robots
become their positions, x; € R, i =1, 2, with the controlled dynamics being

fC,‘ZM,‘, i:1,2, (42)

where u; is the control input applied to Robot i.

If there is a desired, minimum safety distance, Dj, that should be main-
tained, the corresponding collision-avoidance constraint becomes ||x; — x; || >
Dy, or, more conveniently phrased,'

lxi —xjll — Ds > 0. 4.3)

This constraint has to hold for all times in order for the two “bead-robots” to
be safe.

However, if instead of velocities, what was controlled was accelerations,
the state would be two-dimensional, x; =[p;, vi1T eR2, i=1,2, where Di
is the position and v; the velocity of Robot i. The controlled dynamics
associated with this configuration are

Pi =V
. . 4.4

v,-:u,-,z:l,Z. ( )
If, additionally, there was a maximum acceleration imposed on the control
input, say |lu;|| <a, i =1, 2, then “slamming the brakes” would mean that a

IEven though these are scalar quantities, we use the Euclidean norm, || - ||, rather than
the absolute value, | - |, as a way of keeping the notation consistent and foreshadowing the
later developments in the chapter.
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robot with initial conditions x; (0) = [ p; (0), v; (0)]7 would come to a complete
stop at the location

vi (0)

a

pi=pi(0)+ % sign(v; (0))a,
where we have interpreted ‘“slamming the brakes” as using u; =
—sign(v; (0))a.

Similarly, with two robots, their distance from each other, || p; — p2||, will
stop shrinking under the worst-case scenario (the robots are initially driving
towards each other) at a final distance of

101(0) = 12(0) |
4

Pt —p2ll=— + 1 p1(0) = p2(0)].

But, if we changed perspective and instead viewed the initial condition as
the current state of the robot, and insisted on the final relative distance (at a
stand-still) being greater than the safety distance, Dj, the collision-avoidance
constraint would become

1|lvg — v
—Z—+||P1—P2II—DSZO- 4.5)
a
As a result, we have two rather different looking safety constraints (Equa-
tions 4.3 and 4.5, respectively) depending on what the dynamics of the
robots are. For this reason, we will keep the discussions general by initially

considering robot states, x € R”, governed by the control-affine dynamics,?

x=f(x)+gx®)u, (4.6)

where f(-) is the drift term (what the robot would do if there were no inputs),
g(+) is the controlled dynamics (the effect the actuators have on the robot),
and u e R is the control input. The associated, general constraint can be
formulated as

h(x) >0, 4.7)

for some continuously differentiable function, 4 : R” — R.

2Control-affine dynamics arise in many robotic systems, whose models are derived
using Euler-Lagrange equations, as observed in [225]. As such, they can be used to describe
a large variety of robotic platforms.
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Figure 4.2: The set S is forward invariant with respect to the system dynamics
in that, if the state starts in S, it remains in S for all future times.

In subsequent sections, we will discuss strategies and methods for making
sure that such constraints are never violated, as well as anchor the constraint
in Equation 4.7 in terms survivability for robots deployed in environments
over long time-scales.

4.1.2 Remaining Safe Forever

So far, we have suppressed the explicit dependence of x on time, ¢. But, in
order to make statements about what happens at certain points in time, we
need to be a bit more precise in terms of expressing the desired constraint
satisfaction properties. To this end, assume, initially, that we have a general,
nonlinear system (with no control inputs),

X(@)=F(x(2)), (4.8)

where x € D for some open domain D C R”, and where F is locally Lipschitz
continuous on D. Lipschitz continuity ensures that solutions exist uniquely,
i.e., for any initial condition, xg € D, such that x (zy) = x¢, there exists a max-
imum time interval I (xg) = [fg, Tmax), such that x(¢) is the unique solution to
Equation 4.8 on the interval I (xp), e.g., [209].

What we are interested in is to understand if we can make sure that if a
system starts safe, it stays safe. In other words, if it starts out in some safe
set S, it remains in that set forever (or at least on the entire interval I (xq)),
as illustrated in Figure 4.2. This property is known as forward invariance,
defined (using the notation from [11, 436]) as follows:

Definition 4.1 A set S CR" is called forward invariant with respect to
the dynamics in Equation 4.8, if, for every xo € S, x(¢) € S, Vt € I (xp).
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Gathering these observations together, what we need to do is solve the
following problem.

Problem 4.1 Given the control-affine robot system in Equation 4.6,
find a feedback law, u(x), such that the resulting closed-loop system,
X = f(x)+ g(x)u(x), renders the super-level set

S={xeR" | h(x)>0} 4.9)

forward invariant, given the continuously differentiable function 4 :
R"—R.

Throughout this chapter, we will refer to S as the safe set, and if h(x) >0
represents that the robot is staying away from situations where it could never
recover, i.e., it completely encodes the survivabiliy of the robot,? then en-
suring forward invariance of the super-level set in Equation 4.9 captures
exactly the ethos of long-duration autonomy. However, ensuring forward in-
variance is not an entirely straightforward matter, as will be seen in subsequent
sections.

4.1.3 Nagumo and the Comparison Lemma

Since we assumed that the function 4 :R” — R is C!, i.e., that it is con-
tinuously differentiable, we can ask what happens on the boundary of the
super-level set in Equation 4.9, i.e., on the set S ={x e R" | h(x) =0}. If
the system was somehow prevented from passing through this boundary, we
could, by continuity of solutions, draw the conclusion that it never leaves the
safe set, S.

We first note that VA is orthogonal to the tangents to 9., and that the
gradient always points in the direction in which £ increases the most, e.g.,
[58], i.e., it points into the interior of the open set {x e R" | h(x) > 0}. In
other words, if the inner product between VA and F in Equation 4.8 satisfies

(F(x), Vh(x)) =0, Vx €S (4.10)

3To completely encode everything associated with the survivability of a robot in an
unknown and dynamic environment through a single, scalar function is certainly a tall
order. But, for now, we will proceed as if this was indeed doable. Chapter 7 will largely be
devoted to the search for such a survival constraint.
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Vh

(F. Vh)>0

IA F
I

h<0

Figure 4.3: Since the inner product between VA and F is non-negative, the
system will, by Nagumo’s Theorem (Theorem 4.1), never leave the safe set
where h > 0.

then, on the boundary, F(x) also points into the interior of the safe set,* and
the system will never flow in a direction that renders /& negative. This holds
as long as £ is regular, i.e., when Vh #0 on S, as shown in Figure 4.3, and
established in different forms in [1, 52, 55, 60, 290].

Put more carefully and precisely, and phrased in terms of [1] rather than
Nagumo’s original formulation in [290] to better fit the notation in this book,
the corresponding theorem states:

Theorem 4.1 — Nagumo’s Theorem. Given a dynamical system,
X = F(x), with x e D CR” and F locally Lipschitz continuous on D.
Let the set S be the super-level set of a continuously differentiable, reg-
ular function, 4 : R" — R, i.e., S = {x e R"” | h(x) > 0}, with VA(x) #0
whenever A (x) =0, and where S C D. The set S is forward invariant if
and only if (VAi(x), F(x)) >0, Vx €0S.

One attempt at ensuring forward invariance of the safe set in Equation 4.9
is thus to pick the closed-loop control, u(x), such that the following condition
holds (assuming that A (xg) > 0, given the initial condition xg),

u is free to be whatever, when 4(x) > 0

u satisfies (f (x) + g(x)u, Vh(x)) >0, when h(x) =0. 4.11)

4Provided the inequality is strict in Equation 4.10; otherwise it is tangential to 5.
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This is, however, not a particularly inspired choice as the sudden nature of the
constraint means that # will go from being whatever to all of a sudden being
forced to satisfy a particular inequality constraint. And, there certainly are no
guarantees that there are any solutions to this constraint. A better choice might
be to approach the boundary set 9.5 in a more careful and deliberate manner
as a way of overcoming these issues. To this end, we need to understand a
bit better what happens when % > 0, and not only focus on the case when
h =0. However, Nagumo’s Theorem will still inform us about what needs to
transpire on 0.S.

Armed with the knowledge that we need (f(x) 4+ g(x)u, Vh(x)) >0 on
the boundary when A (x) =0, what should happen in the interior, i.e., when
h(x) > 0? Assume for a moment that x(fy) =xo, with h(xg) >0, and that
we had another function, ﬁ(t), with initial condition fl(to) =h(xg) > 0, that
asymptotically converged to the origin, i.e.,

lim A(t) =0
=0

One way of achieving this asymptotic convergence to the origin is to have h(r)
satisfy the following differential equation

= —a(h)

where o :R— R is a locally Lipschitz continuous, extended class #oo-
function, i.e., & is a strictly increasing function through the or1g1n (x(0) =
0) With this choice of dynamics for h, we not only have h — 0 but also
h(t +7T)< h(t), for all T >0, i.e., it monotonically decreases down to zero
from above, e.g., [14, 29, 209, 436].

Given such a function, /, that decays asymptotically down to zero from
above, what can one do with this function? If we somehow could ensure that
h was greater than (or equal to) h, then we would be able to establish that
h > 0. To arrive at this result, we can make use of the Comparison Lemma
(formulated in terms of > rather than the typical <), that can be found, for
example, in [366]:

5Technica11y speaking, it is enough if « belongs to class .#  rather than class 5o, as
shown in [14]. In the former case, one has to pay attention to the domain over which « is
defined, while in the latter case, the function is defined over the entire real line. This makes
things a bit easier from a bookkeeping point of view, which is why we go with this option.

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



4.1 Forward Invariance Q9

h
2=y B> —a(h)
ol-. > -
ISP h(x0) h>0

~en

Figure 4.4: The Comparison Lemma ensures that z(x(z)) >0, Vt > 0, i.e., that
if the system starts safe (in the set S), it remains safe for all times.

Lemma 4.1 — Comparison Lemmma. Let G : R — R be locally Lip-
schitz continuous everywhere, and assume that solutions exist V¢ > 1 to
the differential equation,

y=G(y), y(to)=yo.
Moreover, let z(¢) be a continuously differentiable function satisfying
2> G(2), z(to) = yo.

Then z(t) > y(t), YVt > 1.

The Comparison Lemma thus provides the machinery needed to ensure
that i > h, since we have that h(x (1)) =h(tp) and h(x(1)) > —a(h(x(1)).
But, as h — 0 from above, we have the even stronger statement that z > h > 0.
In other words, if, in addition to being an extended class .#5-function, « is
locally Lipschitz continuous, A (x(t)) >0, Vt > 1y, can be ensured if A (tp) >0
and

dh)T . dh)T
X =

h(x) =
x) 0x 0x

F(x) =z —a(h(x)) (4.12)

along trajectories of the system, e.g., [11]. This is illustrated in Figure 4.4,
and it is in fact exactly what is needed to ensure that S is forward invariant.
Additionally, it will allow us to focus on survival constraints when designing
robot controllers for long-duration deployments.
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4.2 Control Barrier Functions

One of the takeaways from the previous section is that we need to manip-
ulate & in order to ensure forward invariance. And, given the control-affine
robot model in Equation 4.6, along trajectories of the system, h takes on the
following form

ah(x)T . nx)T
X =
0x 0x

h(x)= (f(x) + g()u).

Or, using Lie derivative notation [366], where Lsh and Lgh denote the
derivatives of & along f and g, respectively,

an)T dh(x)"
Lih(x)= 5 f(x), Lgh(x)= gx), (4.13)
X X
the time derivative of & becomes
h(x) =L sh(x) + Lgh(x)u. (4.14)

Combining the expression in Equation 4.14 with the constraint in Equa-
tion 4.12 takes us to the following definition:

Definition 4.2 — Control Barrier Function (CBF). Given the control-
affine system in Equation 4.6, where f and g are locally Lipschitz
continuous everywhere, and a smooth function /4 : R" — R, with the cor-
responding super-level set S CR". The function 4 is a Control Barrier
Function (CBF) if there exists a Lipschitz continuous, extended class
Joo-function, o, such that

sup{L sh(x) + Lgh(x)u +a(h(x))} >0, Vx e R". 4.15)

Given a CBF, h, the admissible control space, K(x), can now be
defined as

K(x)={ueR" | Lrh(x)+ Leh(x)u+a(h(x)) =0}, xeR". (4.16)
Note, first, that in these definitions, R" can be replaced by an open domain

D C R", depending on what set the dynamics are defined over. Second, the
formulation in Definition 4.2 is sometimes referred to as a Zeroing Control
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Barrier Function (ZCBF) rather than a CBF to explicitly call out the fact that

it allows for x to reach the boundary where 4 (x) =0, as shown in [14, 436].
This is all we need to ensure that the super-level set to &, S, is forward

invariant through the following key theorem, borrowed from [11, 14]:

Theorem 4.2 — Forward Invariance. Let S C R” be the super-level
set of a continuously differentiable, regular function 4 :R" — R. If
h is a control barrier function, then any locally Lipschitz continuous
controller in the admissible control space, u(x) € K (x), for the control-
affine system in Equation 4.6, where f and g are locally Lipschitz
continuous, renders the set S forward invariant. Additionally, the set S is
asymptotically stable under this choice of control input in the sense that,
asymptotically, x will reach S even if it, initially, starts outside of S.

This result is exactly what is needed to turn the vague statement of
X € Gsurvive into something with crisp mathematical meaning, and that is for-
mulated in terms of a constraint in u—the control input—as opposed to a
constraint in the state, x, which makes it an actionable constraint. To this end,
we will use the shorthand notation

Splx;ul=Lygh(x) + Lgh(x)u + a(h(x)) “4.17)
to denote the safety constraint

Splx; u] > 0. (4.18)

One should note that although this may look like a complicated expression,
all the complicated terms are functions of x, i.e., of the state of the system
which we, for now, assume we can access directly. The one variable that really
matters is the decision variable, u, and the constraint is /inear in u, which
bodes well for future computational attempts at actually finding such a u.

4.2.1 Optimization-Based Control

Now that we have a way of encoding safety constraints using control bar-
rier functions, we need some method of combining the constraints with
the primary performance objectives. And, the solution to this problem has
already been outlined through the (vague) constrained optimization formula-
tion “min Gk, subject to x € Gyyvive.” We could thus formulate a general,
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instantaneous cost as a function of both state and control input, G (x, u),
and solve the following problem:

min%Gas(x, u
" tukk( ) (419)
subject to Sp[x; u] >0,

where, as before, 4 (x) > 0 encodes the safety constraint.®

Although appealing in its simplicity, the formulation in Equation 4.19 suf-
fers from the problem of only taking an instantaneous performance cost into
account. This goes against virtually all of optimal control, where the state is
projected into the future and the cost must be evaluated along the resulting
state-input trajectories, e.g., [66, 230, 238]. The reason for this is that other-
wise the controller can become myopic and way too focused on the near-term,
at the expense of future performance. In fact, one can even construct examples
where the controller may be optimal over a short time horizon, for any instant
in time, yet the resulting system goes unstable due to the lack of a longer-term
prediction [8].

A way of overcoming this hurdle and producing an instantaneous cost
in order to make use of the CBF safety constraint formalism, yet require a
longer term, predictive outlook on how the system should evolve, is to not use
the performance cost, %7k, in the constrained optimization problem. Instead,
assume that some appropriate performance cost has already been defined us-
ing more traditional approaches. Ignoring the safety constraint, denote the
(potentially unsafe) controller obtained from solving this problem by u o,
where the subscript nom stands for “nominal.” This controller, u,,,, could be
obtained by solving the unconstrained optimal control problem repeatedly, at
each time instant, making it a function of the state x, i.e., Uy, (x), as depicted
in Figure 4.5. Or it could be a one-shot solution, turning it into a function of
time, U,om (). Or it could not be optimal at all, but simply given by some other
means, e.g., by an external user, as was done in [337, 338], or by some other
regulator, as will be the case in Section 4.3.

Regardless of where u,,,,, comes from, what is done under the banner of
safety critical control [14] is to modify this controller as little as possible in a
least-squares sense, yet ensure that the modified controller satisfies the safety

A similar formulation was used in [310] as a way of capturing other types of desired
behaviors, including stability and tradeoffs between tasks with different priorities.
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| . J{ X =f(x) + g(ou }—x—r

u* = argmin, ||u — upoml|?
s.t. Sylx; u] >0

t Nominal
Unom controller

Figure 4.5: Optimization-based, safety critical control: The nominal controller
is modified in a minimally invasive manner to ensure forward invariance of the
safe set.

constraint. The resulting, actual controller, u*, is minimally invasive in the
sense that it stays as close as possible to the nominal controller, subject to the
safety constraint, i.e.,

u* = argmin, g ||t — tnom || o
subject to Sp[x; u] > 0. .

One important aspect of the formulation in Equation 4.20 is that the cost is
quadratic in the decision variable u, while the constraint is linear in u. In other
words, this is a quadratic programming (QP) problem. In the absence of addi-
tional constraints on the control variable, such as saturation limits, the QP can
be solved analytically. The resulting closed-form solution is given by the stan-
dard Karush—Kuhn-Tucker (KKT) conditions, e.g., [58]. This construction
was utilized in [12, 152, 310] for the purpose of robust, safety critical control.
And, even with additional constraints on u, the QP can still be solved effec-
tively and is computationally unproblematic [58]. This is critical in real-time
applications, such as robotics.

It should, in closing, be noted that the choice of extended class #oo-
function, «, matters in that this function regulates how quickly the state of
the system can approach the boundary of the safe set S. Different choices of
«a lead to different behaviors near the boundary. For example, the choice of

a(h)=yh*"*! peN, (4.21)

satisfies the extended class J#5o-property for any non-negative integer p and
positive real number y > 0. The choice made in [11] is to simply let a(h) = h.
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However, to allow for a slightly more aggressive approach towards the bound-
ary of the safe set, we will, for most of this book, go with the cube, i.e., to let
the extended class .#5.-function be given by

a(h)=yh, (4.22)
for some y > 0.

4.2.2 Further Considerations

Control barrier functions and optimization-based control combine to provide
a natural and computationally lightweight framework for encoding survival
among robots deployed over long time-scales, tightly coupled to their “habi-
tats.” But, whenever something seems to good to be true, it probably is. In
this case, the two distractions from the otherwise compelling CBF story are
related to the existence of solutions and the potential for deadlock.

First, note that the main CBF result in Theorem 4.2 states that the safe set
is rendered forward invariant if u satisfies the CBF constraint. But that is a big
“if.” What if there are no solutions to the constrained optimization problem in
Equation 4.20? In that case, no guarantees can be given, and it is important
to always add a feasibility-check to the to-do list in order to ensure that solu-
tions do indeed exist. This is something that has to be done in addition to the
formulation of the CBF, i.e., it is in general not something that is provided for
free by the developed theory.

Second, even if uy,, in Equation 4.20 encodes something rather im-
portant, like progression towards a goal location, there are in general no
guarantees that one always, by finding the minimizer to the QP, will progress
towards that goal. Or even that one will progress at all. All that is ensured is
safety. In fact, in [425] it was observed that when employing CBFs for the
purpose of collision-avoidance, the robots would sometimes find themselves
in situations where the only feasible solution to the QP was to do nothing.
In other words, they ended up in a deadlock (albeit safe) situation. In [78], a
solution to this problem was introduced that included a slight bias as a way
of ensuring that the robots would always be able to negotiate collisions while
bounding their velocities away from zero.

For now, neither of these two considerations should deter us from the
use of CBFs. Instead, they should simply serve as a reminder that some ad-
ditional care must be taken when designing safety controllers. This will be
highlighted further in the next sections, where collision-avoidance controllers
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for multi-robot teams are investigated in some detail. But first, a collection
of particularly relevant and pertinent survival constraints, hinted at in the
previous chapter, will be covered as a bridge between long-term autonomy,
survivability, and CBFs.

4.2.3 Survivability Constraints

One can envision a number of potential constraints that help promote robot
longevity—some of which connect directly to the multi-robot behaviors in
Chapter 2 and the ecological constraints in Chapter 3. We here discuss a few
of these constraints, drawn primarily from [128]. This exposé will moreover
provide an outlook towards topics to be discussed further in subsequent chap-
ters of the book, culminating with the full-fledged survivability constraint in
Chapter 7.

To make matters concrete, assume for simplicity that the state, x;, of each
robot is given in part by a directly controlled planar position, p; € R?. Addi-
tionally, as the availability of energy plays a crucial role to longevity, we add
the energy level, Ej;, to the state of each robot, i.e.,

x,:[ Z’ i|eIRi3, (4.23)

where we, for now, go with a simplified dynamics (pure energy-decay),’

u;
X; = 4.24
i |: Tk E; :| ( )

where « > 0, and the sign in the energy dynamics depends on whether the
robot is charging the batteries (+) or not (—). We moreover follow [13, 424]
in choosing the extended class .#5.-function, «, according to Equation 4.22,
as the cube a'(h) = yh>, for some y > 0.

For this choice of system dynamics, we can now introduce a number of
constraints that are fundamental to long-duration autonomy:

(i) Separation (based on the developments in [424] as well as on the
separation term in Reynolds’ Boids model):

TThis energy model will have to become significantly more sophisticated and realistic
in Chapter 5, where the explicit focus is on the “persistification” of robotic tasks.
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Given a safety distance, Dy > 0, two robots, i, j, with positions p;, p;,
are safe and sufficiently separated from each other as long as

RseparationXi> xj) = | pi — pjlI* — D} >0. (4.25)

Under the model assumptions above, the corresponding CBF constraint,
Shsepaml[nn[(xi’ xj); (ui, uj)] >0, becomes

Sheeparation (K X705 (i u)1=(pi — )" (ui —uj)

YV 3
+ 5 (llp: —pjlI*=D?)’>0. (4.26)

(ii) Connectivity (as discussed in [423], and aligning with Reynolds’
cohesion notion):
Two robots, i, j, are connected if they are close enough, i.e., if

Reonnect(Xi, xj) = D — || pi — pjI* >0, (4.27)

given a connectivity distance, D, > 0. Or, formulated as a CBF constraint,
Sheomeer [(Xis Xj); (Ui, uj)] =0, where

Shogmees (X0 X )3 (uis u )1 =—(pi — p)T (i —uj)
Y 3
+ 5 (D2 = llpi = pil?)"

(iii) Coverage (based on the “locational cost” in [95], and described
further in Chapter 2):

A robot that is tasked with monitoring a domain, &; C R?, where the
importance of a point, ¢ € &;, is given by the density function ¢(q) €
R, and where the quality of the sensor coverage associated with this
point, as achieved by the robot located at p; € Z;, can be encoded by the
quality function Q (]| p; — g ||)- (Typically, the farther away the point is, the
worse the coverage is.) Additionally, let ¢ be a lower limit for acceptable
coverage performance, which gives the coverage constraint

hcovemge(xi) = /j@ Olpi —ql¢(g)dg —c=0. (4.28)

Note that, despite this looking like a rather complicated expression, the
corresponding CBF constraint is still linear in the decision variable, u;,
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i.e., it is actually not a particularly hard constraint to handle from a
computational vantage point.

(iv) Spatial Anchoring (following the ecological notion of spatial
anchoring, as per Chapter 3):

If E; is the energy level associated with Robot i and dist (p;) is the dis-
tance to the closest “charging station” (as interpreted broadly), one can let
& (dist(p;)) be the energy required to travel that distance under suitable
assumptions on the motion model [374]. The requirement that the robot
never gets stranded away from a charging station thus becomes

hanchor(Xi) = (Eij — Epin) — @@(diSl(Pi)) >0, (4.29)

given some smallest acceptable energy level, E,;i,.

(v) Energy (based on the task persistification in [304], and elucidated
upon in Chapter 5):

To prevent over-charging when a robot is present at a charging station,
one would be tempted to introduce the constraint Aepergy(Xi) = Epax —
E; >0, where E,, is the maximum energy level supported. However,
viewing hepergy as an output of the system, the relative degree associated
with this output is not well-defined in that the input u#; never shows up in
any of the time derivatives of /¢yergy, Wwhich makes it a poor choice for
a constraint. The problem is that charging only happens when the robot
is close to the charging station, say at a distance A > 0, which is not re-
flected in the constraint. If we, as before, let dist(p;) be the distance to
the charging station, one can define an additional, smooth approximation
of a step function, stepa (dist(p;)), that is zero when dist(p;) > A, and 1
when dist(p;) = 0. The energy constraint thus becomes

henergy(xi) = Epax — step A (dist(p;)) E; > 0. (4.30)

As already noted, when handling CBF constraints, there might not exist
any feasible solutions. This could for example be the case if a robot “wakes
up” with almost completely depleted batteries too far from a charging sta-
tion, in which case the CBF constraint associated with % 4;ch0r = 0 would
not have a solution. Or, there might simply not be enough density in the

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

108 Chapter 4. Constraints and Barriers

domain, %;, for any point x; € Z; to satisfy hcoverage > 0. These are ulti-
mately issues pertaining to the choice of constraints, and they may need to
be tweaked in order to fit the particulars of the scenarios under consideration.
Regardless, these types of constraints will be used throughout the remain-
der of the book in order to ensure that robots do not get stranded away from
charging stations without sufficient energy, while, at the same time, they re-
main safe, connected, or exhibit other types of relevant behaviors, such as
covering a sufficiently large domain. To achieve this, we must be able to
combine multiple CBFs into a single, unified survival CBF. This, however,
is a matter for subsequent chapters. Instead, we conclude this chapter with a
more in-depth discussion of how to properly handle collision-avoidance con-
straints when there are a large number of robots present, as well as highlight
how safe and curiosity-driven learning can be managed as part of the CBF
paradigm.

4.3 Collision-Avoidance

To showcase the use of CBFs to ensure safety using optimization-based
control, let us return to the collision-avoidance question discussed in the be-
ginning of the chapter. But, rather than considering “bead-robots” on a string,
let the robots move around in the plane. The reason collision-avoidance de-
serves special consideration is that, at a minimum, any reasonable deployment
of robots in a complex, dynamic, and unknown environment will require that
the robots do not run into objects in the environment, nor into each other, e.g.,
[25, 68, 273, 276, 355, 362]. In fact, multi-agent robotics is typically focused
on achieving certain primary objectives, such as assembling and maintaining
formations, covering areas of interest, exploring environments, or tracking
boundaries, e.g., [36, 68, 69, 95, 276], with collision-avoidance added in af-
terwards, thereby making the constrained optimization formalism particularly
well-suited.

8The idea of using collision-avoidance controllers that are minimally invasive in the
sense that they only modify the nominal controller when collisions are truly imminent has
been considered in a few different contexts. In [408], pairs of aircraft were considered,
where the individual aircraft switch between normal operation modes and evasive maneu-
vers that are guaranteed to be safe no matter what actions the other aircraft are taking.
A similar idea was presented in [9, 417], where a so-called velocity obstacle method was
used to calculate the optimal, safe velocity. Algorithms for avoiding imminent collisions
with static obstacles were developed in [149, 312, 313] by decelerating the robots to zero
velocities by applying a maximum braking force.
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4.3.1 Centralized Safety Barriers

From a bookkeeping perspective, the foundation for ensuring that collisions
are avoided is that all potential, pairwise robot-to-robot collisions are ac-
counted for. As such, a natural first bid is to let a central unit keep track of
all robot pairs and let it dictate how the nominal controllers should be mod-
ified in order to avoid collisions. But, as robots that are far away from each
other are in no immediate danger of colliding, this is a needlessly pedantic
approach. As such, it will have to be relaxed to only consider a significantly
smaller subset of pairs, consisting of nearby robots. Additionally, the cen-
tral unit will eventually have to go as well in order to empower the robots to
make decisions themselves in real-time. For now, however, let us start with
this overly circumspect approach and get to the improvements later.

Concretely, consider a multi-robot system consisting of N planar, mobile
robots with dynamics

.i 0 Irx i
[ﬂ:[ 22j||:pj|+|:oj|ui, i €[N, 431
v; 0 O v; Iyo

where [N] is the index set, {1, ..., N}, x; =[p!, vI1T e R?*, with p; e R?,
v; € RZ, and u; € R? being the positions, velocities, and inputs (acceleration
commands) of Robot i, respectively. As before, we let the acceleration be
bounded by |ju;| <a.

Following the route established for the “bead-robots,” to avoid imminent
collisions between moving robots, their relative velocity needs to safely be
reduced to zero. To this end, let the relative position and velocity between
Robots i and j be given by Ap;j = p; — p; eR? and Avjj=v; —v; eR2.
Additionally, let D;; = || Ap;; || be the distance between the robots. The change
in distance, as established in [424], is given by the normal component, dv;;,
of the relative velocity, i.e., by the magnitude of the projection of Av;; onto
Ap;j. As illustrated in Figure 4.6, the normal component of the relative
velocity is given by

T
8v,~j = D,’j = <Apij’ Avij) = Apij Av,'j eR. (4.32)
I Apijl | Apiji

The rate of change in relative distance, dv;;, is indeed what might lead to

a collision between Robots i and j, while the tangential component of Av;;
produces only distance-preserving rotations. If §v;; > 0, the robots are moving
away from each other, while a negative v;; means that they are getting closer.
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pj

Figure 4.6: Relative position and velocity between two robots

The next order of businesses is to regulate dv;; so that imminent colli-
sions are avoided when the maximum relative braking force is applied. And,
in a manner completely analogous to the one-dimensional case, based on
the observation that the worst case scenario is when dv;; is equal to || Av;;||
(the robots are driving straight towards each other), the two-dimensional case
reduces to the one-dimensional case, as shown in [424]. Combining this
observation with the one-dimensional constraint in Equation 4.5 gives that
“slamming the brakes” will prevent a collision when

T
Apj; .,
- Avij <2\/a(||Apijll — Ds), Yi#j. (4.33)
I Apijll

The benefit of this formulation is that it is constructive in the sense that “slam-
ming the brakes” is always a feasible (and safe) solution. As such, existence
of solutions is already baked in, and we have established the following, key

property.

The pairwise, collision-free safe set, S;;, is given by the super-level set
Sij ={(xi, %)) €R® | hij(xi, xj) =0}, Vi # ], (4.34)
to the CBF
Apic.
hij(xi, xj) =2y/a(||Apijll — Ds) + Avj;. (4.35)
1Apij i

Using the notational convenience of letting h;; be shorthand for
hij(x;, xj), and setting Au;; =u; —uj, the (scaled) time derivative of h;; is
given by
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Figure 4.7: Simulation of a multi-robot position-swapping task, rendered safe
by a centralized CBF. The circles and arrows represent the current positions
and velocities of the robots, respectively. Source: Fig. 3 in Wang et al. (2017).

: (AvfApij)? alvj; Api
IApijhi; = ApL Auy; — ——2——=— 4+ || Av;; |12 + / :
S VTR YT Ja(lApiT=Dy)
(4.36)

As such, the resulting CBF constraint, ||Apij||izij > —||Ap,~j||yhi3,., can be

written as
T (Av,g Apij)? )
Shij[(xi, xj); (wi, uj)l= APijAuij — ”AP—HZ + [ A
L
aAUl?} Apij

+ +yhi; | Apijll > 0.
Ja(lApi;I[— Ds) g

(4.37)

A simulation of the centralized safety barrier functions in action, applied
to a team of 20 mobile robots, is shown in Figure 4.7. There, all robots start
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out equally spaced on a circle. The goal of the nominal controller is to make
the robots swap positions with robots on the opposite side of the circle, which
is a recipe for disaster as the robots will all have to go through the same central
point in the middle of the circle. The nominal controller is a feedback control
law,9 and left to its own devices, the nominal controller will thus cause the
robots to collide at the center of the circle.

The result of running the nominal, position-swapping controller, together
with the CBF safety constraint in the optimization-based control setting in
Equation 4.20, is displayed in Figure 4.7. As expected, when collisions are
not imminent, the robots move towards the center, following the nominal con-
trollers closely. As robots get too close to each other, the CBF constraints kick
in and navigate the robots safely through the crowded, central region.

4.3.2 Decenitralized Safety Barriers

The centralized safety barrier function in Equation 4.37 considers all pairs of
robots as an overly conservative precaution. Additionally, if an optimization-
based safety controller were to be used, as in Figure 4.5, it would have to
be managed by an all-knowing computational entity. Topologically speak-
ing, what is required is an all-to-all interaction graph, which does not scale
gracefully in the number of robots. This clearly can be improved upon as
collisions can only materialize between nearby robots. What is needed is an
understanding of just how close “nearby” needs to be for it to be worthwhile
to consider the pairwise robot-to-robot interaction.

The way to establish a bound for how close robots need to be for their
pairwise interactions to be worth keeping track of is to find a distance A,
beyond which they are always safe no matter what the control action is, i.e., a
distance beyond which / ij = —yh?j for all choices of input. To this end, recall
that D;; = ||Ap;; |l and reformulate 4;; in Equation 4.35 in terms of D;; and
Di j as

hij = Dij +2y/a(Dij = D). (4.38)
The derivative of A;; is furthermore given by

f.liJ‘:b,‘j-i- —Dij. 4.39)

9The particular, nominal controller used in this scenario is given by the PD
(Proportional-Derivative) controller u,,p,, ; = —k1 (p; — r;) — kpv;, which drives the robots
to their target positions, r;, i € [N].
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Now, if the robots could accumulate arbitrarily large speeds, no amount
of separation would be safe. This is clearly a physical impossibility. As such,
assume that the velocities are bounded as well, i.e., that ||v;|| < b. With these
velocity and (already imposed) acceleration limits, lower bounds on 4;; and

hij can be derived, as was done in [424], by considering the worst case
scenario (D;; = —2a, D;; = —2b), yielding

hij > 2,/a(D,~j—DS —2b (4.40)

. a
b o> —2a—2 |—% b 4.41
o= T D;j — D, (4.41)

Now, if we impose the distance requirement that pairwise robots are only
considered if D;; > A, where

2

- 1 s[4a
A=Ds+ — —+2b] , (4.42)
4a y

we get that, as long as D;; > A, the following inequalities hold

4

a
V4a(Dij — Dy)>2b, and h;j>J—.
14
Therefore,
hij > —4a > —yh};. (4.43)
What this means is that no matter what control action Robot j takes, it always
satisfies the pairwise safety barrier constraint in Equation 4.37 with Robot i.

Therefore, there is no need for Robot i to consider Robot j. We summarize
this below.

In order to avoid collisions, Robot i only needs to consider a neigh-
boring robot (Robot j) in the collision-avoidance CBF constraint in
Equation 4.35 if D;; < A, where A is given by Equation 4.42.

The one matter that needs to be resolved for the collision-avoidance story
to come to its final resolution is to establish what the robots themselves should
be doing. So far, the control decisions are taken by a central, computational
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unit. But that will have to change. Returning to the pairwise CBF constraint
in Equation 4.37, we note that it can be written as

Ap;(ui —uj) = Bij(xi, ), (4.44)

for some function §;; (x;, x ;). As such, we could simply distribute the respon-
sibility of maintaining this pairwise constraint equally across the two robots
in the sense that Robot i needs to ensure that

1
Apijui = 5 Bij (i, X)) (4.45)
while Robot j ensures that
T 1
Apjjuj = =5 Pij(xi. xj). (4.46)

We note that an equivalent way of formulating the latter of these two
constraints is

1
ApjTi”J' Ziﬁji(xj,xi), (4.47)

i.e., the constraint is symmetric and the robots themselves do not need to keep
track of whether they are Robot i or Robot j in the above expressions.

As a result of this division of labor, it is possible to relegate all control
decisions to the individual robots themselves. What they should do is only
consider robots that are closer to them than A. And for those robots, they
should add the CBF constraint in Equation 4.45 to their own, individual con-
strained optimization problems. To observe this strategy in action, Figure 4.8
shows the results from an experiment where real robots execute the decen-
tralized, constraint-based control strategy that allows them to swap positions
with each other in an orderly and collision-free manner.

4.4 Safe Learning

As another example of the utility of a constraint-based approach to robotics,
consider the problem of learning to perform new tasks in a safe manner. Just
as animals “invest” in the future by caring for offspring at the expense of
more immediate rewards, e.g., [102, 107], robots on long-duration deploy-
ments may find themselves in between missions. The first order of business

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



Figure 4.8: Experiment with eight mobile robots swapping positions. The
pictures on the left are taken with an overhead camera. The stars and lines
representing the target positions and pairs of swapped positions are projected
onto the floor using a projector. The figures on the right display the positions,
velocities and trajectories of the robots. Source: Fig. 3 in Wang et al. (2017).
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for the robots should always be their survival. But, as observed already in
Chapter 2, why not take advantage of the free time to learn new things?

Central to machine learning in general, and reinforcement learning in
particular, is the idea that by leveraging prior data, current and future perfor-
mances can be improved, e.g., [202, 288, 398]. To obtain rich and meaningful
data to learn from, the world (external as well as internal) must be sufficiently
well explored. But how can the required exploration be combined with safety
in a way that does not overly restrict the actions the robots may take? Or,
phrased slightly differently, how can sufficient coverage of the state and con-
trol spaces be ensured in order to facilitate learning without jeopardizing the
robots themselves? We here, briefly, show one example of how the control
barrier function framework can be put to use also in this context.

To focus the discussion and render the learning task under consideration
concrete, assume that what needs to be learned is some unknown aspect of
the dynamics, i.e., there is an unknown part, d(x), added to the control-affine
form in Equation 4.6,

X=f(x)+gx)u+dx). (4.48)

This formulation could capture factors such as aerodynamic wind effects
experienced by unmanned aerial vehicles, as in [347], friction forces or
other ground effects [131], or unknown currents influencing the motions of
underwater vehicles, e.g., [400].

To establish an approximation of d(x), assume that we have made M
noisy measurements of the time derivative of the system,

a)qz).cq'i'nqv qe[M]’ (449)

where the subscript refers to the measurement index, with w; being the first
measurement, and so on, and where we assume that the measurement noise,
14, belongs to A(0, vz), i.e., that it is normally distributed with zero mean
and variance v2. By subtracting away the known parts of the dynamics, and
assuming that the state of the system, x,, g € [M], is fully known when the
measurements are made—obviously, the control inputs are known as well—a
sequence of estimates of the unknown dynamics is obtained,

c?(xq) =wy — f(xg) — g(xy)uy, q €[M]. 4.50)

Now, the question is how to turn these pointwise, noisy measurements into
a full-blown function approximation, d(x). The result will depend on what
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structure one wants to impose on d(x), and one convenient choice of model
is that of a Gaussian Process (GP), e.g., [5, 45, 113], which lets every point
in the state space be associated with a normally distributed random variable.
In particular, if we assume (purely for the sake of notational simplicity'?) that
n=1, i.e., the state is scalar, the GP belongs to the class GP (0, k(x, x')),
with a prior mean of zero, and the covariance depending on the (Gaussian)
kernel function, k(x, x’), that encodes the degree of similarity between states
x and x’.

Since any finite number of data points form a multivariate normal dis-
tribution [185, 350], one can obtain the posterior distribution of d(x) by
conditioning on the measurement sequence, as was done in [426]. In par-
ticular, given the measurement sequence in Equation 4.50, the posterior
distribution of d(x*), at query state x*, has mean and variance

m(x*) =k*T (K +v21)~d,
2%\ * ook _ kT 271\—17% (451)
o (x*)=k(x*, x*) — k™ (K +v°I)""k*,
where d = [c?(xl), aA?(xz), ey c?(xM)]T, K is the M x M kernel matrix, with
Ki j=k(xi, xj), and k* = [k(x1, x*), k(x2, x*), ..., k(e x9)]7.
As shown in [426], this construction can be used to provide a high-
probability confidence interval for the unmodeled dynamics, d(x), as

D (x) ={d | m(x) —kso (x) <d <m(x) + kso (x)}, (4.52)

where ks is a design parameter to get to (1 — §) confidence, for some design
choice, § € (0, 1). For instance, 95.5% and 99.7% confidences are achieved at
ks =2 and ks = 3, respectively [185, 350, 426].

The use of GPs for approximating unknown aspects of the dynamics is
interesting in its own right. But, it does not quite fit the theme thus far. In par-
ticular, it is not clear what this has to do with constraints and barrier functions.
Or with the idea of “safe learning.” To illuminate these connections, we have
to return to the exploration issue and ask ourselves how the measurements,
c?(xq), q € [M], were generated in the first place. In other words, we need to
consider the problem of how to pick the measurement locations, x,, g € [M],
in such a way that we learn as much as possible about the system, yet, at the

101f » > 1, multivariate versions can be readily deployed, e.g., [426]. Nothing technical
really changes beyond the need for slightly more involved notational bookkeeping.
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same time, ensure that it does not stray into unsafe regions from where the
system cannot be prevented from going unstable.!!

It should be noted that this search for the unmodeled dynamics, d(x),
coupled with an identification of safety with stability, are particular choices of
learning objectives that explicitly call out the idea of safe learning. They can,
however, be generalized to encompass other objectives, e.g., [5], and we make
these choices primarily for the purpose of highlighting how barrier functions
can be put to effective use also in learning applications. In fact, to focus the
problem formulation further, what we will do is proceed to learn a barrier
function, & (x), that lets us maximize the size of the safe set. This set is, by
design, rendered forward invariant, i.e., it captures a region of the state-space
from which the system can never be forced away by unmodeled dynamical
effects. This is, as we will see, particularly pertinent to aerial vehicles that
must learn how to manage unknown airflows without being swept out of the
air and crashing.

4.4.1 Learning Barrier Functions

In light of the previous discussion, what we want to do is find the barrier func-
tion, & (x), that produces the largest possible safe set, i.e., the largest possible
region that can be rendered forward invariant.'> More concretely, the goal of
the learning process is to maximize the volume of the barrier-certified, safe
region, by which we mean the set 6}, = {x | h(x) > 0} that has been rendered

forward invariant.!3

This, in turn, is achieved by incrementally adjusting 4 (x)
as better understandings of the unknown dynamics is obtained through the

measurements, i.e.,

HTf one equates “unsafe” with “unstable,” this question of ensuring safety in terms
of stability throughout the learning process has been investigated more thoroughly, for
example, in [5, 45, 210, 351, 426].

12The connection between safety and stability is made explicit by observing that the
unsafe region is the region where it is no longer possible to remain, no matter what the
control input is.

BSince maximizing the volume of % is a nonconvex problem in general, we can
restrict 6} somewhat by parameterizing the barrier function, /1, (x), with u being the
parameter, in order to simplify the problem. For example, in [426], A, (x) was given
by 1 — Z(x)Tp,Z(x), where Z(x) is a vector of monomials, and p is a positive semi-
definite matrix. This parameterization makes the maximization of vol(%}) equivalent to
the minimization of the trace of pu.
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max vol(%3)
h(-)

subject to max mn(n) {g—h(f(x)-i-g(x)u +d)+oz(h(x))} >0, Vx € 6.
x

(4.53)

Note that this constraint!# is phrased in terms of Z(x) rather than the un-
known d(x), which means that it is possible to actually evaluate the constraint.
However, the price one has to pay for this convenience is a probabilistic rather
than deterministic safety guarantee.

Since u and d are independent from each other, the max-min constraint
can be rewritten as

max{L h(x)u}—l—dn;?){%d}+th(x)+a(h(x))>0 Vx € 6.
ceYx

(4.54)

Using the high confidence interval, Z(x), in Equation 4.52, the problem
expands to

max vol(%3)
h(-)

oh oh
subject to max {Lgh(x)u} + a—m(x) — ks |— o o(x)+Leh(x) (455
u

+a(h(x)) =0, Yx €6},

which takes us to the following result, based on the developments in
[426]:

Lemma 4.2 If u is selected so as to satisfy

e b )| ) )
gxu axm.x 38x0.x fx

+a(h(x)) >0, Vx € €, (4.56)

14Dye to the assumption that x € R, the derivative of & is a scalar as well, which is
why we do not need to keep track of the transpose, as is the case in higher-dimensional
situations.
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Figure 4.9: Incremental learning of barrier functions. The smaller region, %o,
and the larger region, %6, are the barrier-certified, safe regions obtained ini-
tially and after n measurements of d, respectively. The key feature in this
pictorial representation of the process is the fact that the barrier-certified, safe
region gradually expands as more and more data points are collected.

then the safety barrier constraint

%(f(X)Jrg(X)u +d(x)) +a(h(x)) =0 (4.57)

is satisfied by this u, for all x € 63, with probability (1 — §), which is
the confidence associated with the high-probability confidence interval,
2 (x), in Equation 4.52.

As more data points are accumulated, the uncertainty, o (x), gradually
decreases. As a result, more states will satisfy the barrier constraint, as is
pictorially illustrated in Figure 4.9. What this means is that the exploratory
aspect of the learning process corresponds to a purposeful collection of data
points in order to reduce o (x), while maximizing the volume of 6.

Since this process is not associated with any particular task beyond the
reduction of uncertainty, it adheres to the curiosity-driven learning program,
discussed in Chapter 2; what was informally described in Figure 2.12 has now
been placed on sound mathematical footing. In particular, in order to increase
the learning efficiency during the exploration phase, the most uncertain state
in %, could be sampled, i.e., one could select the next aspirational sample
point as

Xpext = argmax o (x). (4.58)
xe‘ﬁh
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If we assume that a nominal exploration controller, uxpore, can be de-
signed to drive the system from the current state, x, to xpex¢ in Equation 4.58,
then the optimization-based, safety procedure in Figure 4.5 can be invoked. In
other words, the controller that ultimately determines the location of the next
data point should be given by

: 2
IILIII llu — Uexplore Il

oh
subjectto Loh(X)u ++—m(x) —ks | —|o(x)
ax ax
+ Lygh(x)+a(h(x)) >0, (4.59)
which we can rewrite more compactly as
h oh
Splx; ul>ks |—|ox) — a—m(x). (4.60)
X

The resulting exploration thus stays as close as possible to the nominal
controller, u,ypiore, While always honoring the safety requirements. The way
this gets implemented is that an inner loop executes the exploratory controller
(the curiosity part) in Equation 4.59. Whenever x is close enough to xpex(, or
if the inner loop times out, a new measurement is taken, o (x) and m(x) are
updated, as per Equation 4.51, and a new A(x) (and correspondingly, 67,) is
produced as a result of the volume maximization in Equation 4.55. The pro-
gram terminates when the barrier-certified, safe region, %}, stops expanding
through the iterative, volume maximization process.

4.4.2 Applications to Aerial Robotics

To illustrate its operations, the GP-based, curiosity-driven, safe learning algo-
rithm is deployed on both a simulated and actual quadrotor. In simulation, the
real weight of the quadrotor is 1.4 times the weight used by the model. In addi-
tion, an unknown, constant wind of 0.1g is affecting the quadrotor, as shown in
Figure 4.10. Since the standard fixed-pitch quadrotor cannot generate reverse
thrust, the thrust control is limited to the interval [—1.8mg, O]. This setup is
very challenging, as the learning-based quadrotor controller needs to deal with
both a significantly inaccurate model as well as limited thrust capabilities.

To see how the learning process improves the performance, consider the
problem of having the quadrotor track a reference trajectory, as shown in
Figure 4.10. To make an informative comparison, the position errors in three
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Figure 4.10: A simulated quadrotor flies in an unknown wind field using a
highly inaccurate model.
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Figure 4.11: Tracking error when tracking a reference trajectory using a nom-
inal model (Left) and after learning the unknown dynamics (Right). Source:
Fig. 5 in Wang (2018).

dimensions are considered for the case when no learning takes place, as shown
in Figure 4.11 (Left) and when the GP-based, safe learning algorithm in Equa-
tion 4.55 has terminated, as shown in Figure 4.11 (Right). As can be seen, the
tracking error associated with the learning-based controller is significantly
smaller than the tracking error obtained without learning.
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Figure 4.12: By incrementally probing the airflow around a fan, the quadrotor

learns how to fly through the blade-less fan in a safe manner. Additionally, a
GP model is produced as part of this process, describing the effect the fan has
on the quadrotor dynamics.

The same GP-based, curiosity-driven, safe learning algorithm used in sim-
ulation is deployed also on an actual, miniature quadrotor, tasked with flying
through a blade-less fan. The undisturbed model corresponds to the case when
the fan is off, i.e., the external airflow is virtually nonexistent. Once the fan
turns on, the quadrotor must learn how the unknown, but significant, airflow
influences its motion in order to successfully fly through the fan. The re-
sult from this experiment, based on the developments in [426], is shown in
Figure 4.12.
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5 Persistification of
Robotic Tasks

Empowered by the control barrier formalism for ensuring constraint-satis-
faction, we are now able to tackle the original long-duration constraint
discussed already in Chapter 1, where a robot has to circle back to a charg-
ing location, every now and then, to recharge. What is needed is a purposeful
restriction of the robot’s nominal behavior in such a way that it always has
sufficient energy on hand to be able to reach the designated charging area. If
this recharging strategy was to coexist with a successful execution of a pri-
mary task, we would say that this task has been persistified in that it can be
carried out indefinitely. The reason why this particular situation deserves its
own, stand-alone chapter, as opposed to being treated as one constraint among
others, is that persistification is a fundamental, necessary condition for robot
longevity [304].

The primary tasks we will focus on in this chapter, as motivating scenar-
ios, are environmental monitoring and exploration.! Not only do these tasks
connect well with the environmental theme invoked by the robot ecology

IThe persistification framework will have to be agnostic to the particulars of the pri-
mary tasks in order to support a wide range of long-duration deployment scenarios. As
such, it will not rely on the environmental monitoring interpretation for its mathematical
composition.

124
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appellation, they are also prime examples of robotic tasks that have to be
executed over long time horizons. However, as robots can only store and carry
a limited amount of energy in their batteries, clever hardware solutions alone
are not sufficient to allow the robots to perform these types of monitoring
tasks perpetually, e.g., [287], which was one of the key attributes of a long-
duration deployment identified in Chapter 1. To this end, we adhere to the
story line from the previous chapter by minimally modifying the nominal
control inputs that define the monitoring tasks? in order to enter the long-
duration autonomy realm. As a result, the robots are allowed to freely execute
the monitoring tasks whenever they have enough energy stored in their bat-
teries; whereas they are forced to recharge whenever their energy caches are
running low.

5.1 Energy Dynamics

In order to frame the opportunities afforded by the environment in terms of
recharging possibilities, one needs to not only model the robot, but also the
coupling between robot and environment. In other words, in addition to need-
ing a representation of the robot dynamics and of how batteries deplete over
time, what is needed is a description of the robot-environment interactions
in terms of the recharging mechanism supported by different environmental
conditions and configuration.

5.1.1 Environmental Interactions

Let the environment, i.e., the domain in which the robots are deployed, be
given by the compact set & C RY, where d is the dimension in which the
robots operate, i.e., d =2 in the case of ground robots, and d =3 for aerial
vehicles. As the full state of the robot is typically not given in terms of its
position in R4, we let the output function,

7:R"— &, (5.1)

2Environmental monitoring [143, 166, 233, 319, 384], exploration [69, 219, 309], and
coverage [95, 218, 229] are well-studied topics in robotics. Persistent variants have also
been considered, e.g., in [281], which examines persistent coverage through the lens of
a vehicle routing problem, and in [48, 116, 242], where power-management is explicitly
appended to the problem formulation. In [203, 266], the robot team is split into “task
robots,” which are in charge of executing the primary tasks, and “delivery robots,” which
supply the task robots with the required energy resources.
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map the robot state to its position in &, i.e., Robot i’s location is given by
pi =m(x;) €&, where x; € R".

As different locations in the environment afford different recharging pro-
spects for the robots, this needs to be characterized as well. For instance,
solar-powered robots can only recharge in sunny spots, while robots that rely
on a fixed recharging infrastructure can only recharge at designated charging
or docking stations. An additional caveat that must be considered is that the
availability of solar energy at a given location is not stationary, nor would a
dedicated refueling vehicle necessarily remain in a single location. In other
words, the availability of energy is time-varying.

To capture the time-varying nature of the robot-environment interaction,
consider the time-varying scalar field,

I:& xRy —1[0,1], 5.2)

where the value the available energy resource can achieve at a given location
is normalized to fall in the interval [0, 1]. In other words, I (p, t) € [0, 1] is
the intensity (e. g., solar light intensity) associated with position p € & at time
t, and for technical reasons we insist on / being Lipschitz continuous in its
first, and differentiable in its second argument. As robots move around in the
environment, I (7 (x;(t)),t) €[0, 1] is the intensity at Robot i’s position at
time ¢. This gives us a general and convenient way of coupling the robot to
the environment.

Next on the agenda is to understand the variations in the robots’ energy
levels as they move around. Following the notational convention from Chapter
4, let E; € R4 be the battery energy level associated with Robot i. A number
of models have been proposed at different levels of complexity for describing
the dynamics of batteries and other energy storage devices, and we introduced
an example of an overly simplistic such model in Equation 4.24.

To arrive at a formulation that is simple enough to be mathematically
tractable, yet rich enough to be realistic and meaningful, we follow the general
expression from [104, 304, 303], which has been empirically shown to capture
the energy discharge dynamics associated with a number of robotic platforms.
Let the charging and discharging dynamics of the battery be given by

Ei=F(x;, Ei,t) =k (w(x;, E;, 1) — E;), (5.3)

where k > 0 is a charge/discharge gain, and the energy drain is given by

1

wx;, Ej, t)= .
i, Ei, 1) 1+%e—k(1(ﬂ(x,-),t)—1c)

(5.4)
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Here, A >0 and /. € (0, 1) are two scalar values that capture the particulars
of the energy modality [104, 304], and I (7w (x;), t) € [0, 1] is the previously
introduced, time-varying scalar-valued function in Equation 5.2.

To see this model in action, the performance of the exponential charging-
discharging dynamics in Equation 5.3 is considered on an actual, solar-
powered robot over a 24-hour experiment, as per [303]. The result is detailed
in Figure 5.1, where the top figure shows the results from collecting solar
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Figure 5.1: Empirical validation of the energy model in Equation 5.3 using
data collected during a long-term experiment with a solar-powered robot. Top:
Data collected during the course of a 24-hour experiment. £ and [ are the
measured battery energy and solar light intensity, respectively. Bottom Left:
Comparison between measured and predicted values of the energy dynamics.
Here, AE is the difference between the measured E and its predicted value,
based on Equation 5.3. The mean of AE is shown as a thick line, whereas
the shaded area represents the region of one standard deviation from the mean
value. Bottom Right: Simulated battery charging and discharging dynamics.
A comparison with the top figure reinforces the fact that the model in Equation
5.3 is able to reproduce the dynamics of a real battery in a reasonably faithful
manner. Source: Fig. 1 in Notomista et al. (2021).
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panel data during the course of the experiment, including the measured battery
energy and solar light intensity. In the bottom left figure, the difference, AE,
is shown between the measured E and its predicted value using the energy
model in Equation 5.3. The bottom right figure displays the simulated battery
charge and discharge curves obtained using Equation 5.3 for the cases when
I > I, and I < I, respectively. What this figure underscores is that the model
is indeed able to capture the exponential charging and discharging dynamics
of real batteries.

A final observation about this particular choice of energy dynamics is
that the lack of an explicit dependence on the control input, u;, is a pur-
poseful choice rather than an oversight. The energy dynamics are intended
to reflect a conservative approximation, thereby increasing the robustness of
the persistification strategy. In fact, the rate of charge and discharge of the
battery, obtained when I (7w (x;),t) =1 and I (7 (x;), t) =0, respectively, are
designed to be the rates obtained when the robot input, u;, attains its maxi-
mum value (when the actuators are absorbing maximum power), i.e., when
the battery discharges most rapidly or charges most slowly. Under this ap-
proximation, the actual discharge rate will be lower than what the model
prescribes, thereby providing robustness to the forthcoming persistification
strategies against unmodeled factors in the environment and/or the battery
dynamics.

These models are rich enough to capture quite a large set of situations. For
example, in the case where the intensity, I (7 (x;), t), represents a measure of
the solar light intensity at the position 7 (x;) at time ¢, F (x;, E;, t) describes,
at least qualitatively, the energy dynamics of a solar rechargeable battery
in that

° E,- <0, i.e., the battery is discharging when I (7w (x;), t) < I;

° E,- > (0, i.e., the battery is charging when I (7 (x;), t) > I.; and

° E,- =0 when I (7 (x;), t) = I, i.e., the generated energy is equal to the
energy required by the robot at time ¢.

Figure 5.2 shows an example of how this coupling between energy dy-
namics and environmental resources works. In the figure, the surface plot of
the function /, at a given time instant ¢, is displayed in grayscale (black to
white for values going from O to 1). Below the surface plot, the contour plot
of I elucidates the level curves where I (-, t) = I.. Inside the regions bounded
by the bold curves, characterized by I (-, t) > I, we have that Ei >0, 1.e., the
robots can charge their batteries at those locations.
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Figure 5.2: Example of the function I (-, ) over an environment & at a given
time instant. In the interior of the bold level curves, it holds that E >0, 1e.,
here robots can recharge their batteries effectively. Outside, on the other hand,
the energy levels are decreasing, i.e., Ei < 0. Source: Fig. 2 in Notomista et al.
(2021).

As solar energy is a readily available resource, with an ubiquitous pres-
ence in most natural environments, it will serve as the primary energy
source under consideration. However, another common scenario that must
be captured is one where the robots have to go to a dedicated location to
recharge/refuel. Such “lumped” sources of energy, e.g., charging stations, can
also be modeled using Equation 5.2. For instance, bump-like functions [411]
placed at the locations of the charging stations can be employed to this end in
order to obtain the desired charging characteristics, as depicted in Figure 5.3.

Equipped with both an energy model and a characterization of how robots
can replenish their energy caches by interacting with the environment, we are
now ready to move on to the next item on the persistification agenda. What
is needed is an understanding of how one can use these models in order to
ensure that the robots can execute their tasks indefinitely, while never running
out of battery.
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Figure 5.3: An example of lumped sources of energy (charging stations), mod-
eled by a suitable I(-, ) function. Left: A rectangular environment, &, is
shown and the positions of four charging stations, denoted by C; to C4, are
depicted as black dots. Right: Shown is the surface plot of I (-, t), correspond-
ing to the charging stations in the left figure, modeled by means of bump-like
functions [411].

5.1.2 Task Persistification

In the introductory chapter, a number of key principles were established for
long-duration deployments. One of these principles prescribed moving away
from specific missions, and avoiding solutions that were overly targeted at the
particulars of the primary tasks. As such, in order to achieve persistent envi-
ronmental monitoring, we first need to understand how to persistify general
robotic tasks.

As in the previous chapter, consider a collection of N robots, with the
dynamics of Robot i being given by the control-affine dynamical system
in Equation 4.6, x; = f(x;) 4+ g(xj)u;, i €[N], where x; € R" is the robot’s
state, u; € R™ its control input, and f and g are two locally Lipschitz contin-
uous vector fields. Combining this with the energy dynamics in Equation 5.3
produces the compound model

X = f(xi) +g(xiu;

. (5.5
E;=F(x;, E; 1).

Indicating the augmented state of Robot i by x; = [xl.T, E;1T, the full-fledged
robot model retains the control-affine structure in that

X = f(xi, 1) + §(x)ui, (5.6)

where

EBSCChost - printed on 2/14/2023 3:03 PMvia . Al use subject to https://ww.ebsco.coniterns-of -use



EBSCOhost -

5.1 Energy Dynamics 131

YN JF () Aoy | 8(xi)
f(xl’t)_[F(xi,Ei,t)} and g(x»—[ . } (5.7)

To help keep the notation compact, we will use

X| u
x=|: [eRVOTD and u=| : |eRM"

XN Uy

to represent the joint states and inputs of the N robots. Furthermore, let the
primary task, i.e., the task to be persistified, be represented by the nominal
control input, Uem,i (X, 1), i € [N], or, collectively, as

Unom : RVOFTD xR, — RN™, (5.8)

Note that this choice of task representation is quite general insofar as it en-
compasses both feedback controllers, through the dependence of u;,,, on the
state x, and controllers generated by high-level planning strategies or external
user inputs, through u,,,,’s dependence on time, ¢.

Returning to the constrained optimization formalism introduced in Chap-
ter 4, what we aim to do is find control inputs that render the safe set (never
run out of energy) forward invariant. The safe set is in this case given by

S= {XGRN(n+l) | E; €[Enin, Emaxl], i € [N]}7 (59)

where Epin and Epax are the minimum and maximum energy values, respec-
tively, between which the energy of the robots should be confined.> These
energy bounds satisfy 1 > Epax > Epin > 0. And, if E; € [Emin, Emax] can be
ensured for all times, then we say that the task has been persistified relative
to a suitable measure of task completion. Following the cost formalism intro-
duced in Equation 4.19, let € (u, uuom, X, t) be a general, instantaneous cost
that measures how well (or poorly) the task encoded through u,,,, is being
executed.

3The reason why this energy constraint is simpler than the one in Equation 4.30, from
the previous chapter, stems from the fact that the energy dynamics in Equation 5.5 depends
on x;, which in turn depends on u;. As such, it is now possible to influence the energy
state, E;, indirectly through the control input, #;, which was not the case before.
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It is now tempting to, once again, formulate task persistification as
u* =argmin, cgym € (U, Unom, X, 1),

subject to
Ei(t) € [Emin, Emax], Vi €[N].

Unfortunately, this formulation suffers from the same problems as Equation
4.1 in Chapter 4 in that we are asking for a minimizing control input subject
to an instantaneous constraint that does not involve the input. And, as already
discussed, this makes it an ill-posed problem. Luckily for us, we now know
how to remedy this through the CBF machinery.

Based on the observation that the energy level, E;, cannot be negative,
the two different constraints, E; > Enin, and E; < Eqax, can be turned into a
single, scalar constraint,

henergy(xi) = (Emax — Ei)(E; — Emin) >0, (5.10)

with the corresponding CBF constraint, Shmrgv [x;; u;] > 0, ensuring forward
invariance of the safe set, S, in Equation 5.9.

The task persistification problem thus becomes:

Problem 5.1 Given the instantaneous performance cost, € (i, unom, X, 1),
find the minimizing u* to the constrained optimization problem

u* = argminueRNm %(uy Unom, X, 1),
subject to
Shenergy [Xi: 411> 0, Vi €[N],

given the constraint, /¢pergy, in Equation 5.10.

If this problem is solved, we say that the task has been & -persistified.

Definition 5.1 — Task Persistification. A task encoded through the
nominal input, u,m, is € -persistified by the minimizer to the problem
in Problem 5.1.

EBSCChost - printed on 2/14/2023 3:03 PMvia . Al use subject to https://ww.ebsco.coniterns-of -use



EBSCOhost -

5.2 Variations on the CBF Theme 133

A particularly pertinent choice of cost is the Ly norm, ||u — u,om 12, and
we will simply say that the task has been persistified by the minimizer
to the problem

. 2
u* = argmin, cgnm || — Upom|”,
subject to

Shonergy [Xi3 4120, Yi=1,..., N.

The next step towards achieving task persistification is to unleash the full
force of the CBF machinery. But, the time derivative of the CBF in Equation
5.10 is given by

ilenergy(xi) = (Emax + Emin — 2Ei) F (x;, Ej, 1), (5.11)

which exhibits two previously unseen peculiarities, namely that (i) it is a func-
tion of time ¢, and perhaps more disturbing, (ii) it is a function of x; but not
of u;. As such, we still do not have a way of ensuring that the constraint
is satisfied unless we somehow introduce u; into the mix. The way to ac-
complish this is to take at least one more derivative of hepergy 10 get to an
expression involving the control input, which is necessary in order to be able
to find a control signal that renders the safe set forward invariant. This, in turn,
means that we need to understand how to design CBF-based controllers where
multiple time-derivatives are needed, i.e., for “outputs” with high relative
degree.

5.2 Variations on the CBF Theme

The outcome of the previous discussion is that the CBF framework needs to be
augmented somewhat in order to handle time-varying CBFs as well as CBFs
with high relative degree. As the former of the two is less involved, we start
with the thornier question of how to ensure forward invariance of the safe
set when the control input does not show up in the first derivative of the CBF.

5.2.1 High Relative Degree Barrier Functions

The reason for having to investigate how to handle high relative degree sit-
uations is due to the energy dynamics in Equation 5.3. As a consequence of
this modeling choice, if the output to the system is taken to be the CBF in
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Equation 5.10, the relative degree is greater than 1 as the energy dynamics do
not depend on u;. As discussed, this choice was made for robustness reasons.
But the gain in robustness comes at the price of increasing the relative degree
of the CBE.

To get started, we first need to formally establish what is meant by the
relative degree of an input-output system. Given a control-affine system, x =
f(x) + g(x)u, with f and g being sufficiently smooth on a domain &, we can
associate an output, y = h(x), with this system, where % is some sufficiently
smooth function. This output could be an actual, measured output. Or it could
just be some particular aspect of the state that we care about for some reason,
like a compact description of what “robot survival” might entail.

The time derivative of the output is

onT . dh T

. . T dh
y= o X = P fx)+ ox gX)u=Lsh(x)+ Lgh(x)u, (5.12)

where we have used the Lie-derivative notation introduced in Equation 4.13.
If Loh(x) #0, then y depends on u, and we say that the system has relative
degree 1 (at x). But if this is not the case, i.e., if Loh(x) =0, we have that

y=_Lyh(x)
and, as a result, we need to take additional derivatives,

. OLghT 9L shT AL fhT
y= x= J)+
ax ax ox

g(x)u. (5.13)

Based on the notational convention [366] that

aL rhT oL rhT
aj; f@)=L%h(x) and afx g(x)=LgL h(x),

we can rewrite ¥ more compactly as
§=L3h(x)+ LgLsh(x)u. (5.14)

Now, if Ly L rh(x) #0, then u shows up in y and the relative degree is 2.
If it is equal to zero, we have to keep going until u shows up.

Definition 5.2 — Relative Degree. The system x = f(x) + g(x)u,
with output y = h(x), has relative degree, p € Z, at xo, if
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Lng]}h(x) =0, Vx in a neighborhood of xp, and forallk <p —2
(5.15)

Lo L% h(xo) #0. (5.16)

Luckily for us, CBFs with high relative degree are actually not all that
hard to handle, as demonstrated in [298, 304]. Consider an example of a CBF
candidate, ; : R" — R, with relative degree 2 (meaning that Lgh(x) =0 and
LgL ¢hy(x) #0) that defines the super-level set S; = {x e R" | h1(x) > 0}. To
establish forward invariance of this set, we need /| to be a CBF, for which the
following condition must hold,

Lyhi(x)+ Lghi(x)u+aj(hi(x)) >0,

where « is some continuously differentiable, extended class %5 -function.
But, as the relative degree is 2, Lgh1(x) =0, and the inequality condition is
actually

Lyhi(x)+ai(hi(x)) =0. (5.17)
In essence, what we have done is gone from the condition that
h1>0
to a new condition that states that
Lyhy(x)+ai(hi(x))>0.

As aresult, we have traded one condition for another, and we can thus proceed
to define a second CBF candidate, £, as

ha(x)=Lyghi(x)+ai(hi(x)), (5.18)

whose super-level set is S = {x € R” | hp(x) > 0}. The time derivative of h;
is, in turn, given by
fio=L%h LoLh 01y 5.19
2=L%hi(x)+ LgLy 1()C)M-|-8—h1 frhi(x), (5.19)
where we, once again, used the fact that LA (x) = 0. Since the relative degree
was 2, we have that Ly L rhq(x) #0 and, as a result, u shows up explicitly
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in Equation 5.19. This gives us something to latch on to from a constrained
optimization vantage point.

In light of these derivations, if there exists a locally Lipschitz, extended
class 4o -function, a, such that

do
sup {L§h1<x) + LoLphy(x) u+ a—hijhm +0tz(h2(X))} >0,

ueR™m

(5.20)

then &, is a valid CBF. And this means that S, is rendered forward invariant,
i.e., that the condition in Equation 5.17 also holds for that choice of input.
But, that means that S is also rendered forward invariant by the same choice
of input, i.e., that 41, in turn, is a valid CBF as well, As a direct consequence,
the question of how to handle CBFs with relative degree 2 has been resolved.

The technique for CBFs with relative degree 2 can be generalized through
a cascade of CBFs to the following (complicated looking but quite straight-
forward) theorem, found in a slightly different form in [298, 302],

Theorem 5.1 Given the control-affine system, x = f(x) 4+ g(x)u, to-
gether with a sufficiently smooth CBF candidate, /1 (x), with relative
degree p > 1, the CBF, £, (x), can be recursively evaluated from /1 (x)

as follows,
hy41(0) = hy () +ag(hg (), 1<q <p. (5.21)
withay, g=1,..., p—1, being a sequence of continuously differen-

tiable, extended class #5o-functions. Let K, (x) be given by

Kp(x)={ Loh1(x) + LgL™ i (x)u
+Z > ]_[ JL" "h(x) +a,hy (x))>0}
= lje(p ])jEJ
(5.22)
where ( ) is the set of i-combinations from the set {1,..., 0 —1}C

N, and «,, is a locally Lipschitz, extended class #5.-function. Then,
any Lipschitz continuous controller, u € K, (x), will render the set §1 =
{x e R" | hi(x) > 0} forward invariant.
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Theorem 5.1 provides exactly the structure required to handle high rel-
ative degree barrier functions. And, as seen, this is needed because the
constraint in Equation 5.10 has relative degree greater than 1. (In fact, it has
relative degree 2.) The additional complication is that the energy dynamics
in Equation 5.3 depends explicitly on time, i.e., it is not time-invariant. That
this has to be the case follows immediately from the simple observation that
sometimes the sun is up. And sometimes it is not. As such, any recharging
modality relying on solar energy is bound to possess a time-varying aspect.
This is the topic of the next section.

5.2.2 Time Varying Barrier Functions

In order to solve the persistification problem, the next order of business is to
extend the CBF formalism to the situation in which the function & depends
explicitly on time. In other words, we wish to ensure the forward invariance
of the (time-varying) safe set, S(¢r) C R", defined by the super-level set of the
function 2 : R" x Ry — R, as

S(t)={xeR" | h(x,1)>0}. (5.23)

With this slight change in perspective, the definition of a CBF, given in [436],
extends to the time-varying case in the following manner:

Definition 5.3 — Time-Varying CBF. Given a control-affine dynami-
cal system and a set, S(¢), defined in Equation 5.23, the function % is
a time-varying CBF, defined over a domain & x R, with S(t) C Z C
R”™, Vt > 1o, if there exists a locally Lipschitz continuous, extended class
Hoo-function «, such that, Vx € 9,

sup {% +Lsh(x,t)+Leh(x,t)u+oah(x, t))} > 0. (5.24)

ueRm

Analogously to the time-invariant case, one can proceed to define the set of
admissible control inputs,

K(x,t):{u eR"

% +Lysh(x,t)+ Lgh(x, t)u+a(h(x,1)) 20}-

(5.25)
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The time-varying extension states that S(z), as defined in Equation 5.23, is
rendered forward invariant by the application of a control input, u € K (x, t),
which we assert as a lemma,* found in [302],

Lemma 5.1 Given a set, S(¢), defined in Equation 5.23. If / is a
time-varying CBF on & x R, then any controller, u € K (x, t), that
is locally Lipschitz continuous in x and piecewise continuous in ¢,
and where K (x, t) is given in Equation 5.25, will render S(¢) forward
invariant.

5.2.3 Solving the Persistification Problem

In light of the updated CBF machinery, we now have all the necessary tools
at our disposal to properly manage the task persistification problem, as under-
stood in Definition 5.1, through the constrained optimization formulation in
Problem 5.1. To this end, we start the high relative degree CBF cascade by
setting /11 = hepergy from Equation 5.10. As &y does not explicitly depend on
t, its time derivative is

h(xi,1)=L PG, 1) + Lghi () u

ohl ah anT iy
i : 5.26
|:8x, BE:|f(X |:8xi g, | 8o u (5.26)

= (Emax + Emin —2E) F (x;, Ej, 1),

which does not depend on u;, as the relative degree of /1 (x;) is 2. But, it does
depend on 7. Therefore, we define the next CBF, £, (x;, t), as in Equation 5.18,

ha(xi, 1) =hy(xi, 1) + yih (%), (5.27)

where we, for simplicity, have chosen o/ (z) to be the linear function o1 (z) =
12, for some y1 > 0.

The only thing remaining is to combine Theorem 5.1 with Lem-
ma 5.1 to define the set of control inputs that will render the set
St = {xi €R"™ hi(x) >0} = {(xi, E) €R" X Ry | Enmin < Ej < Emax}

4In case at =0and Lgh(x, t) =0, we are not able to ensure the existence of a control
input such that the condition in Equation 5.24 holds, which is a pillar on which Lemma 5.1
rests. This case can be tackled by once again making use of a cascade of control barrier
functions, combined with the construction in Theorem 5.1.
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forward invariant. This is achieved by the following set

ohy
Ko (xi, 1) = {Mi eR™ B +L?hl(xi, 1)+ LgL phi(xi) u;
+yiL phi(xi, 1) +y2ha(x;, 1) ZO}, (5.28)

where o (z) = y2z, with y» > 0.

Gathering all the pieces together, we conclude this section by formally
stating the fact that task persistification, as defined in Definition 5.1, has been
successfully achieved:

Theorem 5.2 If u*:[u’l‘T,...,uR,T]T is the solution to the con-
strained optimization problem

u* =argmin, ||u — Unom|I%
subject to
u:' e K>(xi,t), Vi €[N],

with K»(x;,t) given in Equation 5.28, then u* persistifies the task
represented by the nominal control input, i,

5.3 Environmental Monitoring

To contextualize the task persistification framework, we now consider two
robotic tasks whose persistent application is particularly relevant to robots
deployed in an environment over long time-scales. These two tasks are varia-
tions on a larger application theme, namely environmental monitoring, where
robots are to be deployed to collect information about an area. In particular,
the tasks under consideration are environmental exploration and coverage.
Both of these tasks are typically required to be executed for a long period
of time. In the case of environmental exploration, the long execution time
is due to the size (think Mars) and/or the dynamic nature of the environ-
ment [42, 158]. Regarding environmental coverage, the time-scales of the
observed phenomena are the primary factors in determining the duration of
the deployment [124]. For instance, agricultural robots may need to be present
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in the farm field for the entire growing cycle, i.e., at a time-scale dictated by
the plants themselves [23].

5.3.1 Exploration

Suppose that the robots are tasked with moving around in an environment
in order to gather as much information as possible. As before, let the en-
vironment be given by &. Moreover, assume that “information” is available
over &, and that this information is spread spatially according to the distri-
bution ¢ : & — R, where a higher ¢-value means that more information is
available at that location, akin to the density function in the locational cost in
Equation 2.19.

There are many different approaches one can take to solving the ex-
ploration task, and a number of qualitatively different solutions have been
proposed, e.g., [42, 158]. This plethora of options does not matter for the
purpose of persistification as they simply result in different nominal control
inputs, Uuem, 1.€., it ultimately does not matter for the exposition how the
nominal controller is originated and produced. In this chapter, we choose to
follow the route established in [279], where the nominal control input is the
outcome from a trajectory optimization problem. In particular, the optimal
trajectories (and, subsequently, inputs) are obtained by making them as er-
godic as possible, i.e., by producing trajectories that traverse the environment
in such a way that the time spent in any one region is proportional to the to-
tal amount of information density present in that region [333]. In [265], an
ergodic metric was introduced over trajectories and a computational frame-
work was proposed for finding the optimal trajectories that maximize this
metric.

Since, at the end of the day, the persistification strategy does not depend
on the manner in which u,,;, is obtained, we do not dwell here on the par-
ticulars of how to find such ergodic trajectories, and instead refer to [265]
for the details. Implementation details aside we thus, at the current time ¢,
and over a time horizon 7, have access to a nominal trajectory Xpom,i(t)
for t € [t;, t. + T1], for each of the robots, and a nominal controller, u,pm.;,
that produces this trajectory—either exactly or approximately, as was done
in [302]. At each instant of time, the constrained optimization problem for
persistifying the exploration task can subsequently be solved. This can more-
over be achieved in real time as the optimization problem is, as already
seen in Chapter 4 (Equation 4.20), a computationally unproblematic quadratic
programming problem.
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The persistent environmental exploration task is implemented and tested
in a simulated environment. In the experiment, a single, planar robot is given
the task of exploring the environment, &, over which the spatial distribution
of information has been defined. This information is distributed according to
the static, Gaussian density function

llx—xol?

p(x)=e o €Ry, (5.29)

where x € Rz, and for the purpose of the experiment, x, = [0, O]T and o2 =
0.1. The time-varying environment field, 7, is modeled as a mixture of time-
varying Gaussians,

I(x,1)= e Ilx—M x| + e—\lx—Mz(t)xcHz’ (5.30)

where x. =[1, 117, and

-1 0 _|sin(2r) O
Ml(f)—|:0 sin(2t)j|’ Mz(t)—|: 0 1] (5.31)

In the case of robots that are able to exploit solar power to recharge their
batteries, this choice of I simulates the sunlight intensity that is characterized
by a periodic expression over a spatially fixed environment.> (The other values
required to model E,- in Equation 5.3 are set to I. =0.85 and A =3.)

In the experiment, the output from the ergodic trajectory optimization pro-
cess results in a nominal position, predicted a short distance into the future,
for the robot to move towards, and the corresponding nominal control input is
one that simply drives the robot towards that location. The nominal position
is depicted as a black square in Figure 5.4, while the actual position as a black
circle. (Nominal and executed trajectories are also shown, represented by a
thick solid line and a thick dashed line, respectively.) Figure 5.4 displays a se-
quence of snapshots taken during the course of the environmental exploration
experiment. The contour plot of the information density function, ¢, is de-
picted with thin solid lines, and the nominal controller is driving the robot in
such a way so as to maximize the information gathered about the environment.
In addition to the information density, the energy intensity field, /, must

SThis almost circadian aspect of the prevalence of solar energy is explicitly leveraged
for slow-paced robots in [307].
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Figure 5.4: Snapshots from an environmental exploration experiment. The
contour plots of the information distribution function, ¢, and the environmen-
tal field, 7, are depicted as thin solid lines and thin dashed lines, respectively.
The nominal position, specified by the ergodic trajectory optimization pro-
cess, is represented as a square, while the actual position of the robot is
depicted as a black circle. The nominal and actual trajectories are displayed
as thick solid lines, and thick dashed lines, respectively. In order to persis-
tently explore the environment, the robot follows the nominal input as long as
its energy level is sufficiently high (Top Left and Top Right). When its bat-
tery has depleted to a critical level, the robot moves towards regions of the
environment (Bottom Left), where the value of the time-varying field, 7, is
such that its energy starts to increase. Once sufficiently recharged, the robot
returns to the nominal position (Bottom Right). Source: Fig. 5 in Notomista
et al. (2021).

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

5.3 Environmental Monitoring 143

also be taken into account, and it is represented by the thin, dashed lines in the
figure.

The most salient aspect of the sequence of simulation snapshots in Fig-
ure 5.4 is when the robot starts deviating from the ergodic trajectory towards
the end of the sequence. Once it becomes energetically beneficial to no
longer follow the ergodic trajectory, the robot instead takes a detour towards
areas with higher energy densities. When the batteries are sufficiently re-
plenished, the robot returns to where it left off, and continues following the
ergodic trajectory. The beauty of this approach is that no explicit tradeoff is
needed in terms of exploration versus recharging. Instead, the persistification
just happens organically, as a consequence of the constrained optimization
framework.

The exploratory quality of the persistified environmental exploration strat-
egy can be surmised from Figure 5.5. There, the true spatial information
density distribution, ¢, is given in the left figure. As the robot moves around
in the environment, it gathers information about ¢ and subsequently builds
up its own estimated version of the information available in the environment.
As is seen in the middle and right figures, this estimated version is getting
increasingly accurate as more information is amassed [302].

The real punchline with the environmental exploration experiment is the
persistification of the task, rather than the task itself. In fact, this persistifi-
cation concept was depicted already in Figure 3.9, which shows the energy
level of the robot during the exploration experiment discussed here. As ex-
pected, the battery level remains within the specified bounds throughout the
deployment. The corollary to this is that the robot can indeed perform the
environmental exploration task indefinitely.

5.3.2 Coverage

Related to environmental exploration is environmental coverage, where robots
are to spread out across an area for the purpose of detecting events or other
phenomena of interest. In contrast to the exploration problem, coverage is an
inherently multi-robot affair, as the former can be achieved by a single robot
moving purposefully through the environment, gathering information, while
the latter inevitably involves having multiple vantage points (i.e., robots) to
cover the area sufficiently well. In fact, for the coverage problem, the robots
are expected to use their sensors to keep track of events happening in their
area of responsibility, also known as their regions of dominance to use the
terminology from Chapter 2. An additional difference between coverage and
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Figure 5.5: Comparison between the true, spatial probability density function
(Left) and the estimated probability density function. The estimates (Middle
and Right) are obtained during the persistified environmental exploration pro-
cess. Over time, a better estimate is produced as the robot is able to gather
more information as it moves around in the environment.

exploration is that when the environment is static and no refueling is re-
quired, once the robots are properly distributed, the solution to the coverage
problem is for the robots to remain stationary. In other words, coverage is not
inherently dynamic the way exploration is.

In light of the previous paragraph, the task of environmental coverage can
be framed as a sensor placement problem [314]. As before, given an envi-
ronment, & C R?, with p =2 or 3, we can follow the recipe from Chapter 2
and associate the quality (actually, lack thereof), Q (|| (x;) —¢]|), with the
measurement of a point g € &, taken by a robot located at position 7 (x;).
Analogous to what is found in territorial animal behaviors [308, 357, 370],
encoded through the resource integrals in Chapter 3, we let Robot i be respon-
sible for everything inside a particular subset of the environment, W; C &.
Morever, as in the previous section, we let the map ¢ : & — R, represent a
spatial density function. This can be interpreted as a measure of the infor-
mation spread over the environment, &, or, if properly normalized, as the
probability density associated with the likelihood of an event taking place at
a given location.

Gathering everything together, we obtain the familiar-looking cost asso-
ciated with the placement of Robot i, given the region of dominance, W;, as

/W. 0 (I (xi) — gl (@)da.

We now insist on having the regions of dominance correspond to a proper
tessellation of the environment, W = {Wy, ..., Wy}, ie.,
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N
Uwi=&. wenwy =0, vi#j, (5.32)
i=1
where W? is the interior of the set W;, which gives the locational cost [95]
N
H(x, W) =Z/ Ol (xi) —gqlN¢(q)dq. (5.33)
i=1 Wi

Proceeding as in [95], 7 (x, W) is minimized (locally), if W is a Voronoi
tessellation in the sense that W; = V;(x), with V;(x) being the Voronoi cell
consisting of all points in & closer to Robot i than to any other robots, i.e.,

Vi) ={g €& |llm(x) —qll <llm(x;) —qll Vi #j ). (5.34)

Replacing W; by V;(x) in Equation 5.33 produces the familiar-looking
locational cost, solely dependent on the robots’ states, as

N
A=) /V o QUG —a$@)dg. (5.35)
i=1 v Vi

As far as the minimization of the robot locations is concerned, we once
again let the robots move against the gradient of the locational cost in Equa-
tion 5.35, as was done in [276] as well as in Equation 2.20. This choice,
in turn, produces the required, nominal controller for the constrained op-
timization problem.® The minimizing direction in which Robot i should
nominally be moving is given by p; (x) — 7 (x;), where p; (x) is the centroid
of the ith Voronoi cell,

x 49(@)dq

pi (x) = fv(")— (5.36)
fVi (%) $(q)dq

as per Equation 2.23.

The persistified environmental coverage strategy is implemented and de-
ployed on the Robotarium,” which is a remotely accessible swarm robotics
research testbed [337]. In the experiment, a team of 7 mobile robots are tasked

SIn case the map, ¢, is time-varying, the extension presented in [229, 365] can be
directly employed.

7The Robotarium is covered in detail in Chapter 9 as a canonical instantiation of the
autonomy-on-demand concept.
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Figure 5.6: Measured battery levels of 7 robots executing a persistified cov-
erage control experiment. As expected, the energy levels are indeed kept
between the maximum and minimum levels.

with covering the Robotarium arena. And, as the Robotarium is endowed with
wireless charging stations, the charging field, 7, is given in Equation 5.2 by
means of bump-like functions, as illustrated in Figure 5.3. To show that the
persistification strategy is indeed working as expected, Figure 5.6 displays the
energy stored in the batteries during the course of the experiment.

The sequence in Figure 5.7 shows four salient frames of the persistent en-
vironmental coverage experiment. The Voronoi cells are superimposed on the
arena by means of an overhead projector, while the wireless charging stations
are arranged along one of the edges of the testbed. Following the nominal con-
troller, obtained by solving the coverage control problem, the robots perform
sensor coverage while their energy caches are healthy. As their stores start to
deplete to dangerous levels, they go to the charging stations and recharge their
batteries to prevent the energy from going below Epip.

To summarize the key takeaway from this chapter, we have shown how
to take a robotic task, represented by a nominal controller, and render it
persistent by ensuring that the following constraint always holds,

Ei € [Emin, Emax]’ i€ [N]a

which is highly reminiscent of the homeostasis constraint introduced
in Chapter 3. The key to making the corresponding safe set forward
invariant is the ability to turn the constraint into a single, scalar CBF,

henergy(xi) = (Emax — Ei)(E; — Emin).
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Figure 5.7: Persistent environmental coverage experiment. A team of 7 mobile

robots are deployed to perform persistent sensor coverage in the Robotar-
ium. Top Left: The robots spread out to cover the arena. Top Right: One of
the robots has to go to the edge of the arena to recharge its depleted batter-
ies. Bottom Left: A second robot goes to recharge. Bottom Right: The first
recharging robot has replenished its battery sufficiently, and is returned to the
nominal coverage task.

An alternative way to formulate the energy constraint would be to say that we
need to ensure that

Ei > Emin AND Ei =< EmaXs

i.e., as a conjunction (AND) of two constraints. But why stop there? What
if we wanted to create more elaborate constraints that involve a collection of
many different constraints composed together using not only AND, but also
OR, and NOT? Then we would be hard-pressed to come up with a single,
scalar CBF without additional technical machinery. In order to go from per-
sistification to full-fledged survivability, we need the ability to produce more
complicated logic expressions. This question of Boolean composition of CBF's
is the topic of the next chapter. It constitutes the last technical ingredient
needed to get to robot ecology for the purpose of attaining long-duration
autonomy.
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6 Composition of Barrier
Functions

We have now assembled an expressive and powerful tool for managing
constraint-based control design that allows us to render safe sets forward in-
variant, i.e., if the system starts safe, it stays safe. Additionally, we have seen
how to engage this formalism around the issue of making tasks persistent by
introducing minor tweaks to the control programs in order to ensure that the
tasks can be performed indefinitely, beyond a single battery charge. The en-
abling mechanism for achieving this feat was the association of “safety” with
a scalar function, &, and letting the safe set, S, be given by the super-level set
to h, in the sense that 4(x) >0 < x € S. The scalar function, A, is a control
barrier function (CBF), and the associated invariance constraint demands that
h > —a/(h) should hold for all times, given a locally Lipschitz continuous,
extended class #5o-function, «, as per Chapter 4.

The impetus behind these developments is the desire to ensure robot sur-
vival across long temporal scales. But it is, to be completely honest, not
entirely clear how to take something as nebulous and complex as “survival”
and encode such a concept with a single, scalar function, 4 gyive. In fact, we
have already seen two fairly involved CBFs in the previous two chapters; one
focusing on collision-avoidance (Chapter 4), and one on the persistification
of tasks, i.e., on ensuring that robots never get stranded away from charging

148
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stations/areas, with completely depleted batteries (Chapter 5). What we would
really like for the robots to do is, of course, to both avoid collisions and have
enough gas left in the tank, i.e., we need some way of combining multiple
CBFs into a single, unified, super-CBF.

6.1 Boolean Composition

To start the discussion about how to combine together multiple CBFs, con-
sider two sets, S; and S,, with associated level-set functions, #; and /5, in
the sense that 4;(x) >0 < x€S;, i =1,2. The corresponding CBF con-
straints, as per Definition 4.2, can be compactly represented as Sy, [x; u] > 0,
i=1,2.

What if we now would like to have both &{(x) >0 and ho(x) >0 si-
multaneously? In this case, we could add both constraints to the constrained
optimization problem, i.e.,

H}lin Crask (X, U, Unom), (6.1)

subject to the two constraints

Silvs 1] = 0 62)
Shy[x; u] =0,

where, as in previous chapters, €45k, encodes adherence to the nominal task

that the robot is asked to perform.

But, as we add more ingredients to the survival specification, we are
increasing the number of constraints in a potentially unmanageable and prob-
lematic manner. Additionally, what if we wanted x € S1 or x € S, instead? In
that case, we cannot simply augment the list of constraints, since that is not
how the disjunctive “or” works. Instead, rather than juggling multiple con-
straints, what is needed is a method of producing a single, scalar CBF from
the constituent CBFs, /; and h;.

6.1.1 Disjunctions and Conjunctions

The takeaway from the previous discussion is that we, at the very least, need
to be able to handle operations such as “and” and “or” under the CBF um-
brella. From a set-theoretic standpoint, these composition operators are quite
unproblematic, as seen in Figure 6.1.

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

150 Chapter 6. Composition of Barrier Functions

5,US,

a

hy >0V h>0

5N,

(@

hy>0Ah>0

Sl
h >0
SZ

hy>0

Figure 6.1: Given two super-level sets, S; and S, to the CBFs, /1 and &
(Left), disjunction is given by the union operation, S; U S, (Top Right), and
conjunction by the intersection, S; NS> (Bottom Right).

The conjunction (AND) operation, where x € S1 and x € Sy, is given by
the intersection of the two sets, i.e.,

xeS and xe€$ © xeS; NS, (6.3)
Similarly, the disjunction (OR) is given by the union,
xeSiorxeSH & xeSUSs. (6.4)

Unfortunately, neither of these two set operations lead, in any immediate
fashion, to a CBF. For this, some additional work is needed.

Starting with the conjunction operator, we note that /;(x) >0 and
ha(x) > 0 as long as the smallest of the two is non-negative, as noted in [161].
In other words,

x €S NSy & minfh(x), ha(x)} >0. (6.5)

Put another way, if we let 21,7 be the CBF associated with S7 N Sy, we have
that

hi(x)=0Ahy(x) 20 & hia2(x) >0,
where i o (x) =min{h(x), ho(x)}. (6.6)
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Analogously, we note that &1 (x) > 0 or 3(x) > 0 holds when the largest
of the two is non-negative, i.e.,

xeS1USy & max{h(x), ha(x)} >0, (6.7)
which gives the disjunction

hi(x) >0V hy(x) >0 & hiva(x) >0,
where hv2(x) =max{h(x), hy(x)}. (6.8)

These two innocent-looking constructions (“and = min” and “or = max”
are actually all we need to produce a rich set of constraint-based robot be-
haviors. The remainder of this chapter explores where this perspective will
lead technically, including appearances by generalized gradients and set-
valued Lie derivatives, connectivity maintenance constraints, and non-smooth
CBFs.

6.1.2 Secondary Operations

The Boolean composition of constraints is made complete, in the sense that
any Boolean expression can be captured, by the inclusion of negation, as was
done in [160], through

—h(x)>0 & —h(x)>0, (6.9)

where one has to accept the ambiguity associated with the boundary 4 (x) = 0.
This allows us to combine together constraints reflecting arbitrary Boolean
expressions! through the application of De Morgan’s Laws [132], in that &1 v/
hy = —1(—'h1 VAN —'hz).

For example, given the sets Sy, Sz, S3 (with associated CBFs hy, hy, h3,
and where we use S as shorthand for the proposition x € §), the CBF
associated with the formula S| A (5> v —83) thus becomes

Mn@v-3) () =min{ A (), max{ha(x), —h3 (0} . (6.10)

IThe one dissonant note here is given by the fact that max and min are actually non-
smooth operators. As such, turning s1,2 and k1, into CBFs requires some additional
machinery as the CBFs from the previous chapters were all assumed to be continuously
differentiable. This issue will have to be resolved in subsequent sections.
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Similarly, secondary operations, like the material implication, S| = S», which
is logically equivalent to =S Vv S,, and the exclusive or, S| & S, (equivalent
to (S1V 82) A—(S1 A S»)), become

h1:>2(x):max{—}n(x),hz(x)}, 6.11)
hiea(x) =min{max{h1(x), hy(x)}, — min{h; (x), hg(x)}}. (6.12)

In particular, the material implication provides a way to manage situations
where constraints may be violated due to a lack of feasibility. For example,
the constraint =S| = S, encodes the proposition that the state of the system
should satisfy the constraint x € . But, if it does not, then x € S, should be
satisfied as a fall-back.

The ability to express arbitrary Boolean compositions of constraints is vi-
tal for the formulation of a constraint-based design strategy for long-duration
autonomy. To appreciate how important the ability to combine together mul-
tiple constraints really is, as well as foreshadow results in Chapter 7, recall
the discussion in Chapter 3 (Equations 3.16 and 3.20) that concluded that for
a robot to survive, it should satisfy the constraint x € %,vive, Where this set
was defined through the intersection,

gsurvive = Jresources m gimeract m ghomeostasis' (613)

The interaction constraint, as captured by the set, ueracr, Was afforded the
additional structure,

ginteracl = Sgseparation N ggcomzect N gmpology' (6 14)

Equating intersections with conjunctions, these set-membership con-
straints can thus be replaced with the Boolean composition,

X € gresources N X € %nteract N XE ghomeostasim (6.15)
or

X € gresourcex N ()C € gyeparati()n N X € Eqc(mnect N XE€E E%()p()l()gy)

A X € Ghomeostasis- (6.16)
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Assuming that these sets can all be defined as super-level sets to
some scalar functions, the corresponding inequality constraint becomes
hsurvive(x) > 0, where

R survive = min { Rresources mln{hseparotion s Bconnect, h topology} )
hhomeostasis } ’ (6.17)

where we, for ease-of-notation, have suppressed the x-dependence among the
functions. Furthermore, as min is an associative operator, the final survival
constraint “simply” becomes

hsurvive = mln{hresources, hsepumtiom hconnect htopology, Rhomeostasis }

(6.18)

But, as we will see shortly, just because we can write down a constraint, it
does not follow that we can enforce it. Nor even directly make technical sense
of it.

6.2 Non-Smooth Barrier Functions

Now that we have established that “all” we need to do to capture full-blown
Boolean composition of constraints is to introduce min and max operators,
what prevents us from just deploying the framework from the previous two
chapters? The clue to the obstruction resides with the way that these two func-
tions behave whenever their constituent functions cross over each other. In the
previous discussions about CBFs, we always insisted on h € C I ie., on the
CBF being continuously differentiable. But, as seen in Figure 6.2, neither min
nor max are C!. In fact, whenever either of those operators transition from
one argument function to the other, a non-differentiability is (typically) intro-
duced. To this end, we first need to expand the CBF toolbox to encompass
Non-Smooth Barrier Functions (NBFs) as well.

Though not considered in this particular context, non-smooth Lyapunov
functions have been extensively studied, e.g., [30, 31, 322, 376]. Luckily, the
tools developed for analyzing and characterizing such non-smooth Lyapunov
functions translate quite readily and gracefully over to the NBF setting. In
this chapter, we show how to extend the previously established concepts for
smooth CBFs to the richer class of NBFs.

To make clear the need to modify and generalize what was previously
done in the smooth case, consider, initially, the situation where there is no
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\
\

Figure 6.2: Two functions, &1 and & (Top), are plotted together with their
corresponding min and max functions (Bottom). As can be noted, whenever
h1=hy, the min and max functions are typically no longer differentiable,
despite 71 and i themselves being smooth.

control input, and the system is given by
x=f(x), (6.19)

where we assume that f is locally Lipschitz continuous over its entire domain.
The forward invariance constraint from Chapter 4 (Equation 4.15), associated
with ensuring that a continuously differentiable function, %, remains positive
for all times, stated that

d
2,1 (0) = —a(h(x (1)), (6.20)

where « is a locally Lipschitz continuous, extended class %5 -function.

Let us unpack the time-derivate of & a bit further, as we move towards a
non-smooth version of the forward invariance constraint. Thanks to the Chain
Rule, we have that

ahx)T . dh)T
X =

5 f(x)=(Vh(x), f(x)), (6.21)
X 0x

d
Eh(x) =

where (-, -) denotes inner product. And, this inner product seems like a
promising place to start the non-smooth investigation. What happens when
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Vh is no longer well-defined at some points, as is the case with the min and
max functions? What we need to do is reinterpret what the “gradient,” Vh,
actually entails.

6.2.1 Generalized Gradients

Gradients are defined through limits. For example, for scalar functions, ¢ :
R — R, we have that

¢(t+56) _¢(t)‘ (6.22)

"(1)=1i
@' (1) lim
This construction is completely unproblematic as long as the limit is well-
defined. But, what if, for example, ¢ (¢) = |¢|? In that case, ¢’ (1) =1 if 1 > 0,
and ¢'(t) = —1 if t < 0. The problem appears when ¢ = 0. The limit in Equa-
tion 6.22 is different at = 0 depending on whether € — 0 happens from above
or below, i.e., for ¢ () = |t|, we have
. ¢(e) —¢(0) . ¢(e) —¢(0)
m — = m —,)———=

li 1, i

—1. (6.23)
e\0 € €,/0 €

Which one is the “correct” gradient? The answer is both. And perhaps even
everything in between, i.e., the entire interval [—1, 1]. In other words, what
used to be a point has now become a set.

The next order of business is to generalize this observation about ¢ (¢) =
|t|, which by the way can be written as the max function,

¢ (1) = |t| =max{—t, t}, (6.24)

to other non-smooth functions that could, for example, also originate from
the repeated application of max- and min-operations to smooth functions.
To this end, let £ : R” — R be locally Lipschitz continuous on a domain
containing a zero-measure set (under the Lebesgue measure), 2, where £ is
non-differentiable. The gradient, V& (x), is, of course, unproblematic when-
ever x & Q2. But, when x € €2, we have to revisit the idea of defining the proper
limits in order to arrive at a set, rather than a single value for the gradient.
Recall that we decided to let the gradient of ¢(¢) =|t| (with ¢ being
scalar), at # =0, be given by the entire interval [—1, 1], which can be obtained
by taking the convex hull of the results obtained when using two different
limits, —1 and +1. In fact, in Equation 6.23, we actually (indirectly) specified
that the two limits had to be constructed from limiting sequences obtained by
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letting € go to zero from above and from below. An alternative way of arriving
at the same result would be to not restrict oneself to only two such sequences,
but instead take the convex hull of the limits of V¢ obtained across all possible
sequences converging to t =0, but always staying away from that particular,
problematic point. This alternative characterization can be described using the
following notation,

co {'lim Vo) |ti =0, t; 760} =[-1, 1]. (6.25)

We use @qﬁ to denote this generalized gradient, and note that this idea is im-
mediately generalizable to the function &, as per the formalism developed by
F. H. Clarke in [85].

Definition 6.1 Let £ be locally Lipschitz continuous, and let 2 be the
zero-measure set where & is non-differentiable. Then the generalized
gradient of £ is given by

ﬁé(x)zco{.lim VE(X) | xi = X, X ¢s2}. (6.26)

This limiting construction for obtaining the generalized gradient is pic-
torially illustrated in Figure 6.3 (Left), while Figure 6.3 (Right) shows more
explicitly what this looks like for the function min{/, h2}, where the gen-
eralized gradient is the set containing the singleton, “normal” gradient at all
points, except those where /1 (x) = ho(x), in which case the gradient becomes
fully (non-trivially) set-valued. In fact, what we end up with for min (and,
analogously for max) functions is

) {Vhi(x)} if 7y (x) < ha(x)
V[min{hl(x), hz(x)}] =1 (Vi2(x)} if hp(x) < hi(x)
cofVhi(x), Vha(x)} if hi(x)=ha(x).

(6.27)

6.2.2 Set-Valued Lie Derivatives

When h is C!, we have that h = (Vh, f), with x = f(x), which in turn can be
written as the Lie derivative, L ¢h(x). But what happens when we no longer
have Vi but VA2 In that case, the inner product somehow becomes an inner
product between a set and f, which would potentially mean that h takes on
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I

th
V[min{/,hy}]

min

\/

Figure 6.3: Left: A function is defined over a domain containing a zero-
measure set, 2, of points of non-differentiability (depicted as small circles).
The generalized gradient is obtained by taking the convex hull of the limits
obtained across the gradients of all sequences converging to x, but staying
away from the problematic set, 2. Right: The generalized gradient associated
with min{/{, hy}. As can be seen, when the constituent functions are differ-
ent, the generalized gradient is (the set consisting of) the standard gradient,
but whenever the functions are equal, it becomes a set defined by the convex
hull over Vi1 and Vh,, as depicted by the dotted lines connecting the two
gradients at the points of non-differentiability.

values in a set as well. To untangle what this entails, we have to take a brief
detour into the world of differential inclusions, e.g., [141].

Given a set-valued map, F:R" — 2R" one can let this map generate a
dynamical system through the differential inclusion

x(@)e F(x(@)). (6.28)

There is quite a bit of technical machinery required to manage such an ex-
pression. Rather than disrupting the flow of the narrative, we relegate the
explanations of the various terms to footnotes over the next few paragraphs.
To make sense of Equation 6.28, we first of all need to ensure that solutions
exist. Without that fact firmly established, the subsequent discussion runs the
risk of becoming slightly meaningless.

To get at existence of solutions, assume that F is locally bounded,? upper
semi-continuous,> and F(x) is non-empty, compact, and convex for each x.

F being locally bounded means that for any x, there exists an M such that, for all x’
in an open neighborhood around x, || || < M for all ¢ € F(x'). In other words, nothing too
dramatic happens to the possible values that F' can take on around x.

3For functions mapping from R to R, upper semi-continuity means that for every point,
x, the difference between the function values at x and x + €, for positive and small €,
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These properties do indeed ensure the existence (but not uniqueness) of so-
lutions to Equation 6.28, e.g., [92]. Additionally, we need to figure out what
it means for something to be a “solution” to a differential inclusion. To this
end, a Carathéodory solution to the differential inclusion in Equation 6.28
is an absolutely continuous® trajectory, x(¢), such that x(¢) € F(x(¢)) almost
everywhere.)

Following [92], we need to make sense of the idea of allowing for set-
valued Lie derivatives by combining generalized gradients with differential
inclusions. In [30], these constructs were used to analyze non-smooth Lya-
punov functions, and the same tool—the set-valued Lie derivative®—may
be applied to non-smooth barrier functions as well. The following result is
taken from [92, 161], with a slightly modified notation to better fit the current
context.

Lemma 6.1 Letx € D C R" be the solution to x = f(x) (as per Equa-
tion 6.19), and let h: D C R" — R be locally Lipschitz continuous.
Then, i(x(t)) is a Carathéodory solution to

h(x(®) € Lh(x (1)), (6.29)
where the set-valued Lie derivative is given by

Lih(x)={£eR|IveVh(x)s.t. (v, f)=4£}. (6.30)

is “small.” The generalization to set-valued mappings is slightly more involved, but the
basic idea is the same. At x € R”, and for all € > 0, there exists a § > 0, such that F(x’) C
F(x)+ Be(x), for all y € Bs(x), where Be(x) and Bs(x) are the open balls of radius €
and 4, respectively, centered at x. So, small changes in x produce “small” changes in the
set-valued map. The one technical detail to pay attention to here is the order in which the
quantifiers are applied to B¢ (x) and Bg(x)—this is what causes the function to be upper
semi-continuous as opposed to “merely” continuous.

4 Absolute continuity is slightly stronger than plain continuity (but weaker than Lips-
chitz continuity) in that an absolutely continuous function can be described by an integral
over a Lebesgue integrable function.

SFor all but a zero-measure set of times.

OIfx e F (x), i.e., the system dynamics is a differential inclusion, the distinction is made
between strong and weak set-valued Lie derivatives. This distinction is not entirely mean-
ingful when x = f(x), nor for the technical developments in this chapter. More details
about this topic can be found, for example, in [92].
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The interpretation here is that the non-smooth part of an NBF translates to h
taking on values in a set defined by the set-valued Lie derivative. What this
means for forward invariance is, however, not yet entirely clear.

In the smooth case, forward invariance is ensured if there exists a locally
Lipschitz continuous, extended class .#5.-function, «, such that

h>—ah). (6.31)

But now, in the non-smooth setting, we have just discovered that h takes on
values in a set, defined by the set-valued Lie derivative, as per Lemma 6.1. A
natural idea is to ensure that no matter what element in that set is “chosen,”
h is still greater than some —o«. This can be achieved by making sure that
min L rh(x) = —a(h(x)), where the minimum is taken over the set defined by
the set-valued Lie derivative in Equation 6.30. This concept is illustrated in
Figure 6.4. And, it turns out that minimizing over this set is exactly what is
needed to ensure forward invariance in the non-smooth case [160].

Theorem 6.1 Let 4: D CR" — R be a locally Lipschitz continuous
function whose super-level set, € = {x € D | h(x) > 0}, is non-empty. If
there exists a locally Lipschitz continuous, extended class %5, -function,
o, such that the minimum over the set-valued Lie derivative satisfies

min I:fh(x) >—a(h(x)), YxeD, (6.32)

then £ is a valid NBF in that 4 (x (7)) > 0 is ensured, i.e., & > 0 is forward
invariant.

The key upshot from Theorem 6.1 is that the high-level principle of en-
suring that h does not become too negative as the function gets closer to 7 =0
still holds. The difference is that this has to hold for all values / may take on
at a given point, through its associated differential inclusion. This, in turn, is
ensured by minimizing over an entire set of possible values, i.e., h cannot be
too negative close to the boundary of the safe set.

6.3 Min/Max Barrier Functions

Now that we have the machinery in place to express set-valued Lie derivatives
and their relevance to non-smooth barrier functions, we return to what
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Figure 6.4: Top Left: The non-shaded region shows the set where f may take
on values in order to render the inner product (VA, f) > 0 in the smooth case,
i.e., when 1 e C!. Top Right: The same situation is depicted with the twist
that the shaded region is offset by a fixed amount, which enlarges the region
where f may reside in order to ensure that (Vh, f) > —a(h), where a(h) >0
captures the offset. Bottom Left: Here & is no longer differentiable and the
generalized gradient is given by the convex hull of two vectors. As the in-
ner product needs to be non-negative for all elements in the convex hull, the
non-shaded region, where f can take on values such that min{(@h, 11=0,
has shrunk somewhat. Bottom Right: The introduction of an offset, such that
min{(Vh, f)} = —a(h), enlarges the non-shaded region as compared to the
non-offset situation.
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precipitated this technical detour, namely Boolean composition of barrier
functions in general, and max and min barrier functions in particular.

For min and max functions (operating on smooth argument functions),
the points of possible non-differentiability occur when there are multiple,
constituent functions taking on the same value. For bookkeeping reasons, it
proves handy to call out those functions explicitly. To that end, assume that we
are looking at combining (through min or max operators) a finite set of func-
tions i; : D CR" — R, i € [k], where we, as before, let [k] denote the index
set {1,...,k}.

As already established, max represents disjunction, i.e., the Boolean Vv

operation. Let 437" : D C R" — R be this max function,

i = max s o) . (6.33)

Obviously, if we evaluate this along trajectories, then, for each ¢, there exists
at least one j € [k] such that & (x(t)) =h?,§]‘x(x(t)). And, if h?,;'j‘x(x(t)) is a
valid NBF, then we furthermore must have that 4 ; (x(¢)) > 0 at that particular
time, ¢. But, as already noted, there are points where multiple functions take
on the same value, and we let the corresponding index set be given by

I =L ek hy ) =] (6.34)

Analogously, since min represents conjunction, i.e., the Boolean A oper-
ation, we let

i@ =min{hioo} and ™0 = {j k0 =T |
(6.35)

6.3.1 Boolean Composition of Barrier Functions

We now dig in a bit deeper into the question of how to map these Boolean
compositional NBFs to the set-valued results from Section 6.2. In particular,
the statement in Theorem 6.1 involves taking the min over a convex hull in
order to ensure that the required inequality constraint is satisfied.

Luckily, we do not actually have to spend too much computational ef-
fort on this minimization endeavor as it suffices, as shown in [160], to only
consider the gradients (continuous and well-defined) of the constituent func-
tions themselves. This is due to the fact that the minimization of a linear cost,
constrained to a convex hull, is achieved at one of the extreme points in the
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Figure 6.5: Rather than minimizing over the entire set, it suffices to con-
sider the extreme points, as per Theorem 6.2., i.e., min VA™* =minco
{Vhi, Vhy} =min &' =min{Vh, Vh,}.

set, e.g., [58, 358], as illustrated in Figure 6.5. We can thus draw upon the
following, computational result, found in [160].

Theorem 6.2 Let h; : D CR" — R, i €[k], be a finite set of locally
Lipschitz continuous functions, and let hf‘,f]“ and .M be defined as
in Equations 6.33 and 6.34, respectively. For each x € D, consider the
set-valued map, &"* : D CR" — 2R" given by

o= J (vhio. (6.36)
jesmx(x)

If there exists a locally Lipschitz continuous, extended class #5o-
function, «, such that for every x € D and & € &"(x), (£, f(x)) >

—oz(h‘[?c'j‘x (x)), then h‘[‘,ﬁ"‘ is a valid NBF to the system, x = f(x).

Theorem 6.2 extends, not surprisingly, in a completely analogous fashion
to the min-situation as well (using pmin gmin - eminy and jt gives us a gen-
erally efficient computational tool for ensuring forward invariance when the
barrier function is made up of repeated applications of min and max opera-
tions.” This, in turn, allows us to handle arbitrary Boolean compositions of
barrier functions.

"Even though only the constituent functions need to be considered, the depth of the
Boolean expression has the potential to be computationally cumbersome nonetheless. If all
min/max functions are taken over pairs of functions, and the depth of the expression is d,
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The one caveat to pay attention to is that so far we have only covered the
situation where x = f (x), i.e., for systems that evolve autonomously, without
any external control inputs. The next (and final) ingredient in the Boolean
composition recipe is thus the addition of a control term, and to consider
control-affine rather than autonomous dynamical systems.

As was done in Chapter 4, let the robot dynamics be given by the control-
affine system

X=f(x)+g)u, (6.37)

where u is the control input that must be selected so as to advance the over-
all mission, subject to some safety constraint, such as the robot ecological
survival constraint “Don’t die!” With the Boolean composition framework
largely in place, we finally have some hope of being able to breathe life and
meaning into this, until now, somewhat nebulous survival constraint.
Assume that f and g in Equation 6.37 are locally Lipschitz continuous,

and that we need to satisfy 41 >0 or hy >0, i.e., we need h?zu]”‘ >0.Ifhi(x) >

ha(x), we have hf‘;]”‘ = h1, and we simply require u to satisfy is the old CBF

constraint,

(VA (), f(x) + g(o)u) = —er (WX (x)), (6.38)

where the gradient, Vh?z“]”‘, is of the normal rather than the generalized variety.

If b1 (x) = hy(x), we, per Theorem 6.2, dodge the full-fledged convex hull
and instead consider the smaller set (as illustrated in Figure 6.5),

& () ={Vh1(x)} U{Vha(x)}. (6.39)
Subsequently, the task becomes that of picking a control input, u, such that

(&, () +g(u) = —a(hp)* (x), (6.40)

for all £ € &;™.

The only thing remaining is to put all of this together to be able to address
complex Boolean expressions, as was done automatically and recursively in
[161]. However, rather than unleashing the somewhat involved machinery for
general such expressions, let us instead elucidate what this would look like
for two of the secondary expressions in Section 6.1, namely /1152v—3) and

then, in the worst case, the total number of values that must be considered is 2d, which
is, potentially, a large number. In [161], this number is significantly reduced by a clever
down-select of the values needed to be taken into account.
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h1g2, and take these two examples as evidence that we can address any other
Boolean expression coming our way.

hin@v=3)

As per Equation 6.10, we have that

B v- () =min{ 1 (x), max{ha (o), k3 ()}, (6.41)

which spawns a few different cases, where the salient differences are
called out in boldface.
Case 1: hy <max{hy, —h3}
CBF Constraint: (Vhy, f+ gu) > —a(hirv-3))
Case 2: hy > max{hy, —h3}
Case 2a: hy > —hj
CBF Constraint: (Vha, f 4 gu) > —a(hir@v-3))
Case 2b: hy < —hj
CBF Constraint: (—Vhgs, f +gu) > —a(hirQv-3))
Case 2c: ho = —hj
CBF Constraint: (§, f + gu) > —a(hir@v-3)), V& € {Vhy, —Vhs}
Case 3: hy =max{hy, —h3}
Case 3a: hy > —hj
CBF Constraint: (£, f + gu) > —a(hir@v-3)), Y& € {Vhy, Vhy}
Case 3b: hy < —hj
CBF Constraint: (§, f + gu) > —a(hir@v-3)), V& € {Vhy, —Vhs}
Case 3c: hp =—hj
CBF Constraint: (§, f 4+ gu) > —a(hir@v-3)).
V& € {Vhy, Vha, —Vhgs}

hig2

Equation 6.12 states that
Mgz (x) =min{ max{h1 (x), ha(0)}, —min{h1 (), b))}, (642)

with the corresponding cases being
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Case 1: hy > ha
Case la: h1 < —hy
CBF Constraint: (Vhy, f+ gu) > —a(h1g2)
Case 1b: h1 > —h»
CBF Constraint: (—Vha, f + gu) > —a(hig2)
Case Ic: hy =—hy
CBF Constraint: (&, f + gu) > —a(h1g2), Y€ € {Vh;, —Vhy}
Case 2: hy <ha
Case 2a: —h| < hy
CBF Constraint: (—Vhy, f +gu) > —a(hig2)
Case 2b: —h| > h»
CBF Constraint: (Vha, f + gu) > —a(h1g2)
Case 2c: —h;=hy
CBF Constraint: (§, f + gu) > —a(h1g2), Y& € {—Vh;, Vhy}
Case 3: hy =ha
Case 3a: h1 <0
CBF Constraint: (¢, f + gu) > —a(hi1g2), V& € {Vhy, Vha}
Case 3b: h1 >0
CBF Constraint: (€, f + gu) > —a(hi1g2), V€ € {—Vh;, —Vhy}
Case 3c: h1 =0
CBF Constraint: (&, f +gu) > —a(h1g2),
V& € {Vh;, —Vhy, Vhy, —Vhy}

Regardless of whether the barrier function is smooth or non-smooth, we will
use the established notation, Sy, [x; u] > 0, even though we are now fully aware
of the fact that this innocent-looking expression might hide a number of
slightly more involved components, such as set-valued Lie derivates and, at
times, quite a few different cases to consider computationally.

6.3.2 Navigation Example

Although the primary motivation for pursuing composed constraints comes
from the long-duration autonomy context, the ability to combine together con-
straints using Boolean logic is quite useful also in more traditional robotics
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settings. For example, the navigation problem, at its core, concerns itself with
how to move a robot from Point A to Point B, without colliding with obstacles
in the environment, e.g., [83, 225]. The multi-robot version of this problem
just involves more Points A and B, and avoiding inter-robot collisions as well,
e.g., [43, 420, 423], which we consider here through the lens of composed
constraints.

Consider a team of N mobile robots, with planar positions, x; € ]Rz, i€
[N], with the combined state x = [xlT e x}\}]T e RV, Embracing the nav-
igation theme, assume that each robot has been tasked with the primary
mission of driving to a particular goal location, Xgoas € R?V, under the
nominal control input,

Unom,i = K(xg()al,i —x;), 1 €[N], (6.43)

for some positive P-gain, k¥ > 0. Here we have assumed that the robot veloc-
ities are directly controlled, i.e., X; =u;, or, viewed as an ensemble, X = u,
where u = [ulT, . un]T eREN,

To avoid collisions with other robots and adhering to the Reynolds’ Boids
terminology, the compositional NBF applies to each pair of robots

hyeparaion@) = [\ [ I =12 = D2}, (6.44)
i,Je[N].i#]

where the large A-symbol is shorthand for sequential conjunctions, and where
D, > 0 is a given, inter-robot safety distance.® Similarly, each robot should
also avoid collisions with p circular obstacles, located at o; € Rz, jelpl,
via the NBF

N p
hobsacte) = /\ /\[ 1% = 0112 = DZ], (6.45)

i=1j=1

where D, > 0. The resulting, navigational barrier function is thus given by

hnavigation (x)= hseparation () A hobstacte (X). (6.46)

8For notational compactness, we have additionally embraced the convention that
h1(x) Aho(x) is shorthand for the conjunctive proposition &1(x) >0 A hy(x) >0, and
similarly for the disjunction and negation operators.
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Figure 6.6: A group of 8 robots successfully navigate around a pair of obsta-
cles (circles) to their goal locations, while avoiding inter-robot collisions, as
per the navigation constraint, A,ayigarion > 0 in Equation 6.46. Source: Fig. 1
in Glotfelter et al. (2017).

Following the optimization-based framework laid out in Chapter 4, the
actual control signal should be as close as possible to u,,;,, and the corre-
sponding quadratic programming problem to be solved, at each moment in
time, becomes

min [l = tnom|, (6.47)

subject to the constraint

[x; u] = 0. (6.48)

Sh navigation

Figure 6.6 displays what happens when 8 mobile robots solve this con-
strained optimization problem, with p =2, i.e., over an area populated with
two obstacles. Additionally, Figure 6.7 verifies that the NBF in Equation 6.46
indeed remains positive for the duration of the experiment, as prescribed, i.e.,
all component barrier functions are simultaneously satisfied. Furthermore, as
a result of the minimally invasive surgery done to uy,,, thanks to the least-
square cost, |lu — Unom||?, the robots also arrive successfully at their goal
destinations.

6.4 Connectivity-Preserving Coordinated Control

In Chapter 4, Section 4.3, a more involved collision-avoidance scenario was
considered, where the robots were no longer assumed to be able to perform the
physical impossibility of instantaneously changing their velocities. What this
means is that maximum acceleration limit has to be taken into account when
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x1073

Figure 6.7: The value of the NBF in Equation 6.46, hyqyigasion, is plotted as a
function of time. Since the NBF is positive for all times, the different safety
objectives are simultaneously satisfied, as expected [423]. Source: Fig. 2 in
Glotfelter et al. (2017).

designing the barrier functions. We here revisit this setup in the context of
Boolean composition of arbitrary constraints, in order to give the developed
framework a more thorough vetting. Additionally, we not only require that
the robots avoid collisions, but also that the underlying information-exchange
network stays connected, as per the discussion about team-level connectivity
constraints in Chapter 3.

6.4.1 Composite Safety and Connectivity Barrier Functions

Following the program from Section 4.3, let the multi-robot system, once
again, be given by N planar, mobile robots, with dynamics

.i 0 I % i
F}:[ HMP}+[O}H, i €[N, (6.49)
V; 0 0 v Iyo

where the state is now four-dimensional, x; = [ pl.T , vl.T 17 e R*, with pi € R2,
v; € R?, and u; € R? corresponding to the position, velocity, and input (ac-
celeration command) of Robot i, i € [N]. Additionally, to remain physically
faithful, the acceleration is assumed to be bounded by ||u; || <a.

In Section 4.3, it was established that the pairwise, collision-free safe set,
S;j, was given by

separation

Sij = {(xi,xj)eRS | hPr (xi,xj)zo},\fi # 7, (6.50)

where the CBF defining this super-level set took on the form
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T
pair _ Ap,'j
hsepamti(m('xi’ x]) =2 a(”Aptj ” - Ds) + Avij- (651)
| Apiji

Here we have explicitly called out the fact that the constraint is a pairwise
constraint, through the use of the superscript. Additionally, Ap;; = p; — p; €
R2, Av; =V —Vj € R2, and Dy is the required inter-robot safety distance.
And, just as in Equation 6.44 in the previous section, the combined safety
barrier function becomes

hseparation (x)= /\ h{:Z[l):zration (xi, Xj ). (6.52)
i,JEINLi#]

This means that the collision-avoidance component looks much the same as
in the previous section, despite the fact that the underlying barrier functions
are significantly more involved.

The question of network connectivity requires a bit more thought, as
compared to collision-avoidance, as connectivity is not just a local, pairwise
property, but a global, team-level property, e.g., [276]. It is, however, possible
to simplify the connectivity problem to a set of pairwise constraints if we as-
sume that the multi-robot network is supposed to maintain a particular, static,
and connected network as a spanning subgraph of the overall network graph.

Let 4 = (V, E) be the prespecified, required connectivity graph, where
V={1,2,..., N} is the set of robots, and E C V x V is the required edge
set. Moreover, we assume that the actual network is given by a disk-graph
[263], in the sense that two robots are connected if they are within distance D,
of each other. (This disk-graph concept is illustrated in Figure 6.8.) What we
need to enforce, in this particular case, is that (i, j) € E = |p; — p;| < D,
i.e., the link between Robots i and j should be maintained by having the
robots stay sufficiently close together throughout the maneuver.’

This construction allows us to translate the global connectivity question to
a set of pairwise constraints. In fact, these pairwise constraints can be directly
obtained by considering the maximum acceleration needed to avoid breaking
connectivity, i.e.,

T

. Ap;;
Heonnect(X) =2 a(De ~118pij 1D = AP{{ [Avj20. (. )eE. (653)
ij

9The reason why this is not an equivalence relationship is that it is perfectly fine to
have ||p; — pjll < D¢ evenif (i, j) ¢ E. In other words, the specified graph, ¢, should be
a spanning subgraph to the actual disk-graph network.
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Figure 6.8: Disk-graph network. Two robots are connected if they are suf-
ficiently close to each other, i.e., (i, j) € Egix < || pi — pjll < D, for some
cutoff distance D,.

whose similarity to Equation 6.52 is no coincidence as the collision-avoidance

parr > (0, ensures that the robots do not get too close, while

constraint, A’ eparation =

nle .. > 0 makes sure that they do not stray too far from each other.
The composite connectivity constraint becomes

heomeet @)=\ Moommeer(xi. X)) (6.54)
(i,j)eE

Gathering everything together, the constraint needed to formally ensure both
collision-free motions and connectivity maintenance is given by the following
expression from [423],

hstatic(x) = hseparation () A heonnect(X), (6.55)

where we use the subscript static to explicitly call out the fact that the con-
nectivity graph, ¢, that should be maintained is static, i.e., a fixed set of edges
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are to be maintained at all times, as opposed to the more general connectivity
constraints introduced in Chapter 3. Obviously, we need D5 < D, for solu-
tions to exist since the robots must be farther apart from each other than Dy,
yet closer than D..

It should be noted that significant work has been done on trying to achieve
both of these objectives simultaneously, e.g., [197, 437, 439]. But, the beauty
of the proposed approach, based on Boolean composition of constraints, is
that the particulars of the solution are not explicitly specified in that the robots
are free to do whatever they want to, as long as the constraint is satisfied.

6.4.2 Maintaining Dynamic Connectivity Graphs

If the requirement is for the network to stay connected, and the solution in-
volves maintaining a particular, static network, it seems like we are overly
restricting the possible robot motions by not allowing the network to evolve
dynamically. In fact, due to changing robot positions and possibly even de-
ployment environments it, in general, makes sense to allow the robots to
switch between different connectivity graphs, as pointed out in [423].

Up to this point, the composite, overarching constraint has been given
purely by conjunctions (logical ANDs), but to get to dynamic connectivity,
disjunctions (ORs) are needed as any one of a number of possible graph
topologies will suffice. Let G = {41,%, ..., %y} denote the set of all such al-
lowable connectivity graphs, where &; = (V, E;), i € [M]. To stay connected,
the team needs to be arranged according to at least one of these allowable
connectivity graphs [216].

The barrier function that encodes the dynamic connectivity graph require-
ment is

hconnect(x) = \/ /\ hgg,llrnec;(xi s xj)~ (6.56)
ke[M] (i, j)eEx

A four-robot instantiation of this concept is depicted in Figure 6.9. Here,
Robots 2 and 3 are expected to support a network link between them, thereby
acting as a backbone to the network. Robots 1 and 4, on the other hand, can
be connected to either Robot 2 or Robot 3 (or both). The result is the set of
four graphs, shown in Figure 6.9, of which at least one has to be a spanning
subgraph to the actual disk-graph network.'?

10The reason why we do not have to enumerate more graphs with the required property
is that they all have at least one of the four graphs in Figure 6.9 as a spanning subgraph.
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Figure 6.9: The four graphs needed to ensure that Robots 2 and 3 are al-
ways connected (thereby providing a network backbone), while Robots 1 and
4 are connected to either 2 or 3 (or both). All other graphs satisfying these
requirements have at least one of the four graphs in the figure as a spanning
subgraph.

Combining /connec: in Equation 6.56 with the collision-avoidance con-
straint in Equation 6.52 results in the full-blown, composite constraint,

hdynamic (x)= hseparation (xX) A heonnect (X). (6.57)

To see this connectivity maintenance procedure in action, consider the
situation where four robots are to follow a set of nominal paths, as shown in
Figure 6.10. The nominal controller to be used in the constrained optimization
problem,

min [l = o1, (6.58)
subject to

Shdynamic [‘x’ M] z O’ (659)
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Figure 6.10: Planned waypoints for four robots. Here, R; denotes Robot i,
i € [4], while the lines represent the nominal trajectories to be executed by the
robots through the use of the nominal controller. Source: Fig. 1 in Wang et al.
(2016).

is given by a proportional-integral tracking controller for tracking the nominal
paths in order to make the waypoints be visited sequentially. Additionally, let
the set of possible connectivity graphs, G = (“,%, 4,9}, be given by the
four graphs in Figure 6.9.

In the first of the experiments, only the collision-avoidance constraint,
Shyeparaiion 1% #] > 0, is enforced and, as shown in Figure 6.11, all inter-robot
distances are always larger than the safety distance, Dy, i.e., no collisions
occur. Figure 6.12 displays snapshots taken by an overhead camera together
with the associated robot trajectories. As can be seen, all robots successfully
visit their specified waypoints without colliding. Note, however, that with-
out the connectivity constraints, the robot team sometimes gets disconnected,
e.g., the team splits up into two disconnected groups.

During the second experiment, the full-blown, composite safety and con-
nectivity barrier functions are wrapped around the waypoint controller, i.e.,
the same nominal controller is used in the least-squares cost as in the first
experiment, while the constraint now becomes Sy, ...[%; u]1>0. A snap-
shot of the dynamic connectivity maintenance exf)eriment is provided in
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Figure 6.11: Evolution of inter-robot distances, where D;; is the distance be-
tween Robots i and j. In the experiment, the two relevant distances were set to
Dy =0.15m and D, = 0.6m, respectively. Around the 22s mark, the distance
between Robots 2 and 3 becomes greater than D, i.e., the backbone gets
disconnected in the absence of a connectivity-enforcing constraint. Source:
Fig. 2 in Wang et al. (2016).

Figure 6.13, which shows that the robot team does indeed satisfy all the safety
and connectivity requirements specified by the safety and connectivity barrier
functions. This remarkably complex and sophisticated behavior is obtained
“simply” by specifying the appropriate constraint. Note also that the robots
visit all specified waypoints except the last one. This failure to reach the last
set of waypoints is due to the fact that this last set violates the connectiv-
ity constraint, i.e., Robot 1 cannot reach its waypoint without breaking its
connectivity to either Robot 2 or Robot 3. This observation highlights that
not all higher-level objectives are perfectly compatible with the safety and
connectivity constraints.

With that, the necessary technical machinery is complete, which also
wraps up Part II of the book. We can now express safety and other
pertinent features through barrier functions of varying degrees of com-
plexity. What is left is to unleash this machinery on the connections
between ecology and long-duration autonomy, conceptually established
in Part I. The last three chapters in Part III will be devoted to this
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Figure 6.12: Experiment where four robots are trying to adhere to the nominal

waypoint controller, subject only to the safety constraint, /separarion > 0. The
left pictures are taken by an overhead camera. The star, square, cross, and tri-
angular markers representing the waypoints are projected onto the ground.
The right figures display the robot trajectories and their current positions.
Source: Fig. 3 in Wang et al. (2016).
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Figure 6.13: An experiment where the four robots are following the nominal
waypoint controller, subject to both safety and connectivity barrier con-

straints. As prescribed, the robots avoid collisions, yet remain connected
throughout the experiment. Source: Fig. 4 in Wang et al. (2016).

very issue. The next chapter (Chapter 7) formulates robot ecology as
a precise, mathematical framework for controlling teams of robots.
The concluding two chapters contain different instantiations of this
construction. An energy-aware robot—the SlothBot—is introduced in
Chapter 8 for achieving persistent environmental monitoring. Follow-
ing this, recruitable and taskable robot teams in the Robotarium, under
the banner of autonomy-on-demand, is the topic of Chapter 9.
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/ Robot Ecology

Now that we have made technical sense of the idea of constraint-based con-
trol design, we have the means to design controllers that allow for robots to
be present and sustain themselves in natural environments over long time-
scales. Captured through the constraint x € Gyyvive (as vaguely formulated in
Part I), or S,
erly geared up and ready to express this constraint as a Boolean composition

arive | X5 4] > 0 (as intermittently hinted at in Part II), we are prop-
of multiple barrier functions. In fact, as the title of this book is Robot Ecol-
ogy: Constraint-Based Design for Long-Duration Autonomy, we can probably
declare success on the subtitle already, i.e., we have a formal framework in
place for constraint-based design for long-duration autonomy. But is it robot
ecology? Probably not yet.

To reach the robot ecology bar, one has to embrace the five principles
arrived at in Chapter 3 (Section 3.3). For ease of reference, we here recall
what these principles entail, both in terms of their ecological originators, and
their robotic interpretations.

Robot Ecology Principles

Pl: Maximize the Fitness Set
Interpretation: Avoid overfitting solutions to any particular set of

environmental conditions;

179
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P2: Ideal Free Distributions
Interpretation: Arrange the robots to make them recruitable and taskable

to participate in a wide variety of externally specified missions;

P3: Carrying Capacity

Interpretation: The tight coupling between robot and its environment
must be part of the framework;

P4: Collaborative Interactions

Interpretation: The robots should be able to work together in a safe yet
productive manner; and

P5: Purposeful Expenditure of Energy

Interpretation: Survival is a prerequisite to thriving, i.e., power-
management beyond a single battery charge must be an integral part
of the design paradigm.

Of these five principles, the constraint-based survival formalism supports
and addresses at least three directly (P1, P3, P4), while the addition of per-
sistified tasks, coupled with minimum-energy controllers, connects readily to
P5. But, what is missing is the final formulation of the survivability constraint
itself, as well as a more principled way of encapsulating performance-based
considerations, such as externally provided tasks, leading to recruitable and
taskable teams, as per P2. This must be done while ensuring that “taskabil-
ity” does not get in the way of the power-management requirement, i.e., while
keeping a careful eye on the Purposeful Expenditure of Energy principle.1
This chapter wraps up the robot ecology story by first developing the sur-
vivability constraint(s) followed by a structured and systematic approach to
formulating goals as constraints. This, in turn, allows us to keep the spec-
ifications uniform across both tasks and survivability considerations, while
supporting a variety of tasks.

INote that these robotic interpretations of the ecological principles are not direct map-
pings from ecology to robotics. Such an endeavor would constitute ecologically inspired
robotics, which is not what robot ecology is ultimately about. Rather, these interpretations
delineate key aspects of robot ecology, grounded (sometimes loosely and other times quite
crisply) in ecology.
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7.1 Constraints From Behavioral Ecology

Richness of behavior in nature is, as we have seen repeatedly, largely driven by
constraints, e.g., [107]. This influence even goes beyond behaviors. Phenotype
configurations, as interpreted more broadly to include an animal’s physical ap-
pearance, are likewise, at least partially, constraint-driven [107, 308, 357]. As
established in Part II, these connections between constraints and phenotypes
can be placed on firm mathematical footing through the use of barrier func-
tions. The resulting constraint-based control design framework can be used to
generate the requisite, rich class of provably correct robot behaviors needed
to support a number of long-duration autonomy tasks, such as having robots
cover areas, assemble shapes, or maintain network connectivity.

7.1.1 Constituent Constraints

In this section, we gather together the constraints used as motivating exam-
ples throughout Part II, and combine them together in different ways to arrive
at a formulation of the, as of yet, somewhat elusive survivability constraints
outlined in Chapter 3.2 In other words, we have already produced the puzzle
pieces and we know what the final picture should look like. All that remains
is to figure out how to fit the pieces together. To that end, step one is to take
inventory over what pieces we have at our disposal.

In Chapter 4 (Section 4.2), a number of promising, constituent survivabil-
ity constraints were cataloged. As seen, the particulars of these constraints
hinge on the system dynamics, and for the sake of notational clarity and par-
simoniousness, we express these constraints for robots whose dynamics are
given by

| P . Ui .
x,—|: E; :|, x,—|: Flxn) :|, i€[N]. (7.1)

Here, p; € RY is the position of Robot i in d dimensions, E; € R is its energy
level,? and u; € R? the control input, as per Equations 4.23, 4.24, and 5.5.

2The reason for using the plural form is that different survivability constraints may be
appropriate in different settings. As such, a one-size-fits-all survivability constraint is not
a realistic, nor even desirable pursuit.

3In Equation 5.5, the energy dynamics are time-varying, i.e., £; = F(x;, t). This omis-
sion in Equation 7.1 does not change anything as we know how to handle the time-varying
case as well, thanks to the developments in Chapter 5.
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The generalization to control-affine systems is formally straightforward.
As long as we can construct the relevant outputs,

pi=np(x;))€RY and E; =ngp(x;) €R, (7.2)

given the system dynamics x; = f(x;) + g(x;)u;, where x e R" and u € R™,
we can still express the constraints in terms of robot positions and energy
levels [389, 426].

Robot-Robot Interactions

The first constraint in the survivability catalog is the most primary of safety
constraints, namely the assurance that robots do not collide with each other.
As this constraint is a pairwise constraint, it will prove useful to call out ex-
actly what pairs of agents are being considered. To that end, given N agents,
we will continue the practice of letting [N] denote the index set {1, ..., N},
and we associate edge sets with subsets of [N] x [/N] in the sense that the pair
(i, j) € E means that the constraint, defined over the edge set E € [N] x [N],
pertains to Robots i and j. Collision-avoidance in its most general form in-
volves all pairs of agents, and this must be captured by the corresponding edge
set. To this end, let Eg, be the edge set associated with the complete graph,
Ky =([N], Ek,), which is the graph without self-loops but where all nodes
are pairwise connected, i.e., (i, j) € Ex, < (i, j) € [N] x [N], i 7£j.4

Adhering to Reynolds’ Boids terminology, the already encountered sepa-
ration constraint states that

W eparation > X)) = | pi = pjI* = D 20, (i, j) € Eky, (7.3)
given some safety distance, Dy > 0, and where we continue the practice from
the previous chapter of using the superscript pair to call out the pairwise
nature of the constraint. Or, phrased across all pairs of agents through the
Boolean conjunction of constraints (expressed using the min operator),

hseparation (x)= i jI)nEig[( {hfea[i;ration (xis xj)} >0. (7.4)
’ N

Staying apart is not the only type of relevant pairwise constraint that must
be considered. As we have seen, animals and robots alike oftentimes do better
in groups. By teaming together, the risk of attack to any one individual can be

4We saw in Chapter 4 that we actually do not need to consider all pairs, as only nearby
agents run the risk of colliding.
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mitigated and diluted—similar to W. D. Hamilton’s selfish herd concept [172].
This is a strategy that, for example, is employed by water skaters (Halobates
robustus) as they sit together on the water surface, while predator fish snap at
them from below [107]. Similarly, foraging and prey capture strategies tend
to improve as more individuals participate in a collaborative manner (up to a
point), e.g., [99, 107, 175, 180].

Among robots, staying together allows for the establishment and mainte-
nance of a connected interaction network, i.e.,

hconnect(x) = (znjl)lgE {h[c)z;z’;lect (xis xj) } >0, (7.5)

where the pairwise constraints are
air 2 2 P
heomeer(Xis %)) = DZ = | pi = pjlI%, G, j) € E, (7.6)

given some edge set, E, that is to be maintained, e.g., by the connectivity
disk-graph.’

In Chapter 3, additional network topology constraints were introduced in
order to support richer behaviors that require something stronger than just
connectivity. As seen, cyclic pursuit requires a cycle graph, formation control
a rigid or shape-similar network, and coverage control a Delaunay graph, just
to name a few. To this end, let the network topology required by a particular
multi-robot behavior be given by the edge set Er € [N] x [N]. The constraint,
Rtopology, Subsequently takes on a form almost identical to A¢onnecr, With the
only difference being the edge set over which the conjunction is defined, i.e.,

hitopotogy(x) = (i 1}}1& {h[z’(a);;ect(-xi’ X j)}« 7.7
s T

Environmental Connections

With Ageparations Mconnects and heopology in the books, that takes care of the
pairwise interaction constraints. The next category needed to encode robot
survival pertains to the connections between robots and their environments.
Inspired by spatial distribution concepts such as the ideal free distribution
(competition by “exploitation”) and the despotic distribution (competition
by “resource defense”), e.g., [107, 308, 357], one class of environmental

5As seen in Chapter 6, this graph need not be static as it is possible to formulate the
connectivity constraint as a disjunctive constraint over all feasible, connected networks.
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constraint has to concern itself with space usage and the distribution of robots
throughout the environment.

In nature, the ideal free distribution is the result of animals spreading
out across an area in order to achieve equalized effective resource utilization
across the population, which in the robotics domain would correspond to an
effective coverage of the area [95, 330, 345]. Similarly, the despotic distribu-
tion arises when an animal (or group of animals) defends a region with richer
resources, forcing other individuals to settle for less desirable habitats. In that
case, the robots would not try to balance and equalize the area-coverage, but
rather maximize the resources available to them in their particular region of
dominance, which is reminiscent of perimeter and boundary defense strate-
gies employed in some multi-robot applications [84, 175, 377]. Regardless
of which distribution concept to draw from, and which robotics interpretation
to adhere to, we will stick to the general coverage control framework for the
sake of generality as well as for the purpose of aligning with standard robotics
nomenclature.

The coverage constraint from Chapters 3 and 4 (Equations 3.12 and 4.28)
states that

B i) = /T 0Upi ~ a9 (g)dg —c=0, (7.8)

where the superscript ind stresses the fact that this is a constraint defined
with respect to an individual robot as opposed to the pairwise constraints that
involved two robots for their formulation.® Additionally, Q(||pi —q]|) is a
decreasing function, encoding the quality of the measurements obtained at lo-
cation g € T; (or, the ease by which the individual can access the resources
located at ¢), when the robot is positioned at p;. The domain, 7;, is Robot i’s
“territory,” or region of dominance, and ¢ > 0 is the amount of “resources,’
as interpreted broadly, required by the robot to sustain itself. Note that other
variants to this constraint can be conceived and formulated, as was done in
both Chapters 2 and 5.

Although an individual robot can enforce the constraint in Equation 7.8
without the need for explicit coordination—see Chapter 4—it is instructive to
explicitly write out the team-level coverage constraint using the conjunction
across all individuals,

6Note, if the domain, 7;, is a Voronoi cell, or is based on some other state-dependent
tessellation scheme, e.g., [263], then 7;(x) becomes a function of the state. As such,
the corresponding barrier function no longer solely depends on x;, but on the combined
state, x.
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hcovemge (x)= iren[i/?] {h?(l)[\i;emgg (xi) } >0. (7.9)

Another critical, environmental constraint is to not drive into things in
the environment. This can be formulated by a direct modification to the pair-
wise separation constraint to reflect avoidance of collisions with obstacles in
the environment rather than with other robots. Given an obstacle located at
oj€ ]Rd, together with a suitable separation distance, D, > 0, the constraint
becomes

nind e 0 =pi —ojI* = D2>0, i €[N], (7.10)

obstacle

or, taken across all known obstacles with index set [O],

hind () = min {||p, —o;|? Dg} > 0. (7.11)
Here, the separation distance, D,, has to be chosen so as to capture the fact
that obstacles are not points, but rather have a non-trivial, spatial footprint.
This distance can be selected in a systematic manner without making the
response overly conservative, as shown in [72, 83, 159].

The team-level version is given by

hosacte(x) = min {hiie 0, (c) | 2 0, (7.12)
i€[N]

even though this constraint can only meaningfully be enforced at the level of
individuals (Equation 7.10), rather than as a team.

Rounding out the group of environmental constraints is the spatial
anchoring constraint, discussed in Chapter 4, whereby a robot’s motion is
constrained to ensure that it always has enough charge left in the battery to
make it back to a select location. For an animal, such spatial anchoring would
arise around critical resources (e.g., particular diet items or water sources),
that are only available at select locations [378]. For robots, these locations
would typically be charging stations or communication hubs [302].

The spatial anchoring constraint, as per Equation 4.29, states that

hipsenor(Xi) = (Ei — Emin) — & (dist(p1)) = 0, (7.13)

amhor

where dist(p;) is the distance from the robot’s position to the anchor lo-
cation, & (dist(p;)) is the energy required to travel that distance under
suitable assumptions on the motion model, e.g., [374], and Eni, is the
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smallest acceptable energy level. Following the conjunctive procedure for the
team-level constraint yields

hanctor () = min {114, (x| = 0. (7.14)

Internal Conditions/Homeostasis

The reason why the constraint in Equation 7.14 is different from the home-
ostasis constraint, introduced in Chapter 3 and elaborated on further in
Chapter 5, is that it is ultimately a statement about movement through the
environment, as opposed to a statement about internal conditions. In fact, the
last among the required, constituent survivability constraints is exactly driven
by this need for an internally focused constraint (i.e., homeostasis—to bor-
row the ecological term). Arguably, the entire focus of Chapter 5 was on this
singular constraint in order to achieve task persistification.
The “homeostasis” constraint states that

Ei € [Emin, Emax]7 (7.15)

where Enin and Epax are the minimum and maximum energy levels sup-
ported by Robot i’s battery configuration. The maximum value is quite
important as it is what will prevent robots from simply staying at charg-
ing stations indefinitely through the coupling with the environment, i.e., the
robot will eventually be forced away from the charging station in order not to
over-charge.” The corresponding barrier function becomes

henergy (1) = (Emax — Ei) (Ei — Emin) =0, (7.16)

energy

or, taken across the entire robot team,
henersy(x) = min {hle’,‘wrgy(xi)} >0. (7.17)

What we have now done is cataloged seven constraints, pertaining to
the three broad themes of robot-robot interactions, connections between
robot and its environment, and internal conditions (homeostasis). These are
summarized as follows:

"The prevention of over-charging was ensured in a slightly different (and elaborate)
manner in Chapter 4, but thanks to the high relative degree formalism introduced in Chapter
5, the more simple and direct form in Equation 7.15 suffices.
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Interactions ‘ Environment ‘ Homeostasis

hseparation hcoverage henergy
hconnect h()hstacle
ht()pol()gy hanchor

Note that it is possible to imagine more such constituent constraints. Or
to encounter situations where not all seven are relevant. As such, this should
not be interpreted as the definitive list of relevant survivability constraints.
Rather, it is a sampler of what such constraints could (and perhaps should)
look like. More importantly, it provides us with enough expressiveness to be
able to formulate more complex constraints in order to articulate the robot
ecology framework, culminating with the composite survivability constraints
themselves, as discussed in the next section.

7.1.2 Survivability Constraints

At the very core of the robot ecology story is a robot, expending as little en-
ergy as possible, simply being present and sustaining itself in the environment,
and preparing to be recruited and tasked with carrying out new and previ-
ously unencountered missions. Expending as little energy as possible is a clear
concept—the cost to be minimized is the energy, i.e., the control input should
be chosen to satisfy min ||« 12 (subject to constraints), e.g., [66, 238]. But what
exactly does surviving entail?

With the constituent constraints established, we are now within striking
distance of formulating such survivability constraints, while the question of
taskable robots will have to be deferred to the next section. Before we be-
gin, a few words need be said about survivability versus survival, which we
have sometimes used almost interchangeably throughout the book. “Survival”
simply means that the robots never experience any deployment-ending condi-
tions (such as getting stuck, running out of battery energy without the ability
to recharge, colliding with obstacles in a severely damaging way, etc.), while
“survivability” refers to an ability to survive despite being asked to do a
number of other things as well. For that reason, we prefer to use the term
survivability as it captures the idea of a robot being recruited and tasked with
carrying out a diverse set of missions, all the while guaranteeing that its ability
to survive (survivability) is not compromised.

We have previously expressed survivability through the colloquial “Don’t
die!” statement. But what is hiding behind those words could be something
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much more elaborate, like “Stay away from predators AND have enough
energy to always be able to replenish the energy sources AND (huddle to-
gether for warmth OR (spread out to detect intruders AND form protective

formations around the territory)).”8

For robots on long-duration deployments,
one can replace “predators” with “malicious agents” and “huddle together
for warmth” with “establish a connected information-exchange network,” and
so forth. Regardless of domain, the combinations one can envision here are
significant and diverse, and we build up towards the final survivability con-
straints by first considering a collection of related, complex yet subordinate

constraints.

Foraging

Foraging, i.e., the exploration of an area for the purpose of finding “resources”
(as interpreted broadly), is one useful behavior class that can be readily
derived from, and grounded in, ecological constraints. Simply put, an ani-
mal (or robot) has to acquire the necessary energy and nutrition in order to
survive. For a robot (or group of robots) deployed in an environment, forag-
ing would contain elements of recharging/refueling, i.e., the barrier function
henergy could capture this need.

The foraging concept has additional implications for an organism’s space
use and selection of particular habitat types [308, 332]. In other words, an
organism must forage across a sufficient area to support its energetic needs,
i.e., hcoverage may be of relevance as well. Finally, if critical resources, such
as charging stations, are only available at select locations, the organism is
spatially anchored, and is forced to return to those locations, i.e., fg,chor Mmay
be needed. As a result, the foraging constraint could look something like

hforage (x) = hanchor(x) A (hcnverage (x) Vv henergy (X)), (7.18)

i.e., the animal/robot should always have enough energy to return to the spa-
tially anchored feeding/charging locations. Additionally, it should either be
covering a sufficiently large area, or be engaged in the process of charging,
through the energy constraint.’

8we capitalize the Boolean operators to explicitly call out the fact that survivability, by
necessity, is a composite constraint.

9Note here that we are using the established notation, & =hj A hy, as shorthand for
the Boolean proposition 4 >0 < (k1 >0 A hy >0), which, in turn, can be stated as the
constraint 1 =min{hy, hp} > 0.
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In Chapter 3, the constraint sets Gesources a0d Ghomeostasis Were introduced
and the proposed formulation of foraging as a behavior resulting from a num-
ber of constraints is in fact, after untangling the constraint sets and the barrier
function in Equation 7.18, revealed to be equivalent to ensuring that the state
of the system belongs to the intersection, Gesources N Ghomeostasis- Such eco-
logical connections are certainly not coincidences. Foraging, in behavioral
ecology, can be characterized as being oriented towards the maximum net
rate of delivery of food, e.g., by birds returning to their nest with food for
their chicks as effectively as possible. The nest site would serve as the anchor,
and the search for food would be captured through the coverage constraint.

Traveling back and forth between the nest and the resource site takes time
and energy, and the search for food is not free either. In fact, the search for
food typically has a diminishing return in that the more food already found
in an area, the longer it takes to find additional food sources. A similar co-
nundrum is faced by honey bees. But, rather than an increased time between
food discoveries, their diminishing return stems from the fact that the weight
of the nectar has a significant and nonlinearly increasing energetic effect on
the flight back to the hive [107]. (This model of load carrying and diminishing
return within a patch is known as the Marginal Value Theorem [80].)

The same kind of qualitative foraging decisions faced by birds and bees
must also be made by predators when it comes to prey selection. If the energy
value of Prey i is €;, and its “handling time” is t;, then the profitability asso-
ciated with consuming the prey is €; /7;. But, time searching for the prey, o;,
matters as well. So, if a predator has encountered Prey i, but is pondering pass-
ing up this meal and instead to go looking for Prey j, this is the right choice if

T (7.19)

This type of economic foraging calculus is implicitly captured by the con-
straint in Equation 7.18 through the interplay between the constituent cover-
age (search for food), energy (consume the food), and anchor (return the food
to a particular location) constraints.

Interactions and Territoriality

As seen in Chapter 3, competitive interactions and territoriality within species
give rise to fundamental, ecological constraints. Within many species, indi-
viduals avoid one another to limit competition, and to limit “interference”
with one another. For robots deployed over long time-scales, “territoriality”
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could correspond to robots not getting too close, encoded through the barrier
function hgeparation- When combined with an information exchange net-
work requirement (thereby ensuring cohesion, to borrow, yet again, from
Reynolds’ playbook) through % opnecr, one could produce the following

“proto-territoriality,” interaction constraint, encountered already under the
moniker Apqyigarion in Equation 6.46,

Rnetwork(X) = hseparation (x) A heonnect(X), (7.20)

or the slightly stronger and more involved,

Rnetwork(x) = hseparation () A heonnect(x) A htopology (x), (7.21)

to align better with the ecological interaction constraint set, Ginerqer, from
Chapter 3.

A variation on this theme could be to combine the interaction constraint
with the foraging constraint to arrive at a situation where the robots spread
out and cover an area while, at the same time, avoid collisions and, more
importantly, are able to return to a charging station to recharge their batteries.
The behavior resulting from this combination of the foraging and interaction
constraints approaches something akin to the territorial behaviors found in
nature, i.€.,

hterritory(x) = hforage () A hyerwork (X). (7.22)

Survival

Having seen a few examples of complex behaviors inspired by behavioral
ecology that can be produced through Boolean compositions of constituent
constraints, we now return to the concluding observation about the survivabil-
ity set in Chapter 3, namely that the state of the system should remain in the
following set for all times,

gSMFVl‘VE = Jresources m gintemct m ghomeostasis' (723)

These three sets, as depicted in Figure 7.1, line up well with the designation
of constituent constraints as either dealing with environmental connections
(resources), interactions, or internal conditions (homeostasis).

As already hinted at, survivability can come in different varieties depend-
ing on what types of robots and deployments are being considered. We here
describe how a few different situations map to “syvive, through the use of the
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Figure 7.1: Survival, viewed as an intersection of three sets, pertaining to en-
vironmental connections (%yesources), robot-robot interactions (%iuseract), and
internal conditions (%homeostasis)-

aforementioned, subordinate barrier functions. But, regardless of what barrier
functions are being used, the survivability constraint will, in light of Equation
7.23, adhere to the unified form,

Rsurvive (X) = Rresources(X) A Rinteract(X) A Rhomeostasis (X). (7.24)

Since not all of the constituent sets in Equation 7.23 are required in all sce-
narios, it is useful to introduce the dummy, identity constraint, /;gensiry(x) = 1.
This constraint trivially satisfies hjgensiry > 0, i.€., it never has any effect on
the actions the robots may take. But it allows us to conform to the general
expression in Equation 7.24.

No matter the situation, not slamming into things in the environment
and not completely depleting the batteries are always of importance, i.e.,
the most rudimentary of survivability constraints would consist of 4 sesources =
hobstacles Ninteract = hidentitw Rhomeostasis = henergy- If the deployment involves
more than one robot, then the interaction constraint would have to be modified
to include inter-robot collision-avoidance, i.e., hineract = Aseparation- Along
these lines, if what the robots have to achieve is not only separation, but also
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to establish a connected interaction network, we get Aineract = Pseparation /N
R connect- Additionally, if what is required is the maintenance of a partic-
ular network topology, the interaction constraint expands out to Ajnserger =
hseparation A hconnect AN htopology-

Another differentiator when it comes to the types of constraints to use is
whether or not the robots have to return to a dedicated location to recharge,
or if this is left to the robots to “figure out” through the sole application
of the homeostasis constraint. If they are indeed spatially anchored, the re-
source constraint can no longer only involve avoidance of obstacles in the
environment, but must include the anchor constraint as well, i.e., Aesources =

hobstacle A hanchor-
We summarize these observations in the following table:

Rsurvive (X) = Rresources(X) A hinteract(X) A Rhomeostasis (X)
Constituent Constraints Characterization
Rhomeostasis = Nenergy Task persistification must always hold
Rresources = Mobstacle Avoiding collisions with obstacles
Nresources = Mobstacle N\ Panchor Robots are spatially anchored
hinteract = Pidentity Single robot deployment
hinteract = separation Multiple robots, no connectivity requirements
hinteract = Mseparation \ Pconnect Robot network should always be connected
hinteract = Rseparation N hconnect N hiopology | A particular network topology is required

Table 7.1: Constraints for ensuring robot survival.

The one constraint that does not quite fit neatly into this organizational
structure is the coverage constraint. In the foraging formulation, coverage had
to be coupled disjunctively with the energy constraint—either the robot is
covering an area or it is charging at a charging station—which is not consistent
with the unified survivability formulation in Equation 7.24. The core of this
conceptual mismatch is that it is conceivable that the environment simply does
not support the requisite resource “mass” in each domain, as encoded through
the density function and the cutoff for acceptable coverage in Equation 7.8. In
fact, if these parameters are not selected carefully, it is entirely possible that
the robots would not be able to cover enough mass. Or, even if they could, they
may simply linger forever near the charging stations since that way, hepergy > 0
while hcoverage < 0 for all times, thereby rendering the disjunction in A,
true for all times.
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One can resolve this by a careful tweaking of the relevant parameters,
as was done in [128]. But, that does not seem like the right way to go if
one wants to produce robot systems that can be deployed robustly (thereby
maximizing the fitness set) over long periods of time. In fact, any strategy that
hinges on carefully selected parameters is almost certainly doomed to fail in
the context of long-duration autonomy—what can go wrong will sooner or
later go wrong. For this reason, we exclude coverage from the survivability
constraints and instead postpone the discussion about coverage to the next
section, which will deal with the issue of goal-driven behaviors.

7.2 Goal-Driven Behaviors

As we just noted, there are behaviors and objectives that do not readily fit the
constraint-based survivability formalism in Equation 7.24. It may or may not
be possible to always guarantee that there are sufficient resources in a par-
ticular area, as the environment may simply not be resource rich enough. To
this end, goal-driven maximization of resources seems like a natural, next best
option. Correspondingly, in nature, central to individual fitness is reproduc-
tive success (and the associated mating ecology), whereby certain behaviors
occupy a special place in the behavioral taxonomies in that an individual’s
reproductive success could be viewed as an objective, or goal, rather than
as a constraint, e.g., [7]. For such reasons, the constraint-based survivability
paradigm needs to be augmented to support goal-driven behaviors as well.

To put this required modification in its proper context, consider two
slightly different yet equally important aspects of the robot ecology idea,
namely that (7) survivability should be encoded as a constraint, which can be
achieved through Boolean composition of multiple constituent barrier func-
tions, and (ii) the robots should be recruitable and taskable to carry out
user-specified instructions, tasks, and even full-blown missions, in a manner
that does not break the structure of the survivability constraints.

The way these two aspects have been approached previously, in Part
II, is by following a constrained optimization semantics, where the idea is
to let a nominal control input, u,.,, correspond to the user specifications.
Subsequently, the actual control input, u, is taken to be the solution to the
least-squares problem,

min i = tnom||”. (7.25)

subject to the survivability CBF constraint
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Shurvive [X5 4] = 0, (7.26)
or, expanded out,

Lf Rsurvive(X) + Lg Rsurvive (X))t = —a (Rsyrvive (X)), (7.27)

as per Equation 4.17. Here we have assumed that the robot dynamics is given
by a control-affine system, x = f(x) + g(x)u, and where we have fudged the
fact that the Lie derivates may or may not be set-valued, as per Chapter 6.

This certainly seems like a natural way of injecting external commands
for the purpose of recruiting and tasking robots. But, although both elegant
and useful (and used) in a number of applications, such as adaptive cruise-
controllers [13], bipedal humanoid robots [297, 354], swarming quadcopters
[426], and teleoperation [300], there is something slightly unsatisfactory with
this formulation from a robot ecology vantage point. Based on the ecological
observation about a “purposeful expenditure of energy,” energy-minimization
and power-management have played key roles in the story thus far. As such,
what the robot ecology framework calls for is that the cost to be minimized
really should be the straight-up energy cost, i.e., the control input should be
given by

min |Ju||?, (7.28)
u

subject to the survivability constraint in Equation 7.24. But then we lose the
recruitability feature that we just insisted on. What is needed is some way
of embracing both of these seemingly conflicting requirements —minimized
energy and constraints rather than goals as the primary driver of behavior—
and in this section, we show how this is indeed possible to accomplish.

As upom 1s typically expected to come from some exogenous,
performance-related optimization problem that encodes the task, expressed
by the cost Jysx(x), what we will do is turn this cost into a constraint in a
systematic manner. Once that has been accomplished, it is tempting to target
a Boolean conjunction of the survivability constraint with the task constraint,
i.e., to aim for something along the lines of hco0gy = Asurvive A Miask, encoded
through the min operator, hcoiogy (X) = min{hgyive (X), hiask(x)}.

Unfortunately, as will be seen, we will not be able to fully realize this
ambition to turn the cost into a constraint to be rendered forward invariant. In
fact, we will end up with a task constraint that is negative rather than positive,
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and that asymptotically approaches some desired target value. The questions
then become those of figuring out how exactly this constraint should be for-
mulated, and how it can be systematically combined with the survivability
constraints.

7.2.1 From Gradient Descent to Barrier-Based Descent

To get at the issue of how to incorporate goal-driven performance consid-
erations within the minimum energy framework, let us return to the way
multi-robot controllers were constructed in Chapter 2. There, a performance
cost was formulated in terms of the joint robot states, and the control law was
obtained by flowing against the gradient of this cost.

To elucidate this point, let J : R" — R~ be a continuously differentiable,
positive definite performance cost, with J(x*) =0 at a minimizer, x*, and
J (x) > 0 otherwise.!? The Chain Rule dictates that, along trajectories,

d aJT .
Ejua»=5;x. (7.29)

If x = f(x) + g(x)u, and if we were able to select the control input, «, in such
a way that

)+ gu=-VJx), (7.30)

we would get

aJ |?

— 1 <o, 7.31
ox (7.31)

d aJTag
—Jx()=—— —=—
arl =700 ‘

as shown in Figure 7.2 (Top).

By LaSalle’s Invariance Principle, this continuous-time gradient descent
algorithm will drive the system to a point where the derivative vanishes,
which, in turn, is a stationary point to the minimization problem. As such,
in a certain sense, the problem is “solved.” As an example, if X =u, and

aJ

_or 7.32
™ (7.32)

u =

the state will indeed converge asymptotically to a local minimizer.

10Since the forthcoming discussion does not require an external “task” interpretation,
we use J (x) rather than Jy,5 (x) to keep the exposition general.
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VJ(x)

VJ(x)

Figure 7.2: Top: Gradient descent makes the system evolve in the direction
where the cost is reduced the most (locally). Middle: An entire open half-
space (shaded) of directions is available that will all result in a (local) reduc-
tion of the cost. Bottom: By introducing an offset, the shifted, closed half-
space contains directions where the local reduction is bounded away from
Zero.

But, the choice of control action in Equation 7.32, or more generally, to
insist on x = —V J(x), is a rather specific and extreme (it is called “steep-
est descent” after all) choice. It certainly does not leave a lot of room for
flexibility in terms of minimizing the cost, while simultaneously satisfying
survivability constraints. But there really is no need to flow in exactly this
direction. In fact, consider the Taylor expansion around the point x,
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aJx)T
J@+ﬁx%=]@)+—5;—8x+oﬂwﬂb. (7.33)

For small §x, we have that
Jx+8x)—J(x)~(VJ(x),x), (7.34)

which is negative (meaning that the cost is reduced), as long as the inner
product satisfies

(VJ(x), éx) <O. (7.35)

Now, assuming that the point around which the expansions is taken, x, is
actually x(¢) at some given time #, then 8x(¢) ~ X (¢)5¢, for some short time
horizon, §t > 0. As a result, the descent condition translates to the constraint

(VJ(x),x) <0, (7.36)

as shown in Figure 7.2 (Middle). Although not quite a CBF constraint, the
inequality in Equation 7.36 sure does seem highly related to one. And this
is something that we can potentially leverage when turning costs into con-
straints. But for that, we have to make it resemble a CBF constraint even
more.

The first order of business is to turn the strict inequality in Equation 7.36
into a non-strict one. The way to do that, while at the same time providing an
additional descent “cushion,” could be to insist on

(VJ(x), X) < —a(J(x)), (7.37)

for some locally Lipschitz continuous, extended class J#5-function, &, as
illustrated in Figure 7.2 (Bottom). This takes us even closer to a CBF. But,
we are not there quite yet. The source of this slight inconsistency is that the
inequality sign in Equation 7.36 is reversed, as compared to the regular CBF
constraint.

To get at the required reversal of the inequality constraint, consider the
function £ ; (x) = —J (x). It is zero at minimizers to J (x), and strictly negative
elsewhere. Swapping these functions turns the inequality in Equation 7.36 into

(=Vhy(x), x) = —a(=h;(x)), (7.38)
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i.e.,
(Vhy(x), x) = a(—hy(x)). (7.39)

One of the properties required by the extended class %5 -functions is
that they are increasing functions passing through the origin. As such, we can
define another extended class %5 -function, &, through

a(z) =—a(=2), (7.40)

which retains all required properties needed for a function to be extended class
<%/00'11

With this choice of extended class #5-function, the inequality in Equa-
tion 7.39 becomes

(Vhy(x), %) = —a(hy(x)). (7.41)

Now, this is a proper CBF constraint! The only dissonant note is that rendering
hj(x) > 0 forward invariant is mostly impossible. Unless x is a minimizer to
J(x), we have that h;(x) <0, since J(x) is positive definite and & ;(x) =
—J(x).

Luckily for us, by returning to the formulation in Equation 7.37, all the
tools needed to manage the situation are actually already provided. Although
this constraint is not a CBF constraint, it is something equally powerful,
namely a Control Lyapunov Function (CLF) constraint, e.g., [209]. Staying
with the notation established thus far, and relying on the particular formulation
in [11], the following key result is highly useful.

Theorem 7.1 Given the control-affine, dynamical system, X = f(x) +
g(x)u, with f and g being locally Lipschitz continuous, and a con-
tinuously differentiable, positive definite function, J:R"” — R, with
J(0) =0. Any continuous controller, u, such that

LJ(x)+ LoJ (x)u < —a(J(x)), (7.42)

for some extended class .%5o-function, «, renders the origin, x =0,
asymptotically stable.

HSince we do not require that « be antisymmetric, we do not, in general, have @ = « in
Equation 7.40.
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Since Equations 7.37 and 7.41 are equivalent, what we have actually done
is recovered the robustness property associated with CBFs in that even if the
system starts outside the super-level set, {x | A (x) > 0}, it will asymptotically
converge to that set [436]. Or, following [306] and phrased in terms of the
minimization of a particular, positive definite performance cost, J (x), what
we have done is discovered the following handy result.

Theorem 7.2 Given the system, X = f(x) 4+ g(x)u, and performance
cost, J(x), as per Theorem 7.1. Set hy(x) =—J(x), and let u satisfy
the inequality constraint

Lyhy(x)+ Lghy(x)u=—a(h;(x)), (7.43)

for some extended class #5o-function, «. Then, if the system starts
away from J (x(#p)) =0, it will asymptotically approach a minimizer to
J(x),ie., im0 x() €f{x | J(x)=0}.

Of course, the set {x | J(x) =0} is still rendered forward invariant under
Equation 7.41. As the only point(s) where J =0 are the minimizers to the
cost, what this means is that if one were to miraculously happen to start out
at a minimizer, one would remain at a minimizer. But, we certainly cannot
count on being that lucky. Regardless of this oddity, Theorem 7.2 gives us all
the tools needed to turn costs into constraints for the purpose of long-duration
autonomy and robot ecology.

7.2.2 Costs as Constraints

The intriguing connection between CBFs and CLFs seems quite promis-
ing.'? In fact, the combination of CLFs for performance with CBFs for safety
is a powerful duo that has been leveraged in a number of contexts, e.g.,
[11, 391]. For the purpose of robot ecology, however, it is not quite perfect just
yet. The reason for this is the slight discomfort caused by the fact that if the
CLF is equal to the performance cost, then the system will indeed be driven
(asymptotically) to a minimizer to J, as per Theorem 7.2. But, as established,
optimality is not only not needed, it is actually not even all that desirable from

12The standard notation is to use V, rather than J, to denote the Lyapunov function, eg.,
[209].
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a robustness point of view [120]. In other words, we simply want solutions
that are somehow “good enough.”

In order to explicitly retain the performance-based considerations pro-
vided by the CLFs, without overly fussing over optimality, one can introduce
a slack variable, §, that encodes this idea of “good enough” performance. To
this end, consider the following constrained optimization problem.

misn lull® + 8% (7.44)

subject to the constraint

Lihj(x)+Lghj(x)u>—ah;(x))—4. (7.45)

This formulation retains the desired minimum energy flavor, yet allows
for an explicit tradeoff between energy (captured by [u||%) and performance
(as encoded by 8%). And, to get a better feeling for why this construction
works, consider the drift-free system,

xX=gx)u, (7.46)

i.e., where the absence of a drift term ensures that the system simply stops
evolving whenever u = 0.

In the drift-free case, the introduction of the slack variable, §, does not
matter (asymptotically), in the absence of other constraints in that the mini-
mizer to the original, slack-free minimum-energy problem is recovered. To see
this, consider the KKT conditions to the problem in Equations 7.44 and 7.45,

— IO ¢ (o — a(h(x)) — 8% <0 @)
25> 0 (ii)
3 (20 g oy — a(h(x) = 57) =0 (i) (7:47)
2u* — g(x)T D% — (iv)
28% —1*=0 (v)

where u*, §* and A* are primal and dual optimal points, e.g., [58].

If A* =0 then, by (iv) and (v), u* =0 and §* = 0. This means that h(x)=
0> —a(h(x)), per (i). But, if this does not correspond to a minimizer, then
h(x) <0 (since J(x) > 0). As such, a(h(x)) <0 as well, which means that
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fz(x) > 0, which is a contradiction. The conclusion that must be drawn is thus
that this situation corresponds to a minimizer to J (x).
On the other hand, if A* > 0, then

1 1
ut = 5g(x)TVh(x),\* and 8% = EA*, (7.48)

as per (iv) and (v). Plugging this into (iii) yields,

—%Vh(x)Tg(x)g(x)TVh(x)x* —a(h(x)) — %,\* =0, (7.49)
ie.,
ME ||goii'§5xv)2<x>uz
and u* = (X)) T, (7.50)

T 1+ lg@T VR
Using this in the expression for h(x) results in

_ah) g™ VA@)|?
1+ 1lg()T VA |12

hx)= (7.51)

Since a(h(x))) <0, away from a minimizer, if Vi(x) #0, then fz(x) > 0.
On the other hand, if VAi(x) =0 then fz(x) =0 as well. What this means,
thanks to LaSalle’s Invariance Principle, is that, as t — 0o, x(¢#) — x™ such
that g—){(x*) =0. As a result, J(x*) =0, which implies that this is indeed a
minimizer, as per [306]. The interpretation here is that the introduction of
the slack term is entirely harmless—in fact, even borderline pointless—for
drift-free systems in the absence of additional constraints.

If there is a drift-term present in the dynamics, i.e., X = f(x) + g(x)u, this
asymptotic equivalence may no longer hold. It may simply not be worth the
energy investment to drive the state all the way to the minimizer, i.e., driving
§ to zero may require too much control effort. Similarly, if there are other
constraints present, which there undoubtedly will be, finding such minimizers
is no longer even something to strive for. Good enough will have to be, well,
good enough.

After that slack variable detour, we now return to the originators of this
discussion, namely a task specified through a cost, Ji.(x), and a desire to
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treat this cost as a constraint in a manner that combines with survivability
in a natural manner. The necessary ingredients for the production of such a
unified formulation have actually already been assembled. What previously
was phrased as

min, ||u — utask||2

7.52
subject to Sy, .. [x; u] >0 (7.52)
can now be replaced by the robot ecology problem below.
miny 5 [|u)®+ 82
. Shy[X; Ul > —06 (7.53)
b tt task
™ Jec ? Rsurvive [x’ M] 2 O

Note here that /. (x) (previously known as hy,, (x)) is never positive,
which is why the Boolean conjunction, formulated in terms of the minimum
over the arguments, is not applicable—positivity of hgy,ive and hygsp cannot
be rendered forward invariant. It should also be pointed out that there are
no reasons why the same extended class #5,-function should be used in the
two constraints, Sp,,...[%; #] and Sp, ., [x; u], even though the formalism in
Equation 7.53 suppresses the explicit dependence on the choice of extended
class 4 -functions.

Before seeing this goal-driven machinery in action, we first introduce a
slight variation on the theme, namely a finite-time formulation that highlights
why the use of different extended class #5-functions in Equation 7.53 may
come in handy. The reason for this is that sometimes the task must be ac-
complished in a finite amount of time. To that end, the asymptotic quality in
Theorem 7.2 may just not be enough.

7.2.3 Finite-Time Performance

The key to enabling the construction of costs as constraints is provided by
the control Lyapunov function machinery, as the CLFs act as intermedi-
aries towards the formulation in Equation 7.53. In particular, the asymptotic
convergence to the origin in Theorem 7.1 could be transformed into a ro-
bustness property for CBFs, in that the system will asymptotically reach the
safe set if it starts outside of this set. It is, however, possible to replace the
extended class J#5o-function in Equation 7.37 with a more specialized such

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

7.2 Goal-Driven Behaviors 203

function that guarantees that the convergence happens in finite time, rather
than asymptotically. The following theorem from [49] makes this point.

Theorem 7.3 Given the setup in Theorem 7.1. Any continuous con-
troller, u, such that

LiJ(x)+LgJ(x)u<—cJx), (7.54)

where ¢ > 0 and y € (0, 1), renders the origin, x = 0, finite-time stable.
Moreover, an upper bound for the settling time, 7', is given by

l—y
- J (xo)

y 7.55
e (7.55)

where x( is the value of x(¢) at time t = 0.

We can leverage this result in a direct manner, but retooled for CBFs rather
than CLFs, to get at the desired finite-time property. For example, the discus-
sion of drift-free dynamical systems transfers immediately to the finite-time
setting as well [306].

Corollary 7.1 Given the drift-free dynamical system x = g(x)u, and the
objective of minimizing a continuously differentiable, positive definite cost
function, J (x). The solution to the optimization problem

. 2, 52 : 8h§
mlgl ll#||~+ 6=, subjectto 8—g(x)u >—chyj(x)¥ -8, (7.56)
u, X

where hj(x)=—J(x), c>0, and y € (0, 1), will drive the state, x, to a
stationary point to the cost, J, in finite time.

Perhaps more importantly, the finite-time variation allows us to let the
crucial, forward invariance property of the survivability constraint in Equation
7.53 retain its standard form,

Shsu”,,-ve [x; ul= thsurvive(x) + Lghsurvive ()u + a(hgyrvive(x)) > 0,
(7.57)

while making the task-based constraint be formulated so as to “accomplish”
the task in finite time,
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Shmk [x;u]l= thtask(x) + Lghtask(x)“ + Chlask(x)y' (7.58)

As we will see in the next section, this ability to achieve objectives in finite
time will, for example, come in handy when a team of robots are supposed to
toggle through a series of interaction topologies in order to execute a complex,
sequential multi-robot maneuver.

7.3 Goal-Driven Multi-Robot Systems

As established in Chapter 2, multi-robot behaviors should be local, scalable,
safe, and emergent, e.g., [93, 253], for them to be viable. A number of be-
haviors satisfying these properties have been introduced in this book already,
with target applications ranging from social dynamics [356], formation con-
trol [127], and area coverage [95], just to name a few. In this section, we
apply the results derived in the previous section, with the aim of revisiting
these “classic” multi-robot behaviors through the new lens of constraint-based
design.

Consider, yet again, a collection of N robots, with positions x; € RY, e
[N], where d =2 for planar robots, and d =3 in the case of aerial robots.
Assume each robot is equipped with an omni-directional range sensor that
allows it to measure the relative positions of neighboring robots, i.e., Robot i
is able to measure x; — x;, when it is adjacent to Robot j. These interactions
among robots are described by the graph G = (¥, E), where ¥ =[N] is the
robot index set, and E € ¥ x ¥ is the set of edges between robots, encoding
the adjacency relationships. If (i, j) € E, then Robot i can measure Robot
J’s relative position, x; — x;. We assume that the graph is undirected, i.e.,
(i, j)e E < (j,i) € E. And, in order to obtain decentralized algorithms, we
restrict each robot to act solely based on the locally available information, by
which we mean the relative positions of its neighbors. By construction, this
leads to inherently scalable, coordinated control algorithms.

As seen in Chapter 2, one systematic way of achieving the desired team-
level properties in a decentralized manner is to formulate the performance cost

N
1
T =230 3 Tl —xj1D, (7.59)
i=1 je
where x=[x1T, ...,x{,]T eRNd, A; is Robot i’s neighborhood set, and

Jij is a symmetric, pairwise cost between Robots i and j, in the sense that
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Jij(lx; — x;1) = Jji(Ilx; — x;||). Additionally, to make this formulation fit
the recently developed framework further, assume that J;;(z) >0, V(i, j) €
E, Vz € R>¢, which, in turn, means that J(x) >0, Vx € RNd,

Assuming that we can directly control the velocity of Robot i through
X; =u;, one can employ the gradient descent flow policy in Equation 2.11 in
order to minimize J,

0Jij Xi —Xj
uj=— Z -
Ollxc; —xj Il llxi — x5l

jeN:

D wijllxj = xil) (i — x;),
JjeN
(7.60)

for some scalar weight function w;;. As seen in Chapter 2 (Section 2.2), this
is nothing but a weighted consensus protocol, and it is decentralized insofar
as the input, u;, only depends on Robot i’s neighbors.

Setting hy(x) = —J(x), the construction from the previous section can
now be readily applied to the minimization of the cost in Equation 7.59 by
formulating the minimum-energy problem,

. 2 2 . ohy
mlsn lu]|“ 46~ subject to a—u >—a(hy(x)) -9, (7.61)
u, X

where u = [ulT, R uIT\,]T e RN, Obviously, X; = u; is drift-free, so solving
the optimization problem in Equation 7.61 leads to the accomplishment of the
task, by which we mean that a stationary point to the cost, J, has been reached
(asymptotically or in finite time), per Corollary 7.1.

But, just because the problem can be solved, it does not follow that it can
be solved in a decentralized manner by the individual robots themselves. What
we would like is for each robot to solve its own local version of the problem
in Equation 7.61, i.e.,

a .
min [|lu;||> + 82 subjectto —u; > —a(h;(x)) — &, (7.62)
u;i,0; 3]6,'
where
hiGe)=—"Y_ Jij(lxi = x;]). (7.63)
jeN

To get a handle on when this decentralization is possible, the derivation
in Equations 7.46—7.51 ensures that by imposing the global CBF constraint

ah—Ju > —a(hy(x)) =38, (7.64)
0x

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

206 Chapter 7. Robot Ecology

constructed using the whole state vector, x, the cost, J, is decreasing towards
a stationary point. We want to show that by imposing only local constraints
(i.e., such that Robot i only needs information about its neighbors), the multi-
robot system is still able to enforce the global constraint in Equation 7.64 and
hence to minimize the cost, J, in a decentralized fashion.

To this end, we first assume that the extended class .#4,-function, «, is
super-additive for negative arguments, in the sense that

a(z1 +2z22) Za(z1) +a(z2), Vz1,22 <0. (7.65)
Under this assumption, we can sum up the constraints in Equation 7.62 over
all robots,

N N
oh;

> (a—x‘_u,-) > (—a(hi(x) — &)

i=1 ! i=1

N
> g (Z h; (x)) —8=—a(hs(x)) =8, (7.66)

i=1

where we used the super-additivity property of «, and we set

N
5:25,-_ (7.67)
i=1

Moreover, since the graph, G, which encodes the adjacency relationships
between robots, is undirected, we have that

oh; oh
& _ 2 (7.68)
8)6,' 8)6,'
Thus, in light of Equation 7.66,
oh
a—Ju > —a (hy(x)) — 6. (7.69)
X

Hence, x will converge to a stationary point to J, and decentralization has
been achieved. The only price one has to pay for this to be possible is the
super-additivity restriction imposed on «.

Circling back to the discussion about finite-time performance, we could
select

a(z) =cz?, (7.70)
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which is a convex function for z <0, and hence it is indeed super-additive
for z <0. What we have done is establish the following theorem, which is
available in [306] in a slightly different form.

Theorem 7.4 Given the additive, pairwise cost function, J, defined in
Equation 7.59. A collection of N robots with single integrator dynamics
will minimize J in a decentralized fashion if each robot executes as
control input the solution to the optimization problem:

min {Ju; I+ 87 subject to %ui > —a(hi(x)) — ;. (7.71)
i:0i i

Here, h;(x) is given in Equation 7.63, and « is an extended class
Joo-function that additionally is super-additive for negative arguments.
Moreover, if a(z) = cz”, for some ¢ > 0, y € (0, 1), a stationary point to
the cost, J, is reached in finite time, with an upper bound on the settling
time given by Theorem 7.3.

The structure of the cost function, J(x), even though quite specific, sup-
ports a rich set of multi-robot behaviors, as shown in Chapter 2. In the next
section, we illustrate this point by considering the formation and coverage
control problems in this new light.

7.3.1 Formation and Coverage Control Revisited

In formation control applications, the robots are tasked with assembling a
particular shape, typically specified in terms of inter-robot distances. The
pertinent, pairwise performance cost, borrowed from [93, 306], is given by

1 « 1 -
T =352 ) Sl —xjll—dip* =3 Jix), (7.72)

where d;; is the desired distance between Robots i and j, and J(x)=0
corresponds to the robots being perfectly in formation.
The gradient to J; (x) evaluates to

aJ; —
O o W=l =, (7.73)

Xio i llxi — x|
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Figure 7.3: A team of robots in the Robotarium testbed [337] executes the
formation control strategy obtained when using Equations 7.72 and 7.73 as
inputs to the optimization program in Theorem 7.4. The relevant edges, whose
distances are to be driven to desired values, and subsequently maintained, are
projected onto the testbed.

which has a rather direct interpretation when employed in a steepest descent
flow. If the distance between Robots i and j is smaller than d;;, then the
weight

lxi — x|l —dij

wij (12 —xj) = (7.74)

llxi =l
is negative and the robots repel each other. Conversely, if the two robots are
farther than d;; apart, the positive weight will result in an attraction between
the robots.!3

The effect of applying the constraint-based formalism, as detailed in The-
orem 7.4, to this particular choice of performance cost, is shown in Figure 7.3.
There, six robots are tasked with assembling a hexagonal shape, as specified
through a rich enough subset of all possible inter-robot distances to ren-
der the formation infinitesimally rigid [15, 134], i.e., the pairwise distance

13The special case when d;; =0, Vi, j, corresponds to a negative gradient flow that
coincides exactly with the previously discussed consensus protocol [197, 276].
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specifications are sufficient to completely determine the shape, up to rotations
and translations.

Formation control, as generated by pairwise inter-robot distances, fits the
formulation in Equation 7.63 extraordinarily well. However, upon further in-
spection, Theorem 7.4 only requires that the cost be given as a sum over
individual (and locally evaluable) performance costs. The pairwise structure
is strictly speaking not necessary, as observed in [306]. To illustrate this point,
we leave the formation control domain, and move on to the question of how
to achieve effective multi-robot area coverage through constraints rather than
costs.

Coverage control, as we have seen, is concerned with the problem of hav-
ing multiple robots cover an area, D. Given a coverage performance cost,
the robots should spread out over the domain in order to minimize the cost.
As shown in [245], each robot could, for example, be responsible only for
the subset of the domain that is defined by its Voronoi cell, V;={pe D |
lp —xill <llp —xjIl ¥i # j).

A performance cost for the domain coverage problem was provided in
[306],

N

1 n
T =) Sl —pi P =) Ji), (7.75)

i=1 i=1

where p; (x) is the centroid of Robot i’s Voronoi cell.1* Taking the derivative
of J; yields

O _ (xi— )T (1 - M) , (7.76)

0X; ox;

where [ is the identity matrix.

The derivative in Equation 7.76 can now be inserted directly into Equa-
tion 7.71 in Theorem 7.4, and the application of the constraint-based, robot
ecology machinery to the coverage control problem is depicted in Figure 7.4.
As can be seen (and as expected), the six robots converge to a configuration
where each Voronoi cell has the the same size and shape and, as such, optimal
coverage is achieved.

141¢ is worth noting that this performance cost is a reformulation of the locational cost
introduced in [95], and provided in Equation 2.19, in that the two costs have the same
critical points.
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Figure 7.4: Six robots in the Robotarium [337] cover an area using Equa-
tions 7.75 and 7.76 as arguments to the constrained optimization problem in
Theorem 7.4. The Voronoi cells of the robots are projected onto the testbed,
together with their centroids, depicted as gray circles.

7.3.2 Sequential Composition of Behaviors

To see how the finite-time version of the goal-driven barrier function formalism
in Theorem 7.4 can come in handy, we briefly consider the problem of stringing
together sequences of multi-robot behaviors. The underpinning idea is that by
decomposing high-level specifications into sequences of dedicated multi-robot
behaviors, the design complexity is potentially reduced quite significantly. This
decompositionideais particularly advantageous as one can tap into a plethora of
readily available multi-robot behaviors with provable performance guarantees,
such as flocking [316], rendezvous [317], formation control [135], and so on.

The main challenge associated with producing sequential compositions of
multi-robot behaviors is, as we have seen, that most behaviors rely strongly
on particular, underlying network topologies in order to function properly,
e.g., [276]. Therefore, in order to meet the high-level specifications through
sequences of behaviors, not only should each of the individual behaviors be
correctly chosen, but the network assumptions should also be satisfied—both
at the starting time of the behavior, and throughout its execution. '

15Decompositions of complex multi-robot missions have been explored using a num-
ber of other formalisms, such as Petri nets [212], finite state automata [260], stochastic
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Figure 7.5: A segment of an MDL sequence of multi-robot behaviors for a
team of five robots. Behavior k starts at time 7%, and requires a network topol-
ogy, encoded by the graph %, in order to function properly. To prepare for the
next behavior, the corresponding finite-time barrier constraint has the prepa-
ration time, A1, at its disposal, during which time Behavior k is modified
through the inclusion of an additional network topology constraint, so as to
establish the required graph structure, %1, by time 7z 1.

To illustrate the general setup, consider the construction introduced in
[235], based on the concept of a motion description language (MDL) [262] to
specify the requisite sequence of behaviors, namely,

U:(%liglﬁrl)?." 7(%M7gMarM)$ (777)

where each multi-robot behavior is abstractly represented by the tuple
(Y, %, ™), ke[M].

In the MDL string in Equation 7.77, %, %, and t; represent the multi-
robot controller, required interaction graph structure, and starting time of
Behavior k, respectively. The required graph structure, %, is additionally
given by (V, Ej), and in order to ensure that Behavior k is executed correctly,
the required graph, %, should remain a spanning subgraph to the actual inter-
action graph, 4 (¢) = (V, E(t)), throughout the execution of the behavior, i.e.,
(i, ) € E(t), Y, j) € Ex, 1 € [th, Thp1).

An example of a such an MDL sequence is shown in Figure 7.5. In
that figure, Behavior k is executed without consideration of the next be-
havior until time 74| — Agy1, Where T4 is the time when the system is
supposed to switch to Behavior k + 1. That leaves a time window of length
Aj4+1 for the system to prepare for the behavior transition by assembling the

processes [291], temporal logic specifications [213, 363], embedded graph grammars
[211, 382], and graph process specifications [414].
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required topology, encoded through the edge set in %.41. Using the finite-
time formulation in Theorem 7.4 (including equating A1 with the settling
time in Theorem 7.3), this approach was leveraged in [235] to formally com-
pose together sequences of multi-robot behaviors with provable performance
guarantees in order to support a number of complex multi-robot specifications.

Based on [235], a simulated team of six robots is tasked with an envi-
ronmental exploration task in Figure 7.6. Additionally, the same sequencing
framework is experimentally deployed on robots in the Robotarium [337] in
Figure 7.7. In the experiment, the robot team executes a sequence of multi-
robot behaviors consisting of a cyclic pursuit behavior, a lattice formation,
a line formation, and a square formation. Figure 7.7 contains a sequence of
snapshots taken during the experiment, where the edges prescribed by each
behavior do indeed remain in place throughout the execution of the behavior,
and the additional edges required by the following behavior are established
during the requisite preparation period.

7.4 Putting It All Together

We have now arrived at the point where, what began with a few anecdotal
observations about Mars rovers in Chapter 1, a mathematically precise robot
ecology formalism has been established. The beginning of the story focused
on the tight coupling between robots and their environments, which is the
reason why the ecological notes were struck in the first place. Additionally, it
was discovered that power-management was highly integral to long-duration
autonomy, and that surviving was a prerequisite to thriving.

By leveraging the spirit (if not the formalism) of behavior-based robotics
(Chapter 2), and solidifying the ecological connections (Chapter 3), con-
straints emerged as the key drivers of behavioral expressivity when deploying
robots over long time-scales. In the second part of the book, we came to the
realization that control barrier functions provide the right tool for such a shift
towards constraint-based control design. As such, robot ecology is no longer
shrouded in mystery, and in this concluding section of the chapter, we gather
together all the pieces as well as foreshadow two canonical instantiations of
the robot ecology idea.

7.4.1 A Purposeful Yet Safe Expenditure of Energy

If at all possible, the only cost to be minimized should be the energy con-
sumed. All other considerations should be relegated to constraints. Foremost
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Figure 7.6: A sequence of multi-robot behaviors designed for an environ-
mental exploration task. The team of six robots is tasked with investigating a
region of interest, displayed as an ellipse. The robots initially gather together
in a lattice formation, after which a sequence of different “leader-follower”
formations are used to move the robots close to the region of interest, to
prepare the team for entering the region. The mission is concluded with a
final leader-follower behavior, where the leader-robot leads the team inside
the region. Source: Fig. 3 in Li et al. (2018).
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Figure 7.7: Shown are experimental results for a team of nine robots execut-
ing a sequence of multi-robot behaviors in the Robotarium [337], with the
edges superimposed on the robot arena by an overhead projector. The edges
prescribed by each behavior are shown together with the additional edges
required by the next behavior (as established during the preparation time).
Depicted is a cyclic pursuit behavior (Top Left), followed by a sequence of
geometric formations (lattice, line, and square).
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of those constraints is survivability. Although this constraint may come in
different sizes and shapes, as per Section 7.1.2, some version of it must always
be present to ensure robot longevity.

In addition to survivability, exogenous tasks may be added to the robots’
list of responsibilities. Ultimately, the robots are supposed to do something
useful. At least every now and then. And, we have now seen that it is possible
to encode such tasks as constraints as well, as long as the task performance
can be evaluated through an instantaneous performance cost.

We here gather these observations, as well as refer back to the five Design
Principles for Robot Ecology used to start off the discussion in the chapter.
The result from this exercise is a formal framework for the purposeful yet
safe expenditure of energy for robots deployed in natural environments over
long time-scales! In other words, the challenge laid down in Chapter 1 has
been met.

Robot Ecology

Central to any robot deployed in an environment over long time-scales
is survivability, as per Principles PI, P3, and P4. The general surviv-
ability constraint, as seen in Equation 7.24, is given by the composite
barrier function

Rsurvive (X) = Rresources(X) N Rinteract(X) A Rhomeostasis (%), (7.78)

where the particulars of the constituent constraints may vary as func-
tions of factors such as environmental conditions, robot types, and
intended missions.

In Between Missions

Principles P2 and P5 dictate that in between missions, the robots should
simply be present in the environment, surviving, and be prepared to be
recruited.

The corresponding constrained optimization problem is a pure,
minimum-energy problem,

min ||u|? (7.79)
u
subject to

Shsuwive ['x’ M] = 0. (780)
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Missions as Costs

The utility of the robot ecology framework is ultimately derived from
its ability to support robots that actually do something useful, i.e., for
them to be recruitable to participate in a number of tasks and missions.
If the performance can be encoded through the instantaneous task cost,
Jiask(x) > 0, with the corresponding barrier function being A5 (x) =
— Jiask(x), the minimum-energy structure can be kept largely intact also
under these scenarios. What the robots should do is solve

min |ju)? + 8> (7.81)
u,s

subject to
Shouive X5 u] >0 and Sy, [x; u] > —6. (7.82)

Missions as Nominal Inputs
One can envision situations where the tasks cannot be readily framed

through task costs. For example, if a human operator takes direct control
over a robot, the cost in Equation 7.43 is not directly applicable. Under
such conditions, one can instead let the mission be interpreted in terms
of a nominal control input, 5. As a result, the minimum-energy cost
is no longer fully supportable, and the mismatch between actual and
nominal control inputs should instead be minimized,

min i — nom||* (7.83)
subject to
Shsurvive [x’ M] Z O (784)

An example of the second of these three cases—Missions as Costs—is
shown in Figure 7.8. In the example, a team of robots is tasked with covering
an area, using the coverage cost in Equation 7.75. At the same time, they
are to avoid collisions, return to charging stations when low on battery, and
charge until the battery levels are sufficiently high. In other words, what the
robots are executing is the controller resulting from the following constrained
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Figure 7.8: A sequence of salient frames from a persistent monitoring scenario

framed as a “Missions as Costs” coverage problem is shown. Six robots are
deployed in the Robotarium [337]. Projected onto the Robotarium arena are
the Voronoi cells associated with each robot. In the progression, the top left
robot is moving towards the charging strip at the left edge of the arena in order
to recharge.

16

optimization program:

miny s ||u||2 + 482

7.85
subject to Sp,,.u.[%; #] >0 and Sy, [x; u]l > =6, (7.83)
where
| N
hiask(x) = =2 D llpi = pi (P, (7.86)

i=1

with p; € R2 being the position of Robot i, i € [N], and p; (p) is the centroid
of its Voronoi cell. Additionally,

Rsurvive (X) = Min{A resources (X)), Rinteract(X) s Bhomeostasis (X)), (7.87)

16The robots in Figure 7.8 are using the distributed versions of the task and collision
constraints, as per Equation 7.63 and Equation 7.3, respectively. We have opted to not spell
this out explicitly, for the sake of notational clarity and convenience.
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where the constituent constraints are given by

Nresources(X) =min{hopsiacie (X), Ranchor(x)}

ind : 2 2
hi)’;)stacle(xi): min {llpi _Oj” _Do}
Jj€lo]

hind . (x;) = (E; — Emin) — & (dist(p;)) =0

anchor

hinteract(X) = hsepamtion (x) (7.88)

pair 2 2
hseparation(xi’ xj) =lpi— Dj I* — Dy

hhomeostasis (X) = henergy ()C)

hind (x;) = (Emax — Ei)(Ei — Emin).

energy

Here, E; is Robot i’s energy level that must remain in the interval
[Emin, Emax], [O]is the index set of obstacles in the environment, & (dist(p;))
is the energy required to travel to the closest charging station, and Ds and D,
are safety separation distances, as per the discussion in Section 7.1.

In Figure 7.8, six robots in the Robotarium [337] are instrumented with
two extended prongs at different heights that, when charging, connect to two
aluminum strips embedded in the arena walls. One of the metal strips supplies
a 5V input voltage to the robots, while the other serves as ground, which
allows the robots to drive up to the charging stations and recharge without
human intervention. The distance to the closest charging location, dist(p;),
in Equation 7.88, is thus the distance to the point on the charging strip that
is closest to the robot. To explicitly call out the fact that robot longevity is
achieved in terms of never running out of battery, the measured battery voltage
data are shown in Figure 7.9.

7.4.2 The End Game

With that, the technical developments in the book have concluded. Rather than
introduce new mathematical tools, the final two chapters describe canonical
instantiations of the robot ecology idea. To call out particularly key, salient
features, these two instantiations are selected to highlight issues pertaining to
persistent environmental monitoring and autonomy-on-demand.

In Chapter 8 a long-duration environmental monitoring scenario is being
considered. In particular, the SlothBot [303], which is a slow and energy-
efficient, wire-traversing robot, is operating among the treetops for sustained
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Figure 7.9: Measured battery voltage data for each of the six robots in Fig-
ure 7.8. The top and bottom horizontal lines depict the values of Ep, and
Emax 10 fepergy and hguenor in Equation 7.88, respectively. As expected, the
voltages always stay inside the prescribed region.

Figure 7.10: The SlothBot (Left) and Robotarium (Right) constitute canon-
ical instantiations of the robot ecology concept, designed for long-duration
environmental monitoring and autonomy-on-demand, respectively.

periods of time, as seen in Figure 7.10 (Left). Most of that time is spent doing
mostly nothing other than hanging on wires in the tree canopies, taking mea-
surements, and collecting environmental data. But, every now and then, the
SlothBot leaves the shaded canopies to go and “sunbathe” and recharge the
batteries, thereby embodying the long-duration autonomy concept.

EBSCChost - printed on 2/14/2023 3:03 PMvia . Al use subject to https://ww.ebsco.coniterns-of -use



220 Chapter 7. Robot Ecology

Chapter 9, in turn, focuses on the autonomy-on-demand ideas that
have been hinted at repeatedly throughout the book. Exemplified by the
Robotarium testbed [337], which is an always-on, remotely accessible swarm
robotics lab, a large team of robots are sitting idle, waiting to be recruited to
perform whatever tasks remote users may require of them. The Robotarium,
shown in Figure 7.10 (Right), has been in (more or less) continuous opera-
tion over multiple years, and has supported thousands of remote experiments
submitted by users from all over the world [431]. As such, it constitutes a
crisp, canonical instantiation of the autonomy-on-demand approach to robot
ecology.
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8 Environmental Monitoring

Having established a general robot ecology framework where constraint-
driven control enables robots to be present and survive in natural environments
over long periods of time, it is time to return to one of the more pertinent,
underlying application-drivers in greater detail. In this chapter, we consider
environmental monitoring, where robots are to be deployed in an area, tasked
with doing nothing beyond collecting data that can be of use to fields such
as precision agriculture, conservation and environmental research, or, more
broadly, climate-related studies. To that end, this chapter is initially focused
on how to tailor the robot ecology framework to questions pertaining to
persistent environmental monitoring, followed by a treatment of a particu-
lar, energy-efficient environmental monitoring robot, namely the SlothBot.
The SlothBot is a solar-powered, wire-traversing robot, suspended in the tree
canopies. As such, it will serve as a canonical instantiation of the broader
persistent environmental monitoring theme espoused in this chapter.

As the primary focus in this chapter is on issues surrounding persistently
present robots rather than on multi-robot interactions, we here consider the
case of a single robot (the SlothBot). As a consequence, the environmen-
tal monitoring task will not proceed according to the persistified coverage
control program introduced in Chapter 5 for multi-robot teams. Instead, the
long-duration autonomy deployment will adhere to the broader robot ecology

221
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formalism from the previous chapter in that the robot will, most of the time,
solve the constrained, minimum-energy problem,

subject to Sp,,.i.[%; u] > 0.
As before, the survivability constraint is given by
Rsurvive (X) = Rpomeostasis (X) A Rresources(X) A Ringeraci(x), (8.2)

with the particular, constituent constraints being

Rhomeostasis(X) = henergy (x)s Aresources(X) = hobstacle (X) A Ranchor(X),
hinteract(x) = hidentity (x), (8.3)

as per Equation 7.24. Since the constraints in Equation 8.3 are discussed
in technical detail in Chapter 7, we simply refer back to those discussions
when needed, which allows us to instead focus on how to make such an ab-
stract formulation come “alive” and be realized on the SlothBot in a practical,
environmental monitoring scenario.

8.1 Monitoring in Natural Environments

Ecology, as a scientific discipline, touches on the many intricate, intertwined,
and complex interconnections formed between different organisms, and
between organisms and their environments, e.g., [308, 357]. These intercon-
nections are formulated in terms such as consumer-resources, predator-prey,
mutualism, or competitive relationships, as discussed in Chapter 3. But, ac-
tually characterizing such intricate relationships is only possible if sufficient
data is available, i.e., if enough meaningful observations can be made about
what really goes on in an ecosystem. To that end, field ecologists spend signifi-
cant effort on the collection of relevant data; some of the practical mechanisms
by which this can be achieved are highlighted in the next section. Such a
practical detour is needed as it will help inform the design of environmental
monitoring robots for the purpose of ecological research in general, and con-
servation biology among the treetops in particular. It will also allow the robot
ecology framework, that has benefited significantly from the field of ecology,
to provide some direct benefits back to practicing ecologists.
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Monitoring, viewed as a conceptual activity, involves the gathering of data
in some environment of interest. But, it becomes meaningful only in some
broader context in which the data is actionable. Conservation biology is a
prime example of such a context, as it is a discipline focused on the manage-
ment of nature and of Earth’s biodiversity [341]. The ultimate aim with this
field of study is to protect species, habitats, and ecosystems. And to do so
successfully requires data.

Conservation biology is not only a suitable motivation for the robotic
environmental monitoring tasks considered in this chapter, it is also an im-
portant endeavor in its own right. Ecosystems all across the planet are in rapid
decline, which means that conservation biology is associated with a strong
sense of urgency. In fact, [430] refers to conservation biology as a “discipline
with a deadline.” Along the same lines, in [215], it is suggested that 50% of all
species will disappear towards the middle of the century, which has potentially
very serious consequences for the stability of the planet [169, 403]. For ex-
ample, the destruction of forest ecosystems alone account for over 10% of all
greenhouse gas emissions caused by humans [164]. As trees store a significant
amount of carbon—thereby keeping it out of the atmosphere—conserving
and protecting forest ecosystems has a real and positive impact on the climate.
Forest ecosystems are highly complex, however. This means that the protec-
tion needs to extend to their overall, supported biodiversity, beyond “just” the
trees themselves.

For these reasons, conservation biology is a highly worthy motivation for
the monitoring activities considered in this chapter, while forests constitute an
important and suitable habitat for the monitoring robots. To that end, we will
particularly focus on robots present in tree canopies for long periods of time.
Before we can get to the robots themselves, however, we need to investigate
what it is that they should be monitoring in the first place.

8.1.1 Biodiversity

One crucial manifestation of the overall health and robustness of an ecosystem
is its biodiversity. This concept is attempting to encompass the variety and
variability of life on Earth, which means that it has to be measured at a number
of different scales, such as at genetic, species, and ecosystem scales, [155,
184, 289], with biodiversity somehow being the totality of genes, species, or
ecosystems in a given region [108]. For example, if one were to count the
number of species (or some other relevant taxa) in a habitat, and then repeat
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this process for all individual habitats in a particular region, then the so-called
a-diversity would be the mean species diversity per habitat, the y-diversity
would be the total species diversity over the entire region, and the B-diversity
is the ratio between regional and local species diversity, i.e., B =y /a [412].

But, such relationships between different biodiversity notions only make
sense if the arguments themselves are quantifiable, i.e., we need to understand
what we mean when we say things like “mean species diversity.” This modest
request is unfortunately not as easy to accommodate as one might expect. In
fact, a number of different measures of “diversity” have been proposed, such
as Species Richness, which is simply the number of different species. This is
arguably not the most interesting of measures, as an ecosystem consisting of
999 members of Species A and 1 member of Species B would be considered
as diverse as one consisting of 500 of each species, as the Species Richness is
2 in both cases. To address this issue, a handful of other measures have been
proposed, such as the Shannon Index (i.e., entropy), the Simpson Index, and
the Berger-Parker Index; all of which quantify diversity based on (different
twists on) the percentage of the total population belonging to each species,
e.g., [387]. For example, if p; is the probability that a randomly selected
individual belongs to Species i, then the Shannon Index is

A== pilnp;. (8.4)

This means that if we return to the two-species thought-experiment, p4 =
0.999 and pp =0.001 gives 77 ~0.0079, while ps = pp =0.5 gives S ~
0.69. The latter situation is significantly more diverse, as expected from an
entropy-based biodiversity measure.

Pure probability-based measures do suffer from their own set of issues
that may or may not be problematic, depending on the context. These is-
sues stem from the fact that they do not take into account how different the
species are from one another. Returning to the situation where p4 = pp =0.5.
If Species A is a dark-blue butterfly and Species B is a light-blue butterfly,
then this situation could be argued to be less diverse than a situation where
Species A is a butterfly while Species B is a lion.

To explicitly call out the differences between species present in an area,
Rao’s Quadratic Entropy [349] incorporates these differences in the diversity
measure. Given a distance measure defined over the set of species, dist (i, j) €
R, the quadratic entropy is given by the expected distance-squared between
any two randomly chosen members of the population, i.e.,
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2=Y" pipjdist(i, j)*. (8.5)
ij
Assuming that such a distance function can be meaningfully defined and that,
for example, the “distance” between the two butterfly species is 1, while the
“distance” between a butterfly and a lion is 10, then the former case has 2 =
0.25, while the latter has 2 =25, i.e., it is significantly more diverse.!

For the environmental monitoring tasks under consideration in this chap-
ter, what perhaps matters more than how biodiversity is ultimately defined is
how the data is obtained in the first place. Once one has access to the rele-
vant data, one can proceed to argue over which measure to use to quantify
diversity.

Biodiversity fieldwork is inevitably concerned with some form of cata-
loging the number and variety of organisms found in a specific region. The
most basic question associated with such an activity is how many (different
kinds of) organisms there are in a given area. Currently, there are close to 10
million known species identified on Earth, but most estimates point to an ac-
tual number closer to 100 millions (and beyond), e.g., [246, 283]. This is a
remarkably large and uncertain number, and the uncertainty stems from the
difficulty associated with conducting a reliable species census. Access is one
problem. But so is making sure that the observations are persistent and com-
prehensive enough in order to ensure that as many species as possible are
encountered in a given area.

There are a number of practical approaches taken when it comes to
measuring biodiversity data,> with the most common ones including canopy
fogging, quadrat sampling, transect sampling, netting, and trapping [247, 359,
394]. The particular method employed is highly dependent on its suitabil-
ity for a particular environment or target species; clearly counting insects in
a rainforest is a quite different undertaking than counting sea urchins on a
coral reef. In fact, canopy fogging is particularly effective when it comes to
gathering information about insects. Basically, a low (preferably non-harmful)

IWithin the multi-robot community, similar notions have popped up when it comes to
measuring how heterogeneous a group of robots is, where notions such as the number of
robot types (species) and the differences between robots also play a key role, e.g., [35, 342,
415].

ZWe here take a bit of liberty with the term “biodiversity” to let it encompass quantities
associated with other lines of inquiry as well, such as organism ecology, where a complete
census may neither be required nor desired, but where individual organisms need to be
cataloged and tracked, nonetheless [182].
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dose of insecticide is sprayed in the tree canopy. This knocks out the insects
that subsequently fall towards the ground to land on a funnel-shaped screen,
thereby ensuring that a majority of the insects are collected and accounted for.

For plants or animals that are ground-based and relatively slow, quadrat
sampling is one method of choice. A quadrat is simply a square area—
typically ranging from 1m? to 20m?. Practically, such a square is staked off,
followed by a careful inventory of the area in order to catalog all inhabitants
in the quadrat. This time-consuming and painstaking process is typically done
manually, and it is repeated in multiple locations in the same general area to
get as close as possible to an accurate biodiversity count [359, 394].

A variation on this theme is to follow a line through an area, rather than
going over a square. This is known as transect sampling, and the operation
involves rolling out a line (like a rope or tape measure), marked at regular in-
tervals, and then, at every interval, recording the number of species/organisms
encountered. Such a strategy is particularly effective in certain aquatic ecosys-
tems, such as coral reefs. For speedier organisms, neither of these mechanisms
are adequate. For example, birds and bats in terrestrial ecosystems will clearly
not stay still long enough to be counted in this manner. Instead, netting or trap-
ping techniques are used, where animals are captured for the purpose of being
counted, identified, cataloged, and tracked.

When cataloging terrestrial mammals, the traps are typically arranged in
an “array,” i.e., in a particular geometric configuration, such as a grid or a web
[359]. Captured animals are tagged and released, which provides field ecolo-
gists with information such as the age of the captured individuals, which can
serve as a strong indicator of a growing or declining population. Addition-
ally, by tracking the animals over time, movement patterns, mortality rates, or
survival/reproductive probabilities can be deduced. But, as netting or trapping
strategies are typically non-comprehensive in that not all animals in an area
are reached, a single such capture campaign does not provide an answer to the
question of how many animals there are—only how many were captured.? Un-
der the assumption that the capture probabilities are independent, the way this
conundrum can be overcome is through a so-called capture-recapture strategy.
Assume that M animals are captured during the first phase. These animals
are tagged and, subsequently, released. Then, during the recapture phase, N

3This difficulty is compounded by the ecology adage that rare species are common and
common species are rare, i.e., the coverage achieved through trapping may be spotty at
best.
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animals are captured, of which M’ < M were captured (and tagged) also dur-
ing the first phase. The fraction p = M’/M thus provides us with a (very)
rough estimate of the fraction of individuals that are captured during each at-
tempt, which, in turn, translates to an estimate of the total number of animals
in the area, given by N/p,or NM/M’, e.g., [387].4

These approaches provide different practical avenues for counting organ-
isms. But, such cardinality-based quantities alone clearly do not tell the whole
story of what goes on in a given area. Instead, they need to be coupled to other
environmental factors, such as climate and weather conditions, in order to sup-
port richer, so-called ecological niche models, e.g., [130, 206]. Such models,
if constructed correctly, possess the types of predictive powers that allow con-
servation biologists to go from reactive to proactive policies for the purpose
of protecting Earth’s ecosystems.

8.1.2 Microclimates and Ecological Niche Models

If, on the one hand, an effective environmental monitoring robot needs to be
able to detect, count, and catalog distinct organisms for the purpose of quan-
tifying biodiversity or other related organism-centric notions,’ it also needs
to be able to measure factors relevant to the local environment and micro-
climate surrounding the area in which the organisms are present. Defined as
the climate of a restricted, well-delineated, and (relatively) small area [360],
microclimate data can help support the development of useful and predictive
conservation models.

As there is no unique notion of what constitutes a “small’ area, the range
over which a microclimate is defined is linked to the types of questions one
is interested in—from mountains and deserts all the way to the insides of car-
nivorous pitcher plants [200]. What this means is that the scale of the habitat
of the organism under consideration needs to line up with the scale of the
measurements, may they be for microclimate or other ecological purposes.
What might be highly relevant, or even existential, to a pollinating insect,
could simply be noise to an elephant. This idea of pursuing measurements
at the appropriate scale relative to the conservation goals resonates well with

4More sophisticated models can be derived, and more capture phases can be introduced.
But the gist behind the strategies are essentially the same, e.g., [255].

S5These related inquiries of relevance to studies of organisms, populations, and commu-
nities could include questions such as: Where are the animals? What are they doing? What
are they eating?
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one of the central tenets of robot ecology in that not only should the tight
robot-environment connections be embraced, if the robot is pursuing environ-
mental monitoring tasks, the observation-environment connections must be
considered as well.

Regardless of what the scope is and what type of microclimate is be-
ing probed, the typical set of measurements include temperature (using a
thermometer), atmospheric pressure (barometer), humidity (hygrometer), pre-
cipitation (rain gauge), solar radiation (pyranometer), air quality, and wind
speed (anemometer) and direction (wind sock/wind vane). Climate measure-
ments at sea nominally include other quantities as well, such as wave height
and frequency, while observations taken in forest ecosystems try to capture ad-
ditional factors, such as leaf wetness and soil moisture and temperature [182].
A fairly standard set of instruments is associated with these different types of
measurements, and the relevant subset must be present on an environmental
monitoring robot.

The microclimate and other environmental conditions in an area are only
partially characterized and measured through these mentioned, abiotic factors,
however. The conditions are likewise heavily influenced by features in the
landscape itself, such as the topography, i.e., the overall shape of the area,
including hill tops or valleys, the soil composition, e.g., the soil’s ability to
absorb and retain water, the general presence of water (such as rivers or lakes),
the type and density of vegetation, and the presence of artificial structures,
e.g., [151]. In fact, since the landscape “geometry” plays such an important
role for determining the suitability of a habitat to a particular species, this
type of information is important to gather also when one is looking at broader
ecological or conservation biology questions, beyond just microclimates.

As biodiversity and wildlife demography ultimately boil down to quan-
tifiable measures—How many species are there?—and microclimate models
capture general environmental conditions, they do not necessarily, by them-
selves, provide the kind of rich models needed to untangle and describe the
many complex interconnections that make up an ecosystem. In fact, if one
thinks of the organisms as the actors, and the environment as the stage, ecol-
ogy is what happens when the performance starts, i.e., when the actors take
the stage.

Ecological niche models approach this level of texture in that they con-
stitute a class of models that combine the observations made under the
biodiversity umbrella, like the occurrence of individuals of certain species,
with environmental and microclimate data. This combination of models can
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further be used to generate so-called correlative models, i.e., models that in-
terpolate the abundance (or lack thereof), reproductive success, or mortality
rates of a particular species across environmental variables [379]. The result
is a model of the environmental conditions that meet a species’ ecological
requirements, as well as provides predictions of the relative suitability of
a given habitat. If one wants to answer questions like, “Why is the black
bear population declining on a particular peninsula?”’ then past, present,
and future connections must be considered between the bear population, the
environment, and other members of the community.®

An ecological niche model’s efficacy when it comes to predicting the
distribution of species across varying environmental conditions depends on
the prevalence of high-quality data. As seen, the environmental data are fre-
quently climate-related data, such as temperature and precipitation, but can
also include other factors such as soil type, water depth, and land cover.
The connection between data and conservation biology is derived from the
predictive power of the model in that one can (at least in theory) predict po-
tential future distributions of invasive species or the expected success when
reintroducing vulnerable species to an area [130], as pictorially illustrated in
Figure 8.1.

8.1.3 Under the Tree Canopies

‘We have now seen a number of more or less systematic processes for collect-
ing data relevant to conservation biology. But, in a number of environments,
it is simply not feasible to stake out a square in order to completely catalog
all life encountered in that quadrat, or to knock out the animals with insec-
ticides. Instead, direct, “manual” observations will have to suffice. This is
certainly true for tree canopies, where it is hard to get access and to perform
long-term observations. This relative lack of ready access is in stark contrast
to the outsized importance that forest canopies play as the home to a sizable
share of Earth’s species; tree canopies are where solar energy is turned into
carbohydrates that, in turn, fuel entire ecosystems [191]. The tree canopies
are thought to house at least 50% of the terrestrial biodiversity [429]. In fact,
life among the treetops is advantageous in that it is relatively protected, and
there is plenty of sunshine and food, such as fruits and flowers.

SFor these correlative models to serve their intended purposes, one must, of course,
have access to sufficient observations of the presence of species across environments, as
well as absences, i.e., environments where the species cannot be found.
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Biodiversity

H—— s
— Environment

Figure 8.1: Depiction of an ecological niche model. Environmental variables
are given on the x-axis, while the abundance of a particular species (or some
other relevant biodiversity data) is represented on the y-axis. The Xs are ob-
servations; the curve is the correlative, ecological niche model; and the right
circle corresponds to the current conditions in a given area. The left circle
is a prediction associated with a possible, environmental change. As seen,
this particular disruption is not expected to be beneficial to the species under
consideration.

In addition, treetops are profoundly important to global climate regulation
as well as to the forest microclimates. A tall forest canopy can significantly
cool the ground underneath during the day, while at night, the trees absorb
significant radiation from the ground, thereby maintaining warmer ground
temperatures than what would be the case in the absence of trees. Addition-
ally, forests tend to support low-pressure systems, which, in turn, increases
precipitation—it rains more in the forest [191].

It is, at least partially, for these reasons that the forest canopy’ is some-
times referred to as the “eighth continent of the planet” [250]. And, climate
change and biodiversity conservation are but two areas of research that would
benefit from access to more data from the treetops. Although some data can be
obtained from the ground, the real action in terms of canopy-atmosphere and
canopy-forest floor interactions, not to mention an effective cataloging of the
forest inhabitants, typically requires a presence within the canopy itself [250].

7Forest ecosystems are divided into two subsystems, namely the forest floor and the
canopy, which, in turn, is defined as the foliated part of the forest, i.e., where the leaves
are.
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But how does one actually measure what goes on up in the trees? The
history of canopy access is very much a technology story. Going from steel
towers in Uganda and ladder structures in the Himalayas in the 1960s, to
the introduction of single-rope techniques in Australia and Costa Rica in the
1980s, has led to what [250] refers to as the “golden age of canopy access,”
where the mid-canopy can be reached and observed in a relatively straight-
forward manner. However, the upper reaches of the canopy is still somewhat
elusive, and the range of solutions is quite rich and varied, with data being
collected using elaborate ladder structures, e.g., [19], scaffolds or canopy
walkways, e.g., [249, 272], construction cranes [327], and even hot air bal-
loons [171]. These techniques have all provided new and useful insights. But,
they require a human presence. And, having a persistent, robotic monitoring
presence under the treetops would be beneficial. The trees’ outsized impor-
tance to ecosystems and to the global climate clearly illustrates the need for
a good understanding of what actually happens on Earth’s “eighth continent,”
which is where the SlothBot enters the picture.

8.2 Wire-Traversing Robots

We have now shown why the tree canopies constitute a possible sweet spot
for an environmental monitoring robot. But, locomoting in such precarious
locations is not a trivial undertaking. Ground robots are immediately out of
consideration, as they would have a hard time penetrating the tree branches
and dense foliage with their sensors, meaning that the observational coverage
would be spotty at best. Additionally, forest floors can be quite hazardous,
filled with branches, mud, and other obstructions, and moving the robots off
the ground would be advantageous also from this long-duration, survival per-
spective. Aerial robots would certainly solve the ground problem. But they
suffer from other issues that make them less than ideal for this particular tar-
get application domain. Rotorcraft could potentially hover under the treetops,
but this would still be a navigationally tricky proposition. They are, more-
over, rather costly from an energy-consumption vantage point, meaning that
they would have to fly off to recharge/refuel too frequently for the intended
deployment time-spans, which are given in weeks, months, or even years.
Fixed-wing or dirigible aerial robots might be energetically suitable, but their
maneuverability is simply not up to the task. The former cannot hover, while
the latter cannot nimbly follow the wildlife trails, which are two capabilities
that are required if one were to effectively monitor life among the trees.
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So if the robots cannot be on the ground, nor in the air, where should
they be? Well, they could climb. This is what arboreal animals do after all,
so why not let the robots follow their example? Climbing robots would in-
deed be an elegant solution. But such robots run the real risk of falling out of
the trees, which is something that must be avoided as part of the survivabil-
ity motif. One option could be to engineer the environment slightly so that
the robots can stay close to the strategies employed by climbing, arboreal an-
imals, yet remain safely suspended in the tree canopies for long periods of
time. For these reasons, we choose to approach the question of how to per-
form environmental monitoring tasks in the tree canopies by letting the robots
be wire-traversing, i.e., having them move along wires mounted between the
trees. In this section, we discuss what such a design choice entails, followed
by an experimental study based on the proposed design.?

8.2.1 Design Considerations

Wire-traversing robots are basically any types of robots capable of moving
along cables, wires, and similar structures [303, 410], which makes them
suitable for applications beyond environmental monitoring, such as agricul-
tural robotics [51], or maintenance in hazardous locations, as in the case of
power line inspection, e.g., [340]. In fact, this latter application has been a
significant catalyst for the development of different styles of wire-traversing
robots, e.g., [295, 336, 368]. Across the wire-traversing design spectrum,
the common features include simplicity of the overall system design and,
consequently, of the motion control, relatively small localization errors and
navigation complexity—planning over a one-dimensional wire is not all that
complicated—and low energy needs [294, 410].

These common features typically arise as direct consequences of the me-
chanical design, which plays such an important role in wire-traversing robots
that we have to discuss this aspect of the SlothBot, as seen in Figure 8.2, in
some detail. But this design cannot be considered in isolation, i.e., decoupled
from the envisioned deployment scenarios. In fact, in order for the SlothBot to
traverse a sufficiently wide area, a single wire is not going to be enough. For
example, in precision agriculture (or in the tree canopies), a wire-traversing
monitoring robot has to be able to traverse a mesh of wires and, therefore, to
overcome the complications associated with wire-crossings.

81t should be stressed that this design choice is not the only possibility. Rather, it is one
possible such choice that allows for safe, long-term operation among the trees.
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Figure 8.2: Left: The SlothBot is a lightweight, solar-powered, minimally-
actuated, wire-traversing robot, capable of switching between branching
wires. Right: The SlothBot, dressed in its “sloth” shell, on long-term deploy-
ment at the Atlanta Botanical Gardens.

Figure 8.3: Example of an agricultural monitoring application using a wire-
traversing robot. The different areas represent different crops in the field. The
SlothBot is tasked with collecting measurements at a point of interest in the
interior of the field. It, therefore, has to traverse the wires along a path and
negotiate intersections, until it reaches the goal point, i.e., the point on the
wire-mesh that is closest to the point of interest.

To stress the need for wire-switching capabilities, Figure 8.3 depicts a
possible scenario playing out in an idealized agricultural setting. The different
areas correspond to different crops in the field, while the lines represent a
mesh of wires. The objective is to monitor relevant phenomena that evolve
over long time-scales, such as crop growth. For this task to be successfully

EBSCChost - printed on 2/14/2023 3:03 PMvia . Al use subject to https://ww.ebsco.coniterns-of -use



EBSCOhost -

234 Chapter 8. Environmental Monitoring

completed, energy efficiency and fail-safeness are required features, so that
maintenance requirements and risks of failure are minimized. Moreover, the
robot has to be able to negotiate wire intersections. For this to be possible,
the robot has to have the capability to switch between different wire branches,
without losing its grip.

The takeaway from this detour is that the SlothBot must be capable of
moving on a mesh of wires, while performing long-term environmental mon-
itoring tasks. To ensure that it is self-sustaining from an energy vantage point,
it also needs to be equipped with solar panels for autonomous charging. The
mechanical design should moreover be comprehensible and compact, while
at the same time ensure that the robot remains safely attached to the wires at
all times, even during the switching maneuvers.”

As fail-safeness is critical to survivability, and falling from the treetops to
the forest floor below is not only mission-ending, but also an existential threat
to the robot, we start the discussion here. For the purpose of wire-traversing,
environmental monitoring robots, “fail-safe” must, first and foremost, mean
that the robot does not fall down—it should remain on the wire at all times.

Note that the requirement of remaining safely suspended at all times has
to hold true even if the actuators fail. Were this to happen, the SlothBot would
essentially end up being transformed from a mobile monitoring robot to a
stationary one. But, just because it cannot move, it does not mean that it should
stop doing something useful; this is completely analogous to what happened
to the Mars rover Spirit as it got stuck in a Martian sand pit, transforming
from a mobile rover to a stationary science platform [421].

Table 8.1 shows a comparison between the eventual, but not yet fully
revealed, SlothBot and other wire-traversing robotic platforms. The metrics
used in the comparison are the wire-switching capabilities, the fail-safeness
(as defined in terms of remaining on the wire despite actuator failures), and
the actuation complexity, as measured by the number of actuators. Although
not necessarily an entirely critical metric, the robot weight is also included, as
lighter is typically better when it comes to a successful existence among the
treetops. As seen, the SlothBot possesses all the desirable characteristics for

9Sulrveys of robots designed to traverse cables can be found in [294, 410]. Additional
designs are provided in [18, 82, 286, 340, 348], including a robot that can “fold” itself
around obstacles [340], a modular robot that slides on horizontal wires and climbs up
vertical ones [348], caterpillar-like locomotion strategies for climbing up ropes [82], and
a robot that is able to locomote using different modus operandi, such as inchworm-like or
brachiating motion patterns [286].
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Locomotion | Wire-Switching | Fail-safe | No. Actuators | Weight (kg)
LineScout [340] Wheels No Yes — 100
Caterpillar Robot [82] | Wheels No Yes — —
SkySweeper [286] Pulley Arms No Yes 3 0.466
Expliner [112] Wheels Yes No 6 60
Modular Robot [18] Wheels Yes Yes 16 10
SlothBot [303] Wheels Yes Yes 7 1

Table 8.1: Comparison between the SlothBot and other wire-traversing robot
designs. (The missing entries denote that the corresponding information is not
publicly available.)

it to be able to participate in long-duration deployments, and has the small-
est number of actuators among the platforms capable of wire-switching—the
particulars of the SlothBot design is the subject of the next section. For now,
to summarize, the drivers behind the SlothBot design are:

1. Energy efficiency;
2. Fail-safeness; and
3. Wire-switching capability.

8.2.2 Mechanical Design

To strike the appropriate maneuverability-complexity balance, the SlothBot is
comprised of two bodies, connected by an actuated hinge, as seen in Figure 8.6.
Each individual body, as depicted in Figure 8.4, houses a driving motor in the
middle of the body, connected to a rim on which a tire is mounted. The use
of wheels for locomotion is simple, energy-efficient, and makes the SlothBot
significantly more safe, as compared to brachiating (swinging) solutions.
The switching maneuver is made possible through four pairs of spur
gears—two per body, as seen in Figure 8.4. Each individual pair is stacked
vertically, with the top gear having a circumferential gap of 20°, making it
look like a C-shape, as shown in Figure 8.5. The bottom gear is driven by a
servo-motor, which allows for the gap to be oriented to three different posi-
tions, as illustrated in Figure 8.5 as well. These positions are Top, Left, and
Right, which correspond to the robot going straight, turning right, and turn-
ing left, respectively. This novel wire-switching mechanism minimizes the
required actuation to only one servo-motor per gear pair, thus significantly
increasing the simplicity and compactness of the design, as required.
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Figure 8.4: One of the two bodies comprising the mechanical part of the
SlothBot. Source: Fig. 3 in Notomista et al. (2019).

Figure 8.5: The switching mechanism for the SlothBot. The top components
of the robot always remain above the wires, while the bottom components are
confined to stay below them. The C-shaped gear allows one of the wires—but
never both—to disengage from the robot during a wire-switching maneuver.
Source: Fig. 7 in Notomista et al. (2019).

The fail-safeness of the SlothBot is guaranteed through the use of the two
bodies connected by a hinge consisting of a rotational joint, whose axis lies in
the longitudinal plane of the robot, and is actuated by its own, dedicated servo-
motor. The servo-motor ensures the alignment of the bodies with respect to
the wire branch that is being traversed. Additionally, the wire is compressed
between the tires and the top lids of both bodies, as per Figure 8.4. This ar-
rangement ensures that the friction force remains high enough to allow the
tires to move the robot.

The wire-switching mechanism employed by the SlothBot is, as required,
robust against actuator failures [303]. More specifically, the SlothBot is
designed in such a way that it firmly remains on the wire in case the actuators
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Figure 8.6: Wire-switching maneuver where the SlothBot switches from wire
Branch A to Branch B. Source: Fig. 6 in Notomista et al. (2019).

fail during a wire-switching maneuver, or if the motors are actuated at the
wrong time, i.e., a switch is attempted when there is no wire to switch to.

To further elucidate how this switching-mechanism works, Figure 8.6
shows a sequence of actions performed by the SlothBot in order to switch
between different wire branches. In particular, the sequence involves the
following steps:

e Figure 8.6 (Top Left): Both bodies of the SlothBot are on the same
wire, indicated by Branch A, and the servo-motors keep all the gaps
pointing straight up, thereby holding the top lids on the wire, while not
allowing the wire to disengage. The objective is to switch from Branch
A to Branch B;

e Figure 8.6 (TopRight): Body 1 is at the junction between the wires, and its
gaps are both open, thereby allowing Branch C to disengage from Body 1;

e Figure 8.6 (Bottom Left): Body 2 undergoes the same maneuver as
Body 1 just completed, thereby disengaging from Branch C and moving
onto Branch B; and

e Figure 8.6 (Bottom Right): Both bodies are on the same wire, and the
SlothBot has successfully switched from Branch A to Branch B.
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Figure 8.7: Example of turning one 4-way crossing into a sequence of four
3-way crossings. This modification is required as the SlothBot is only able to
traverse 3-way crossings.

Due to the fail-safeness constraint on the switching maneuver, the SlothBot
does not have the ability to negotiate wire-crossings with more than 3 branch-
ing wires. However, this is not a substantial limitation since any crossing can
be turned into a sequence of 3-way crossings, as shown in Figure 8.7. More-
over, as can be deduced from Figure 8.6, the SlothBot cannot traverse crossings
when the turning angle is smaller than 90°. However, this situation can always
be avoided by performing a two-step maneuver in which two obtuse-angle
crossings are negotiated instead of one acute-angle crossing [303].

With the mechanical design principles established, the next step is to real-
ize this wire-traversing robot design in hardware. To this end, the SlothBot is
constructed using rapid prototyping techniques, and all the main components
are 3D-printed using standard PLA materials.'? Two solar panels (visible in
Figure 8.2), mounted on the sides of the SlothBot, are used to recharge the
battery when the light intensity is high enough. A charging circuit is used to
regulate the charging current based on the solar cell characteristics. This way,

10The printing time of an entire SlothBot is about 30 hours using a commercial 3D
printer, while the assembly time is around 30 minutes, as all the other components are off-
the-shelf. The resulting robot is 25.5cm long, 11.2cm high (13.5cm with the solar panels
attached), and 6cm wide (31.2cm with the solar panels). The two wheel motors operate
at 6V, with a 1000:1 reduction ratio, a maximum speed of 32rpm, and maximum torque
of 0.88Nm, which allow the SlothBot to move at a leisurely maximum speed of Scm/s.
Additionally, the servo-motors used to rotate the spur gears are standard 9g servo-motors,
with an operating voltage of 5V, and a maximum torque of 0.16Nm. The servo-motor used
to actuate the hinge between the two bodies, required during the wire-switching maneu-
ver, has a maximum torque of 1.52Nm, while operating at 5V. Taken together, the robot
is powered by a rechargeable 7.4V, 1000mAh LiPo battery. Finally, an IoT-enabled micro-
controller is used to control all 5 servo-motors and, through a dedicated motor controller,
the 2 DC motors that drive the wheels.
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Figure 8.8: The hardware configuration of the SlothBot, where the outer,
sloth-looking shell is faded in order to explicitly call out the hardware
components that comprise the SlothBot.

the power efficiency, expressed as the ratio between the power that is trans-
ferred to the battery and the power received from the sun is maximized at each
time instant.

As a final note, the SlothBot is designed to carry sensors for environmen-
tal monitoring, and the microcontroller connects to the sensors using the I*C
protocol, usually available on sensor data acquisition boards. Moreover, the
microcontroller hosts a web server which handles requests for sensor data by
a client running on a remote computer, responsible for storing the collected
measurements, thus enabling remote environmental monitoring. These design
choices are illustrated in Figure 8.8.

8.3 The SlothBot

Now that we have designed a robot that is capable of traversing wires and
negotiating intersections, it needs to be put to use. To this end, imagine a wire-
mesh mounted in the canopies in a forest ecosystem. To ensure longevity, i.e.,
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to achieve persistent environmental monitoring, the survivability constraint,
Shaurive [ X3 4] > 0, in Equation 8.1 must hold. And, most of the time, the robot
will not be doing anything in particular from a mobility point of view, i.e., the
energy cost, ||u |2, is what is being minimized, as per Equation 7.28. But, in
order to ensure that the robot can properly monitor an extended area, every
now and then it has to move to a new location, as pictorially illustrated in
Figure 8.3, which means that the minimum-energy controller must be replaced
by a more purposeful, goal-oriented controller.

8.3.1 Motion Planning and Control

What is needed to ensure that the SlothBot can not only traverse wires in a
safe but also purposeful manner is the development of a control law that will
allow the robot to move on the wires to monitor events and collect data in the
environment. This control law will serve as the nominal control input, i,
in the minimization problem,

Il’luil’l flu — un0m||27 (8.6)

that is to be solved, subject to the mandatory survivability constraint. In this
section, we discuss how this nominal control input can be produced.

Assume, without loss of generality, that the mesh of wires is planar and
that the layout is known to the robot. Let X C R? be a closed and convex poly-
gon, representing the environment in which the robot is deployed. Provided
that there is no slip between the driving tires of the robots and the wires, we
can assume that, by acting on the torques of the two DC motors, one can
directly regulate the robot to a desired velocity. As such, a simplified robot
model is given by the familiar, single integrator model,

X=u, (8.7)

where x € X is the robot position, and u € R? is the velocity control input.
Note, however, that the robot cannot actually move all over X, as its motion is
restricted to the wire-mesh, i.e., the model in Equation 8.7 must be constrained
to reflect this fact.

The environmental monitoring task for the SlothBot is related to the
problem of driving the robot as close as possible to a (possibly time-
varying) goal location, p(¢) € X, in order to collect relevant measurements.
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Motion-planning algorithms for wire-traversing robots typically use a graph
or road-map search, e.g., [225], to find the path to a given location on the
graph. Once the route through the graph is established, the robot can then be
driven by a lower-level controller to the goal. However, in order to derive a
nominal, continuous-time control law that will continuously drive the robot to
the point on the wires closest to p(t), this standard approach must be modified
somewhat.

To arrive at the nominal controller, u;,,, consider the following con-
strained optimization problem,

1 2
in =|lg—p@®I°, 8.8
min S g =p@li (8.8)

where ¢ denotes the mesh of wires, or, more precisely, the set of points in
X that belong to the line segments defined by the wires. In [301, 305], a mo-
tion control algorithm was provided that continuously maps the velocity of
an unconstrained robot onto the velocity of a robot constrained to move on
a wire-mesh. Armed with such a map, one can instead consider the negative
gradient flow to the much simpler, unconstrained optimization problem

1 2
min —=|lp— p@®)|~, 8.9
min Slle=p®I (8.9)
which is given by the proportional controller

. 19 2
p=—55-lo=pOI"=p®) —p. (8.10)
0

At this point, one can follow the process laid out in [301] directly and
map o onto the wires to obtain the requisite ¢ that ensures that g evolves
in such a way as to remain in ¢. The expression for the mapping from the
unconstrained velocity, p, to the constrained one, g, as developed in [301],
takes on a significantly less complex form when the robot is constrained to
move on triangle meshes [303], which is the type of mesh utilized by the
SlothBot, as per a previous discussion. The resulting, nominal control law is
given by the expression

Unom =G = M(p), 8.11)
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X0

Figure 8.9: The robot, initially at xo, is tasked with collecting measurements at
point p. Due to the wire constraints, the robot instead moves to the location on
the wire-mesh that is closest to p, denoted by x*, by executing the controller
in Equation 8.11.

where M (p) is the velocity, p, mapped onto the wires, and the mapping M )
is the so-called continuous-onto-wires mapping from [301], which depends
on the geometry of the environment and the arrangement of the wires.!!

Putting everything together gives the actual control input, u, as the

solution to

min.u ||M - ’/im)m”2 (8.12)
subject to Sp,.n. [X; u] >0,

where up;;, 1s given in Equation 8.11, and where the survivability constraint
is assumed to act exclusively in directions that keep the robot on the wires.!?

Figure 8.9 depicts the monitoring scenario outlined in Figure 8.3, but for-
mulated in terms of the relevant quantities from the current discussion. The
robot, initially positioned at xg, has to go and collect measurements at the lo-
cation denoted by p. Since it is constrained to move on the wires, a continuous

projection of the unconstrained path (dotted line) onto the wires is generated

U The derivation of M (+) and its precise mathematical structure is given in [301], and
we omit these here for the sake of the narrative flow.

12f the constraints are allowed to force the robot away from the mesh, an additional
application of A~4(-) is required, e.g., Ugcryal :M(u), where u is the solution to the
constrained optimization problem in Equation 8.12.
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using Equation 8.11, resulting in the constrained path (solid line). Following
this projected path, the robot arrives at the location x*, as prescribed.

In order to ensure that the full-blown survivability constraint in Equa-
tion 8.1 holds, a dynamic model is needed. The motion of the SlothBot is,
as we have just seen, largely unproblematic from a modeling point of view,
since at its low operating speeds, a single integrator model suffices. How-
ever, this is not enough when it comes to the energy dynamics. In particular,
the constituent homeostasis constraint in Equation 8.2 is given by the energy
constraint

Rhomeostasis(X) = (Emax — E)(E — Emin) >0, (8.13)

where E is the energy level of the SlothBot’s battery.
Following the developments in Chapter 5, we model the battery dynamics
as

E=F(x,E,t)=k(w(x,E,1)—E), (8.14)

where k > 0 is a charge/discharge gain, and the energy drain is given by

1

JE )= .
wx, E, 1) 1+ LE a1

(8.15)

Additionally, the solar intensity map is given by I : & x Ry — [0, 1], which
provides a description of the availability of energy resources in the environ-
ment.

The energy dynamics coefficients, k and A, as well as the intensity model,
I, must be established empirically, which was done for the SlothBot through
repeated 24h experiment cycles, as seen in Figure 8.10. The reason for the 24h
span is that a single battery charge can operate the SlothBot for around 12h
without recharging, and the experiments must capture the charging as well
as the discharging dynamics. Included in Figure 8.10 is the solar intensity, as
recorded by the SlothBot’s on-board luminosity sensor, which is part of its
environmental monitoring sensor pack.

8.3.2 Long-Duration Deployment

In May 2020, the SlothBot was deployed among the trees as a new feature at
the Atlanta Botanical Garden’s “Canopy Walk,” as seen in Figure 8.11 (Left).
Equipped with temperature, humidity, barometric pressure, solar radiation,
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Figure 8.10: Battery voltage (the top line) and light intensity data (the bottom
line) collected by the SlothBot at a particular location during a 24h cycle for
the purpose of establishing the required environment-to-battery charge model
in Equation 8.14. This, in turn, is needed for the homeostasis constraint in the
overall survivability constraint in Equation 8.1.
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Figure 8.11: Left: The SlothBot, suspended among the trees, as seen from the
Canopy Walk. Right: Visitors to the Atlanta Botanical Garden are encouraged
to look for the SlothBot.

luminosity, and carbon dioxide sensors, its task was to monitor the microcli-
mate at this particular site. As the Atlanta Botanical Garden has an extensive
plant conservation research operation, the idea was that the data generated
would feed into the ecological niche models developed for the ecosystem in
the botanical garden.
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Figure 8.12: The SlothBot is deployed so as to be partially hidden from view,
thereby evoking the feeling of the robot being a part of the ecosystem, rather
than just being a high-tech “visitor” to the botanical garden.

Environmental monitoring was not, however, the SlothBot’s only charge.
As it was expected to perform its task over extended periods of time, long-
duration autonomy was also on full display in a highly public location—the
Atlanta Botanical Garden has over 700,000 visitors annually. As such, this par-
ticular deployment touches upon two of the central tenets of this book, namely
long time-scales and tight connections between robot and environment.

The Canopy Walk is an elevated walkway, meandering its way through
the treetops at the Atlanta Botanical Garden, and to stress the robot ecology
theme, it was important that the SlothBot’s operating range did not make it
feel to the visitors like an alien piece of technology, artificially attached to the
walkway, but rather as an almost organic part of the local ecosystem. To this
end, the SlothBot was deployed 60ft up in the treetops, recessed 100ft away
from the Canopy Walk. As a result, the SlothBot was partially obstructed away
from view (see Figure 8.12), in a purposeful manner, hidden by the foliage at
times, and visible at other times, depending on whether or not the homeostasis
constraint would force the robot to move away and recharge. To ensure that
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the SlothBot’s secondary, public outreach mission was not impeded by these
arrangements, signage—shown in Figure 8.11 (Right)— encouraged visitors
to be on the lookout for the elusive SlothBot.

The data collected during the first month of deployment is shown in
Figure 8.13. As a stand-alone, this data is not necessarily all that instructive.
But, when combined with the types of ecological niche models developed by
conservation biologists, the hope is that the data provided by the SlothBot,
as well as by other environmental monitoring robots, will be able to con-
tribute to the protection of Earth’s diverse species and ecosystems, by having
a persistent presence in the tree canopies.

Figure 8.13: A subset of the microclimate data collected during the first
month of the SlothBot’s deployment in the Atlanta Botanical Garden. The
data are temperature (Top), humidity (Second from Top), carbon dioxide lev-
els (Second from Bottom), and battery levels (Bottom). Taken together, these
types of data can help conservation biologists create the correlative models
needed to make predictions about future environmental effects.
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9 Autonomy-on-Demand

One of Brooks’ design principles for building “Creatures” (“A Creature
should do something in the world; it should have some purpose in being” [64])
stressed the fact that the robots should be useful. And, just because a robot is
out on a long-duration deployment, it does not get a free pass in terms of use-
fulness. In fact, already in Chapter 2, we introduced a long-duration autonomy
twist on the popular Laws of Robotics. While the First Law of Long-Duration
Autonomy was “Don’t die!” the Second Law stated that the robots should “Do
something useful!”

Throughout this book, we have stressed survivability and minimized en-
ergy expenditure as playing central roles, i.e., we focused primarily on the
First Law. One could even argue that we have embraced an extreme exis-
tential nihilism for the robots in that their existence is meaningless in terms
of “life goals.” And when there have been goals, they have been turned into
constraints. In this final chapter, we remedy this omission and consider the
Second Law, i.e., the question of usefulness, as it should be understood in the
context of robot ecology.

It is certainly true that robots, deployed over long time-scales, may very
well spend a significant part of their time doing nothing as was the case
with the SlothBot in the previous chapter. But, every now and then, they
will be recruited and tasked with participating in missions. We call this setup
autonomy-on-demand. In this chapter, we go into detail about how an

248
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autonomy-on-demand robot system could be organized. Although the pro-
posed setup is quite general, it will be instantiated through a particular
autonomy-on-demand platform, namely the Robotarium, which is a remotely
accessible, swarm robotics testbed where, most of the time, the robots are
docked at charging stations, doing nothing beyond ensuring that their bat-
teries are charged and that they are ready to go. But every now and then,
remote users upload code, recruit (subsets of) the robots, and run experi-
ments. As such, the Robotarium constitutes a canonical manifestation of the
autonomy-on-demand idea. Before we can describe this platform, we first
have to recall the formalism, developed in Chapter 7, that will serve as the
engine for producing safe, long-lasting, and taskable multi-robot systems.

9.1 Recruitable Robots

Consider a team of N robots, with states x; € R", i € [N]. Assume that the
individual robot dynamics are control-affine, which means that the ensemble-
level, combined system inherits the control-affine form,

i=f(0)+gtou, 9.1)

where x = [xlT, el x,{,]T eRN and u = [uIT, R u%]T e RN™ with the in-
dividual control inputs taking on values in R”. Additionally, assume that f (x)
and g(x) are locally Lipschitz continuous over the relevant domain, and that
each robot’s individual state can be mapped onto position and energy outputs,

pi=np(x;) eR?

Ei=ng(x)eR, (9.2)

where d = 2 for planar robots, and d = 3 for aerial robots.

9.1.1 Task Specifications

Under these reasonably mild assumptions, survivability, as the constraint that
must always hold, is given by

Rsurvive (X) = Min{ A resources (X)), Rinteract(x), Bhomeostasis(x)} = 0, 9.3)

as per Equation 7.24. The corresponding, actionable CBF constraint, ex-
pressed as a linear constraint in the control signal, u, is given by

Shurive [ X5 ] >0, 9.4)

or, expanded out, as
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thsurvive (x) + Lghsurvive(x)u + & (hgupvive(x)) >0, 9.5

for some locally Lipschitz continuous, extended class .#5o-function, «. Note
that once again the Boolean composition in Equation 9.3 (h; Ahy > 0<%
min{hy, ho} > 0) means that the Lie derivatives in Equation 9.5 are set-valued,
as per Chapter 6.

In between missions, the robots are simply asked to expend as little
energy as possible, i.e., to solve

; 2
min, |u 06

subject to Spg ., [X5 4] = 0.

The autonomy-on-demand concept kicks in when the robots are asked to do
something more than just survive. As discussed in the context of goal-driven
behaviors in Chapter 7, two options are at our disposal as possible ways of
encoding the task specifications. The first option is most closely aligned with
the robot ecology principle of a “purposeful expenditure of energy,” and it
hinges on the requirement that the task performance can be captured by an
instantaneous, positive definite cost, Jyg (x) > 0.

As seen in Chapter 7 (Section 7.3), this is a requirement that a large
number of multi-robot behaviors satisfy, including standard formation and
coverage controllers, e.g., [93]. If the task is given in this form, the relevant
barrier function, A, (x) = — Ji4s1(x), can be constructed.

The resulting autonomy-on-demand formulation becomes:

miny, 5 [|lu]? 4 82
Shourvive [X5 U] >0 9.7)

subject to
™ S 1] > =8,

where § € R is the slack variable that captures how well the task is being
executed, and

Shmk [x;u]l= thtask(x) + Lghtask(x)u + & (hask(x)). (9.8)
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As before, @ is a locally Lipschitz continuous, extended class .%5,-function,
and it is in general not equal to « in Equation 9.5. In fact, as discussed in
Section 7.2.3, if

a(z)=cz’, (9.9)

for some ¢ >0 and y € (0, 1), the task is achieved in finite time, as opposed
to asymptotically [306].

Although convenient and closely aligned with the robot ecology theme,
such cost-based task formulations are not always possible to adhere to. In the
Robotarium, users are free to upload whatever code they see fit, and there
is simply no reason to believe that their intended tasks will conform to the
prescribed form. Luckily, there is an alternative way of encapsulating user
intent within the autonomy-on-demand framework. No matter how the task
is specified, sooner or later it has to result in robot motions, i.e., in control
signals for the robots to execute. As in previous chapters, we can let u,p,
denote this nominal, user-specified control input. The idea is for the actual
control signal to stay as close as possible to the nominal controller, without
sacrificing survivability.

Formally, what this minimally invasive approach to long-duration au-
tonomy entails is

min, |lu— Mnom”Z

9.10
subject to S, [x; u] > 0. ©.10)

This is the interpretation of autonomy-on-demand that is employed in the
Robotarium. In the next section, we discuss the particulars of how this is struc-
tured, followed by a characterization of the Robotarium hardware/software
design needed to support the control architecture. Additionally, we report on
some of the autonomy-on-demand experiments that have been executed on
the Robotarium.

9.1.2 Remote Access Control in the Robotarium

Throughout this book, statements have been made about general, control-
affine systems on the one hand, and single integrator systems on the other.
But real robots typically fall somewhere in between. As such, one must first
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figure out how to map the rather abstract formulation in Equation 9.10 onto
real, physical robots.

The robots in the Robotarium are wheeled, differential-drive mobile
robots [338], i.e., they are equipped with two independently controlled wheels
of radius R, where the control inputs are the angular velocities of the right
and left wheels, respectively. At the speeds at which the Robotarium robots
operate, kinematics typically suffice, i.e., dynamical effects such as those
associated with friction or inertial factors can largely be neglected.

Let the pose of Robot i be given by its position in the plane, (x;, y;), and
its orientation, ¢;. The kinematics of the differential-drive robot is

R
Xi = E(a)r,i +wy,i) cos ¢;
. R .
yi= E(wr,i +wy,i) sin¢; ©.11)

. R
di = Z(wr,i —wyi),

where w,; and w;; are the angular velocities of the right and left wheel,
respectively, and L is the length of the wheel axis.

Although this is how the robots are actually controlled in the Robotarium,
it is not, however, particularly natural or convenient to define motions in terms
of something as nebulous as wheel velocities. To remedy this, the standard
trick is to map the dynamics in Equation 9.11 to a unicycle model, where
the control inputs are instead given by the translational and angular velocities
of the robot, denoted by v; and w;, respectively. The unicycle dynamics for
Robot i, i € [N], is given by

X = v; COS ¢;
yi =v; sing; (9.12)
(i’i =wj.

What is required in order to align these two models is a mapping from (v;, ;)
to (@i, wy,;) in order to be able to design for (v;, w;), yet execute (w,.;, wy,;)
on the actual robots.

By equating (%;, yi, ¢;) in Equations 9.11 and 9.12, we get

R
v = E(wr,i + i)
9.13)

w; = z(a)r,i —wi),
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$=u X = vcos ¢ = 2w, + w)cos ¢
V= y=vsin ¢ y = 5(o + w)sin 4
= ¢ = 1o — )

Figure 9.1: Progression from single integrator dynamics—for the purpose of
formulating survivability constraints and user specifications—via an interme-
diary unicycle model, to the differential-drive model of the actual Robotarium
robots.

which inverts to

2v; +w; L
o= "oR
20 — i L (9.14)
W=
2R

As a result, we can design controllers for the unicycle model, and then
generate (wy,;, wj,;) from the velocities (v;, ;).

One can certainly operate directly in (v;, w;)-space. But, to tap in more
directly to the many examples we have discussed throughout the book, where
it is assumed that the robot positions can be directly controlled, one additional
step is needed. In fact, if we are willing to ignore the orientation of the robots,
this can be achieved by considering points off the wheel axis of the robots,
offset by a distance £ > 0, i.e., to consider the new points

Xi =x; + £ cos ¢; ©.15)
yi=Yi +{sing;,
as shown in Figure 9.1.

Equation 9.12 dictates that the time derivatives of these new variables are

given by
)LC,' = V; COS (f)i — Ea); sin d),'

. (9.16)
yi = v; sin ¢; + Lw; cos ¢;.
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If we now postulate that we can control this offset position directly, i.e., that
(x;, 5/,~)T =u; € R?, we can invert the expression in Equation 9.16, as per
[315], to get (v;, w;) in terms of u; as

Bit

where R(-) is the rotation matrix,

R(w)={ cosy —siny } (9.18)

S= O

] R(—¢i)ui, (9.17)

sinyy  cosy

If we, as a final construction, set p; = [%;, i,-]T € R?, we have the Robotar-
ium robot dynamics on the familiar form, p; = u;, with the additional energy
dynamics, E;, given by Equation 7.1. The full transformation chain, from
single integrator dynamics to differential-drive, wheeled robots, is given in
Figure 9.1.

These mappings between models allow us to express the survivability
constraints in terms of the requisite positions and energy levels. In fact, return-
ing to the constraint in Equation 9.3, the particular variants of the constituent
constraints that are enforced in the Robotarium are

Rresources(X) = min{Nopsracie (X)), Ranchor(X)}

h ind

. 2 2
obstacle(xi) = min {”pi - w” - Do}
wew

hi"d (xi) = (E; — Emin) — & (dist(p;)) = 0

anchor
Rhomeostasis(X) = henergy (x) 9.19)
Mgy (i) = (Emax — Ei)(Ei — Emin)

hinteract(x) = hseparation (x)

pair _ ) 2 2
hseparati(m(xl” xj) =llpi — Pj I = Ds :
The only novelty in these expressions, as compared to what was discussed in
Chapter 7, is the inclusion of a term encoding avoidance of the Robotarium
walls. To that end, # is the set describing the wall locations, where the charg-

ind
obstacle

robot stays at least D, away from the wall. At the same time, & (dist(p;)) is
the energy required to travel to the closest, available charging station, and D,

ing stations are not considered part of the wall, i.e., & ensures that every
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% Set the number of robots used in the experiment
N = 20;

% Set up the Robotarium object
r = Robotarium(’NumberOfRobots’, N, ‘ShowFigure’, ‘true’);

% Set the number of iterations for the experiment. Each time-step
% when deployed on the Robotarium is ~@.833s
iterations = 1000; % ~38 second experiment

for i = 1l:iterations

% Get the current poses of all robots
x_uni = r.get_poses();

% Convert to single integrator dynamics
x = uni_to_si(x_uni);

%%% MAIN CODE GOES HERE %%%

%%%

%%% should produce velocities dx
%%%

% Map to unicycle control inputs
dx_uni = si_to_uni_dyn(dx, x);

% Set the robot velocities
r.set_velocities(1:N, dx_uni);

% Send the velocity commands to the robots
r.step();

end

r.debug(); % Prints errors that can cause the submission to be rejected

Figure 9.2: Example code from the Robotarium API that contains an open
spot where the actual control algorithm should be inserted—see Figure 9.3.

is selected rather carefully in such a way that the robots can always return and
recharge. Armed with this survivability constraint, the robots are guaranteed
to never collide with other robots, or with the walls. Additionally, they never
get stranded away from a charging station with depleted batteries, as required.

That takes care of the constraints. What is missing is the least-squares
cost in Equation 9.10. In the Robotarium, the user-specified, nominal control
input for Robot i, u,,om,;, is generated by the uploaded control code, as shown
in Figures 9.2 and 9.3. In Figure 9.2, the general code structure is presented,
with an empty spot provided, where the main control code should be inserted.
In Figure 9.3, two examples of such control codes are given for rendezvous
(Top) and formation control (Bottom) applications.
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for i = 1:N

% Initialize velocity to zero for each agent.
dx(:, i) = [@ ; @l;

% Get the topological neighbors of agent i based on the graph
% Laplacian L (must be previously specified)
neighbors = r.getTopNeighbors(i, L);

% Iterate through robot i's neighbors
for j = neighbors

%%% CONSENSUS %%%

% For each neighbor, calculate appropriate consensus term and
% add it to the total velocity

dx(:, i} = dxfz, i) + (x(1:22, j) - x(2:2, i}};

%%% END CONSENSUS %%%

end
end

for i = 1:N

% Initialize velocity to zero for each agent.

dx(:, i) = [@ ; @];

% Get the topological neighbors of agent i based on the graph
% Laplacian L (must be previously specified)

for j = r.getTopNeighbors(i, L)

% For each neighbor, calculate appropriate formation control term and
% add it to the total velocity

%%% FORMATION CONTROL %%%
% (requires weight functions)

dx(:, i) =dx(:, i) + ...

formationControlGaink(norm(x(1:2, i) - x(1:2, j))~2 - weights(i, j)~2) ...
* (x(1:2, j) - x(1:2, i));

%%% END FORMATION CONTROL %%%

end
end

Figure 9.3: Rendezvous (Top) and formation control (Bottom) example codes
to be inserted in the location indicated in the main code in Figure 9.2.
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With that, the models and specification formalisms needed to map the
Robotarium operations directly onto the autonomy-on-demand framework are
in place. In subsequent sections, we describe the particulars of the Robotarium
in greater technical detail, as well as provide examples of remote user exper-
iments as a way to explicitly call out the flexibility afforded by a systematic
and purposeful autonomy-on-demand process.

9.2 The Robotarium: An Autonomy-on-Demand Multi-
Robot Platform

When the Robotarium officially opened up in August 2017, it issued an in-
vitation to anyone in the world interested in multi-robot systems to upload
code, free of charge. As such, the motivation was not to build an autonomy-
on-demand showcase per se. Rather, it was designed to democratize access
to a high-fidelity, multi-robot testbed for researchers, students, and educators
around the world.

9.2.1 The Impetus Behind Remote-Access Robotics

In parallel with the developments of distributed control and decision algo-
rithms for multi-robot systems, covered throughout this book and elsewhere,
e.g., [68, 276], significant advances have been made also on the hardware
side, including the miniaturization of the robot platforms themselves, more
robust sensing and communication modalities, and an overall reduction in
cost, e.g., [76, 199, 338]. Despite these advances, it is still cost-prohibitive
for many researchers and educators to construct large-scale testbeds that reli-
ably and repeatedly can manage tens to hundreds of robots simultaneously.
Beyond the cost, maintaining a multi-robot testbed is complex as well as
time-consuming. As a consequence, most research on distributed control of
multi-robot systems is validated in simulation instead of hardware, as noted in
[153,214,278, 404]. Yet, actual deployment is crucial to multi-robot research,
as it is virtually impossible to faithfully predict and simulate all the issues
associated with making multiple robots perform coordinated tasks in unstruc-
tured and even unknown environments. This is particularly true for robots
deployed over long time-scales, as unexpected events will inevitably occur
that were not part of the planned (and, subsequently, simulated) scenarios.

It is in this light that the Robotarium, shown in Figure 9.4, should be un-
derstood. It is an open, publicly available, remote-access multi-robot testbed,
explicitly designed to address the theory-practice gap, by providing access to
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Figure 9.4: Two versions of the Robotarium platform. Left: A coverage con-

trol algorithm is executed on an early prototype version of the Robotarium
using 13 “GRITSBot” robots [338]. The desired density function is projected
onto the testbed arena in the shape of the letter R. Right: The Robotarium
testbed with the newer “GRITSBot X robots [431], charging at the inductive
charging stations surrounding the Robotarium. Note the nonsymmetrical
markers mounted on top of the GRITSBot X robots used by the motion
captioning system to uniquely identify the robots. Source: Fig. 1 in Pickem
et al. (2017).

a testbed that is flexible enough to allow for a number of different scientific
questions to be asked, and different coordination algorithms to be tested, thanks
to the minimally invasive control strategy employed, as per Equation 9.10. An
additional benefit of the type of access provided by the Robotarium is that it
points towards the possibility of standardizing multi-robot testbeds, where al-
gorithms can be tested, compared, and validated by users worldwide on the
same computing, communication, and robot configurations. !

The Robotarium was explicitly designed to support research. And, as re-
search is open-ended, sometimes messy, and oftentimes unsuccessful, this
means that the Robotarium structure cannot overly restrict the types of ex-
periments that can be submitted. But, at the same time, it must be safe, in the
sense that robots cannot be allowed to crash into each other, or into the sur-
rounding arena walls, as a result of an unsuccessful experiment, which is why
the autonomy-on-demand formalism in Equation 9.10 is such a natural choice

11t should be noted that a number of other, remote access testbeds have been
successfully deployed in their respective domains, such as other multi-robot testbeds
[133, 198, 199, 282, 329, 418], sensor network testbeds [3, 119, 280, 352], and remotely
accessible educational tools [76, 168, 335]. Additional pointers can be found in the surveys
[168, 198, 409] and the references therein.
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for encoding safety and task specifications in the Robotarium.? In the remain-
der of this section, we describe how the resolution to the flexibility/safety
tension is structured and realized in more detail.

9.2.2 Testbed Design

Although the primary focus of the book is on control design and on the ar-
chitectural issues surrounding the design choices required of long-duration
deployments, any description of the organization of an autonomy-on-demand
platform must involve at least some coverage of hardware and software is-
sues. In particular, the continuous operation of the Robotarium relies on the
ability to support automated experimentation, which in turn hinges on robust
position tracking, automated battery recharging, and provably collision-free
motions. We here outline how these requirements informed the design of the
Robotarium.

The following design considerations must be taken into account, in
accordance with [126, 337]:

e Inexpensive yet robust robots;

e Intuitive interaction modalities and easy-to-use data collection through
a public web interface that supports code submission and data/video
retrieval;

e Seamless transitions between development in simulation and execution
on the physical robots, facilitated by a data-driven characterization of
the simulation-hardware gap of the robots;

e Minimized cost and complexity of maintaining a large collective
of robots through built-in features, such as automatic charging and
tracking; and

e Integrated safety and security measures to protect the Robotarium from
damage and misuse.

In subsequent paragraphs, we show how these requirements are addressed,

organized around the themes of automated charging, position and display

systems, and robot platforms.’

ZA report from a National Science Foundation Workshop on Remotely Accessible
Testbeds [126] identified the inherent safety/flexibility tension as one of the key issues
when formulating a “science of remote access.”

3In the discussion, we keep the hardware specifics general, as the particular choices
are not material to the overall design philosophy. For the sake of completeness, however,
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Figure 9.5: The Robotarium, situated inside a refurbished classroom at the
Georgia Institute of Technology, featuring an elevated arena, a motion-capture
system attached above the testbed, as well as wireless chargers installed on the
arena walls.

Automated Charging
The Robotarium testbed, where the experiments are executed, is a 3.65m X

4.25m custom-made, elevated arena—see Figure 9.5. The walls of the testbed
are outfitted with inductive chargers, shown in Figure 9.6, that allow the robots
to autonomously recharge in between missions and during experiments where
not all robots are required, or when low battery levels trigger a return to the
charging stations. This setup keeps the robots available for use over long
time periods, without the need for any human intervention. Wireless induc-
tive chargers were chosen over conductive rail charging for general safety
reasons, as conductive chargers always run the risk of being shorted, which

we here provide the specifics: The inductive chargers are Qi chargers; motion captioning
is done using 8 Vicon cameras; the video camera is a 2 Megapixel ELP camera; and the
overhead projector is an Optoma EH200ST projector.

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

9.2 An Autonomy-on-Demand 261

Figure 9.6: The Robotarium’s wireless charging system, consisting of trans-
mitters on the wall of the testbed and receivers on the back of the GRITSBot
X robots.

can be catastrophic for a testbed that is left unattended, while in operation, for
4

long periods of time.
Positioning and Visualization

A collection of motion capture cameras are mounted above the perimeter
of the testbed in order to track each robot’s motion for data acquisition and
control purposes. Each robot is identified through a unique, nonsymmetrical
pattern of markers, seen on the top of the robots in Figure 9.4 (Right). The mo-

tion capture system supports sub-millimeter precision pose information at a
rate of 120Hz for each robot in the arena. From a hardware safety standpoint,
the speed, accuracy, and precision of the motion capture system allows the
Robotarium to detect potentially harmful situations during the experiments,

4perhaps even more importantly, the Robotarium is a highly toured facility, where
conductive charging has the potential to harm visitors who may accidentally bridge the
charging leads.
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Figure 9.7: An overhead image of an experiment in the Robotarium. Projected
are discrete behavior modes, robot identifiers, robot positions, and the robots’
goal locations. Source: Fig. 3 in Wilson et al. (2020).

including the real-time evaluation of the survivability constraint in Equation
9.4, which can then be autonomously corrected and averted.

A video camera, used for automatic capture of the experiments, is
mounted over the center of the testbed. This allows users to review their
experiments in order to identify potential flaws or undesirable behaviors,
as well as use the video to supplement and support their own scholarly re-
search products. To convey additional information during the execution of the
experiments, an overhead projector lets the users project time-varying, envi-
ronmental backgrounds onto the testbed. Examples of user-generated scenes
include urban cityscapes, forests with spreading wildfires, insides of build-
ings, ant colonies, farm fields, road networks, and even planetary vistas, just
to name a few [431]. What can additionally be displayed are visualizations
of control functions, such as potential fields or control vectors, or projec-
tions of other potentially useful information, such as battery voltages, network
connectivity, or robot identifiers. Figure 9.7 shows an example usage of the
projector, where robot goal locations are projected onto the testbed, along
with other, relevant robot state information.

Robotic Platforms
During its first two years of operation, the Robotarium was populated

with miniature, custom-made, differential-drive mobile robots, known as
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ROBOIARIUN

Figure 9.8: The Robotarium’s original inhabitant, the GRITSBot (Left) [338],
next to its updated, more robust replacement, the GRITSBot X (Right) [431].

GRITSBots [338]. These robots, pictured in Figure 9.8, feature a modular
design, with autonomous charging and wireless reprogramming capabilities.
However, like many miniature differential-drive robots, they face reliability
issues when operating for long periods of time. For instance, the small, low-
cost motors (especially at lower battery voltages) lack the necessary torques
needed to overcome mechanical disturbances, e.g., from extraneous particulate
or manufacturing inconsistencies in the testbed surface. This issue, in combi-
nation with a relatively limited battery life, prompted the development of a
new robotic platform. As such, the successors to the GRITSBots are the larger
and more robust, differential-drive platforms, the GRITSBot X robots (seen in
Figure 9.8), which support more reliable, long-term operation [131, 431].

9.2.3 Safety and Robust Barrier Functions

As discussed in Section 9.1.2, safety and survivability in the Robotarium is en-
sured through the constituent constraints in Equation 9.19. Beyond adhering
to the broader autonomy-on-demand theme, these constraints were selected
with the following three design considerations in mind:

e All robots are provably safe in the sense that collisions are avoided,;

e Users’ commands are only modified when collisions are imminent; and

e Collision-avoidance is executed in real-time (in excess of a 30Hz
update rate).
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The first of the three bullets is (in theory) ensured directly through the forward
invariance property associated with /gy, (x) > 0 in Equation 9.3, while the
second bullet is covered by the minimally invasive modification of the user
commands in Equation 9.10. The third bullet, however, requires some further
scrutiny.

In Chapter 4, it was observed that the formulation in Equation 9.10 (origi-
nally introduced in Equation 4.20) is a quadratic programming problem in that
the cost is quadratic in the decision variable, u, while the constraints are linear
in u. From a computational complexity vantage point, this is mostly harmless
and unproblematic [58, 252]. But there are some issues here that must be un-
tangled when it comes to real-time execution. Although the number of decision
variables, as well as the majority of the constraints in Equation 9.19, grow lin-
early in the number of robots in the team, the collision-avoidance constraint,
Rseparation(x) = 0, grows quadratically due to the pairwise nature of the con-
straint. A possible way to cap this growth is to only consider pairs of robots
that are close enough for collisions to be potentially imminent, as was done in
Chapter 4, following the developments in [56]. Coupling this approach with the
observation that the robots’ physical dimensions limit the maximum possible
robot density, yields an upper bound on the number of pairwise interactions
that need be considered in the collision-avoidance constraint.

In the Robotarium, the default, inter-robot safety distance is set to Dy =
8cm, and the relevant neighborhood radius of 20cm is the radius of the area in
which potential collisions must be considered. As a result, a generous upper
bound on the size of any robot’s neighborhood is given by at most 26 robots,
which limits the size of each individual robot’s separation constraint to no
more than 26 pairwise constraints, regardless of the size of the overall team.

In Chapter 4 (Sections 4.3.1 and 4.3.2), centralized and decentralized
versions of the collision-avoidance routine were introduced, and the de-
centralized version is what is ultimately deployed in the Robotarium. The
computation times associated with both of these two varieties are shown in
Table 9.1, where, for the sake of producing fair comparisons, the decentralized
barrier functions are computed on the same central unit that computes the cen-
tralized CBFs.> T hus, the total computation time, 7', is divided by the number
of robots, N, in the decentralized case, to capture the computation time asso-
ciated with the corresponding, parallel implementation. As Table 9.1 shows,
while the centralized performance deteriorates as expected when scaling up

SThe computations were done on an Intel 17 4790, 3.6GHz, with 16GB of memory.
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Team Size, N | Centralized CBFs, T'[ms] Decentralized CBFs, 7'/ N [ms]

10 5.6 32
40 11.6 35
100 78.0 5.4

Table 9.1: Computation times associated with solving the quadratic
programming problem in Equation 9.10, subject to pairwise collision-

avoidance CBF constraints, displayed as a function of team size.

Figure 9.9: 20 GRITSBots are tasked with swapping positions by going
through the same point in the middle of the Robotarium. The positivity of
the barrier function, Aepararion, is maintained throughout the maneuver. As a
result, the robots are able to successfully complete the task without collisions.

the number of robots, the computation time in the decentralized case remains
well below 10ms, even for 100 robots. In fact, the Robotarium can handle
collision-avoidance for 100 robots, with an update frequency of 185Hz, and
therefore scale gracefully in the number of robots without compromising the
update rates [337].

That takes care of the third bullet in the list of safety requirements. An ex-
ample of the decentralized barrier functions in action is shown in Figure 9.9,
where 20 robots are asked to swap positions with each other by having all
of them go through exactly the same point in the middle of the arena. In
other words, the user-specified control code would, if left to its own devices,
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result in a massive, 20-robot “car crash.” But, as can be seen, the safety bar-
rier function kicks in as they get close to the intersection point, and they are
able to safely navigate around each other and eventually achieve the requested
position swap.

It is now tempting to declare success and rely entirely on the CBF for-
malism developed thus far. Unfortunately, one issue surrounding CBFs that
they share with nearly all nonlinear control techniques is that their effec-
tiveness tends to depend on the accuracy of the model. The statement that
“Splx; u] >0 implies that A(x) >0, V¢ >0,” only holds true for the model,
X = f(x)+ g(x)u, and may not necessarily hold for the actual system, de-
pending on how closely it aligns with the model. In the Robotarium, the
differential-drive model is reasonably accurate at moderate speeds and nom-
inal operating conditions. But, this model does not incorporate potential
disturbances, such as wheel slips or network latencies, which may cause the
robots to collide, despite the theoretical guarantees provided by the CBF.

As the Robotarium is a long-duration autonomy platform, i.e., it is always
on, operating over long time horizons, and is ready for whatever tasks the
remote users may want the robots to perform, things that may go wrong will,
indeed, sooner or later go wrong. To overcome this issue, the Robotarium goes
slightly beyond the CBF formalism developed thus far in the book. Instead, it
follows the program laid out in [131], by employing robust CBFs, which can
handle disturbances in the robots’ dynamics, modeled as bounded, convex
sets. By relying, once again, on the theory of differential inclusions, one may
guarantee that all possible, disturbed solutions remain collision-free.

In order to capture physical disturbances and deteriorating network ef-
fects, but without having to try to model these effects in great detail, the basic
method employed in the Robotarium to achieve robustness when it comes to
satisfying the survivability constraints, is to augment the system dynamics
with a disturbance, i.e.,

X € f(x)+gx)u+co{W(x)}, (9.20)

where W (x) C R" is the disturbance set that captures the set of possible (or
observed) disturbances at x, and co{-} denotes the convex hull. As shown in
[131], this set can be learned over time, as the robots move around in the
Robotarium.

Just as was done in Chapter 6 to manage set-valued Lie derivatives, the
fact that the dynamics in Equation 9.20 are given by a differential inclusion,
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Figure 9.10: A group of 7 GRITSBot X robots completes an iteration of a re-
peated robot-robot position swap experiment. The robots are initially arranged
on a circle (Left) and attempt to traverse to the opposite side, while utilizing
the robust version of the CBF formalism in Equation 9.22 in order to prevent
collisions (Middle), and ensure that each robot safely reaches the opposite
side of the circle (Right).

rather than by a differential equation, means that the CBF constraint needs
to be modified to ensure that the proper inequality holds across all possible
values rather than at a singleton. In other words, the constraint goes from the
familiar form

onT
W(f(x) + g(x)u) = —a(h(x)), (9.21)

to an inequality over the worst-case scenario,

. [anT
min {W (f(x) +g(x)u+ co{‘lf(X)}> } > —a(h(x)), (9.22)

where the minimum is taken over the convex hull of the disturbance set, ¥ (x).

With this slight modification, survivability in the Robotarium can be en-
sured in a robust manner. To appreciate why the robustification modification is
needed, consider again the scenario depicted in Figure 9.9, where the robots
are asked to swap positions by going through the same point in the middle
of the arena, thus being on a guaranteed collision-course in the absence of
the survivability constraint. Rather than performing this swap just once, and
in order to explicitly call out the efficacy of the robust CBFs, this robot-robot
position swap is repeated a number of times, as shown in Figure 9.10, with and
without the disturbance set added to the dynamics. In Figure 9.11, hgeparation
is plotted for both of these cases. As can be seen, the robust version ensures
safety for all times, while the non-robust version suffers from non-safe situa-
tions, where hgepararion becomes negative during the experiment, as per [131].
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Figure 9.11: Plots of the smallest of the constituent, pairwise separation
constraints used to compose the collision-avoidance constraint, Aepararion-
Depicted are the values without (Left) and with (Right) the robust CBF mod-
ification, respectively. If, at any point in time, the value falls below zero, the
collision-avoidance constraint is violated. As can be seen, the robust CBF for-
mulation (Right) experiences no such situations; whereas the non-robust CBF
formulation (Left) does indeed encounter such a constraint violation.

9.3 Remote Experimentation

An autonomy-on-demand platform is ultimately only successful if the “de-
mand” part is realized, i.e., if people are actually using it. And usage depends
on a number of factors, such as exposure, ease-of-use, and the flexibility and
breadth of the types of experiments that can be supported by the platform.

The way remote users interact with the Robotarium is nominally to start
out with the Robotarium simulator. Once the experiment runs successfully
on the simulator, the code is submitted through the Robotarium website.®
Following a first-in, first-out queueing rule, the Robotarium server retrieves
the next submission in the queue and runs a rudimentary safety-verification
procedure on the code [337]. If the experiment passes this check, the Rob-
otarium deploys the required number of robots, executes the experiment
code, and collects the requested data, such as pose information or video
of the experiment. Afterwards, the users are notified as to the experiment
status, and are given experiment data access. More detailed explanations
of this workflow and the submission process are provided in subsequent
paragraphs.

The Robotarium was made publicly accessible, free of charge, for ed-
ucational and research purposes, in August 2017. Since then, thousands of

5The Robotarium simulator runs either Python or MATLAB, and the Robotarium
website is www.robotarium.gatech.edu.
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Figure 9.12: The number of experiments executed on the Robotarium each
month during a three-year period since its official launch in August 2017.

experiments have been supported, and the number of experiments executed
each month are shown in Figure 9.12 for the three-year period following its
launch. As can be seen, the overall usage has grown significantly since the
initial, somewhat slow start, to many hundreds of submissions each month.
Over this three-year period, over 1500 distinct users from every continent
(except Antarctica) have created Robotarium accounts, and have collectively
executed over 5000 experiments, resulting in almost 100 peer reviewed publi-
cations that use the Robotarium as the generator for the experimental results.
As such, it is fair to say that the Robotarium has delivered on its promise to
democratize access to a high-fidelity, multi-robot platform.

Figure 9.12 calls out the fact that the number of experiments executed
exhibits high month-to-moth variability. Further analysis, reported in [431],
reveals that the overall submission trend is indeed growing, and that the
spikes correspond to major robotics conference submission deadlines or
end-of-semester class projects.’

"Note that the large drop in the number of experiments in March 2020 was likely due,
in part, to the Covid-19 pandemic as many schools suddenly closed their campuses, and
schedules were disrupted.
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Figure 9.13: The Robotarium submission process. Source: Fig. 5 in Wilson
et al. (2020).

9.3.1 Submission Process

Users access the Robotarium through a web interface, which includes links to
the Robotarium simulation API repositories. In order for code to be executed
by the robots on the physical Robotarium testbed, users must first create an ac-
count,3 which allows them to submit files through the website, track the status
of their submitted experiments, receive e-mail updates when their experiments
are completed, view the data and video returned from their experiments, and
interface with the Robotarium support team.

After creating an account, users enter the development cycle depicted
in Figure 9.13. Their control algorithms must first be implemented in the
Robotarium simulator, and when they are satisfied with the performance of
their simulated experiments, their main scripts, together with any custom,
supplementary functions, should be uploaded to the Robotarium website.

8To create an account, potential users are asked to fill out an online form, providing
their name, e-mail address, address, institute or employer, position or title, and reason(s)
for using the Robotarium. The demographic and usage information is collected to help
characterize and support the Robotarium userbase.
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Define Your Experiment!

This page allows you to describe the of your i These enable the ion and of i on
the Robotarium and will be used in the future to automatically generate scripts that can be used with the Robotarium Matlab simulator. Don't forget to save your
experiment description for later use!

Experiment Description

Title * Estimated Duration (seconds) (max: 600) *

| Experiment Name | ‘ 80 &

Experiment Description *

Briefly describe your experiment

Experiment Settings

The parameters in this section describe your experiment in a structured fashion that enables the ing and ion of i onthe
Robotarium. However, currently only the "Number of Robots™ is considered useful. Feel free to contact us with suggestions for more fields to help us determine
which capabilities you would like to see and use on the Robotarium.

Number of Robots (1 - 20) * ‘

®

Experiment Files o

Main File = Name Status View Download = Remove

Drag here or Press to upload!

Download Specification Script for Simulator [ ‘Save Experiment for Later | ‘Submit Experiment

Figure 9.14: The Robotarium experiment submission form.

When uploading the code through a drag-and-drop or file-searching interface,
the users fill out an experiment description form containing a brief description
of the experiment, an estimated experiment time, and the number of robots
required, as shown in Figure 9.14.

The submitted user-code is stored in a database on a server located within
the Robotarium facility. Users have the ability to delete their experiments from
the database at any time through the web interface. This storage mechanism
allows users to resubmit the same code at a later date through the web in-
terface without local access to the files, exchange individual files of previous

submissions, or request a Robotarium administrator’s help with an error.’

9Submitted code is never accessed or viewed by a Robotarium team member with-
out explicit user permission. Experiments are only accessed through the database au-
tonomously by the server, and users with additional privacy concerns are able to upload
non-human-readable files.
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After the user submits their code to the website, it is pulled by the server
and run in the simulation environment to check for problems, such as compi-
lation errors, runtime errors, inclusion of libraries not available on the server,
or excessive runtimes. If any issues are found during this verification step,
the experiment is rejected and the user is returned a log file with specific de-
tails about the problem. If the simulation runs without error, the submission
is forwarded to a first-in, first-out queue, waiting for its turn to run on the
Robotarium.

The server automatically pulls the next verified experiment in the queue,
and queries the robots on the testbed to select the N most charged robots,
where N is the number of robots specified by the user through the sub-
mission form. If the recruited robot with the lowest voltage is not above a
minimum voltage threshold, the system waits until enough robots are suffi-
ciently charged. When the system is deemed ready to execute the experiment,
the N robots selected depart from their charging stations to a random or user-
specified initial configuration in the middle of the testbed, at which point the
user-submitted script takes over.

After an experiment finishes executing, or is rejected as part of the verifi-
cation step, the system autonomously sends an e-mail to the submitting user
with information about the experiment’s updated status. If an experiment runs
successfully, the user is returned the overhead camera feed of the experiment,
as well as any additional, requested data. As an example, Figure 9.15 shows a
snapshot from a returned overhead video of an experiment (simulation as well
as deployed on the real robots), that makes 20 GRITSBot X robots form the
Georgia Institute of Technology logo.

9.3.2 The Robotarium Userbase

One advantage of the minimally invasive, constraint-based design methodol-
ogy in Equation 9.10 is that it is flexible—the user-provided control input,
Unom, can be nearly anything—and, as such, provides broad support for the
autonomy-on-demand concept. To stress this fact further, we here showcase
a portfolio of experiments conducted on the Robotarium. In particular, we
elucidate the geographic and topical reach of the platform, followed by a
discussion about the types of experiments that have been conducted on the

Robotarium.!?

10The data presented here is taken over the three-year period, August 2017—July 2020,
and is partially based on the findings reported in [431].
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Figure 9.15: Screenshots from a simulation (Top), and returned video (Bot-
tom), associated with a submission that drives 20 GRITSBot X robots to a
formation in the shape of the Georgia Institute of Technology logo. Source:
Fig. 4 in Wilson et al. (2020).

As the Robotarium is explicitly designed to democratize access to a
high-fidelity, multi-robot testbed, having a sufficient geographic reach is an
important attribute for this ambition to be realized. In fact, the Robotarium
has users from every continent except for Antarctica, and, as such, has been
quite effective at reaching a geographically diverse userbase. The correspond-
ing geographic data is presented in Figure 9.16, where it can be seen that a
majority of users come from North America, followed by a strong represen-
tation from Asia and Europe. South America, Oceania, and Africa are not
equally well represented. But at least they are represented.

It is worth noticing that not all users who register for a Robotarium ac-
count end up submitting actual experiment scripts. In fact, only around 40%
of the users who create an account end up deploying an experiment on the
physical testbed. There are various reasons for this. Some users have explic-
itly stated that they only want to use the Robotarium simulation API, without
the need for physical experiments. In addition, multiple accounts have been
created by users working on team projects, with only one individual within
the group uploading the code, which would account for a portion of the non-
submitting users. There is also a typical lag of a few weeks between account
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Figure 9.16: The Robotarium user account demographics, grouped by self-
reported continental regions. What is displayed are relative rather than
absolute numbers, as the relative information tends to stay more or less
constant over time.

creation and experiment submission, which means that the 40% number is
probably somewhat lower than the actual number by a few percentage points.
The data associated with the actual experiment submissions, broken down
by geographical regions, is shown in Figure 9.17 where it can be seen that
North America is even more over-represented in this category. Europe has
overtaken Asia for second place, while Oceania and Africa are increasingly
under-represented, as compared to the overall userbase [431].

Knowing where the Robotarium users are located, one can proceed to ask
why they use the Robotarium. According to the responses to the questionnaire
on the Robotarium website, the reasons vary quite significantly. The most com-
mon theme reported is, not surprisingly, related to a lack of local resources
needed to establish and maintain a multi-robot testbed. This reason resonates
directly with the ambition behind the Robotarium, i.e., to democratize access
and lower the barrier to entry as many universities, research institutions, and
secondary schools simply do not have robotic facilities. Those that do are typ-
ically not making them widely accessible to students and researchers outside
of the labs that maintain them. One user from Brazil explained that the reason
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Figure 9.17: Users who have submitted actual experiments to be run on the
Robotarium, organized by continental regions.

for using the Robotarium was to push beyond this barrier, and to appreciate
what it takes to go from theory to application, stating:!!

“The Robotarium will be used to learn principles of Robotics and Con-
trol and Automation Engineering. There is a lack of hardware at the
university where I study. Therefore, practical lessons of those subjects
are affected, as well as my learning experience. Robotarium would be an
awesome solution to this specific matter.”

A less practical, but perhaps equally important reported usage reason was
that actual robotics implementations have the potential to create excitement
around research contributions. A Ph.D. candidate at a U.S. university used
the Robotarium to test temporal logic-based control synthesis algorithms for
multi-robot systems. In the experiment, a collection of 10 robots were asked
to perform different tasks, such as populating or avoiding particular regions,
visiting virtual charging stations, not visiting some regions until a specific
event had occurred, etc., in order to mimic a complex emergency response
scenario. When asked about the impact of the Robotarium, the Ph.D. candidate
responded,

UThe user-statements were originally reported in [431].
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“The most important benefit of using the Robotarium for me is the moti-
vation and inspiration I get from seeing my algorithm working on actual
robots. Furthermore, my research attracts more attention when I use the
Robotarium videos in my papers/presentations.”

Somewhat more surprising was the number of Robotarium users who
used the Robotarium despite having local access to multi-robot testbeds.
This usage category seems to have been driven by convenience more than
anything else. It is, simply put, a tedious process to set up and deploy algo-
rithms on a large team of robots. It is time consuming to program low-level
collision-avoidance and motion controllers, to ensure that enough batteries are
sufficiently charged, or to debug hardware complications and faulty communi-
cation protocols. The Robotarium sweeps these concerns to the side and gives
users a chance to instead focus exclusively on algorithm design questions. As
an example, another Ph.D. candidate used the Robotarium to test a distributed
control strategy, generated by deep reinforcement learning, for fighting forest
fires. When asked why the Robotarium was used, the answer was,

“The Robotarium allowed me to conduct hardware experiments without
worrying about the overhead of setting up robots and other associated
hardware first. The simulation environment allowed me to easily deter-
mine if the setup of a given experiment would show the details I needed,
without also running the entire hardware system.”

Finally, some users choose to deploy their algorithms on the Robotar-
ium because of its standardizing potential. Typically, educational modules or
research experiments in multi-agent robotics are conducted on hardware in-
frastructure that is not easily replicable. As a result, produced code and results
are hard to share, verify, and compare when robots, computational hardware,
and tracking systems vary from lab to lab. Any code developed for an algo-
rithm deployed on the Robotarium can be easily shared, modified, and built
upon on the same hardware, and produce metrics that are comparable, without
having to worry about the implementation specifics. A postdoctoral researcher
at a U.S. research institution used the platform to test a multi-point rendezvous
algorithm for this very reason, stating:

“[The Robotarium] has greatly enabled realistic and immediate veri-
fication of our multi-robot consensus and formation algorithms, through
simulations and real experiments with the Robotarium platform. Using
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Figure 9.18: Types of experiments executed on the Robotarium, grouped into
general, self-reported topics.

I the platform, we were able to validate our algorithms and provide a
reproducible code that can be implemented and tested anywhere.”

The user-statistics confirm that this remote-access testbed is having a
global reach. The individual feedback from Robotarium users provides en-
couraging testimonials that go beyond geography in that the Robotarium is
fulfilling its goal of democratizing access. And, almost as a side-effect, an ef-
fective, long-running and canonical autonomy-on-demand platform has been
produced that can serve as a blueprint for how to structure other such facilities.

9.3.3 User Experiments

Geography aside, the real power of an autonomy-on-demand platform is only
fully realized if it can be used to support a wide range of tasks. The Robotar-
ium was originally intended to be primarily utilized by controls and robotics
researchers focused on distributed systems who did not have the resources
to test their multi-robot algorithms. As a result, the support tools developed,
robots used, and recorded experimental data were chosen with this target audi-
ence in mind. Figure 9.18 depicts the types of experiments that have been ex-
ecuted on the Robotarium, grouped into general, topical research areas, based
on the self-reported experiment descriptions. Indeed, the vast majority of these
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Figure 9.19: Peer-reviewed publications supported by the Robotarium,
grouped according to research topic.

experiments are focused on distributed controls and robotics algorithms, i.e.,
the Robotarium structure is well-aligned with its intended use-cases.

Although the majority of research-oriented submissions to the Robo-
tarium focus on “classical” multi-robot problems, such as formation and
coverage control, the “Misc” category in Figure 9.18 hides some unex-
pected revelations. It turns out that among the experiments, one find sub-
missions from myrmecologists and entomologists, social scientists, traffic
engineers, and even ethicists, with topics including surprises such as queen
selection mechanisms among ants, belief polarization effects in social net-
works, optimal traffic circle design, and implicit bias studies when using
machine learning algorithms [431]. These use-cases are unintended but cer-
tainly welcomed consequences of building a flexible and remotely accessible
autonomy-on-demand testbed.

Increasingly, the Robotarium experiments are being translated into schol-
arly products, such as peer-reviewed publications. In fact, research-based
submissions have resulted in almost 100 published peer-reviewed papers
during the Robotarium’s first three years in operation [431]. Figure 9.19
shows the breakdown of these publications by topic. They give testament
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Figure 9.20: A snapshot from a project in a “Networked Control Systems”
class, where robots are competing in a game of Capture the Flag. Source:
Fig. 12 in Wilson et al. (2020).

to the fact that the experiments being executed on the Robotarium produce
research-quality data that is enabling researchers to publish their algorithms,
with the hardware validation happening at a remote facility.

Beyond research, the Robotarium platform is unexpectedly being leveraged
by college-level students and educators for educational purposes. A significant
number of users are developing project-based courses around the Robotarium;
oneprojectisdepictedin Figure 9.20. Forexample, the Robotariumhas been used
tosupplementacourseinFrancecalled “Controlof Multi-AgentSystems,” where
students implement consensus and formation control algorithms. In the United
States, the Robotarium was used in a “Cyber-Physical Design and Analysis”
course, offered as an online as well as an on-campus course, where online
and on-campus students alike were tasked with developing Robotarium code
to move robots between way-points by means of open-loop and closed-loop
control, as a way of calling out the benefits of feedback.

9.3.4 Case Studies

To wrap up the discussion, we highlight a few specific submissions in order to
elucidate how the submitted algorithms map directly onto the autonomy-on-
demand framework.
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Fault-Tolerant Rendezvous

One unfortunate consequence of distributed multi-robot algorithms is that
they tend to be highly non-robust to malfunctioning or malicious robots, e.g.,
[150]. For example, the consensus protocol in Equation 2.6 will, if everything
proceeds as planned, make the robots rendezvous at the centroid of the initial
robot positions, e.g., [276, 316]. But, the consensus protocol is notoriously
sensitive to outliers. If one robot malfunctions and simply stops moving, this
immobile robot will completely dominate the overall behavior of the team in
the sense that all other robots will move to the faulty robot’s location. Or, even
worse, a malicious robot could have infiltrated the team. And that robot could
be moving towards some undesirable region. The consensus dynamics will
consequently make all other robots follow the malicious robot, thereby letting
themselves be hijacked [228, 326].

One of the first experiments executed on the Robotarium investigated this
very issue, and introduced a notion of fault-tolerant rendezvous, based on al-
gorithmic ideas from [325]. In this work, the robots achieve consensus by
moving towards points within a safe, “non-faulty” set, while maintaining con-
nectivity of the underlying disk-graph. Because this algorithm models robots
as planar points with no spatial footprint, no native collision-avoidance ac-
commodations were made by the algorithm. As such, the execution on the
Robotarium utilizes the single integrator-to-unicycle mapping in Equation
9.17, as well as the safety barrier functions in Equation 9.4 in order to run
effectively. Figure 9.21 (Left) shows the results of this experiment.

Passivity-Based Attitude Synchronization

Attitude synchronization is highly related to Reynolds’ alignment concept
[356] and is sometimes referred to as flocking, e.g., [318], in that the ob-
jective is to make all robots move in the same general direction. Adhering to
the notation in Equation 9.12, what is required is that lim, , o ¢; (1) — ¢; (1) =
0, Vi, j € [N]. The reason why this objective cannot simply be achieved by
running the consensus equation over the robot orientations, rather than their
positions, is that orientations are angles, i.e., they belong to S! rather than to
R. And all sorts of strange things happen if one ignores the fact that 6 and
0 +2rnk, k € Z, correspond to the same direction.

To illustrate this point, the attitude synchronization algorithm from
[193] was implemented on the Robotarium. Utilizing the passivity property
of general rigid body motions, the deployed algorithm was designed to
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Figure 9.21: User experiments on the Robotarium that explicitly call out the
inherent flexibility and safety mechanics associated with the autonomy-on-
demand framework. Left: Robots are executing a fault-tolerant rendezvous
algorithm that allows them to ignore faulty or malicious robots. Middle: Atti-
tude synchronization, which ensures that the robots end up moving in the same
general direction, is pursued using only locally available information. Right:
A desired geometric shape is assembled based on a sparse set of specified
inter-robot relationships.

achieve attitude synchronization for a group of rigid bodies, with only lo-
cal information exchanges. The execution of this algorithm in the Robotarium
relies on the ability to specify an information exchange graph, and to map
from single integrator to unicycle dynamics, which are, as we have seen, two
attributes that are readily available in the Robotarium. Figure 9.21 (Middle)
displays the outcome of this experiment.

Distributed Formation Control

Typically, enough inter-robot distances must be specified in order to uniquely
determine the shape of a formation, up to arbitrary rotations and trans-
lations. This requirement is captured by the graph rigidity concept, e.g.,
[15, 134, 383]. However, if relative orientations are added to the mix—in addi-
tion to distances—one can potentially get by with fewer specified inter-robot
relationships [67, 117].

The idea of using a sparse set of specifications was called out by an
experiment on the Robotarium that pursued a distributed formation control al-
gorithm, based on the developments in [138, 139]. The controllers use relative
position measurements in local coordinate frames, and side-step the need for
any explicit inter-robot communication. The algorithm moreover assumes that
the robots are points in the plane, and does not consider collision-avoidance.
The successful execution on the Robotarium therefore depends, once again,

EBSCChost - printed on 2/14/2023 3:03 PMvia . Al use subject to https://ww.ebsco.coniterns-of -use



EBSCOhost -

282 Chapter 9. Autonomy-on-Demand

on the safety functionality provided by the autonomy-on-demand formalism.
The outcome of this experiment is shown in Figure 9.21 (Right).

These three case studies constitute a small sample of all the different ex-
periments, or missions, that the Robotarium robots have participated in during
their first three years. To get a better feeling for the scope of these missions,
we here catalog other common types of experiments supported by the Rob-
otarium from an application-centric vantage point. This catalog also serves
as a snapshot in time, showcasing particular directions being pursued by the
multi-agent robotics research community.

Autonomous Vehicles

A number of scenarios pertaining to the use of autonomous vehicles in com-
plex traffic environments have been considered by the Robotarium userbase,
including:

e Lane-following behaviors for self-driving cars that avoid the types of
oscillatory effects known to cause traffic congestion;

e Mixed human/autonomous vehicle traffic, including rules that let the
autonomous vehicles smooth out traffic patterns;

e On-demand delivery systems, such as self-driving cars or unmanned
ground vehicles, used for time-critical deliveries, e.g., for delivering
perishables in a particular time window;

e Traffic circle layout and rule design for optimizing traffic throughput;
and

e Closed-loop traffic signal control that minimizes congestion and al-
leviates the negative environmental effects associated with stop-go
traffic.

Social Insects

The Robotarium has seen its arena turned into ant and termite colonies, bee
hives, and even geometric moth pillars, with the investigations covering issues
such as:

e Queen selection mechanisms, whereby ants interact competitively in a
pairwise manner to elect new queens;

e Pheromone-based foraging strategies that tag the already visited parts
of an environment for the purpose of achieving more effective cover-
age;

e Formation control algorithms for achieving the types of shapes ob-
served in nature; and
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e Collaborative manipulation, involving multiple robots teaming up to
transport objects that are heavier or bulkier than what any individual
robot could manipulate, akin to the way ants collaborate when trans-
porting food back to the mound.

Urban Navigation

Some of the more common environments displayed on the Robotarium arena
by the overhead projector are various urban landscapes. Buildings provide
line-of-sight obstructions, render wireless commutations unreliable, and pro-
vide obstacle-rich vistas. These complications have direct bearing on the
control design, and topics investigated in this context include:

e Search-and-rescue applications, where teams of robots must search an
area in order to locate potential targets, e.g., victims after natural disas-
ters such as earthquakes, in order to report their locations back to base
stations;

e Perimeter defense, concerning the problem of using patrolling robots
to encircle an area so as to minimize intruders’ ability to slip through
the protected perimeter; and

e Communication-denied or intermittent coordination in urban canyons,
arising from the need to ensure that robot teams are able to perform
tasks in a coordinated manner, despite the lack of reliable communica-
tion channels.

Precision Agriculture

Farm fields and fruit orchards are increasingly serving as hosts to autonomous
vehicles. This trend is also reflected in the Robotarium experiment catalog,
which include:

e Persistent monitoring scenarios, where robots are present among the
plants for sustained periods of time for the purpose of tending to indi-
vidual plants in terms of meeting their water, pesticide, and fertilizer
needs;

e Targeted delivery of water or nutrients using aerial delivery vehicles,
which requires solutions to taveling salesperson problems, with or
without temporal constraints; and

e Optimal sweep patterns for planting or harvesting, which, for exam-
ple, are needed when moving autonomous tractors across fields in a
coordinated manner.
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Warehousing and Manufacturing

Robots have historically been used extensively in manufacturing settings and
they are increasingly performing fetch-and-carry tasks in warehouses as well.
Such deployments typically involve carefully choreographed maneuvers that
are effective, but not particularly flexible. As more customization and small-
batch production is coming online and robots are operating more and more
alongside human workers, a number of new issues must be addressed in this
classical robotics domain, such as:

e Task assignment problems that arise when multiple robots can be called
upon to carry out any one of a number of different tasks;

e Path-planning algorithms for sending multiple robots across a cluttered
warehouse workspace in an effective and orderly manner;

e Area coverage problems that present themselves naturally in cleaning
applications, such as when a robot, or team of robots, are to vacuum a
manufacturing floor;

e Simultaneous localization and mapping problems that involve the issue
of having robots keep track of where in the environment they are, as
well as map the layout of the area in which they are deployed. This is a
crucial capability in many indoor robotics applications; and

e Human-robot interactions for ensuring that robots can operate safely,
effectively, and in a transparent and non-threatening manner alongside
human workers, such as during the assembly phase of a car or air-
craft manufacturing process, or when boxes should be jointly packed
by humans and robots in delivery applications.

Natural Ecosystems

The natural world is typically messy, dynamic, and not overly well-mapped,
which calls for a different set of algorithms and considerations than what is
required in carefully curated and engineered environments. This issue has
been investigated in the Robotarium through a number of user-submitted
experiments, including:

e Containment of evolving fronts, e.g., forest fires or oil spills, that must
be tracked, contained, and possibly even cleaned up by a team of robots;
e Navigation through cluttered environments, which typically requires
a different set of path-planning algorithms than what can be used for
human-made environments. Rather than having a space be either free
or occupied, it is much more nuanced and fluid out in the natural world,

printed on 2/14/2023 3:03 PMvia . All use subject to https://ww.ebsco.conterns-of-use



EBSCOhost -

9.3 Remote Experimentation 285

where certain areas are more or less easy/hard for the robots to navigate;
and

e Learning to engage safely with objects, whereby robots not only have
to navigate unknown terrains, but also learn which types of terrains and
object-types can be safely traversed, and which should be avoided at all
costs.

Interplanetary Exploration

Robots are particularly well-suited for environments that are hard to reach by
humans, such as other planets. To this end, the Robotarium has been turned
into lunar and Martian landscapes, in order to promote inquiries in areas
such as:

e Coverage, where a team of robots are to spread out across an unknown
domain for the purpose of detecting interesting or potentially harmful
phenomena and events;

e Exploration, which is the dynamic counterpart to coverage, where the
robots are not only asked to effectively search for key features in the
environment, but they have to do so dynamically, rather than establish
static configurations; and

e Foraging, whereby the robots are to detect objects of interest in the
environment, and return these objects to select base locations for the
purpose of further analysis.

The last two topical areas, Natural Ecosystems and Interplanetary Explo-
ration, are particularly pleasing in that their deployments on the Robotarium
take the robot ecology story full circle. What initially started with a mood pic-
ture from Mars, where the Mars rovers would exhibit remarkable longevity
thanks to a low-energy lifestyle, a tight coupling between rovers and their
Martian environment, and a focus on robot survival, ended up connecting
long-duration autonomy to ecology, by observing that the tight coupling be-
tween robots and their habitats is key to understanding how robots can be
deployed in natural environments over truly long time-scales.
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