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Abstract

Swarm engineering is the natural evolution of the use of swarm-based techniques
in the accomplishment of high level tasks using a number of simple robots. In this
approach, one seeks not to generate a class of behaviors designed to accomplish a
given global goal, as is the approach typically found in mainstream robotics. Once
the class of behaviors has been understood and decided upon, specific behaviors
designed to accomplish this goal may be generated that will complete the desired
task without any concern about whether or not the final goal will actually be
completed. As long as the generated behaviors satisfy a set of conditions generated

in the initial investigation, the desired goal will be accomplished.

This approach is investigated in terms of three specific practical problems. First
we apply swarm engineering to plume tracking, utilizing both real and simulated
experiments. We initially decide whether or not this is a problem that swarm
engineering should be applied to at all, A careful investigation of two plume-tracking
algorithms yields the weakness of single-robot plume tracking — the tracking of
low density plumes. Application of swarm engineering to this sub-problem yields
performance that is capable of tracking plumes that are significantly more diffuse
than those which can be tracked by single plume trackers.

The second problem is position-independent clustering, in which a cluster of objects
is constructed from many initial clusters, without predetermination of the final
cluster’s location. Although we have completed a robotic instantiation of this type
of system, the bulk of our work is theoretical and verification with simulation. A
minimal condition is derived which guarantees this final global outcome, in both
an unrealistic case and a case that is more realistic for real robots. Methods of
generating efficiency improvements are derived. The application of this formalism
to real robots is discussed. Finally, conditions are derived and demonstrated leading

to stable arrangements of multiple clusters, a precursor of distributed construction.

The third and last problem is the traveling salesman problem (TSP). Marco Dorigo
(see, for instance, Dorigo 1996) generated much interest in the use of "ants" on
the problem. We theoretically demonstrate that Dorigo’s ants satisfy a swarm

engineering condition generated for this problem. However, the result of Dorigo’s
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work is also demonstrably fragile under random fluctuations. A second more robust
ant-based method is generated and tested on a small number of standard test
problems taken from TSPLIB, a source of many well-known TSP instantiations.
In all cases, the new algorithm is capable of reliably finding the minimum distance
path.

This thesis makes a number of contributions to the literature. First, we study two
systems that take advantage of the embodiment and interaction dynamics of the
robot to accomplish the single robot goal. We then extend this work to answer two
questions:

1. Is it possible to apply swarm engineering to plume tracking?

2. How can one apply swarm engineering to plume tracking?

We demonstrate that is indeed possible to extend one of the two previous plume
tracking systems to a swarm. We demonstrate that the swarm is capable of suc-
cessfully tracking plumes that are significantly more diffuse than those capable of
being tracked by individual agents.

Next, we derive a formal condition which must be satisfied in order for a system
made up of many clusters and robots to become a system of one cluster and many
robots, if the robots do not have global information. We extend this work by
deriving ways of generating more efficient paradigms, and demonstrate how to use
the theory in the design of individual robots. Finally, we modify our theory to
include systems generating multiple clusters, and demonstrate how to generate
clusters of predefined relative sizes.

Our third contribution is a formalism for ant-based TSP algorithms. This allows
us to understand why Dorigo’s algorithms are relatively unstable. We create a
completely new system of traveling agents that also solve TSP by having the ability

to "die along the way" and to self replicate in a specific fashion.

Perhaps the most important contribution here is an alternative approach to the
design of swarm systems. This allows us to explore the three problems of interest
here by first determining a condition that allows the completion of the task, and
then allows the generation of behaviors satisfying the minimal condition. This
view to system design has the advantage of allowing the design of systems that will
generate the desired behavior, concommittantly reducing the danger of generating

unwanted emergent behavior.
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Introduction

As a child, T often found myself outside watching thousands of busy ants march-
ing tirelessly to and fro in a seemingly endless struggle to find and exploit food
sources. I would often present gifts, morsels of food that would occupy them for
hours, until they disappeared completely. Other times, I would try to impede their
progress by placing an object in their paths. Most times, the ants would ignore my
efforts, smoothly finding their way en masse around the object. Individuals would
occasionally get lost, but the group was quick to work out the problem, forming a
stable flow as if ordered by their queen several meters away in the nest. My efforts
were in vain, and the group ignored me altogether. Years later, this interest would
be rekindled as I became familiar with work done in trying to understand ants and

ant-based systems.

As it turns out, a number of insect species form swarms of thousands of individ-
ual animals, which form efficient societies capable of a number of interesting and
startling behaviors (Camazine 1990, Dejean 1986, Deneubourg 1983, Fittkau 1973,
Franks 1992, Gordon 1999, Holldobler 1990, Holldobler 1994, Karsai 1993, and
Theraulaz et al. 1998). Among these are the ability to build structures with great
complexity in the absence of any intelligence or planner, the ability to cooperate
without any coordination, and the ability to allocate and reallocate resources auto-
matically, without the need for an understanding of what resources are lacking in
specific places. The ability of swarms to carry out tasks that would at first glance
seem to require a great deal of planning and intelligence makes them interesting as
possible design paradigms for swarm-based implementation of any of these types of
algorithms or processes. Understanding biological swarms may provide possible im-
plementations for behaviors that are potentially extremely simple, and remarkably
robust.

Currently, the field of swarm based robotics is primarily exploratory, although a
few practical applications have been built which extend or surpass the capabilities
of current systems (Schoonderwoerd and Holland 1997, Dorigo et al. 1996). Very
few tasks of practical interest have yet been carried out using the swarm-based
methodology. However, many of the capabilities of agents in the natural world
are staggering (Bonabeau 1991, Holldobler 1990, 1994) and it is interesting to

1



INTRODUCTION 2

understand how these occur. Once these are understood, it is possible that their
extension to real engineering problems will allow the solution to problems for which
the complexity of the solution is a serious detriment to its construction.

Already people are making strides in swarm-based research. The ability to build
complex systems or systems with capabilities greater than those of any individual
element is being explored in a number of different tasks, ranging from box push-
ing (Kube and Bonabeau, 2000) to distributed search (Gage, 1995) to distributed
routing systems (Schoonderwoerd and Holland, 1997). Along with the raw exten-
sion of the cognitive capability of a given agent, and the development of intelligent
behaviors, swarms have the possibility of extending the range of sensitivity of a
given sensor modality, as is done in the first Part of this thesis. Though we are
not aware of any further examples of this in the literature, the potential for future
work is great. Moreover, work in this vein may help to motivate and explain the
tendency for groups of animals to carry out what might seem to be tasks that can
be accomplished by individual agents, but are typically done by groups, as in the
long-range migration of birds during the Fall. The precision required to accomplish
these tasks may not be available in individual agents, requiring the employment of

groups.

Of course, engineering is goal-driven, and so techniques found in nature are not
always readily applied to engineering. For instance, ant construction methods,
though remarkable, cannot be applied to the construction of a building, as our
goal is not an ant-style nest built into the ground. The goal must somehow be
folded into the task development. The question for the engineer to answer is how
one might build a simple robot or agent (for instance, for computational systems)
which may be expanded into a swarm, the aggregate behavior of which will solve a
given global task. One might appropriately ask questions relating to both a general
condition for the accomplishment of the global task, and the tradeoff between the
cost of the improvement of some measure of the task’s completion quality and the

level of improvement.

Much of the literature aimed at creating swarms of active agents has been aimed
at understanding the global repercussions of a set of local rules. Indeed, the global
behavior of systems created by specifying local rules are very difficult to predict, and
the discovery of the behavior sometimes requires observation of an active system
rather than the solution of a set of equations. The behaviors thus provided are more
often than not ad hoc and their details are not well understood in the sense that
one might generalize what has been learned to novel tasks. We are of the mind,
however, that the goal of every engineer must be twofold: creation of a working

model of a given design specification, and generalization of the techniques used in
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such a solution to other possibly related problems. It is in this second point that

we address this current work.

We report in this Thesis work based on a general approach to developing a set of
physical requirements and control algorithms for the completion of global tasks in
a swarm-based architecture. This approach consists initially of the generation of a
set of requirements for the behavior of the swarm which will guarantee that the task
is completed correctly. Once this set of requirements is generated, by means that
need not by analytic, local behaviors may be created which will globally satisfy
this the requirements set down. Illustrating how this local behavior will satisfy
the global task requirements is task-dependent, but typically yields insight into
how one might further improve performance of the swarm on the task. We give
this approach the name swarm engineering to explicitly communicate our intention
that this technique should be applicable to a wide range of distributed engineering

problems.

Note that we use the terminology "swarm engineering" rather than more common
terms such as "collective robotics". The use of this term is motivated by a need
to emphasize that the techniques developed here are intended to be general. The
possible applicability includes robotics, which forms the bulk of our work, but may
also include software swarms, as in Part 3 of this Thesis. In addition, one might
apply these methods to social science, effectively engineering aspects of society,
through methods similar to game theory. While the end goal is different in each
case, the general techniques can be similar.

This Thesis is dedicated to the illustration of the swarm engineering approach to
building swarms. We do so in several rather self-contained parts, and two chapters
not contained in any part. Each part discusses a particular problem, and elucidates
the design of novel systems based on this methodology. Part 1 discusses mobile
plume tracking in autonomous robotic systems, both using single robots and using
multiple robotic platforms. This is the most ad hoc part of the thesis, as no sat-
isfactory theory currently addresses this problem. Part 2 discusses a distributed
clustering task, in which a set of objects are clustered into a single group using a
swarm of autonomous, identical, independent robots, bereft of any global knowl-
edge. Part 3 describes the use of a computational swarm of autonomous agents in
the solution of the traveling salesman problem, building theory for the work of Dori-
go (Dorigo, 1996), and extending the model. Each Part consists of a self-contained
review of the relevant specific topics. Chapter 1, not contained within any Part,
is designed as a rather independent review of some of those topics not discussed
in any of the Parts. Finally, Chapter 10, also not contained within any Part, is a
concluding chapter intended to summarize the main points made in the Thesis.
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CHAPTER 1

Swarms, Natural and Fabricated

In this chapter, we define swarms of agents in a way that is both general and
explicit. We make every attempt to encompass all current work in swarms using
these definitions. We illustrate these definitions with examples chosen from the
natural world, human society, and the artificial world. Once this is completed, we
define the swarm engineering approach, motivating its design, and providing an
example of how this approach may be applied.

1.1. Definition of Swarms

The study of agent-based systems occasionally begins with a definition of the term
agent (Maes 1994, Beer 1995). The concrete definition of such a basic element of
what have become known as swarm-based systems would seem to be straightfor-
ward, but the precise definition has not yet been universally agreed upon.

Maes (Maes, 1994) describes an agent as an autonomous, situated entity carrying
out a set of goals in the environment in which it is situated. In this way, Maes
characterizes the agent as first having a goal or set of goals to be accomplished.
The use of the term “goal” indicates an understanding of the desired end result of the
behavior of the agent in its environment. Quite generally, this level of understanding
of the behavior of an agent cannot be thought of as part of the design, but rather
imposed by the observer of the system, which may not be the agent in the first place.
Yet, some biological systems which might seem to exhibit goal-driven behavior are
simply reactive systems driven by nothing more than physics and chemistry. For
instance, a virus can have goals attributed to it, but it does not pursue them.
Rather, it behaves according to a well-defined set of rules, yet still manages to
survive. One might argue that the ‘goal’ of the virus is its replication, but its
dynamics are simple reactions to local conditions, and are completely dictated by
the chemistry. Except in abstraction, it is unclear how one might attribute a goal
to this behavior.

Beer (Beer, 1995) proposes a formalism which seeks to model agents as parametric
non-autonomous systems, whose dynamics are parametrized by the interaction with

another system. The other system is the environment in which the agent finds
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1.1. DEFINITION OF SWARMS 6

itself. In this view, only closed systems whose evolution is determined entirely by
consistent equations of motion are truly autonomous, and so no agent can ever really
be autonomous, as it is never independent of its environment. This view requires
the agent to be inextricably tied to its environment, unable to be viewed in any
other context. Many aspects of agents and their characteristics are well treated by
this way of thinking. For instance, the characteristics of ants and the substances
they secrete are carefully built around the physics of the ants’ environments. Were
it not for the detailed properties of the ants’ environments, the ants would not be
able to depend on these characteristics, and the species would be forced to have
developed differently. Thus, the ant is a reflection of the system in which it is found,

and it may not be viewed in totality without considering the larger system.

We take a somewhat complementary tack to both of these approaches. We relax
the requirement that the agent must be following some explicit goals, and rather
defer to a more general formulation. In our formulation, those agents not capable
of independently sustaining themselves may be viewed as agents. This includes

agents in a symbiotic (and so codependant) relationship.

We define an agent to be any discrete component of a system which satisfies the
following properties:

1. An agent must be situated within the system. That is, the agent must be
affected by the physical properties of the system it is in, restricted by its
design, and may not be capable of modifying the fundamental structure of
the system.

2. An agent must have the ability to act within the system. This means that
it must have the ability to change at least one external degree of freedom

based on some locally decided upon actions.

The first condition serves to limit the agent to an actor in the play unfolding in the
system. This requirement neither restricts the agent to a specific locality nor as-
sumes that it cannot accumulate information about the system through interactions

with other agents, and control other agents in some way.

The second condition would seem to be an extension of the first condition. Agents
cannot behave in a system in which they do not find themselves. That is, the
system in which they are situated must be closed under the actions of the agent.
In this way, an agent is different from an observer who may be limited by a given
system, but may not change it. This does not presuppose that an agent works in
a location or by changing a degree of freedom local to itself — it may communicate

intentions to other agents.
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Note that a virus is not identified as an agent when it is outside of a very specific
environment, as it has no control over any degrees of freedom. In environments
where it is incapable of independent animation, a virus would be viewed as a part
of the system, but not an agent. When it transitions to a system in which it can
exert independent control, it becomes an entity that can be viewed as an agent.
This may or may not include the interior of a cell, depending on whether the virus
actually acts on the cell, or instead is acted upon by parts of the cell.

We define communication to be any action of one agent which influences the sub-
sequent behavior of one or more other agents in the system, directly or indirectly.
In an information-theoretic way, it may be defined as the reduction in entropy of
a given agent’s behavior as a result of the receipt of some communication signal
(Shannon, 1953). This includes two types of communication. In direct communi-
cation, the action of the first agent is capable of being sensed directly. This is as in
a system in which agents create sounds and respond to sounds produced by other
agents. Stigmergic communication (Beckers 1994) is communication through the
environment, in which a change in the environment which is not made explicitly for
communication is made, sensed by another robot, and in turn produces a different
behavior in the sensing robot. Note that the way in which the stigmergic commu-
nication occurs may also be the desired goal of the agent. Moreover, an agent can

communicate with itself, stigmergically.

A swarm is a set of two or more independent agents all acting in a common en-
vironment in a coherent fashion, generating an emergent behavior. An emergent
behavior is one in which the behavior of the swarm is a result of the interactions
of the swarm with its environment or members, but not a result of direct design.

Emergent behavior requires inter-agent communication, which need not be direct.

Note that a swarm is not a group of identical robots which simply behave in the same
environment by a similar or related set of rules of behavior. Such groups of agents
may appear to create swarm-like behavior, but lack any deliberate communication
that is the hallmark of a swarm. This distinction in behavioral traits also has a
related distinction in capabilities, as we shall see in the first Part of this Thesis. Such
groups of agents are hereafter referred to as pseudoswarms, in the spirit of Owen
Holland and Chris Melhuish (Holland and Melhuish, 1999) to denote explicitly that
these systems are different from swarms.

We pause briefly to address the question of the minimal size of a swarm. When
does one move from a small collection of robots to a swarm? This would seem to
require that a lower bound on the number of robots be created which leads to the
conclusion that a swarm has been made. The most important criterion for a swarm

is that it consists of agents whose actions affect those of other agents in the same
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system. The use of stigmergic communication allows this to occur even with single
agents. This would seem to imply that single agents are capable of acting with the
dynamics one might find in a swarm. However, in this work, we explicitly define
swarms as requiring multiple members. The intriguing question which seems to
come from this is whether these should be viewed simply as swarms. It may be
that there is a larger class of dynamic agent-based system, to which swarms belong,
which behave in the same general way as swarms do. Though we do not consider
this question in more detail in this work, we consider it a fascinating possible future

research direction.

Of course, not every interacting pair of agents constitutes a swarm. A pair of nest-
ing birds exhibit communication to be sure, but they do not exhibit by themselves
emergent behavior (or at least the author is not aware of any examples of such be-
havior). On the other hand, groups of migrating birds might exhibit the capability
of navigating over large distances much more accurately than any one bird would
be capable of doing on its own. This is an emergent property of the swarm. It
is not currently known what the minimum number of birds required to create this

increased capability is, and the author is not aware of any studies of this effect.

1.2. Examples of Swarms

Many familiar things found in the natural world are swarms. The swarms are, of
course, made up of many individual animals, but in many cases may be thought of
as life forms in and of themselves. Groups of ants, particularly those inhabiting the
same colonies are swarms. Similar organization may be observed with groups of bees
living in hives, and termites living in nests. Each of the agents in these examples are
independent enough to act alone, but ineffective without the combined power of the
swarm. The dynamics of the swarms found in the natural world are both interesting
and awe-inspiring. Indeed, they have been characterized as superorganisms, the
dynamics of which are the interesting measurables (Holldobler 1990, 1994).

Indeed, the success of swarms in the natural world is nothing less than staggering.
Since their rather late introduction to the world, somewhere in the Cretaceous
period (Holldobler, 1994), swarms of insects have come to dominate every habitat
where comparative studies have been made (Fittkau 1973, Dejean1986), making
up more than 75% of the biomass of the land-based insects in the Amazon rain
forest and in the forests and savannas of the Democratic Republic of the Congo
(formerly Zaire). It is not clear from studies done to date whether this success
is the result of advantages of swarms over their individual single-living brethren.
More extensive study is required to obtain an understanding of both the biology

and possible implementation of similar methodology in artificial systems.
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The natural world is not the only source of swarms, however. In human culture,
swarms abound, varying in size, complexity, and levels of communication. Perhaps
the two most visible swarms are those made up of deliberately information sharing
agents, such as investors in the stock market, or members of the various scientific
communities. In much the same way as the dynamics of the superorganism of an
ant hill or termite nest has interesting dynamics and complex actions contributed
to by the individual agents, so too do the larger superorganisms made up of groups

of interacting humans.

The stock market is an example of such a dynamic system which evolves and grows,
albeit in a constrained manner, subject to the contributions of thousands of indi-
vidual agents whose behaviors collectively determine the course of the market, but

who individually are rather less than the whole, both in dynamics and capability.

Traffic swarms represent a second class of common human swarms in which agents
interact using a small amount of information, the nature of which is imprecise and
approximate, and whose actions are quite constrained (Helbing and Schreckenberg
1999, Treiber and Helbing 1999, 1999a, Resnick 1994). These systems have a rich
behavior including traveling traffic jams and stationary traffic jams, despite the fact
that the agents in these swarms enter and exit the system continually.

Among the most well-developed swarms in human society are groups of technology
producers and users. In much the same way that ants will become locked into a
particular path after many minutes of exploration of different paths, so too does
technology become locked into a specific standard as a result of the interactions of
the technology producers and consumers. One example is the right-handed clock,
which could as easily be implemented as a left-handed clock (and was at one time),
but which came to dominate as a result of a feedback effect. This feedback effect is
not explicitly designed in any of human behaviors, yet is an emergent result of these
behaviors, the hallmark of a swarm. Subsets of this global swarm exist throughout
society, and it is the belief of the author that this is indeed what defines society in

the first place.

However, it is not to imply that every human group interaction has swarm-like ten-
dencies. The author is not aware of emergent properties of travelers going through
airports, although there is indeed communication and interference. In such a set-
ting, the travelers are constrained strongly, and have only a few behavioral options
available. These options do not allow for the development of emergence, as would
be required to be considered a swarm. Such travelers are an example of a pseu-

doswarm.
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1.3. Creation of Robotic Swarms

The creation of artificial swarms has become an interesting topic of research in the
last fifteen years. This research finds its roots in the seminal work of Rodney Brooks
(Brooks 1986) which advocated the creation of simple robots with simple behaviors
in the place of robots of complex abstract models and interpreters for intelligent
behavior. The method is called behavior-based control and has become widely
accepted, due to the simplicity of the approach, the flexibility and potential for
generalization to learning and and the capability of researchers to create swarms of
simple behavior based robots capable of carrying out interesting behaviors. Several
researchers have proposed interesting methods of creating control algorithms for
such simple robots, including learning and evolutionary algorithms (Harvey 1994,
Mataric and Cliff 1996), and work continues on both of these general methods.

Artificial swarm design has thus far been largely along two different lines of design.
The first of these is the practical approach (Kelly 1996, 1998, 1998a, Mataric 1995,
1995a, 1997a), in which a particular task is identified and a group of robots is
built with the task in mind. This work typically contains multiple iterations of
design and redesign of the physical robot and/or its controller to complete the task
(Goldberg and Mataric, 1997). The second of these is the theoretical approach
in which a task is examined theoretically, and a condition is derived which will
yield the global goal. The design of the robots is then an exercise in obtaining
robots whose real dynamics matches the desired dynamics, which can take one
iteration. The main difference between these is that in the first approach, an
understanding of the underlying system dynamics is generated through the building
and improvement of various versions of the system, while the second attempts
to generate an understanding of these dynamics, and subsequently build robotic
systems based on this understanding. In this way, the second approach is more
similar to traditional methods in robotics, in which the system dynamics are worked
out before the generation of a robot. The use of this approach in swarm robotics
would seem to provide validation of the swarm-based approach to system design,
indicating that these methods are not unrelated to work done on individual robots
carrying out sophisticated tasks with high precision. Rather, they may be seen
as an extension of those methods to tasks requiring a smaller degree of individual

precision.

Many studies have been undertaken using the practical approach to swarm con-
struction. Among these are studies investigating navigation and exploration tasks,
rudimentary construction tasks, task allocation studies, and communication stud-

ies.
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Cohen (Cohen 1996) reports on a mapping and navigation task in which a swarm
of robots spreads itself in a maze, and collectively maps the terrain. The map is
detailed enough to allow an agent to travel from a point in the map to any other
point in the map in a minimum amount of time, while using minimal individual

processing, and taking advantage of an elegant communication scheme.

Mataric (Mataric 1995a, 1992a) describes a method for designing simple orthogonal
local behaviors which may be used to create diverse global group-level behaviors.
The design is a process of simultaneously satisfying top-down (task-driven) and
bottom-up (robot and environment-driven) constraints of the problem. This work
may be seen as complementary to ours. Whereas our goal is the generation of con-
ditions which when satisfied will generate the desired behavior, this work provides
a set of techniques which may be used to satisfy the given condition.

Gage (Gage 1995) details the design of a multiple robot system for mine detection.
This work focuses on illustrating the benefits in time and correctness of coordinated
and communicating multiple robot detection schemes. The use of communication
and coordination is found to be a serious advantage over the lack of it, in terms
both of detection speed, correctness, and cost/success ratio.

Dorigo and Gamardella (Dorigo 1997) describe the creation of a swarm of artificial
virtual agents traveling on a graph made up of nodes and links. This swarm is
designed in such a way as to solve the traveling salesman problem (TSP), which
we discuss later in this Thesis. The design is based on the behavior of ants, and
is systematically improved to produce a rather computationally quick method of
solving the problem.

These four examples of swarm behavior illustrate the power of the method in a
concrete way. We discuss further examples of this later, in the separate Parts of
this Thesis. The generation of real working models represents an important and
necessary step in the design and verification of a new technology. However, the
main weakness in these studies is their ability to be generalized beyond closely
related tasks, such as those investigated by Dorigo and colleagues as extensions of
the ant-based TSP work (Dorigo 1999). It is not clear how these studies might be
used to design new, very different swarms without significant additional effort.

In contrast, a method based on artificial physics and derived from artificial life
is gaining increasing support. This method purports to create a dynamic set of
equations capable of being followed by given agents in a system which produce a
desired behavior of the swarm. The advantage of such an approach is that these
equations may be completely solved, yielding the stationary states of the system,

and the modes of evolution of the system. As long as the robots are capable of
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following the dynamic equations of motion, the method will provide the desired
behavior (Spears 1999).

Spears and Gordon (Spears 1999) report work on an artificial physics-based control
algorithm intended to be employed on MAVs . The central design condition is
the creation of a set of dynamic equations based on an attractive/repulsive force.
This force is of order r~2 and reverses sign at a given distance between two MAVs,
switching from an attractive force to a repulsive force. A modification of the system
in which a sorting behavior is employed allows the system to reliably create perfect
hexagonal and square lattices. This is the desired global outcome, and is accom-
plished using only local actuators and sensors, making the possibility of porting the
algorithm to a MAV realistic. This work has only been carried out in simulation

thus far; future work may include the use of these methods.

1.4. Swarm Engineering

This Thesis is complementary to both of the previous approaches. It is important
to be able to both create working robotic platforms and simulations. However, it
would seem to be desirable to be able to express the work in a format that allows
generalization and ease of implementation. Thus, we propose the formal field of
swarm engineering and use the remainder of this Thesis to illustrate it. We define
swarm engineering as a formal two-step process by that one creates a swarm of

agents which complete a predefined task.

Swarm engineering has two formal steps. The first step involves the generation
of a swarm condition. This is a condition which, when satisfied, will guide the
generation of a swarm of agents which is capable of carrying out the desired action
or actions. No specific method has yet been formulated for this step, and it is
largely problem-dependent. Many methods may be employed to carry out this
step including formal mathematical analysis, a generation of understanding of the
problem domain through simulation or fabrication of working models, or any other
general method. What must be understood in this step is the behavior of the
swarm in the problem domain. For instance, as we shall see in Part 1, transfer
of information about a plume should occur only in the upstream direction, rather
than the downstream direction, as the latter may confuse the entire swarm.

This first step is extremely demanding in its requirements, however. It requires
that the problem be stated in such a way as to permit the creation of swarm-based
actions. This means that the statement of the problem must be amenable to being
satisfied by distributed agents, rather than a single coordinated statement.

1 Micro-air vehicles
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EXAMPLE 1.4.1. Position-independent puck clustering is the process whereby an
initial set of pucks are clustered into a single cluster, whose position is not specified
ahead of time. This problem is simply stated, yet as we shall now illustrate, the
statement will often affect the proposed solutions, making this expression of the

problem insufficient.

Viewing the puck clustering problem as the generation of behaviors that bring the
pucks from smaller clusters to larger clusters implies that the robot should in some
way have some global knowledge. The robot should understand where the large
clusters are, and where the small clusters are, and behave in some way as to bring
the pucks from the small clusters to the large cluster. However, this articulation of
the problem does nothing to generate a swarm behavior, deferring to the generation

of a much more high level behavior.

We choose to view puck clustering as a behavior that causes more pucks to enter
than to leave large clusters, and more pucks to leave than to enter smaller cluster-
s. This expression leads to a general microscopic condition of each of the swarm

elements, which leads to the global behavior.

In general, care must be taken to avoid generating expressions of the problem which
focus on the macroscopic goal. Rather, the expression should be centered around
the microscopic goal, which may be satisfied by the agents of possibly differing
designs.

The second step in swarm engineering involves the fabrication of a behavior or set of
behaviors that satisfy the given swarm condition. If the system is understood well
enough to generate a veritable swarm condition, the generation of a swarm behavior
is often times straightforward. For instance, if the swarm condition is that robots
must stay in close proximity, it is easy to generate sensors and actuators to satisfy
this.

The goal is to create one of any of a set of behaviors which provably fulfills the
swarm condition. Once this has been accomplished, questions about the efficiency
of such approaches may be asked. However, at this point, the goal has been achieved
and the new goal is to improve the performance of the algorithm, not to generate
the initial behaviors.

Swarm engineering is similar in its goals to behavior-based group robotics (Mataric
1993). In both approaches, the goal is to generate a predefined group behavior.
However, in behavior based group robotics, the approach is largely intuitive, and
the process is complete when a single working prototype system has been generated
(Goldberg and Mataric, 1997). The goal of swarm engineering is to produce a

general condition or set of conditions which may be used to generate many different
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swarm designs any of which can complete the global goal. Once this condition or set
of conditions is generated, specific behaviors which satisfy this (these) condition(s)
may be generated, with absolute certainty that these will yield the desired global
behavior.

Thus, swarm engineering consists of two related steps. The first step is to propose
an expression of the problem which leads to a set of conditions on the individual
agents which, when satisfied, will complete the task. The second step is to produce
a behavior or set of behaviors for one or many robots which accomplishes these
requirements. We shall investigate, in the next three Parts, three independent
problems which may be tackled using swarm-based techniques. In the first Part, no
general theory has been formulated, but a sufficient understanding of the domains
in which a swarm will be advantageous as well as the condition for such a swarm
to be effective is created. The second and third Parts generate a succinctly stated
theoretical swarm condition. However, the swarm conditon of the third Part suffers
from the effects of random changes. We illustrate a method of circumventing this
difficulty.



Part 1

Plume Tracking






CHAPTER 2

Plume Tracking

2.1. General Considerations

A plume may be defined as a coherent structure made up of odorant particles
carried by a fluid flow from a single source, in which the rate of speed of the fluid
is much greater than that of the diffusion rate of the odorant. Plumes occur when
an odor-producing source is placed within some fluid flow. Odorant particles are
produced from the source and evolved into the fluid. Once the odor particles are
in the fluid, they are moved by two forces: diffusion and fluid flow. The effect
of the two varies with variations in Reynolds number. In fluids of relatively low
Reynolds number, the flow tends to be very laminar, and the spread of odorant is
typically governed by diffusion. As a result, the odorant tends to form a long cone
in space, spreading out as it continues downwind. However, in fluids of relatively
high Reynolds number, the fluid tends to be quite turbulent. In this case, the plume
will be shredded by the turbulence, and will consist only of relatively small packets

of odorant at various concentrations.

In natural systems, plume tracking is often critical to the survival of the individual,
providing information about prey and about potential mates. Depending on the
nature of the target, a number of different strategies have been developed over
evolutionary time to find the source of the plume. As one might imagine, the
differing evolutionary pressures and the requirements of differing environments and
purposes have created differing strategies for plume tracking (Zanen and Carde
1996, Belanger and Willis 1996, Murlis, Elkinton, and Carde 1992). Several flies,
for instance, are capable of tracking plumes by making use of an iterated scheme
in which they stop moving, integrate the approximate average wind direction over
many seconds, and then move off again in that direction. This seems to be a
response to the lack of a need to quickly determine the target position, and a

commensurate requirement to save energy.

When mating or searching for food, an insect typically has a large pressure to be
the first to the source. This pressure leads to behaviors that consume a great deal of
energy. These behaviors are often modulated by the instantaneous structure of the

plume, including the frequency of delivery of packets of odorant, and perhaps their
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detailed structure. Changes in behavior include increased or decreased frequency

of turns in the track and increased or decreased speed.

Much work has centered around the study of moth and fly plume tracking [za-
nen1996]. As opposed to the work on artificial systems, this work has been centered
around the specific neural functions required to get the animal to behave as it does.
In the remainder of this section, we will briefly review some of this work.

2.2. Autonomous Robotic Plume Trackers

A growing body of work is available which describes partially or fully autonomous
robotic systems carrying out olfactory tracking. In general the state of the art seems
to be partially autonomous robotic systems, and emphasis is usually placed on the
search itself, not its termination. Indeed, there is no specific consensus on which
details of the plume structure and dynamics are useful; this is a topic of current
research. Thus, it is not surprising that there are a large number of strategies for
plume tracking. One might argue that the number of strategies one might find or

try is as varied as those found in nature, a very large number of strategies indeed!

2.2.1. Enabling Technologies. A number of olfactory technologies are avail-
able for use in plume tracking system (Russell 1994). In systems where speed of
search is not an issue, one may use very slow olfactory technologies. In systems in
which the speed of search is an issue, one finds that sensitivity is often traded off for
speed, something that is not generally a problem in biological systems. A number
of different technologies have been developed, ranging from purely artificial systems
to remarkable fusions of real biological technology and artificial technology. We do
not attempt to be complete, but rather to give a brief flavor of what has been built.

An interesting odor recognition system has been constructed by Russell et al. (Rus-
sell et al. 1994). In this system, a quartz crystal is used as a primary odor recog-
nition device. This has the ability to change its intrinsic properties due to external
conditions. Thus, when treated externally with a chemical which preferentially
holds onto other volatile compounds, and then exposed to some or all of these com-
pounds, the resonance frequency of the crystal will change, indicating the presence

of at least one of the compounds of interest.

This system has a simple implementation and it is capable of being very accurately
tuned due to the resonance properties of the crystal. The transduction of the
signal obtained by the crystal is nearly instantaneous. Finally, depending on how
the crystal is coated, the sensor may be either broadly or narrowly tuned.

Despite these advantages, however, the system has a serious disadvantage. In order

to function properly, the sensor must be coated with a substance that attracts
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the odorant of interest. This coating, in order to be sensitive, needs to be able
to hold enough of the odorant to change the resonance properties of the crystal.
However, this can make the reaction of the sensor slow, and so unsuitable for use

in an autonomous robotic system.

A second type of technology makes use of the properties of polymers (Lewis et
al. 1996, White and Kauer 1997). Many polymers react to different odorants in
a variety of interesting ways. These effects may manifest themselves as changes in
the conductance, the density, the tensile strength, etc., of the polymer. These may
be used in a number of interesting ways, from changing the index of refraction of
the polymer to changing its size or conductive properties. Doping allows the last

two to be coupled in non-conducting polymers.

Polymer-based sensors have a number of desirable properties. These are broadly
tuned, and many have reproducible responses to low odorant concentrations. In
many cases, these sensors are very quick to respond fully to an odorant, and can
reach equilibrium in tenths of seconds. Finally, polymers may be applied to a num-
ber of surfaces, making the development of specialized sensors built into uncommon
parts of the robot simple. Thus, polymers may be applied to parts of the robot
commonly used to probe difficult-to-reach areas of the robot’s world (Lewis et al.
1996).

The main limitations of polymer sensors also derive from their physical structure.
Polymers are long chains of repeated units. When these chains break, the properties
of the polymer change, including their sensitivity to some substances. This change
is irreversible, giving the sensors a finite lifetime that may depend on the chemi-
cals they encounter and the odorant concentrations they are exposed to. Polymer
sensors seem to have a limited responsiveness. This responsiveness changes as the
polymers encounter different environments. Indeed, the optimal environment for
a polymer sensor may be one which is climate controlled, and isolated from the
rest of the world. Some labs are attempting to develop such systems on mobile
robots, but the work is in its infancy'. Some sensors require doping in order to
produce conductive pathways. This adds complexity to the sensor, as the dopants

themselves may have nontrivial properties (Lewis et al., 1996).

Some sensors derive from biological systems themselves. In some ways, they are
extremely well suited sensors for olfactory search for a source of specific moth
pheromones. These sensors are extremely sensitive, but are typically very specific
to particular substances, such as pheromones.

1An example of two places in which this type of control goes on are the Lewis group in the
Chemistry Department at the California Institute of Technology, and Cyrano Sciences, a company
recently formed to develop polymer olfactory sensors.
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In an elegant study, Kuwana and colleagues (Kuwana et al. 1995) removed the an-
tennae from a male silk moth (Bombyz mori) and installed them on an autonomous
mobile robot. These sensors were then used to carry out a variety of different algo-
rithms for plume tracking. As the sensors were shown to have activity proportional
to the concentration of the odorant (female pheromones), both edge-tracing algo-
rithms, and gradient-based algorithms could be used. The beauty of these sensors
is that they are already engineered for a variety of environments commonly encoun-
tered by the moth, and need no further engineering. One drawback is that they
cannot be further engineered, and so their properties are unalterable, barring any

genetic engineering or related work.

2.2.2. Tracking Strategies. Along with the different types of sensors come
different types of search strategies. These strategies are widely varied, and each
strategy is dependent on the particular olfactory technology available. As the de-
pendence is quite strong, the group defies classification, except in two areas. The
first is the set of strategies that use wind direction, and second is the set that
doesn’t. A possible subgroup is that which uses dynamic properties of the odorant
packets sensed by the robot. However, only one group (Grasso et al. 1996) has
reported the possible use of this. Airborne plumes typically move too quickly to
make use of this data.

2.2.2.1. Strategies Utilizing Wind Direction. The most successful strategies in
plume tracking are those that utilize wind direction information. This piece of
information is so important, that the lack of it can be the main reason for failure.
Despite the great need for this piece of information, the way in which it is obtained
can vary widely. Moreover, the accuracy of this information is less of a critical
issue than one might expect, and four directions can normally suffice for good
performance, though only two need be used.

Russell et al. (Russell et al. 1994) report on the design of a robot which is capable
of tracking a camphor plume upwind to its source. In these experiments, the wind
direction is used in conjunction with gradient information. Assuming that the
robot can reliably determine the center of the plume by following a gradient to the
center of the plume, the robot’s two behaviors include acquisition of an approximate
center of the plume by determining the differential concentration at two crystal-
based sensors spaced apart, and the following of the plume upwind, as determined
by an on-board wind vane. An obstacle avoidance behavior was included by adding
a sensitive bumper to the system and forcing the robot to make on-the-spot turns
when it came into contact with an obstacle, effectively avoiding it. The robot was

capable of reliably tracking the plume and avoiding obstacles from a meter away.
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Ishida et al. (Ishida et al. 1996) describe a robotic system in which an ‘active
probe’ is constructed. This ‘active probe’ uses a fan to draw air to the sensor,
effectively handling the boundary layer problem?, and the difficulty associated with
a limited amount of available odorant. Wind direction information is obtained by
rotating this sensor by 360° and recording the direction that has the largest reading.
Later versions included stationary directional sensors fabricated from four sensors
arranged in a cross, providing quicker but less accurate direction information. The
new design could also be used to find three-dimensional plume information, though

this information was unused.

2.2.2.2. Strategies Without Wind Direction. The simplest algorithm for deter-
mining the position of the plume source is one employed by Kuwana et al. (Kuwana
et al. 1996) in which the robot remains completely within the plume as it is car-
rying out its tracking behavior. The robot is inactive when outside of the plume,
and active when inside the plume. Its behavior is simple, forcing the robot to ex-
ecute turns when it approaches the edge of a plume, and to walk straight when
completely within the plume. This strategy has two main weaknesses. Firstly, the
robot cannot find the plume, but rather must be initially placed within the plume
in order for it to function at all. Secondly, half the time the robot will tend to
go downstream, and half upstream. A bad turn produced by noisy or unexpected

sensor data might cause the robot to move in the wrong direction down the plume.

A similar algorithm may be used to track saline plumes in water. Grasso et al.
(Grasso et al. 1998) report the construction of a robotic ‘lobster’ designed to track
saline plumes in water. The robot is endowed with sensors which can determine
the local concentration of saline. Using this information, the robot climbs a con-
centration gradient from the plume source. The speed of each motor is controlled
by the sensed concentration of the salt in the water. Turns can then be affected
by changes in the concentration. The robot, which initially moves from within the
plume, will also employ a backing behavior if the concentration becomes too low,
indicating that the plume has been exited.

Kazadi (Kazadi 1998) produced a robot (Figure 2.1) capable of tracking a plume
to its source by traversing the plume and executing turns upon loss of the plume.
The robot utilized resistive polymer sensors (Lewis et al. 1996) and simple analog
circuitry. Although these results were not published, a similar robot, which is

thoroughly investigated in Chapter 3, was built with a very similar design.

2The boundary layer problem refers to the tendency of an odorant to pass over a sensor without
directly interacting with it. This is a serious problem when dealing with odorants whose presence
is intermittent or sporadic.
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CHAPTER 3

A Case Stud in Plume Tracking

One of the most important and ubiquitous behaviors in the animal world is plume
tracking. This skill is arrived at in a variety of ways, and is required for a variety
of reasons. Some animals require effective tracking capabilities in order to locate
prey. Other animals find potential mates by taking advantage of pheromone plumes
emitted by members of the opposite gender. Plume-tracking strategies are varied in
the natural world. No single algorithm is universal. Many animals have ‘hardcoded’
tracking algorithms, while others have the capability to learn tracking and take
advantage of new and more efficient methods of tracking. Many animals will change
their tracking behavior in response to differing wind conditions. Though there is
a great variation in plume-tracking strategies, constants across all algorithms are
likely to be those characteristics of plume-tracking which will be required even in
a minimal algorithm. Understanding these minimal requirements will allow for the
generation of many varied plume-tracking algorithms, as long as these conditions

are met.

In this work, our goal is to elucidate the potential use of swarm-based methods
in plume-tracking. Our first step to this end is the generation of a set of minimal
conditions required to accomplish plume tracking. Once this is accomplished, we
will be in a better position to determine whether or not it is advantageous to
use a swarm at all. Generation of a swarm, once the possibility of an advantage
is discovered, will need to obey these minimal conditions, among possible other

conditions.

In this Chapter, we examine a legged autonomous plume tracking robot. The robot,
originally developed as a precursor to a true plume tracking robot, is capable of
detecting when it is in a water vapor plume and walking upstream to the source of
the water vapor. The capability of the robot is quite unexpected, as its development
was not intended to allow the robot to accomplish this task. We describe our current
understanding of why this occurred. We also briefly generalize the lessons obtained
in this investigation to the swarm regime, giving two minimal conditions a swarm

will need to obey in order to successfully track the plume upstream.
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3.1. asic Plume Tracker Design

Tracking a plume to its source is a difficult task, as it is highly affected by the
turbulence of the media and by the sensitivity of the sensors to both the media
and other odorants in the media. In air, a sensor that is quite sensitive is often
quite slow, and may exhibit hysteresis or a changing baseline in the presence of the
odorant in question. An autonomous agent tracking a plume to its source is required
to use one or both of the time-averaged behavior of the plume or its instantaneous
concentration to locate the source. When the agent moves quite slowly, its sensors
may be very slow without affecting the algorithm, and so sensitive sensors may
be preferred, despite their speed. However, when an autonomous robot moving
through air is used to track plumes in real time, the signal must be available and
stable in a matter of tens to hundreds of milliseconds, depending largely on the
scale of the plume and the speed of the robot.

Once a sensor has been built that is sufficiently fast and reliable to be able to
detect plumes in real time, the algorithm that tracks the plume must be built.
This algorithm must be able to handle the effects of turbulence, which include large
regions of space with no odorants, intermittent signals, and packets with different
properties. Asin all robotic instantiations, it is important to learn what information
is necessary for the search, and to make use of this information efficiently, adding
extra information only when necessary. This research is still ongoing, particularly
in the biological regime. For instance, the properties of odorant "packets" are being
considered as possible sources of information in the biological regime (Grasso et al.
1996). What information is encoded in those odorant packets, and how it is used

has not yet been generally agreed upon.

In general, most attempts at plume tracking have used the “PC on board” phi-
losophy. The assumption is that a great deal of processing is required to extract
enough data to track a plume, as the data used by biological systems (Grasso et
al. 1996) may be quite detailed and subtle. Data ranging from edge detection to
gradient calculations might be used to track plumes. The “PC on board” approach
has the advantage of making it easy to prototype different schemes quickly, as the
strategy may be programmed conveniently and tested. However, this requires the
robot to carry a load of computational equipment that may not be more effective
than simple analog circuitry with minimal controllers; it is not clear that extensive
computation is required to lead a robot to an odor source. Rather, it is postulated
that a simple reactive robot might be capable of tracking an odor to its source,

requiring neither explicit memory nor formal computation.
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The robot we use is a reactive walking robot with two different olfactory sensors
located at the end which faces front when the robot walks (Figure 3.5). As the
fabrication process for these sensors is in its infancy, no two sensors are identical.
These sensors, are the resistive polymer sensors described in Chapter 2. The robot
uses a reactive strategy which is identical in design to that developed by Kuwana et
al. (Kuwana et al. 1996) which was described in Chapter 2. As with their model,
the expected behavior is to remain within a plume and walk upstream or down-
stream, bouncing back and forth from edges of the plume, with equal probability of
walking in either direction. The observed behavior, however, is quite different from
that expected. In actuality, the robot executes turns often, preferentially moving
upstream, and finding its way to the odor source 70% of the time, regardless of
initial direction. Herein lies the mystery which inspired this study. Clearly some
property of the sensors and/or circuitry biases the robot sufficiently so as to make
it likely that in each instance, the robot finds its way to the plume source. The
challenge is to understand the mechanism. Once this is understood, the question is
whether or not this property may be exploited in the design of robot plume tracking

swarms.

3.2. Description of the Sensors

An odor sensor must fulfill a number of requirements in order to be useful for
robotic olfaction. It must respond differently to a wide variety of odorants. It must
be relatively fast on the behavioral time scale of the agent employing it. It must
also be lightweight, be robust, and require little power.

In this section, we briefly describe a set of sensors which seem to fulfill these require-
ments. These sensors have another desirable property derived from their physical
deposition method — they are sensitive to the direction of wind. In Section 4, we
will see that it is this property which leads to the ability of our robot to find an

odor plume’s source.

3.2.1. Resistive Sponges. Sensors used to track odor plumes in air must
have the ability to react reliably to airborne odorants. Moreover, they must react
to differing intensities of odorants fast enough to allow the robot to react in real time
to changing local concentrations of odorant. In addition, the sensors’ range must
be sufficiently wide for all regimes of use. This last condition is the most difficult to
fulfill in general, as many conventional sensors with acceptable sensitivities are slow

to react and have sensitivities which are dependent on environmental conditions.

A new class of polymer-based sensors has recently been made available (Lewis et al.

1996, White et al. 1997), and is under development in several laboratories. These
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sensors react to a variety of different odorants by altering their physical attributes
including audio resonances, fluorescence, and conductivity. The degree to which
their attributes change depends largely on the identity of the analyte, but is nonzero
for large classes of analytes. These sensors are surprisingly robust, generally reactive
(or broadly tuned), easily fabricated, and may be cobbled into arrays of different
sensors allowing individual identification of the odorant in question by making use
of the responses (both temporal and absolute) of the different sensors. A variant
of this sensor, developed by the Electronic Nose project at Caltech, is a passive
reactive resistor whose properties change when interacting with specific classes of
analytes. This resistor fulfills the requirements, as it is sensitive when properly
fabricated, fast in its response, broadly tuned, and passive.

The Caltech resistors are polymer-based resistors which act as sponges under the
influence of specific analytes. Although these polymers react to a wide range of
analytes, their responses to each one is variable, providing combinatorial signatures
across many polymers. These resistors are doped with carbon black . This doping
produces a conductivity much greater than the natural conductivity of the poly-
mer. The conductivity is dependent on the absolute density of carbon black in
the polymer. When the polymer expands under the influence of an analyte, the
carbon black granules separate, and the conductivity decreases. On the other hand,
in response to some analytes, some polymers will contract, and this will tend to
increase the conductivity of the polymer. Thus, an analyte may be detected by an

increase (or decrease in some cases) in the resistance of the sensor.

In the laboratory, when generating control strategies for robots, one wishes to avoid
the complexity of odor identification. One would rather use a simple sensor that
reacts reliably to a given odor not normally found in abundance in a laboratory
environment. As these experiments are not carried out in a wind tunnel or a lab
with a separate air supply for test objects, odorants employed must be easy-to-make
and non-toxic. Moreover, one would prefer a sensor whose electronic interface is
relatively simple. Water-vapor plumes generated with vegetable steamers and fans
were used for this study. The sensors used were poly N-vinyl pyrrolidone based
resistive sensors. The design and cost overhead for the plume is minimal, and

mimics wind-blown odor plumes in natural systems.
In resistive sensors, the dynamic variable is the resistance. This will change in the

presence of the object or phenomenon being detected. One attractive element in a

LA form of carbon in which the carbon is a blac powder, a conductive substance which may be
mixed into gels and polymers.



3.2. DESCRIPTION OF T E SENSORS 27

polymer-based sensor is its ability to give reliable —?2 readings for identical concen-
trations of analyte. This allows one to measure the concentration of an analyte no
matter the resistance of the sensor. Since fabrication of the sensors is in its infancy,
and no two fabricated sensors are identical (within any reasonable tolerances), this
is a nice property to base sensor circuitry on. In these experiments, we employ
a set of simple four-op-amp-circuits that automatically match the baseline resis-
tance of a given sensor. This baseline can then be compared to the instantaneous
resistance, providing a measurement of the analyte concentration change. In our
trials, we restrict this to one well-known analyte, assuming that all others have a

fairly constant concentration which may be ignored.

3.2.2. Switching Properties of Sponge Resistors. The behavioral prop-
erties of a robot are a direct reflection of the properties of its sensors and their
interaction with the environment. The sensors exhibit behavior that depends on
the direction from which the wind is blowing. In order to understand the behavior
of the robot, we must first understand the sensors’ behavior thoroughly.

The relevant properties of the sensor to our plume tracking robot are the ability of
the sensor to detect airflow, and its dynamic properties in the presence or absence
of wind. Most important is the speed with which the signal changes state (i.e., from
on to off or off to on).

The speed of wind near and around this sensor is a strong effector of the sensor’s

adaptation characteristics. In the absence of wind

2Sensors are characteri ed by their change in resistance, as the ratio of the change in resistance
to the whole resistance is relatively constant when the concentration is low. The aging of the
resistors ma es measurement of the exact resistance an unreliable re ection of the local odorant
concentration.

A set of circuits containing only four operational ampli ers.
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This graph gives the response of a typical polymer-based sensor after
a brief exposure to water vapor in a system with sustained air ow. The sensor s
resistance much more uic ly rebounds to its baseline value. This response is fast

enough to be useful for behaving robotic systems.

in which the baseline resistance is quickly recovered (Figure 3.2).

This dependence on the presence of wind is a key factor. The fast response allows
one to use simple thresholding circuitry to determine whether an analyte is present.
In its absence, we would need to determine the time-dependent derivative of the
sensor response in order to determine whether or not we are currently sensing the
odor; we would also require one bit of memory indicating the state of the boundary
we just crossed.

The sensor’s properties are not only dependent on the presence of wind, but also on
the direction of wind with respect to the face of the sensor. As sensors are coated
with the polymer/carbon black solution only on one side, this is expected . This
effects primarily the decay rate after presentation of an odorant. In two typical
responses, a sensor facing upwind (Figure 3.3) will have a decay rate which is less

than half that of the same sensor facing downwind (Figure 3.4).
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identical or comparable speeds in any kit. This produces a ‘limp’, making the robot
trace out a large circle, rather than follow a linear track, as designed. The second
drawback is the very limited space available in its cargo bulb, making the circuits
by necessity, small and simple. This limitation drives the design of simple analog
circuits with limited processing, and led to the development of the simple strategy
to be discussed.

This robot, built from a toy it produced by the le it company,
contains only two sensors oriented at a from each other, with their mid-angle
located along the robot s apparent line of motion. The robot is powered by two
DC motors, each controlling one set of legs , and has a simple combinatorial logic

controlling these motors.

Each sensor is fabricated as described in Appendix A. It consists of a printed circuit
board with two conductive leads between which the polymer/carbon black solution
has been deposited. Each sensor is oriented with its coated side facing © from the
direction of forward motion of the robot, and oriented ° from the other sensor.
It is partially occluded from behind or the side by the robot’s cargo bulb.

The resistance is read via a voltage divider, and compared to an adaptive voltage
which represents the time-averaged sensor reading. The circuit is given in Figure
3.6.
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10kQ L

This is the sensor circuitry of the robot. The robot consists of
two sensors, each with this circuitry. The output of the two circuits is fed into
combinatorial logic, which determines the control signals for the motor driver.
The circuitry consists of three parts a voltage divider, a slow voltage follower,

and a comparator. This provides binary sensor information.

This sensor circuitry consists of three major parts. The first part is a voltage divider
made up of the sensor, which is essentially a variable resistor. The sensor resistance
varies with the concentration of odorant — linearly at low concentrations — and with

substance being detected.

The second part of the sensor circuitry is a slow voltage follower. The capacitor
charges through a resistor, making the time for charging (discharging) ex-
tremely long, depending on the value of the capacitor. In our experiments, we used
a capacitor, making the time constant sec, a long time on the time scale
of the robot’s actions. By contrast, typical resistance changes of the resistor were
greater than a change, and could occur completely in sec. This means
that the voltage measured at the capacitor is virtually unchanged for complete re-
sistance cycles which take a matter of seconds. On the other hand, lasting changes
in the baseline resistance of the sensor, which would persist indefinitely , would be
‘followed’ by the slow voltage follower, providing an accurate measurement of the
time-averaged behavior of the sensor.

The third part of the sensor circuitry is a comparator, which compares a ratio of
the voltage across the sensor with that at the capacitor. The ratio is chosen to

These sensors tend to have a monotonically increasing baseline resistance. The cause of this
resistance increase is not nown.
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be small enough that the sensor noise does not sporadically trigger a false sensor
signal. A signal, which is reflected by a rise in the voltage across the sensor, will
cause the comparator to register a higher voltage across the sensor, and so the
arrival of an odorant is registered. The comparator output is then fed into a PAL ,
which decodes the four possible states, and generates motor control signals.

The robot’s behavior is based on four possible sensor states, and is determined by
the current state. It does not employ any explicit memory in the generation of an
action. The four possible sensor states and corresponding behaviors are given in
Table 3.1.

Sensor Signals Robot Behavior
No signals. Do nothing.
Left sensor signal. Turn right.
Right sensor signal. Turn left.
Both sensors signal. | Move forward.

The four sensor states left , each correspond to a uni ue behavior.
These actions are determined entirely by the current sensor state of the robot,
and is not determined in any way by the previous state of the robot.

Although this strategy does not process any information about the robot’s current
state or history, it is capable of keeping the robot within the plume. The robot
is at an edge when one sensor is on and the other off. The robot then executes a
turn, walking back into the plume. There is no explicit directionality built into this
design, however.

3.4. Trials

The robot was run through several trials in a simple plume generated in the labo-

ratory. We now describe the trials and performance of the robot in our system.

3.4.1. Plume Generation. The robot described above was tested in a plume
made from off the shelf parts, in an attempt to include as much turbulence and
noise in the plume itself as in a realistic case. In order for a robot to work essentially
off-the-shelf and in a wide variety of climates and situations, it must have the ability
to work in a less controlled environment than that available in a wind tunnel. Thus,

our plume was generated in open air from a steam source.

AL is an acronym for rogrammable array logic.
The robot is a Mar ovian embodied reactive system.
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This gure gives a schematic view of our plume generator. The
generator consists of two steamers within a columnating tent and a fan which
blows the air both through the tent and around the tent .

Figure 3.7 gives the design of our plume generating system. It comprises of two
vegetable steamers inside a small columnating “tent”. In our trials, the “tent” is
made of Plexiglas, although we have had success using paper, cardboard, and wood,
in the same configuration. A single fan generates an ambient wind speed of 0.5
m/s, and is at one end of the “tent”, pushing the steam out the other side. Figure

3.8 shows a plume being generated using this apparatus.

This is a picture of our apparatus and a steam plume it generated.

The steam plume has nontrivial structure, as it is generated in a medium of differing

temperature. Moreover, the quantity of steam produced by the steamers varies
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widely, despite continuous operation of the steamers. While the heat has artificially
increased the amount of water vapor in the air, this plume is qualitatively similar
to other “leaky” plumes.

The plume has a well-defined concentration gradient which extends both across the
plume axis and along it. Using the sensors described in Section 3.2, we are able
to measure contours of average plume concentration. Commensurate with Grasso
et al. (Grasso et al. 1997), we find that the plume consists of two regions. The
near region consists of high concentration odorant, whose concentration falls off
sharply at the edges of the plume, and whose average concentration decreases as
one proceeds downstream. As one proceeds downstream, the plume expands, and
the edges become less sharply defined. The time-averaged concentration decreases
smoothly while the instantaneous concentration becomes highly variable. Despite

this, the time-averaged plume remains well defined over several meters.

3.4.2. Robot Trials. Five hundred trials were run during which the robot
was placed in the plume and allowed to behave. These trials were begun at twenty
different positions located within the plume. These positions were located at inter-
vals of one foot both across the plume and downstream along the plume axis. Each
row consisted of five positions. Thus, the robot’s initial positions covered two feet
across the plume, and four feet downstream. At each position, twenty trials were
run. Four initial orientations of the robot were employed: upstream, downstream,
and each direction transverse the flow direction. The robot was allowed to behave
for ninety seconds, during which the aperture of the “tent” would either be located
(the robot entered the aperture), or the run would be declared a failure.

Our data is given in Figure 9. Along the plume center axis, as many as 80% of the

runs were successful.
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The success of the individual run is weakly dependent on the initial orientation of
the robot . This indicates that the ability of the robot to locate the source was
not heavily affected by its initial orientation, but is rather a result of the long-term
behavior of the robot. Notably, the behaviors that led the robot to the source
occurred only at the edges, as no turns other than the built in “limp” of the robot
occurred while the robot traversed the plume.

Interestingly, as the robot’s initial position is moved further downstream, the robot
seems to have an increasing tendency to be successful in finding the source when its
perpendicular distance from the plume axis is greater. This is commensurate with

the expectation that further downstream, the plume will spread out widthwise.

During our trials, two general behaviors were observed which tended to bring the
robot to the source when it was headed downstream.

1. The robot would approach a boundary and turn upstream, despite facing downstream at
the time.
2. The robot would turn directly upstream from its given spot, and wal directly toward the

plume.
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Recall that the polymer sensors may be conceptually understood as sponges capable
of absorbing specific analytes from the fluid in which they are placed. While these
sponges are capable of quickly adsorbing analytes, they have a much lower tendency
to release analytes once they are adsorbed. The probability is dependent on the
concentration of analyte in the surrounding medium. Thus, as the air speed is
increased, hence increasing the ability of the air to remove the analytes surrounding
the polymer, the ability of the polymer of off-gas analytes increases.

As the polymer’s off-gassing behavior is heavily influenced by wind traveling over it,
the increased resistance may be retained over a long period of time when ambient
wind is blocked. Thus, a resistor leaving the plume, which should normally return
to a low resistance quickly, may retain its high resistance when the robot blocks
the wind that otherwise would remove odorant from around the sensor. It may also
retain its high resistance if the sensor itself is facing downstream. Moreover, when
a sensor enters the plume and is again facing downstream, or is in the “shadow” of
the robot, it may not turn on until it is out of the robot’s “shadow” and/or facing
upstream again, depending on the local concentration of odorant.

We can now understand why the robot turns upstream so readily when placed
in the plume. Note again that both sensors are placed at ° from the direction
of travel. This means that when the robot is facing downstream by less than

°, the upstream sensor is facing upstream. Moreover, the downstream sensor
is facing directly downstream, making its dynamics considerably slower than the
other sensor. In this scenario, the downstream sensor’s resistance will return to
baseline more slowly than the upstream sensor’s even when the downstream sensor
leaves the plume rst. This will, in turn, cause a turn of type one, leaving the robot
facing upstream.

The second type of unexpected turn is of type two. This turn is caused by the
upstream sensor turning on before the downstream sensor turns on. Note that
while the robot is not facing directly upstream, the downstream sensor is partially
or completely occluded by the robot in addition to simply facing downstream. This
makes the upstream sensor turn on exclusively, and the robot will turn. Note that
this does not happen in all trials. It would seem that the occlusion is only partly
successful, and in 70% of trials, both sensors will turn on, making the robot move

directly forward.
Failures of the robot are generally of two classes.

1. The robot could not detect the plume and stopped downstream. The robot would occa-
sionally sporadically spin in both directions as a single sensor was triggered.
2. The robot wal ed completely out of the plume.
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This study illustrates how two important pieces of information, the local wind
direction and the plume edge, may be used when tracking a plume to its source.
More notably, we have fashioned a robust algorithm out of only these two pieces of
information, and have obtained the relevant information from a single sensor. The
way that this information is acquired, by physical properties of odor sensors or by
mechano-receptors located on hairs on the agent’s body does not seem important.
A stochastic walk with a higher probability of moving in the right direction will
eventually end up at the target. Hence, simple strategies that keep an agent from
losing the odorant and at the same time move the agent upstream would seem to
be all that are required. The diversity of natural plume tracking systems serves to
illustrate this point. These strategies are largely different, but all seem to include
some knowledge of wind direction in quickly moving systems in air. On the other
hand, the exact strategy for finding the source varies from species to species. We
now believe we understand why information about wind direction is so ubiquitous
in search strategies, but any other specific strategy element is not. We would
be interested to find a biological agent that uses a similar strategy to that we’ve
illustrated.

In generalizing this result to a swarm, one design parameter must be that the swarm
is reactive to wind direction. This means that, at least at the lowest level, the robots
making up the swarm must be reactive to wind direction, or employ some method
of search that uses this piece of information in some way. As we have noted, the
plume structure itself has embedded in it information about wind direction, which
may be exploited without the use of explicit wind direction sensors, or sensors which
are preferentially responsive, as in this study, to odors arriving while the sensor is

facing upwind.

In the next Chapter, we turn to a general class of algorithms based on exploiting the
geometric properties of spirals in finding plume sources. We find that the algorithm
is capable of tracking the plume to its source by executing spirals, both explicitly

and implicitly using wind direction.



CHAPTER 4

S iral ased Plume Trackers

In the last Chapter, we presented a simple plume tracking algorithm which was
surprisingly successful. It was capable of tracking a plume upstream, an extremely
surprising experimental fact. The robot was not originally designed to be capable
of tracking the plume, but it was not only capable of exactly that, it also was
capable of recovering from an initial downstream-pointing initial state, which was
even more surprising. The interesting part of the study was the explanation of this

behavior, which found its root in the physical properties of the sensors employed.

In this Chapter, we present a new plume tracking algorithm based on a spiraling
behavior. This behavior is based, initially, on the presumption of a single source.
The algorithm demonstrates good line-following behavior, which can be generalized
to plume tracking, inasmuch as a plume may be considered to have the general shape
of a line, which need not be straight. Various parameter variations are explored,
generating a good understanding of the algorithm. Of particular importance is the
understanding of the realms of applicability of this algorithm. Real robot trials are
presented, although the presentation is anecdotal in nature; further wind tunnel-
based trials are planned for a later study. Lessons for our eventual leap to a swarm
implementation are discussed at the end of the Chapter, and lead into Chapter 5.

In this Chapter, we utilize two sources of data. One is derived from real digitized
plume data obtained in a water plume using flourescing dye (Cowen and Chang
2000). The second is obtained from a simulated plume in which odorant is generated
in the form of discrete “puffs” which propagate under the influence of a simulated
wind. The use of both models is an important step toward the verification that the
simulated data sets perform well enough to represent viable data for extension of
plume tracking simulations to behavioral regions that are inaccessible to simulators
due to a lack of experimental data. We compare the effects of varying parameters
in both models. We view the generation of similar behaviors under such variances
to be justification that the important details of the plume dynamics are captured

with enough accuracy to validate the use of the simulation in similar regimes.

41
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4.1. asic Spiral Algorithm

The basic spiral algorithm is designed according to the desire to develop a minimal
algorithm to bring an agent from its current position to the source of a plume,
without requiring the agent to be initially near the plume. This algorithm, in its
basic form, does not require any knowledge other than local odorant intensity, but
may be easily altered to include wind direction of various levels of resolution in
order to improve efficiency. It is also designed according to an absolute lack of

tolerance to failure, a condition we can later relax.

Some applications of this algorithm require that a total lack of tolerance for failure
be adopted. That is, these applications, such as the local search of a desert ant for
its nest, absolutely require that, in a finite search time (which need not be short),
the agent in question will obtain the location of the source of the plume. Therefore,
we need to equip the agent with a search algorithm that will never miss the plume

from any starting position in an unbounded search space.

We may use a minimal efficiency condition in our design. This is that the algorithm
should produce a track which does not cross itself. This requires us to have a
generalized spiral algorithm. A generalized spiral algorithm is any algorithm which
produces a basic movement at the center of an outwardly growing path.

For instance, one might create a triangular motion in the center of the track, and
create increasing triangles around that original triangle. Inefficiencies in agent
locomotion occur if we use patterns with corners or sharp turns. Thus, we settle

on a simple circular spiral algorithm.

The motivation for use of the spiral algorithm is twofold. First, the algorithm is
guaranteed to find the source of interest, provided the size of the spaces between

loops does not exceed the size of the object in question. Second, rather small
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modifications of the algorithm can create plume tracking behaviors that are highly

robust and quite efficient in the right circumstances, as we shall see.

We begin with a simple example. In the most benign form, a plume may be thought
of as a line. In this case, the simplest tracking behavior is one in which the agent
moves forward when in contact with the line, and executes a turn when contact is
lost, reversing the direction of the turn at each successive loss. This will provide

the line following behavior given in Figure 4.1.
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may find itself far from the plume due to saturation of sensors or a random variation

in the plume’s trajectory. If this occurs, the agent will be unable to recover.

Later, after awind shift

>

Plume Lost

There is a movement which gained significant momentum the 1980s after a seminal
paper by Rodney Brooks (Brooks 1986) and is still ongoing to make robots simple,
and to somehow learn how to do complex things with these simple robots. The goal
of the present work, along a similar philosophy, is to report on the development of a
particularly simple but suprisingly robust method of plume tracking which is simi-
lar in spirit to the algorithm just considered, but also quite robust. We investigate
three different algorithms, all of which correct the fault of the line-following algo-
rithm. These are the basic spiralling algorithm BS | the mazximum-only switching
spiralling algorithm SS , and the wind-based spiralling algorithm WBS
We explain each in turn.

4.1.1. The asic Spiralling Algorithm. The BSA utilizes two behaviors.
The first is the basic spiral, while the other is a straight-line tracking. In a basic spi-
ral, the agent initially begins a clockwise or counterclockwise spiral. Upon meeting
a trail of interest, the agent travels in a straight line through the trail. When the
trail has been traversed, the agent reverses its direction of spiral and reinitializes
the spiral. The result is a set of segments of length comparable to the trail length,

assuming that the agent executes tight turns.
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