SELF-ORGANIZATION IN LARGE POPULATIONS
OF MOBILE ROBOTS

by
Cem Unsal
Thesis submitted to the Faculty of the
Virginia Polytechnic Institute and State University
in partial fulfillment of the requirements for the degree of
Master of Science
in

Electrical Engineering

APPROVED

Nl S

A.S. Bay, Chairman

‘ fidllperr T~ Basrmo— M@/@L

W. T. Baumann - . F. 'Van Lyﬁdingham

May 1993

Blacksburg, Virginia



LD

654
V824
1993
usiy
CL



SELF-ORGANIZATION IN LARGE
POPULATIONS OF MOBILE ROBOTS

by
Cem Unsal

J. S. Bay, Chairman
Electrical Engineering

(ABSTRACT)

A homogeneous population of robots described as an Army-ant swarm is to be
realized for material transportation. Robots envisioned in the Army-ant scenario are
relatively small, independent autonomous mobile robots which can cooperatively carry
palletized loads. In this thesis, the agents are treated as a self-organizing system of moving
poinis. This characteristic makes the Army-ant swarm a modular, adaptive and dynamic
system.

Several algorithms for spatial self-organization of the robots are given. Self-
organizing agents can arrange themselves geometrically in two- and three-dimensional
space using only local information about teammates. The method is a distributed one: each
agent uses only the information obtained by its own sensors. Algorithms are based on
feasible assumptions. It is also shown possible to divide such a population into different

groups around goals by communicating minimal data. Data transfer has a broadcast

characteristic.



Behavioral self-organization in the Army-ant scenario is also investigated.
Activation and inhibition relations between robots determine the behavior (position in a
behavioral space) of the agents, while in spatial self-organization force fields are in effect.
Several problems which may be encountered and the solution to some of these problems
are outlined. Methods for communication and cooperative decision systems —such as
coupled van der Pol oscillators— in finding and carrying the pallets are proposed. Sensors
and communication systems which may be used in the Army-ant scenario are also briefly

discussed.
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1. Introduction

1.1 Motivation

Multirobot systems are becoming more and more significant in industrial,
commercial and scientific applications. The number of robots currently being used in
industrial projects is increasing fast. The rate of scientific and industrial development
made way for the use of robots in many fields.

Control and communication methods for multiple-robot systems have been
investigated by various researchers. Problems such as coordination of multiple
manipulators, motion planning and coordination of multirobot systems are generally
approached with a central (hierarchical) controller in mind. Until recently, most of the
multirobot systems have been "fixed" systems without autonomously moving elements.
They may consist of several types of robots or manipulators.

On the other hand, there is extensive research carried out on autonomous mobile
robots. Many solutions to problems including path planning and obstacle avoidance were
proposed and tested. However, most of the research on autonomous mobile robots was
based on a single robot interacting with its environment.

Currently, there is an increasing interest in multiple autonomous mobile robot
systems due to their applicability to various tasks such as space missions, operations in
hazardous environments, and military operations. Such systems bring in the problems of
both multiple robot coordination and autonomous navigation. Again, multiple mobile
robots may be controlled by using a hierarchical (central) controller. However, tasks
mentioned above obviously require many robots which are able to navigate autonomously.
It is difficult to use a central controller or a hierarchical method, sometimes because of the
large distances, sometimes due to robustness and versatility problems. The advantages of a
decentralized system will be outlined in the next section where we introduce the Army-ant

scenario.



1.2 Context

With a name like yours, you might be any shape, almost.
Through the Looking-Glass, Ch. 6, LEWIS CARROLL

The Army-ant scenario envisages a large population of identical mobile robots
which are able to find and carry a relatively small number of palletized payloads from place
to place. The locations of pallets are defined by beacons whose signals can be picked up
by robots. Using the beacon signals, robots are able to group around a pallet and self
organize to lift and carry it to its destination. After set-down, the robots will disperse to
continue the operation.

Army-ant robots will be relatively small in size, and individually incapable of
carrying the load; but they will be able to act cooperatively as a transporter, similar to ant
colonies in foraging activity. We treat the Army-ant robots as a self-organizing system,
because self-organization —an important characteristic of most insect societies— has
many advantages, as we describe in depth in the next chapter. A self-organizing system
can change its structure as a function of its experience with the environment, and may
accomplish complex tasks with simple individual behavior. Changes in the individual
characteristics can influence the overall behavior of the system. On the other hand, the
environment may cause the system to generate a different task, without any effect on
individual behavior.

Army-ant robots would also have the following characteristics:

o All robots are physically and functionally identical. Therefore, they can be
manufactured inexpensively in large numbers, which would be the case.

« This homogeneous population of robots is a modular system. Any robot can replace
any other robot. In case of failure, the absence of a hierarchical system would prevent
total system failure. Furthermore, new agents can be added to the team whenever

necessary.

» Army-ant robots are designed for a broad range of tasks, not for a specific task as is
the case in current multirobot systems. They can be adapted to various tasks with

minimal structural changes.



e Individually, robots have limited capabilities and limited knowledge of the
environment. However, as a swarm, they can exhibit "intelligent behavior". Simple
individual behavior will result in an intelligent swarm behavior provided that some type

of direct or indirect communications between agents exists.

e Being a homogeneous and self-organizing population, Army-ant robots form a
dynamic system. They are able to (cooperatively) adjust the team size to the size of the
payload. The capabilities of a team (other than physical abilities such as lifting the
pallet) do not depend on the number of agents since there are no hierarchical

interactions between agents.

Obviously, most of the characteristics listed above cannot be achieved by using a
central controller. The number of agents and the dynamic character of the teams make it
impractical. Populations of mobile robots using decentralized control methods have many
other applications. Mine sweeping, maintenance work in nuclear power plants, planetary
surface missions and multisatellite defense systems are areas where teams of large numbers
of autonomous agents are potentially advantageous. Some of the methods we describe for
the Army-ant scenario in this thesis are also suitable for the above mentioned applications.
The Army-ant approach differs from the ongoing research on multiple mobile robots in its
design. We try to realize a complete system designed for a practical task, instead of
creating a generic system to study the problems of multiple mobile robot populations.

Figure 1.1 Material transport using Army-ant robots



1.3 Scope and Structure of Thesis

Chapter 1 introduces the Army-ant scenario. The definition and advantages of self-
organization, several self-organizaton examples in nature are given in Chapter 2, as well as
previous and related work in the fields of multiple (mobile) robots.

We divide self-organization in Army-ant robots into two chapters: spafial and
behavioral self-organizations. Spatial self-organization refers to an reactive method of
treating the agents as a many-body system interacting according to specific laws of
gravitation. By defining a set of gravitational rules, it is possible to force agents into
geometric arrangements, or to divide them into groups/teams. On the other hand, in
behavioral self-organization, Army-ant robots' behaviors are defined on a behavioral
space, where the whole system's state consists of individual behavior modes of all agents.
Changes in this space are due to the activation/inhibition forces generated by robot
behaviors, beacons, and environmental conditions. State-space in behavioral self-
organization can be "visualized" as a multidimensional space where the dimension is
related to the number of behaviors, as opposed to the spatial self-organization dealing with
two or three "physical" dimensions.

Chapter 3 deals with spatial self-organization, where geometric arrangement of
agents, team formation in two- and three- dimensional spaces, and related assumptions on
the knowledge and influence of robotic agents are investigated. A behavioral model of the
robots, system-level analysis of the Army-ant problem and several aspects of team
coordination are discussed in Chapter 4. As examples, several problems which may be
encountered in the Army-ant scenario and solutions to some of these problems are
outlined.

Chapter 5 is devoted to technical assessment; necessary devices for communication
and sensing are briefly described. Feasibility of their application to our scenario is
investigated. Chapter 6 draws conclusions from the work and makes suggestions for
further research. Partial listings of the source code and screen snapshots of the simulation
programs are given in the Appendix. The works we cited in the text are listed in the

Bibliography.



2. Review of Literature

In this Chapter, we give an overview of topics related to this thesis. Some topics
discussed here will be mentioned in more detail than others, since they are more closely
related to our research. We organize this chapter as collection of short introductions.
Instead of simply stating the literature, we will comment on some aspects of the
emphasized topic. Furthermore, we will also investigate possible future applications and
state the differences from the approach taken in this work, whenever necessary. It is our

intention to keep this chapter as interesting as possible.

2.1 Self-Organization
2.1.1 Definition

The term "self-organization" (or "self-organizing system," to be precise) is first
defined by Farley and Clark of Lincoln Laboratory in 1954 [39]:

A self-organizing system is a system that changes its basic structure as a function
of its experience and environment.

This definition clearly relates to today's "hot" topics of adaptive control, neural networks
and genetic algorithms. We will also dwell upon neural networks and unsupervised
learning briefly at the end of this chapter.

A self-organizing system has three main characteristics (or functions): affect, telos!
and effect [33]. To explain these three functions, we will use our Army-ant scenario as an

lUltimate end, in Greek;, the meaning here is 'evaluation.'



example: A robotic agent in a multirobot network observes its environment (affect), using
these observations decides what to do next (telos) and executes according to its decision
(effect). In a population of Army-Ant robots dispersed in an area where several loads are
located, agents recognize the situation by observing the signals coming from other agents
and "goals" (affect), compute the direction of movement at each step (telos) and move
(effect). On a large scale, the whole population receives signals (affect) and, guided by
decision algorithms (telos), acts (effect).

One encounters self-organization in many fields. Biology (insect societies,
ecosystems), chemistry ( thermodynamics), computer science (decision algorithms, neural
networks and fuzzy logic), geology (tectonic movements), sociology (communication and
migration) and economy (socio-spatial systems) are some areas where self-organizing
systems are encountered often.

Nicolis and Prigogine [25], defining self-organization in nonequilibrium systems,
stated that self-organization emphasizes the large scale coordination processes at many
levels. Nonlinear processes and nonequilibrium conditions play a significant role in these
processes.

Kauffman [19] believes that self-organization, an "inherent property of some
complex systems," may be responsible for biological evolution along with selection. His
computer models suggest that certain complex biological systems tend toward

self-organization.
2.1.2 Characteristics of Self-Organizing Systems

Self-organization has three important characteristics. First, a self-organizing
system can accomplish complex tasks with little and simple individual behavior. Secondly,
a change in the environment may influence the same system to generate a different task,
without any change in the behavioral characteristics. Finally, any small differences in
individual behavior can influence the collective behavior of the system. Therefore, social
complexity of the system is compatible with simple and identical individuals, as long as
communication among the members can provide the necessary amplifying mechanism. For
example, as we mention in Chapter 4, our "swarm" of robotic agents gathering under a
palletized load, can change their operation "phase" by a signal from any member of the
group. This can be achieved by defining specific communication mechanisms.



In a self-organizing system, individual behavior need not be changed in order to
have different collective behavior. This characteristic of self-organization is highly
advantageous for a swarm of robots since simple individual behavior can be achieved with

relatively cheap and simple designs.
2.1.3 Advantages of Self-Organization

What makes a self-organizing system advantageous over a preprogrammed,
deterministic organization is that the former is based on individuals/agents requiring
simple programming and autocatalytic communications. A large number of individuals can
be coordinated into a collective system interacting with environment. And as stated above,
this collective behavior will have an "adaptive" character. Such a system is therefore
simple, reliable and adaptive while only a few basic rules are needed to define individual
behavior and interactions.

Some animal societies and particularly social insects can achieve complex tasks
that are impossible to complete individually. We will state some examples in the next
section. On the other hand, simplicity (and homogeneity) of individual agents on a robotic
swarm decreases the cost of production and the likelihood of the breakdown.

Furthermore, breakdown of one agent will not effect the activity of the whole
robotic team, which may not be the case in a deterministic system such as a production
chain. The simplicity would also be in software as well as in hardware. In a deterministic
system, programs are highly complex, in order to operate in every possible situation
harmful to the system, and it is still impossible to foresee them all. However in a
self-organizing system, simpler programs can operate in unforeseen situations and adapt to
changing conditions. For these reasons, self-organizing algorithms which have only partial
(local) knowledge of the network are used to manage data networks of large numbers of
users.

Advantages of self-organization and the efficiency in self-organizing behavior of
some animal societies, as they became known, caused interest in the use of
self-organization in robotics. To quote Deneubourg and Goss [11]:

Engineers are often, consciously or not, prisoners of the Cartesian and scientific
positivist philosophy that dominates their education, and it is therefore not
surprising that robot designers have chosen to develop expensive, complicated,
deterministic robots, tailored to specific problems. We can now propose the



completely different approach of using teams of simple, interacting robots to
perform a wide range of tasks.

As engineering society becomes more interested in adaptive, decision-making
systems such as neural nets, fuzzy logic, etc., it is obvious that this approach will draw

more attention in the future.

2.2 Natural Systems

Some animal societies such as colonies of ants and bees, flocks of birds, schools of
fish, can be an inspiring model for a self-organizing robotic network. In this section, we

will summarize some interesting characteristics of above-mentioned animal societies.
2.2.1 Wasp Colonies

Deneubourg and Goss [11, 37], authors of many articles about self-organization in
insect societies, stated that the task organization in a colony (of bees and/or ants) appears
to be a distributed function which does not require a central organizer. Elementary
processes in insect societies can potentially be applied in coordination and
self-organization of robotic "swarms" formed by agents with simple local computational
properties.

It has been shown in [37] that elementary rules of individual behavior makes it
possible for a society of Polistes wasps to make efficient decisions when certain types of
external constraints are encountered, as well as to create complicated patterns. This, as we
defined in the previous section, is an important characteristic of self-organizing systems.
The model discussed in [37] is based on two different characteristics of individual
interactions: (i) hierarchical and (ii) thropic.

Hierarchical interactions guarantee that, when two bees interact, one assumes a
dominant role while the other is submissive?. Some form of hierarchical interaction is also
used in this research, as we attempt to define a coupled system of nonlinear oscillators in
order to create a simple decision system in Chapter 4.

2The hierarchical rank is related to the degree of mobility on the (honey) comb.



The thropic type of interaction controls the relationships between individuals and
the environment, especially with the brood. For example, when food supply is insufficient,
the intensity of the larval stimulation increases and consequently, the number of foragers
also increases. This type of process has also been observed in ants [10, 38].

2.2.2 Schools of Fish

Another interesting self-organized behavior is found in schools of fish. Hundreds
of fish, moving like a single organism, can disperse in a quick expansion in case of a
danger (in form of a bigger fish probably) and then group again to reform the school.
Schooling serves to reduce the risk of being eaten for a fish, since the probability of
detection is reduced by forming a school. Also even if a school is detected by a predator,
the odds of being eaten is still less for an individual fish [27]°.

Although most work done on schools of fish studied species of fish that are
consumed, some predators also form schools. If a member of the school finds food, the
other members can take advantage of the find. If the members of the school remain barely
in the sight of one another, the search area is at a maximum. Application of this idea to
populations of multiple mobile robots for searching pollutants, for planetary missions or
for detecting missile launches, is obvious.

Partridge [27] determined an interesting coordination in tuna schools. Tuna
schools of 50 or more members sometimes divide into smaller groups which consist of
between 10 and 20 fish. These fishes spread out along a curve very similar to a parabola
with concave side forward. Although achieving a regular distance between individuals
along a parabola is difficult®, that form provides a considerable advantage in hunting. If
the parabolic school swims parallel to its axis, any prey reacting to the curved school, will
be driven to the focus of the parabola, which is the most convenient place for surrounding

the prey.

3Although it might seem that a school made of thousands (or millions) of fishes would be highly visible,
the probability of detection of a school is not larger than a single isolated fish. The reason has to do with
the optical character of the medium. "Contrast" is highly important for distinguishing an object from the
background. Since scattering and absorption of light in water greatly reduces the contrast, maximum
visibility distance is 200 m., even in exceptionally clean waters. In the open ocean a predator's chance of
finding a school of one thousand fish is slightly greater than its chance of finding one fish.

Because distance and angle between each pair are different.



Fish schools do not have a regular geometric form; the structure is loose or
probabilistic and it results from each fish's applying a few simple behavior rules. First rule
is that each individual maintains an empty space around itself. In general, only one
neighbor at a time is at the preferred distance from a particular fish. (In a regular
geometric shape, neighboring fishes would be at the same distance.) Fishes also tend to
keep their neighborhood at a particular preferred angle with respect to their body angle’.
Most schools of fish are organized on the same lines: preferred distance and angle.

Experiments on pollock [27] showed that vision and lateral lines® are two
important senses fishes employ to match the speed and direction of other fishes. Blinded
fishes and fishes whose lateral lines are removed were able to school. But blinded fishes
swam farther from their nearest neighborhoods than pollock's ordinarily do, while fishes
with lateral lines removed swam closer to the nearest schoolmate. Only when a fish was
both blinded and had had its lateral lines removed it did fail to maintain its position in the
school. Vision seemed to provide the "attractive force" between members while lateral
lines provided the "repulsive force." Other research suggested that vision take precedence
in case of contradictory information.

2.2.3 Flocks of Birds

Flocks of birds are organized more or less the same way as the schools of fish.
Each member of the flock is attracted to the flock; at the same time, they are repelled from
other member in the vicinity by an obstacle avoidance "mechanism." Computer simulations
based on three simple rules, could create flocks of birds which seemed to correspond to
our notion of what constitutes flock-like motion [30]. In order of precedence, these
individual behavior rules are:

1) collision avoidance
i) velocity matching with nearby flockmates
iif) flock centering in attempt to stay close to nearby flockmates

3 Preferred distance and preferred angle are statistical values since the spatial relations among fishes
cgnange constantly as the school changes its direction and speed.
An organ sensitive to displacement of water.

10



2.2.4 Termites

Another highly interesting self-organization example is encountered in termites: the
periodic assembling of a nest by a population [22]. The nest building behavior of termites
consists of several distinct phases of construction. In the first phase, building material are
carried into the site and deposited randomly. This phase ends when preferred sites, which
are fewer than original deposits, emerge. In the next phase, material buildup continues
until deposit sites take the shape of pillars. When pillars reach certain size, third phase of
construction starts. Two neighboring pillars mutually bend toward a virtual midpoint. End
of the third phase is defined by formation of an arch. And in the final phase, construction
of an arching dome that extends from the tops of arches takes place. These phases can be
repeated on top of the dome if random deposition of material begins again.

The formation of this complex structure involves pheromones’. The insects follow

two simple rules:

1) move in the direction of strongest smell

i1) deposit where the smell is strongest

Each deposit creates an "aromatic potential field." Because the number of insects is large,
the likelihood that an insect will move in the direction of a recent deposit will increase.
The more attractive a site becomes because of increasing pheromone concentration, the
more frequent the deposits (of material and, therefore, pheromones) on that site, which in
turn increases the pheromone concentration. This sequence requires a certain number of
insects. Only above a critical number of insects, can the pheromone amplify and become
effective, since it has a diffusive character.

When a pillar develops on a site of an original deposit, its uppermost region, being
the deposition point, acts as a point attractor for insects. When two pillars are sufficiently
close to each other, a virtual saddle point midway between the pillars results. Therefore,
insects first approach the saddle point and then converge to one of the pillars from the
direction of the other. This behavior leads to the formation of an arch. And the formation

of arches, creating new attraction points, can result new saddle points that guarantee the

7A chemical substance that is produced by an animal and serves especially as a stimulus to other
individuals of the same species for one or more behavioral responses.
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formation of a dome. The cycle can repeat when new deposit sites emerge on top of the

dome.
2.2.5 Army Ants

Army ants, which are the inspiration for our robotic "swarm," are one of the most
"organized" animal societies. In ant societies, activities like selection of most rewarding
resource, finding of shortest route between two points, formation of a collective
exploratory and exploitation patterns, the generation of synchronized rhythmic activity
both in time and space, spatial specialization within a group of individuals without direct
communication between them, and the collective construction of regular nest structures
are examples of self-organization [11].

Army ants, like other self-organizing insect societies, exist in large colonies. "If
100 ants are placed in a flat surface, they will walk around and around in never decreasing
circles until they die of exhaustion. In high number however it is a different story." [15]
The collective intelligence of the Army ants is an emergent behavior of the collective
communication.

Computer simulation based on nonlinear equations [12] showed that ant colonies
are able achieve a collective spatial and temporal structure in raids without global
coordination, but instead through the communication between foragers by laying down of
trail pheromones, which they also react to. On the other hand, Deneubourg, et al,
demonstrated that, although their mathematical model was very crude, certain amount of
"noise" during foraging can be advantageous. Their model shows that a given amount of
noise in the food recruitment process is needed to optimize food gathering when a
multiple and aggregated source situation is present [9]. They also stated that the
emergence of error could be regulated by the nature of the system of communication itself.
In a similar work [28], it is demonstrated that trail recruitment to newly discovered food
sources in ants can be simulated using unspecialized identical units with a very simple
program, no memory and a large stochastic behavior as a model. Even when the
characteristics of behavior and communication in ants are oversimplified, the mathematical
model was able to generate the integrated behavior observed in experiments with ants.
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2.3 Multiple Mobile Robots

In this section, some previous work on autonomous mobile robots, multirobot
systems and robot behavior will be cited. We will try to highlight important ideas and

significant achievements on above-mentioned fields.
2.3.1 Autonomous Mobile Robots

Since autonomous mobile robots are the basic elements of multiple mobile robot
populations, we will first dwell upon autonomous mobile robots. Subsumption control

architecture and several navigation technics will be summarized in this subsection.
2.3.1.1 Subsumption Architecture

Subsumption architecture for controlling mobile robots is first introduced by
Brooks [7]. In such architecture, layers of control system are built in order to let the robot
operate at increasing levels of competence. Layers are made up of asynchronous modules
that communicate over low-bandwidth channels. Each module is a simple computational
machine, and higher level layers can suppress the output of lower levels (subsumption).
But, lower levels continue to function as higher levels, which interfere with their data
inputs, are added.

Each level generates a behavior and the competence of the robot is improved by
addition of new layers. The subsumption architecture is based on decomposition of a
mobile robot in terms of behavior rather than in terms of functional modules®. Since the
overall control system can be viewed as a system of agents acting separately, there is no
need for a central control module.

8Here is an example decomposition of a mobile robot control system based on task achieving behaviors:
identify objects

monitor changes

Sensors ——pp explore ——»Actuators

wander

avoid objects
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An example of subsumption architecture is Squirt, a very small intelligent mobile
robot’. Squirt acts as a bug, hiding in dark corners and venturing out in the direction of
noises, only after noises are gone, looking for a new place to hide near where the previous
set of noises came from. The most interesting fact about Squirt is the way in which its
high-level behavior, mentioned above, emerges from a set of simple interactions with the
environment. Squirt's lowest level of behavior causes the robot to search for darkness. The
second level of behavior is triggered once a dark spot has been found. Monitoring two
microphones, the direction from which the noises come is detected, and when a few
minutes of silence follows a sharp pattern of noise, Squirt moves in the direction of the last
heard noise, suppressing the desire to stay in the dark. After a time-period, the first level is
no longer suppressed and becomes active. This "bug behavior" fits in 1300 bytes of code
on an 8-bit microprocessor [8].

The subsumption architecture has also demonstrated robust navigation for mobile
robots in dynamically changing environments. Its layered structure is well-adaptable for

hardware implementation.
2.3.1.2 Autonomous Navigation

The most important "function" (or the first layer of a subsumption control
architecture) in a mobile robot is the ability to avoid obstacles, as it is in schools of fish
and flocks of birds. An autonomous robot recognizes its environment using sensors and
decides what to do next based on the sensor data. Rodin and Amin [32] defined the
general structure of an intelligent navigational algorithm for solving the problem of real
time control in an environment with moving obstacles as follows: it consists of identifier,
goal selector and adapter levels.

The identifier constructs a local representation of the surroundings based on
information obtained from sensors, and determines the speed of obstacles. Goal selector
uses the map and speed of the obstacles and finds a locally optimal collision-free path
satisfying other possible conditions. The adapter consists of two subsystems: one for path
smoothing to avoid sharp turns and the other for determination of steering command
(based on potential field path planning).

9Squirt weighs about 50 gr. and is about 5/4 cubic inches in volume. It has an 8-bit onboard
microprocessor, power supply, three sensors and a propulsion system.
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